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Abstract
Federated graph learning (FGL), which excels in analyzing
non-IID graphs as well as protecting data privacy, has re-
cently emerged as a hot topic. Existing FGL methods usually
train the client model using labeled data and then collabora-
tively learn a global model without sharing their local graph
data. However, in real-world scenarios, the lack of data anno-
tations impedes the negotiation of multi-source information at
the server, leading to sub-optimal feedback to the clients. To
address this issue, we propose a novel unsupervised learning
framework called Federated Graph-level Clustering Network
(FedGCN), which collects the topology-oriented features of
non-IID graphs from clients to generate global consensus rep-
resentations through multi-source clustering structure shar-
ing. Specifically, in the client, we first preserve the prototype
features of each cluster from the structure-oriented embed-
ding through clustering and then upload the learned multi-
ple prototypes that are hard to be reconstructed into the raw
graph data. In the server, we generate consensus prototypes
from multiple condensed structure-oriented signals through
Gaussian estimation, which are subsequently transferred to
each client to promote the great encoding capacity of the lo-
cal model for better clustering. Extensive experiments across
multiple non-IID graph datasets have demonstrated the effec-
tiveness and superiority of FedGCN against its competitors.

Introduction
Federated graph learning (FGL) (Huang et al. 2024; Wan,
Huang, and Ye 2024; Huang et al. 2024) has emerged as a
prominent research direction in graph machine learning in
recent years. Its key advantage is that it enables distributed
learning on non-IID graph data through collaborative train-
ing without sharing the raw data. FGL methods have been
widely applied to various graph analysis tasks, including
graph-level classification (Tan et al. 2023), link prediction
(Hu et al. 2022), and node classification (Cheung, Dai, and
Li 2021).

The main idea of most current FGL methods is to uti-
lize annotated graph data to learn high-quality representa-
tions within each client for effective collaborative learning
at the server. Despite their great successes, the assumption
of available labeled graphs may not always hold in practi-
cal scenarios since it is time-consuming and cost-expensive
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to acquire enough annotations for large amounts of graph
data. To alleviate this issue, recent federated multi-view
graph learning methods first allocate a single view with a
fixed topology to each client and subsequently integrate up-
loaded multi-source sample representations or cluster as-
signments into a unified consensus for improved clustering
performance (Yan, Wang, and Jin 2024; Ren et al. 2024).
However, the above studies have one of the least following
non-negligible limitations: they 1) are not tailored for learn-
ing cross-domain graphs, which are commonly encountered
in practical applications (Tan et al. 2023); 2) suffer from pri-
vacy leakage for graph data, as the attribute information up-
loaded to the server can be easily reconstructed into its origi-
nal form (Fredrikson, Jha, and Ristenpart 2015). This factor
may potentially increase the risk of violating the federated
learning principle. Consequently, it is crucial to develop a
novel unsupervised FGL paradigm that can not only flexi-
bly handle the cross-domain non-IID graphs without anno-
tations but also has a more effective and safer collaborative
learning capacity to protect graph data privacy.

An intuitive solution is to allocate different graph datasets
to each client and upload multi-source information that is
difficult to mutually reconstruct. Following this principle,
we make one step toward unsupervised federated graph
learning with cross-domain datasets, specifically focusing
on federated graph-level clustering. To fulfill this, there are
two key challenges to be addressed, i.e., 1) the information
that is well-protected for privacy within graphs needs to be
collected and preserved in the unsupervised local model; 2)
it is difficult to capture consensus characteristics from cross-
domain graphs to boost the quality of collaborative learning.
For the first challenge, inspired by the previous work (Tan
et al. 2023), we propose that extracting and uploading the
structure-oriented information not only effectively protects
privacy but also safely reflects the proximity of sample cor-
relations. For the second challenge, we assume that the fea-
tures learned by deep neural networks can be approximated
with a mixture of Gaussian distribution (Luo et al. 2021;
Chen et al. 2020). With this assumption, it has the poten-
tial to generate consensus graph embeddings by exploiting
the clustering hints from multiple structure-oriented infor-
mation.

Based on the above observations, we propose a novel un-
supervised FGL framework for both cross-dataset and cross-
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domain graph data, termed Federated Graph-level Cluster-
ing Network (FedGCN). The key idea of our approach is
to collect topology-oriented features of client-side non-IID
graphs and generate global consensus graph embeddings by
sharing the multi-source clustering structure. Specifically,
on the client, we develop a structure-preserving sub-network
to extract the graph-level features. Subsequently, we conduct
sample partition over the resultant structure-oriented graph-
level embeddings to obtain the original characteristics of
each cluster. After that, we upload the multi-source learned
prototypes, which are difficult to reconstruct yet follow a
Gaussian distribution, to the server. On the server, we design
a consensus prototype optimizing scheme to conduct Gaus-
sian estimation on the multi-source condensed structure-
oriented information, such that the quality of collaborative
learning can be boosted. The updated prototypes are then
transferred to each client and combined with the structure-
oriented representations to facilitate a robust clustering dis-
tribution, thereby enhancing the graph-level clustering per-
formance of local models. The main contributions of this
paper are summarized as follows:
• New research task: We point out a new research task,

i.e., federated graph-level clustering, which makes the
first attempt to achieve cross-domain federated graph
learning under unsupervised circumstances.

