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1 Background

S 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

Deep Graph-level clustering maps entire
graphs into a latent space where geometric
proximity reflects structural similarity,
requiring encoders that distill complex,
variable-sized topologies into fixed
representations. The core challenge lies in
jointly optimizing this encoding with a
clustering objective, learning to preserve
discriminative structural information while
organizing graphs into coherent groups
without collapsing into trivial solutions.
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Federated Graph Learning

Federated Graph Learning (FGL) addresses the tension
between graph relational data and decentralized
federation, where graph-structured data is distributed
across clients with no central access to the complete
graph. Unlike traditional federated learning, FGL must
contend with the "broken graph" problem, the severing
of cross-client edges that destroys global topological
context essential for graph neural networks. This
necessitates specialized frameworks that enable
collaborative learning across partitioned subgraphs
while preserving privacy, through techniques like
embedding exchange of boundary nodes and
personalized aggregation strategies that handle graph
heterogeneity across clients.
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@ 3 Existing Problems

* Existing methods fail to simultaneously 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.

Node-Level Graph-Level

Datasets hrp | NS hrpo hr;

Cite 23.7 | SM 452 54.5

PubMed 18.6 | SM-BIO 69.1 58.3

Photo 4.4 | SN 43.6 39.6

Table 1: Multi-subgraph/graph
heterogeneity in node- and graph-
level tasks, calculated by graph
kernel. Here, hry, hr; denote
interand intra-client heterogeneity,
respectively. NS refers to non-11D
settings (i.e., the strategy of
assigning different private
datasets to clients).

Wang X, Han R, Fu R, et al. Federated Graph-Level Clustering Network with Dual Knowledge Separation. ICLR. 2026.



4 How to solve it ?

A novel Federated Graph-Level Clustering Network with Dual
Knowledge Separation (FGCN-DKS).

The core i1dea 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.
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Our Contributions:

New Perspective. We provide the first systematic
study of federated graph-level clustering (FGC)
under both intra-client and inter-client
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 Results. Extensive experiments
demonstrate that FGCN-DKS consistently
outperforms state-of-the-art baselines in graph
clustering performance.
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Framework of FGCN-DKS

2-Stage K-means Clustering
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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

We consider a non-1ID federated setting with N, clients, where each clienti € {1,..., N} holds a

prwate graph dataset containing N, clusters and N¢; graphs, denoted as G = {G } |- All datasets
in the federated setting contain /Ny, clusters. For each client, the node feature matrix 1% represented

as X € RY*4, and the normalized adjacency matrix is represented as A € {0, 1}V >V where N is

the number of nodes, and d is the dimension of node attributes. The total number of edges is denoted
as |£]. A detailed list of symbols is provided in the Appendix[Al

3.2 Local Pattern Separation
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3.3 Common Knowledge Aggregation
Strategy
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3.4 Two Stage K-means Clustering
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Algorithm 1

Algorithm 1 Algorithm Pseudo of FGCN-LKS

Require: Initial model parameters {©;},, Node fea-

ture X, Adjacent matrix A, Client number N...

Ensure: Clustering Result R.

k:
2: for c=1— N.do
3

o O B g

13:
14:
15:

on each client

Generate F perturbed graphs {G'“)}F | to con-
struct environments.

Obtain invariant mask M* and M* by Eq. (2).
Separate two type subgraphs A and A by Eq. (3).
Extract dual embeddings Z and Z by Eq. (4).
Upload common prototype p, pattern digest C and
invariant encoder parameters © to the server.

- end for

: on the Server
10:
11:

B

Collect C, p and © from each client to the server.
Calculate affinity matrix S by Egs. (9) - (10).
Personalized aggregate {p; } % and {©,}", to gen-
erate consensus knowledge by Eq. (11).

