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Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review) 2025.


Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI 2024.


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


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

1. Graph Learning Against Homophilous Assumptions 

Zixian Su*, Jingwei Guo*, et.al. Un-mixing Test-time Adaptation under Heterogeneous Data Streams. TKDE (Under Review) 2025.


Zixian Su*, Jingwei Guo*, et.al. Navigating Distribution Shifts in Medical Image Analysis. ACM Comput. Surv (Under Review) 2025. 

Zixian Su, Jingwei Guo, et.al. Unraveling Batch Normalization for Realistic Test-Time Adaptation. AAAI 2024.

2. Transfer Learning Under Distribution Shifts
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Graph Learning Against 
Homophilous Assumptions

Research Project #1

Jingwei Guo Self  Introduction
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Research Background — Graphs

Self  Introduction

Graphs are a general language describing and analyzing 
entities with relations or interactions.



http://cs224w.stanford.edu/

Graph-level

Node-level

Edge-level

Subgraph-levele.g., Graph Classification

/Generation

e.g., Node Classification

e.g., Community Detection

e.g., Recommendation

6Jingwei Guo

Research Background — Tasks on Graphs

Self  Introduction
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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

gψ(λ)

λ

Spectral-based Methods
Z = Ugψ(Λ)UTXzi = fupd(xi, fagg({xj |∀vj ∈ Ni}))

Research Background — Graph Neural Networks (GNNs)

Core Insights

Jingwei Guo Self  Introduction
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smooth node features 
across the graph

keep close to the 
original features

8Jingwei Guo

Zhu, M., et.al. Interpreting and unifying graph neural networks with an optimization framework. WWW, 2021.Ma, Y., et.al. A unified view on graph neural networks as graph signal denoising. CIKM, 2021.

Research Background — Unified Framework

∑
(vi,vj)∈E

∥deg− 1
2

i zi − deg− 1
2

j zj∥2
2

arg min
Z

α∥X − Z∥2
2 + (1 − α)tr(ZTL̂Z)

Optimization Objective

Can be interpreted as different solutions to the same graph 
denoising problem:

Self  Introduction
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Research Motivation & Challenges

local smoothing

User

Friend

local smoothingFriend

Friend

Friend

Friend

Homogenous Node Relationships Homophilic Linking Patterns

h = 0.86

class-1
class-2
class-3

 = # intra-class edges / # total edgesh
Idealized Scenarios

Conventional GNNs assume homogenous node interactions 
and employ neighborhood smoothing.

Self  Introduction
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Research Motivation & Challenges

Real-world Scenarios

Entangled Node Relationships Heterophilic Linking Patterns
 = # intra-class edges / # total edgesh

User Friend & 
Colleagues

Colleagues

Friend

Family & 
Friend

Family

local smoothing local smoothingclass-1
class-2
class-3

h = 0.29

Conventional GNNs assume homogenous node interactions 
and employ neighborhood smoothing.

Self  Introduction
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Solution #1: Local-Global Graph 
Disentanglement

Jingwei Guo Self  Introduction
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Proposed Solution #1: Local-Global Graph Disentanglement

Our Findings (on existing graph disentanglement):

Jianxin Ma, et.al., Disentangled Graph Convolutional Networks. ICML, 2021.

DisenGCN relies on a routing mechanism 
for local neighborhood  partition.

“disentangled locally yet 
entangled globally”

Synthesized 4 Factors
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Jingwei Guo, et.al. Learning Disentangled Graph Convolutional Networks Locally and Globally. TNNLS, 2022.

Self  Introduction

Proposed Solution #1: Local-Global Graph Disentanglement

ℒspace

ℒdiv

‣ Gaussian Mixture-based Latent Space Regularization
‣ Global Message Passing along Latent Node Relations

Our Modifications:
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Jianxin Ma, et.al.Disentangled Graph Convolutional Networks. ICML, 2021.

