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1 Background

Federated Graph Learning (FGL)

Federated Graph Learning (FGL) has recently emerged as a powerful 
paradigm for privacy-preserving machine learning, enabling multiple clients 
to collaboratively train models without exposing their raw graph data. With 
the explosive growth of graph-structured data in domains such as 
personalized recommendation, decentralized fraud detection, and scientific 
discovery, research on FGL has gained increasing attention. 
Among the various tasks in this domain, clustering plays a fundamental role 
by discovering latent patterns without label supervision. In federated settings, 
clustering can be performed at different granularities, which leads to two 
distinct paradigms: node-level and graph-level clustering.
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2 Related Work

Invariant Graph Learning
Invariant Graph Learning (IGL) aims 
to learn the causal associations 
between graph structures (or node 
features) and prediction targets that 
are truly stable and independent of 
environmental changes, rather than 
spurious correlations. Its core idea is 
to eliminate environment-sensitive 
factors affected by distribution shifts  
through techniques such as causal 
intervention, environment adversarial 
training, or graph augmentation. 

Deep Graph Clustering
Deep Graph Clustering combines deep learning 
techniques with graph neural networks to 
partition nodes in a graph into distinct groups, 
such that nodes within the same cluster are 
highly similar in terms of both node attributes 
and  graph topology .  Un l ike  t rad i t iona l 
clustering methods that rely on shallow 
features or pairwise distances, deep graph 
clustering jointly learns low-dimensional node 
embeddings by capturing non-linear structure 
information and high-order neighborhood 
dependencies through graph convolution or 
attention mechanisms, while simultaneously 
optimizing a clustering objective .
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3 Existing Problems

• Existing methods fai l  to s imultaneously consider knowledge 
heterogeneity across intra- and inter-client, and still attempt to share as 
much knowledge as possible, resulting in consensus failure in the server.

• In FGC, clients are required to cluster entirely different non-IID graphs. 
This introduces severe intra-client heterogeneity (inconsistent graph 
patterns within each client) and inter-client heterogeneity (domain shifts 
across clients), making server consensus much more challenging.

• Recent methods such as FedGCN and FedPKA follow the paradigm of 
maximizing global knowledge sharing that works for graph-level tasks, 
but they overlook the unique challenges of multi-graph heterogeneity. As 
a result, they often suffer from consensus failure when applied to graph-
level clustering.

Table 1: Multi-subgraph/graph 
heterogeneity in node- and graph-
level tasks, calculated by graph 
kernel.  Here, hrO ,  hr I  denote 
interand intra-client heterogeneity, 
respectively. NS refers to non-IID 
settings (i .e. ,  the strategy of 
a s s ign ing  d i f f e r en t  p r iva t e 
datasets to clients).
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4 How to solve it ?
A novel Federated Graph-Level Clustering Network with Dual 
Knowledge Separation (FGCN-DKS). 
The core idea is to decouple differentiated subgraph patterns and 
optimize them separately on the client, and then leverage cluster-
oriented patterns to guide personalized knowledge aggregation 
on the server.
On the client: We separate personalized subgraphs and cluster-
oriented subgraphs for each graph. Then the former are retained 
locally for further refinement of the clustering process, while 
pattern digests are extracted from the latter for uploading to the 
server. 
On the server: We calculate the relation of inter-cluster patterns 
to adaptively aggregate cluster-oriented prototypes and 
parameters. Finally, the server generates personalized guidance 
signals for each cluster of clients, which are then fed back to local 
clients to enhance overall clustering performance.

Our Contributions:
New Perspective. We provide the first systematic 
study of federated graph-level clustering (FGC) 
unde r  bo th  i n t r a - c l i e n t  a n d  i n t e r - c l i e n t 
heterogeneity, revealing why existing paradigms 
of maximizing global knowledge sharing fail in 
this more challenging setting.

New Method. We propose FGCN-DKS, a dual 
knowledge separation framework that separates 
invariant and variant subgraphs on clients and 
performs cluster-level consensus aggregation on 
the server, directly ddressing the identified 
challenges.

Strong  Resu l t s .  Ex tens ive  expe r im en t s 
demonstrate that FGCN-DKS consistently 
outperforms state-of-the-art baselines in graph 
clustering performance.
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4 How to solve it ?
Framework of FGCN-DKS

We decouple the graph into common subgraphs and personalized subgraphs, guided by clusters and clients, respectively. 
The common component is optimized in cluster-oriented coordination with global sharing, while the personalized 
component further refines the clustering objectives. The two promote each other to produce clearer cluster boundaries
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4 How to solve it ?

Method
3.1 Notations

3.2 Local Pattern Separation

Common Pattern
Personalized Pattern
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4 How to solve it ?

Method
3.3 Common Knowledge Aggregation 
Strategy

3.4 Two Stage K-means Clustering

Algorithm 1
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5 Experiments
Datasets and non-IID settings

Details of Benchmark Datasets Details of non-IID Settings
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5 Experiments
Comparison Experiments p Compar ison wi th  FGL Methods.  Our 

approach delivers superior performance, 
pr imar i ly  because common knowledge 
learning effectively disentangles the two 
structural patterns and aggregates them 
globally in a cluster-oriented manner.

p Compared with supervised FGC methods 
and unsupervised anomaly detection 
approaches, our method achieves superior 
performance. Supervised methods rely on 
label guidance, and without labels, they lack a 
reliable signal to define meaningful cluster 
boundaries, leading to degraded clustering 
quality, while unsupervised anomaly detection 
focuses on identifying rare, distinctive graph 
patterns rather than general clustering. 

p Compared with SOTA FGC methods, our 
approach stil l demonstrates a significant 
advantage, indicating that merely sharing 
abundant parameters and prototypes does not 
necessarily lead to more effective performance 
improvement.
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5 Experiments
COMPARISON WITH 
SUPERVISED FGL METHODS Compared with supervised methods, our method still 

shows strong performance despite the lack of labels. 

This is mainly attributed to the fact that our method 

can effectively separate cluster-driven knowledge 

and personalized features locally and use different 

strategies to aggregate cluster-friendly guidance 

signals, improving the global performance.

Table 3: Module ablation study results on SM, SM-BIO, SM-BIO-SY, and SN non-IID settings.

MODULE ABLATION
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5 Experiments
COMMUNICATION OVERHEAD

HYPER-PARAMETERS SENSITIVITY 

CLIENT-WISE 
PERFORMANCE
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6 Conclusion

In this paper, we propose FGCN-DKS, a federated clustering framework that effectively 

addresses the challenge of consensus failure caused by knowledge heterogeneity. By improving 

invariant learning and common knowledge shared strategy, our method decouples on two levels: 

(1) shared subgraph patterns and personalized subgraph patterns, and (2) Cluster-oriented 

consensus pattern and client-driven prior knowledge negotiation.Through this elegant design, we 

upload only the shared subgraph pattern digests to the server for consensus optimization, 

focusing on the most beneficial parts for clustering, while the personalized subgraph patterns are 

retained locally to refine the clustering process by the 2-stage K-means clustering 

process.Regardless of the distribution pattern on the clients, our approach achieves superior 

performance compared to existing state-of-the-art methods.
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