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• In domains such as transportation, healthcare, and 
finance, user data and privacy are extremely sensitive.

• Collaborative training of decision models often requires 
multiple parties to share data.

Federated Learning

Data remains strictly local on each client, fully respecting
ensuring data security and user privacy while enabling
synergistic modeling across decentralized clients.
Data Stays Local, Models Move: Usable yet Invisible

Goal：

Insight：
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② Secure 
Aggregation

Server

④ Update local model

Client 1 Client 2 Client K
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Most existing federated learning methods focus on
unstructured data, while research on structured graph data
remains very limited.

molecular 
structuresocial networksurban 

transportation

Graph Data

knowledge graph recommendation 
system disease prediction

Motivation
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Challenges in Graph Federated Learning: Heterogeneity Caused by
Inconsistent Graph Data Distributions Across Clients

Client i

Server 

Client j

Client k

subgraph subgraph

subgraph

global GNN

Motivation
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How can we explicitly address node feature heterogeneity
and structural heterogeneity in graph federated learning?

 Node Feature Heterogeneity

 Structural Heterogeneity

Client i Client j

Client i Client j

Inconsistent Node Feature Distributions 
Across Graphs from Different Clients

Inconsistent Node Connection Patterns 
Across Graphs from Different Clients

Motivation
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Methodology
Research Question: How to address node feature heterogeneity

and structural heterogeneity?

Problems: Solutions:

Node Feature 
Heterogeneity

Structural 
Heterogeneity

semantic knowledge sharing
We infer class-wise node distributions, so
that we can cluster clients based on
inferred distributions and construct
cluster-level representative distributions.
We then minimize the divergence
between local and cluster-level
distributions to facilitate semantic
knowledge sharing.

structural knowledge sharing
We propose a spectral energy measure
to characterize structural information, so
that we can cluster clients based on
spectral energy and build cluster-level
spectral GNNs. We then align the
spectral characteristics of local spectral
GNNs with those of cluster-level spectral
GNNs to enable structural knowledge
sharing.
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 Key Innovations : inferring class-wise node distributions

① On the client side, we use latent variables to characterize the graph data
distribution of each class-wise node feature.

M

mZ mY

mX

The graphical model of our
proposed variational model, where
𝐙𝐙𝑚𝑚 is a latent variable, 𝐗𝐗𝑚𝑚 and 𝐘𝐘𝑚𝑚
are observed variables.

log marginal likelihood:

Methodology

log 𝑝𝑝(𝐗𝐗𝑚𝑚,𝐘𝐘𝑚𝑚)

≥ 𝔼𝔼𝐙𝐙𝑚𝑚∼𝑞𝑞(𝐙𝐙𝑚𝑚|𝐗𝐗𝑚𝑚,𝐘𝐘𝑚𝑚)log
𝑝𝑝 𝐗𝐗𝑚𝑚 𝐙𝐙𝑚𝑚,𝐘𝐘𝑚𝑚 𝑝𝑝 𝐙𝐙𝑚𝑚 𝑝𝑝(𝐘𝐘𝑚𝑚)

𝑞𝑞(𝐙𝐙𝑚𝑚|𝐗𝐗𝑚𝑚,𝐘𝐘𝑚𝑚)

ELBO:

ℒELBO(𝐗𝐗𝑚𝑚,𝐘𝐘𝑚𝑚) =
𝔼𝔼𝐙𝐙𝑚𝑚∼𝑞𝑞(𝐙𝐙𝑚𝑚|𝐗𝐗𝑚𝑚,𝐘𝐘𝑚𝑚)log𝑝𝑝 𝐗𝐗𝑚𝑚 𝐙𝐙𝑚𝑚,𝐘𝐘𝑚𝑚 +log 𝑝𝑝 𝐘𝐘𝑚𝑚 −
𝐷𝐷KL(𝑞𝑞(𝐙𝐙𝑚𝑚|𝐗𝐗𝑚𝑚,𝐘𝐘𝑚𝑚)||𝑝𝑝 𝐙𝐙𝑚𝑚 )
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 Key Innovations : inferring class-wise node distributions

① On the client side, we use latent variables to characterize the graph data
distribution of each class-wise node feature.

Methodology

the architecture of VGAE:

m
mX mZ

encoder decoder

mY
( | , )m m mq Z X Y ( | , )m m mp X Y Z

mY

the latent distribution 𝒒𝒒(𝐙𝐙𝒎𝒎𝒄𝒄 ) of nodes with class label 𝒄𝒄 on the 𝒎𝒎-th client:

ℐ𝓂𝓂𝒸𝒸 ≜ 𝑖𝑖 ∈ {1,2,⋯ , 𝑛𝑛𝑚𝑚} ∣ 𝐘𝐘𝑚𝑚 𝑖𝑖,1 = 𝑐𝑐 ,

𝑞𝑞 𝐙𝐙𝑚𝑚𝑐𝑐 ≜ 𝑞𝑞 𝐙𝐙𝑚𝑚 ℐ𝓂𝓂𝒸𝒸 ,: 𝐗𝐗𝑚𝑚 ℐ𝓂𝓂𝒸𝒸 ,: , 𝐘𝐘𝑚𝑚 ℐ𝓂𝓂𝒸𝒸 ,:
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 Key Innovations : clustering via inferred distributions

② Cluster based on node feature distribution uploaded by the client.