Feedback parameters and prototype to each client.
Execute 2-stage K-means clustering.

return R
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S5 Experiments ) Joniimarery

Datasets and non-I1ID settings

‘ Datasets | Domain ‘ Classes | Graphs ‘ A.Nodes | A.Edges ‘ ‘ I | non-lID Settings ‘
MUTAG 188 17.93 19.79 | Datasets | Domains | SM | SM-BIO | SM-BIO-SY | SN | SN-SY | CV |
BZR 405 35.75 38.36 MUTAG SM & o v
COX2 oM ) 467 41.22 4345 BZR SM 7 v v
DHFR 756 42.43 44.54 COxX2 SM £ ¥ Vs
PTC_MR 344 14.29 14.69 DHER SM v y /

AIDS 2000 15.69 16.20 PTC_MR SM 7 Y Y
BZR_MD 306 21.30 225.06 AIDS SM Y 2 p
DD - 5 1178 284.32 715.66 BZR_MD SM v v v
PROTEINS 1113 39.06 72.82 DD BIO v v
SYNTHETIC | 2 300 100.00 196.00 PROTEINS.MD | BIO 4 i
SYNTHIE 4 300 95.00 172.93 SYNTHETIC SY v
COLLAB 5000 74.49 2457.78 D W S 2% r
IMDB-MULTI | N 3 1500 13.00 65.94 e e ¥ e

: : IMDB-BINARY SN v v
Letter-high 2250 4.67 4.50 1 ctterlow SN v
Letter-low Cv 15 2250 4.68 3.13 Letter-med SN v
Letter-med 2250 4.67 3.21 Letter-high SN &

Details of Datasets Details of non-IID Settings
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. : O Comparison with FGL Methods. Our
Compa”SOn EXperImentS approach delivers superior performance,

primarily because common knowledge

giwsc | SM2(7) | SN*(2) | SM-BIO%(9) learning effectively disentangles the two
| ACC NMI ARI F1 | ACC NMI ARIL F1 | ACC NMI ARI F1 StrUCtura| patternS and aggregates them

FedSage* | 55.6+14 122413 76306 502410533219 148+14 116528 49320574222 52421 42+27 49.9+05 globally in a cluster-oriented manner.

GCFL* 61.1x1.8 87424 94424 496423 |52.1423 125423 132423 523+1.6|60.1+1.8 47424 32423 473+15

FedStar* | 589424 120512 01308 497428 |517+27 137328 124519 507423 [595:1.6 53+15 38820 517422 ) .
LG-FGADT | 658+0.8 18.8+19 34+1.1 629406 (379425 96429 04+07 263+35|596:15 90:14 78:17 seo:26 L Compared with supervised FGC methods

FGADY} 664124 202426 43432 63.8+£2.6|41.2+19 58+£24 05+14 358£1.6| 635210 14711 2.1x20 60.7+1.5 an d unsu p erv i se d anoma I y d ete ct i on

AGDifty 70.2+1.4 19.3+£29 15.643.9 67328 |42.3£1.9 7.5+1.2 8.6+2.0 37.2+1.0|61.3x25 10.6+£1.9 3.420.2 57.2+1.6 h h d h .
GLCCT 56.2+2.8 8.623.4 5.4x4.2 53.7+4.1 | 43.5£2.0 9.7£24 35+15 40.7£2.1 | 575223 6.7+1.8 4620 41615 approac es, our method achieves Superlor

UDGCE | 536434 07425 8.6434 534223 (501424 104225 93£14 484423 |556£18 8.9:14 68204 504210 performance. Supervised methods rely on
DCGLCE | 631417 115615 176617 S54520| $96419 137420 156618 S68e23 | e0ders 132411 158419 sseu2  label guidance, and without labels, they lack a
FedGCN | 759808 23.141.6 311334 671415 | 666423 30.4:66 341253 50.842.4|69.2+0.6 140827 17.5:3.1 59.1:0.9 reliable signal to define meaningful cluster
FedPKA | 77.0802 268438 312433 67342.0|67.551.5 257#23 32.6£24 55.5:1.5|70.8%1.4 154227 196334 60.6+2.1 boundaries, |eading to degraded Clustering
OURS 792605 28.3:1.1 34.6:0.9 72.3%L1|70.2:0.4 34217 368+12 60.4:19|738:22 177224 21.3:2.0 61317 quality, while unsupervised anomaly detection

. SHEEIORE | SeE @ | v focuses on identifying rare, distinctive graph
GORLY | 300420 14433 137428 523419 | 103406 45423 12511 7209 219816 21522 131415 2mans  Patterns rather than general clustering.