Empirical Results

Proposed Solution #1: Local-Global Graph Disentanglement

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

“disentangled both 
locally and globally”

Accuracy 
+7.4% on 

Social Nets
Synthesized 4 Factors

Notable 
Block-wise 

Pattern

DisenGCN LGD-GCN (Ours)
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Solution #2: Edge-Splitting Graph 
Neural Networks

Jingwei Guo Self  Introduction

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.



AR

AIR
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Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.

Our ES-GNN addresses 
heterophilic graphs by 
partitioning network 

topology, and disentangling 
node features.

Self  Introduction

Proposed Solution #2: Edge Splitting Graph Neural Networks
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Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.

AR

AIR

Residual Scoring Mechanism

Irrelevant Consistency Reg.

Key Components

Proposed Solution #2: Edge Splitting Graph Neural Networks

Self  Introduction
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Disentangled Graph Denoising Problem

Possible classification-harmful 
information can be excluded from 

 & disentangled in ZR ZIR
18Jingwei Guo

Graph Denoising Problem

Possible classification-
harmful information could be 

preserved in Z

L = LR + LIROur Analysis

Conventional GNNs Our ES-GNN 

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.

Theoretical Justification

Proposed Solution #2: Edge Splitting Graph Neural Networks

Jingwei Guo Self  Introduction
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Empirical Results

Jingwei Guo, et.al. ES-GNN: Generalizing Graph Neural Networks Beyond Homophily with Edge Splitting. TPAMI, 2024.

Heterophilic Homophilicvs.

Block #1: Task-Relevant

Block #2: Task-Irrelevant

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

Proposed Solution #2: Edge Splitting Graph Neural Networks
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Solution #3: Diverse Spectral Filtering 
Framework 

Jingwei GuoJingwei Guo Self  Introduction

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.
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structure similarity / dissimilarity

Regional DisparityPairwise Distinction

Subgraph-levelEdge-level

Jingwei Guo

class-1
class-2

class-4
class-3

class-5

label similarity / dissimilarity

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

Proposed Solution #3: Diverse Spectral Filtering

New Graph Heterophily Insights From a Broader Context

Self  Introduction



Jingwei Guo @ University of  Liverpool 22Jingwei Guo

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

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. 

Z = gψ(L̂)X =
K

∑
k=0

ψkPk(L̂)X
Polynomial Approx. with 

Shared Parameters for each 
K-hop Neighborhood

Filter Function

Proposed Solution #3: Diverse Spectral Filtering

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

Label Homophily

Graph Frequency (Eigenvalue)

Proposed Solution #3: Diverse Spectral Filtering

Self  Introduction

[0,1]

[0,1]
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Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.

Proposed Solution #3: Diverse Spectral Filtering

Evident regional 
disparity can be 

observed on Real-
world Graphs.

Self  Introduction



Jingwei Guo @ University of  Liverpool 25Jingwei Guo

Jingwei Guo, et.al. Graph Neural Networks with Diverse Spectral Filtering. WWW, 2023.  is taken as one-dimension as an exampleX