Methodology

cluster

c

1
c

2
c

3
c

𝑞𝑞(𝐙𝐙𝑚𝑚𝑐𝑐 ) = 𝒩𝒩 𝝁𝝁𝑚𝑚𝑐𝑐 , 𝚺𝚺𝑚𝑚𝑐𝑐 for c = 1,2,⋯ ,𝐶𝐶

client upload：

reparameterization sampling:

�𝐙𝐙𝑚𝑚𝑐𝑐 = 𝝁𝝁𝑚𝑚𝑐𝑐 + (𝚺𝚺𝑚𝑚𝑐𝑐 )
1
2𝜖𝜖𝑚𝑚𝑐𝑐 , 𝜖𝜖𝑚𝑚𝑐𝑐 ~𝒩𝒩(𝟎𝟎, 𝐈𝐈)

the collection of clients with class 𝒄𝒄:

𝒵𝒵𝑐𝑐 = {�𝐙𝐙𝑚𝑚𝑐𝑐 |𝑚𝑚 ∈ ℳ}

cluster into 𝐾𝐾𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧 clusters:

Cluster:𝒵𝒵𝑐𝑐 → {𝒮𝒮1𝑐𝑐 ,𝒮𝒮2𝑐𝑐 ,⋯ ,𝒮𝒮𝐾𝐾𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧
𝑐𝑐 }
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 Key Innovations : cluster-based node feature distribution alignment

③ Approximate the node feature distributions of all nodes within a cluster into
a single Gaussian distribution.

Methodology

mixed Gaussian distributions in cluster 𝓢𝓢𝒊𝒊𝒄𝒄:

𝑝𝑝 𝐒𝐒𝑖𝑖𝑐𝑐 = �
𝑚𝑚∈𝒮𝒮𝑖𝑖

𝑐𝑐

𝑤𝑤𝑚𝑚𝑐𝑐 � 𝒩𝒩 𝝁𝝁𝑚𝑚𝑐𝑐 ,𝚺𝚺𝑚𝑚𝑐𝑐 ,

To reduce the computational complexity
of mixed Gaussian distributions, we
approximate them as a representative
Gaussian distribution using moment
matching:

the first moment:

𝑞𝑞 𝐒𝐒𝑖𝑖𝑐𝑐 = 𝒩𝒩 𝝁𝝁𝑖𝑖𝑐𝑐,𝚺𝚺𝑖𝑖𝑐𝑐

𝝁𝝁𝑖𝑖𝑐𝑐 = �
𝑚𝑚∈𝒮𝒮𝑖𝑖

𝑐𝑐

𝑤𝑤𝑚𝑚𝑐𝑐 𝝁𝝁𝑚𝑚𝑐𝑐 ,

the second moment:

Σ𝑖𝑖𝑐𝑐 = �
𝑚𝑚∈𝒮𝒮𝑖𝑖

𝑐𝑐

ω𝑚𝑚
𝑐𝑐 𝚺𝚺𝑚𝑚𝑐𝑐 + 𝝁𝝁𝑚𝑚𝑐𝑐 𝝁𝝁𝑚𝑚𝑐𝑐 ⊤ − 𝝁𝝁𝑖𝑖𝑐𝑐 𝝁𝝁𝑖𝑖𝑐𝑐 ⊤

minimize KL divergence to facilitate semantic
knowledge sharing:

ℒnode = �
𝑐𝑐=1

𝐶𝐶

�
𝑖𝑖=1

𝐾𝐾node
�
𝑚𝑚∈𝒮𝒮𝒾𝒾

𝒸𝒸

𝐷𝐷KL 𝑞𝑞 𝑍𝑍𝑚𝑚𝑐𝑐 ∥ 𝑞𝑞 𝒮𝒮𝒾𝒾𝒸𝒸



13

 Key Innovations : construct spectral energy measure

① Construct the spectral energy measure and characterize graph structural
information on each client.

Methodology

𝑲𝑲-order polynomial graph filters:

𝐏𝐏𝑚𝑚 = �
𝑘𝑘=0

𝐾𝐾
𝑤𝑤𝑚𝑚𝑘𝑘 𝐇𝐇𝑚𝑚

𝑘𝑘

polynomial

coefficients

The Laplacian matrix describes
the structural information of
graph and is reflected in the
energy distribution along the
spectral bands.

where 𝐇𝐇𝑚𝑚
𝑘𝑘 = (𝐋𝐋𝑚𝑚)𝑘𝑘𝐗𝐗𝑚𝑚 ∈ ℝ𝑛𝑛𝑚𝑚×𝑑𝑑

Since 𝐋𝐋𝑚𝑚 = 𝐔𝐔𝑚𝑚Λ𝑚𝑚𝐔𝐔𝑚𝑚T , �𝐗𝐗𝑚𝑚 = 𝐔𝐔𝑚𝑚T 𝐗𝐗𝑚𝑚

This measure essentially acts as a spectral
fingerprint, which reflects the energy distribution
of structural topologies as learned by spectral GNN.