FodStarx | 57.942.6 157424 16.143.0 523422 | 1008290 41425 23425 79422 227410 203+17 10321 202432
LG-FGAD{ | 584+0.5 7.6:04 6.4:08 546:0.7|10.1+14 67206 33+1.0 7411 |274+1.6 314240 06+32 247433 .
FGADI | 622413 146126 30829 S567:08| 164505 74£05 27303 83407 |260tL1 310612 7311 25211 Compared with SOTA FGC methods, our

AGDiff} 614+1.3 15.642.8 135+1.4 50443.0 | 15.842.0 43420 34402 96428 |23.6+41.4 275413 87409 228+14 approach still demonstrates a Significant
e | ot e T v nnl Bt Bas sl advantage, indicating that merely sharing
UDG 5.6£2.5 12.712. 11442 A2, T:5%]1. A2 4435 T2 A4+23 10522 241, 14.7+1.

DGLC  |57.8:20 144413 10716 54312 | 182410 9.1%1.4 7.5:1.1 86213 [29542.4 21.6x1.3 14.5:1.4 22.1%1.7 abundant parameters and prototypes does not
DCGLCt 60.1£1.4 15.621.7 13.1%£1.2 59.7+1.8 | 17.5£1.2 82+14 6520 10.4+£2.6|28.882.0 243%1.1 18.6x1.2 24.5%1.3 necessariiy iead to more effective performance
FedGCN | 68.6+1.3 13.582.1 17.243.6 59438 | 183+3.1 48450 23+26 11.2+3.5|346+28 348424 193223 31.6:2.9 improvement.

FedPKA 70109 172408 222+1.1 615823 | 164426 S57+23 59420 82425 [364+1.1 344416 203+1.2 33.5+1.3

OURS 73.6x1.4 22.7£1.2 23.5%1.9 64.4+£1.7 | 23.52£1.5 13410 8.7+1.6 156£1.2(39.221.3 37.1x1.6 24.5+1.3 35.2+1.3
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COMPARISON WITH
SUPERVISED FGL METHODS Compared with supervised methods, our method still
shows strong performance despite the lack of labels.
FedSage N GCFL FedStar W FedGCN Ours
75 EI L z El This is mainly attributed to the fact that our method
I I
£50( 2 lg gl g can effectively separate cluster-driven knowledge
o % 1 %
= 25 ) & % % % and personalized features locally and use different
% Be A8 & %
i v - P ¥ ' e .
0 EM o G/ SMBIO SM-BIOSY strategies to aggregate cluster-friendly guidance
NapiDsetng: signals, improving the global performance.
MODULE ABLATION
—_— SM | SM-BIO | SM-BIO-SY | SN

| ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI

Basic |61.7+12 195416 14.6+1.4(59.3+21 152416 13.8421(56.3429 7.7+24 13.3+19|29.5+24 18.64+18 16.3+14
-Local [64.6+14 224413 16.9+17(61.6420 17.9421 16.2417|58.4429 89+25 15.7+18(32.4+23 20.4419 19.7+20
-Server |68.2+19 239421 32.0+16{69.5+15 174423 19.2416|67.2+13 16.5+12 19.6+1.5|37.7+1.0 33.5+07 22.7+07
Ours [79.2+05 28.3+1.1 34.6409|73.84+22 17.7+24 21.3420|73.64+14 22. 7412 23.5419(39.2+413 37.1416 245413

Table 3: Module ablation study results on SM, SM-BIO, SM-BIO-SY, and SN non-IID settings.
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Clients Ours FedGCN FedPKA FedAvg
Time (s) Cost (KB) | Time (s) Cost (KB) | Time (s) Cost (KB) | Time (s) Cost (KB)
1 16.8 323 15.93 30.5 20.6 42.1 14.6 28.7 CLIENT-WISE
2 35.5 67.3 30.8 61.8 41.5 85.4 29.1 515
3| 530 967 | 48 936 | 644 1316 | 456 86y PERFORMANCE
Table 4: Communication overhead comparison under the CV non-IID setting. jozedGCN — local —— OURS
HYPER-PARAMETERS SENSITIVITY %01

80 1

ACC

70 A

|\

12 3 45 6 7 8 910
SM-BIO-SY Setting Clients

Figure 6: Client-wise performance
comparison experiment results un-
der SM-BIO-SY non-IID setting.

Figure 4: Hyper-parameters «v and 3 sensitivity analysis results under four non-IID settings with
varying «: (3 ratios in the range of [1:10, 10:1], reporting ACC, NMI, ARI and F1 values.

Wang X, Han R, Fu R, et al. Federated Graph-Level Clustering Network with Dual Knowledge Separation. ICLR. 2026.



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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