Proposed Solution #3: Diverse Spectral Filtering

Reshaping Homogenous Spectral Filtering

The -th element of vector coefficientsi

S̃n(i) =
K

∑
k=0

αkPk(λn,i)UT
nXi i

Local graph frequency

Z =
N

∑
n=1

S̃n ⊙ Un

Hadamard product

Vector

Z =
N

∑
n=1

S̃n ⋅ Un S̃n =
K

∑
k=0

αkPk(λn)UT
nX

Scalar coefficient Graph frequency

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

Self  Introduction

Z =
K

∑
k=0

diag(βk,1, βk,2, ⋯, βk,N)Pk(L̂)X

S′￼

n(i) =
K

∑
k=0

αkPk(λn,i)UT
nX =

K

∑
k=0

βk,iPk(λi)UT
nXIt allows

Substitution using  s.t. λn,i = ξiλn 0 < ξi < 1

Approximation Trick

Proposed Solution #3: Diverse Spectral Filtering



Local and Global Weight Decomposition

βk,i ← γi ⋅ αk,i

global invariant graph properties

local diverse node contexts

arg min
P

∥P(0) − P∥2
2 + κ1tr(PTL̂P) + κ2∥PTP − I∥2

2
 denotes node positional embeddingsP

αk,i = σp(W(k)P(k)
i + b(k)) k = 1,2,⋯, K

27Jingwei Guo

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

Position-aware Filter Weights 

Key Designs

Proposed Solution #3: Diverse Spectral Filtering

Self  Introduction
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DSF can be readily plug-and-play in multiple spectral GNNs and 
consistently improve their performance.

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

Empirical Results — Classification Accuracy

Proposed Solution #3: Diverse Spectral Filtering

Self  Introduction



Traditional Spectral Filter (BernNet as an Example):

Our Spectral Filter (DSF-Bern):

29Jingwei Guo

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

Empirical Results — Interpretable Analysis #1

Proposed Solution #3: Diverse Spectral Filtering

Self  Introduction
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Chameleon Squirrel

Jingwei Guo

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

Empirical Results — Interpretable Analysis #2

Proposed Solution #3: Diverse Spectral Filtering

Self  Introduction

DSF captures regional disparity with node-specific filter weights.
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Solution #4: Spatially Adaptive Filtering 
Framework

Jingwei Guo Self  Introduction

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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theoretical spectral filteringZ = Ugψ(Λ)UTX

= gψ(L̂)X =
K

∑
k=0

ψkPk(L̂)X =
K

∑
k=0

ωkÂkX

practical spatial aggregation

What information is essentially encoded by spectral GNNs in 
the spatial domain?

Deep Delve into Spectral GNNs

Proposed Solution #4: Spatially Adaptive Filtering

Self  Introduction

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Proposed Solution #4: Spatially Adaptive Filtering

Cross-Domain Interplay via Generalized Graph Optimization 

refer to node representationsZ
is a trade-off coefficientα

γθ(L̂) = Uγθ(Λ)UT determines propagation rate where γθ(λ) ≥ 0

arg min
Z

ℒ = α∥X − Z∥2
2 + (1 − α)tr(ZTγθ(L̂)Z)

Positive Semi-definite Constraint for Convexity Optimization

Arbitrary Linking Patterns

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Ânew = I − γθ(L̂) = I −
α

1 − α
(gψ(L̂)−1 − I)New Graph Structure:

Z(k) = αX + (1 − α)ÂnewZ(k−1)

Iterative Solution Z(k) = Z(k−1) −
1
2

∂ℒ
∂Z

|Z=Z(k−1)

Closed-form Solution
∂ℒ
∂Z

= 0

Z* = (I +
1 − α

α
γθ(L̂))−1X = gψ(L̂)X = Ugψ(Λ)UTX

gψ(λ) = (1 +
1 − α

α
γθ(λ))−1Spectral Filter as a function of γθ( ⋅ ) :

Spectral Filtering

Spatial Aggregation

Proposed Solution #4: Spatially Adaptive Filtering

Self  Introduction

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Signed Edge Weights — Global Node Label Relationships

Non-locality

ÂnewDesirable Properties on the Newfound Graph 

Self  Introduction

Proposed Solution #4: Spatially Adaptive Filtering

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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SAF leverages the 
adapted new graph by 

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

Long-range Dependency
Heterophilic Graph Links

Address:

Jingwei Guo

Overall Framework

Self  Introduction

Proposed Solution #4: Spatially Adaptive Filtering

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Empirical Results

Self  Introduction

Proposed Solution #4: Spatially Adaptive Filtering

Jingwei Guo, et.al. Rethinking Spectral Graph Neural Networks with Spatially Adaptive Filtering. TNNLS (Under 2nd Review), 2025.
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Transfer Learning Under 
Distribution Shift

Research Project #2

Jingwei Guo Self  Introduction
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Research Background — Distribution / Covariate Shift

Self  Introduction

Distribution shift may cause model  
performance degradation.