compute the average response vector
for each band:

𝐅𝐅𝑚𝑚𝑘𝑘 = 𝑤𝑤𝑚𝑚𝑘𝑘𝐇𝐇𝑚𝑚
𝑘𝑘 ∈ ℝ𝑛𝑛𝑚𝑚×𝑑𝑑,

𝐄𝐄𝑚𝑚𝑘𝑘 =
1
𝑛𝑛𝑚𝑚

�
𝑖𝑖=1

𝑛𝑛𝑚𝑚
𝐅𝐅𝑚𝑚𝑘𝑘 𝑖𝑖,: ∈ ℝ

𝑑𝑑

define the spectral energy measure:

𝐒𝐒𝑚𝑚 = 𝐄𝐄𝑚𝑚0 ,𝐄𝐄𝑚𝑚1 ,⋯ ,𝐄𝐄𝑚𝑚𝐾𝐾 ∈ ℝ𝑑𝑑×(𝐾𝐾+1)

Therefore, 𝐇𝐇𝑚𝑚
𝑘𝑘 = 𝐔𝐔𝑚𝑚Λ𝑚𝑚𝑘𝑘 �𝐗𝐗𝑚𝑚. Its physical meaning

represents the signal of the 𝑘𝑘-th spectral band.
𝑤𝑤𝑚𝑚𝑘𝑘 ∈ ℝ represents learnable coefficients of the 𝑘𝑘-
th spectral band.
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 Key Innovations : clustering via spectral energies

② Clustering clients based on the subspace distance spanned by the spectral
energy measure.

Methodology

QR decomposition:

𝐒𝐒𝑚𝑚 = 𝐐𝐐𝑚𝑚𝐑𝐑𝑚𝑚
𝐐𝐐m⊤ 𝐐𝐐m = 𝐈𝐈K+1

Chordal distance between two spectral
energy measures:

𝑑𝑑Chordal 𝐐𝐐𝑚𝑚,𝐐𝐐𝑛𝑛 = 𝐾𝐾 + 1 − 𝐐𝐐𝑚𝑚⊤ 𝐐𝐐𝑛𝑛 F
2

1
2

cluster 1 cluster 2

cluster 3
cluster into 𝐾𝐾𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬 clusters:

Cluster: {𝐒𝐒𝑚𝑚}𝑚𝑚=1
𝑀𝑀 → {𝒯𝒯1𝑐𝑐 ,𝒯𝒯2𝑐𝑐 ,⋯ ,𝒯𝒯𝐾𝐾𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬𝐬

𝑐𝑐 }
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 Key Innovations : structural knowledge alignment

③ Align the spectral characteristics of local spectral GNNs with those of
cluster-level spectral GNNs.

Methodology

compute the mean of learnable coefficients:

minimize the discrepancy between the coefficients of local spectral GNNs and those of
cluster-level spectral GNNs:

add a regularization term:

𝑤𝑤𝑗𝑗
𝑘𝑘 ←

1
𝒯𝒯𝑗𝑗

�
𝑚𝑚∈𝒯𝒯𝑗𝑗

𝑤𝑤𝑚𝑚𝑘𝑘

ℒalign = �
𝑘𝑘=0

𝐾𝐾

�
𝑗𝑗=1

𝐾𝐾struct
�
𝑚𝑚∈𝒯𝒯𝑗𝑗

𝑤𝑤𝑚𝑚𝑘𝑘 − 𝑤𝑤𝑗𝑗
𝑘𝑘

ℒreg = �
𝑚𝑚=1

𝑀𝑀
�

𝑘𝑘=0

𝐾𝐾
λ1 𝑤𝑤𝑚𝑚𝑘𝑘 +

λ2
2 𝑤𝑤𝑚𝑚𝑘𝑘

2

ℒstruct=ℒalign+ℒreg
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 Main Results： 

achieve the best performance among all methods

node classification performance on homophilic graph datasets
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Compared with SOTA, the average performance improvement is 2.82%.

 Main Results： node classification performance on heterophilic graph datasets

achieve the best average performance among all methods

Experimental Results
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Experimental Results
ablation studies: convergence curves:

sensitivity analysis: case studies:
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Conclusion
We  propose a graph Federated learning method via Semantic and

Structural Alignment (FedSSA) to address heterogeneity in Graph

Federated Learning (GFL).

 On one hand, we minimize the divergence between local distributions

and cluster-level distributions to mitigate the heterogeneity in node

features.

 On the other hand, we align the spectral characteristics of local

spectral GNNs with those of cluster-level spectral GNNs to address the

heterogeneity in structural topologies.

Our proposed FedSSA achieves strong performance on eleven datasets

and outperforms the second-best method by a large margin of 2.82% in

terms of classification accuracy.
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