Lei Zhang et al. Transfer Adaptation Learning: A Decade Survey, 2022. Fuzhen Zhuang et al. A Comprehensive Survey on Transfer Learning, 2020.
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Research Background — Test-time Adaptation (TTA)

Self  Introduction

Given any pre-trained 
model, TTA aims to adapt 
it at test-time towards the 

unseen and unlabeled 
data streams.

Jian Liang, et. al. A Comprehensive Survey on Test-Time Adaptation under Distribution Shifts, 2024.
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Solution #1: Unraveling BN in TTA 
under Small-batch Data Streams

Jingwei GuoJingwei Guo Self  Introduction
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Proposed Solution #1:Test-time Exponential Moving Average

Batch Normalization in Domain Adaptation

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.

Normalization statistics are associated with domain characteristics.

Self  Introduction
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Proposed Solution #1:Test-time Exponential Moving Average

Mini-batch Model Degradation

Traditional TTA methods tend to degrade on small-batch data streams.

Self  Introduction

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Mini-batch Model Degradation

Class diversity discrepancy obscures true distribution shifts.

Self  Introduction

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.



45Jingwei GuoJingwei Guo

Proposed Solution #1:Test-time Exponential Moving Average

Mini-batch Model Degradation

TTA methods degrade on small batches due to reduced class diversity.

Self  Introduction

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Exponential Moving Average at Test-time

Larger  emphasizes local batchesm
Smaller  prioritize global statisticsm

Aligning Class Diversity & Sample Scope

We apply grid search to 
tune , guide by a tailored 
objective that balance local 

and global statistics.

m

Self  Introduction

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Empirical Results — Error Reduction

Self  Introduction

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.
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Proposed Solution #1:Test-time Exponential Moving Average

Empirical Results — Momentum Analysis

Our designed objective enables effective identification 
of the optimal momentum value that balances both 

local and global batch statistical information.

Self  Introduction

Zixian Su, Jingwei Guo, et. al.Unraveling Batch Normalization for Realistic Test-Time Adaptation, AAAI 2024.
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Solution #2: Un-mixing TTA under 
Heterogeneous Data Streams

Jingwei GuoJingwei Guo Self  Introduction



50Jingwei GuoJingwei Guo

Heterogeneous / Mixed-domain Model Degradation

Conventional TTA methods 
assume homogenous data 

streams and employ whole-batch 
adaptation strategies.

Proposed Solution #2: Frequency-based Decentralized Adapt.

Self  Introduction

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Proposed Solution #2: Frequency-based Decentralized Adapt.

Self  Introduction

Frequency-based Domain Separation

Class Separation

Error rate (%)

High-frequency information enable target subdomains’ 
separation, contrasting with pre-trained model features.

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Our Overall Framework

Proposed Solution #2: Frequency-based Decentralized Adapt.

Self  Introduction

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Empirical Results

Proposed Solution #2: Frequency-based Decentralized Adapt.

Error Rate -3.73% 
under Mixed 
Distribution Shifts

Self  Introduction

Zixian Su*, Jingwei Guo*, et. al., Un-mixing Test-time Adaptation under Heterogeneous Data Streams, TKDE (Under Review) 2025.
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Solution #3: Navigating 
Distribution Shifts in Medical 

Image Analysis: A Survey
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Proposed Solution #3: Navigating Distribution Shifts in MedIA

Data Accessibility

Privacy Concerns

Collaborative Protocols

Zixian Su*, Jingwei Guo*, et.al. Navigating Distribution Shifts in Medical Image Analysis. ACM Comput. Surv (Under Review) 2025.
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Research Summary

Towards Artificial Intelligence for Realistic World Problems

Self  Introduction
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Thanks

Self  Introduction