• Novel FGL framework: We propose an unsupervised
FGL framework, termed Federated Graph-level Cluster-
ing Network (FedGCN). The consensus prototype opti-
mizing scheme can enhance the quality of multiple-score
information negotiation to promote each local model
generating a robust clustering distribution.

• Better clustering results: Extensive experiments have
been conducted on fifteen cross-dataset and cross-
domain non-IID graph datasets without annotations,
demonstrating the effectiveness and superiority of the
proposed FedGCN against its competitors.

Related Work
Federated Graph Learning
Federated learning (FL) is a widely adopted distributed
learning paradigm that enables multiple clients to collabo-
ratively train a machine learning model without sharing pri-
vate data (Wang et al. 2021a,b, 2023, 2024b,c,a). Inspired by
its success in various applications, researchers in graph ma-
chine learning have increasingly explored its potential for
graph data analysis. For example, GCFL (Xie et al. 2021)
proposes a cross-dataset and cross-domain federated graph-
level classification framework that leverages shared struc-
tural knowledge to construct connections between graph
data from multiple clients, which effectively improves the
performance of each local model. Moreover, in situations
with diverse data distributions and disproportionate datasets,
PGFL (Gauthier et al. 2023) improves the client’s classifica-
tion performance by calculating the similarities between dif-
ferent local models. Similarly, FGGP (Wan, Huang, and Ye
2024) decouples the global model into two personal levels,
with the former capturing domain information through pro-
totypes and the latter introducing global knowledge to obtain

more powerful prototypes. Previous studies have demon-
strated that FGL techniques can improve the performance
of graph learning tasks across clients, such as model pa-
rameter aggregation strategy (Liu et al. 2024), personalized
federated learning method (Chen et al. 2022), and feature-
structure decoupling scheme (Tan et al. 2023). However, in
real-world scenarios, the lack of data annotations hinders
the quality of multi-source information negotiation, result-
ing in sub-optimal feedback to clients. In contrast, we make
the first attempt to analyze cross-dataset and cross-domain
unlabeled graph data in a collaborative learning manner.
In our federated learning framework, the server receives
structure-oriented compressed signals from the local models
and adopts Gaussian estimation to fit the consensus repre-
sentations that are then fed back to the clients.

Deep Graph-Level Clustering
Recently, significant progress has been made in node-level
clustering tasks (Tu et al. 2024c, 2022; Liu et al. 2022b;
Liang et al. 2023; Tu et al. 2024d; Guan et al. 2024b;
Liang et al. 2024; Gong et al. 2024, 2022). However, the
clustering problem across multiple graphs remains underex-
plored, despite its significant importance in numerous real-
world applications. Consequently, graph-level clustering has
attracted increasing attention from graph machine-learning
researchers. GLCC (Ju et al. 2023) is the first model pro-
posed to solve the multi-graph clustering task, which con-
structs an adaptive affinity graph to facilitate instance-cluster
comparison learning. Subsequently, to address the issue of
clustering collapse caused by insufficient discriminability in
graph-level representations, UDGC (Hu et al. 2023) evenly
distributes instances across different clusters and projects
these clusters onto a unit hypersphere, achieving a more uni-
form distribution at the clustering level. Additionally, re-
searchers have observed that spectral clustering based on
graph kernels remains an intuitive and effective approach
for graph-level clustering (Togninalli et al. 2019). How-
ever, most existing graph kernel methods rely on manual
design, which limits their generalization ability across var-
ious types of graphs, resulting in unsatisfactory clustering
results. To overcome this limitation, DGLC (Cai et al. 2024)
introduces a pseudo-label-guided mutual information max-
imization network, enabling more effective differentiation
of graph-level clustering representations. Although existing
methods have achieved great success in graph-level clus-
tering, these methods require processing multiple datasets
from diverse sources within a single model, which inevitably
increases the risk of privacy leakage. Differently, we inte-
grate federated learning with graph-level clustering tasks to
address these concerns. To ensure privacy protection, we
share multiple prototypes that are inherently difficult to re-
construct, facilitating the establishment of structural corre-
lations among non-IID graph data.

The Proposed Methodology
Preliminaries
Gaussian Mixture Model It combines multiple Gaussian
distributions and estimates their parameters by maximizing
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Figure 1: The overall architecture of FedGCN. The structure-oriented feature embedding and consensus prototype optimizing
are integrated into a unified alternating optimization FGL framework. Specifically, the structure-oriented model is constructed
and uploads the learned prototypes that are hard to reconstruct from the raw data to the server. The consensus prototype opti-
mizing scheme is designed to obtain consensus prototypes from multiple structure-oriented signals through Gaussian estimation
that are subsequently transferred to each client to promote the local model for better clustering.

the likelihood function to achieve the best-fitting model. The
probability density p(x) of a data point x in the mixture
model is the weighted sum of the probability densities of
all k components:

p(x) =
k∑

k=1

πkN (x|µk,Σk), (1)

where N (x|µk,Σk) denotes standard Gaussian distribution,∑
k is the covariance matrix, πk is the mixing coefficient,

and µk is the mean vector of the k-th component.

Structure-Oriented Feature Pre-Processing Given a set
of I undirected graphs G = {G1, G2, ..., GI}, where the i-
th graph is Gi = (Vi, Ei). Its node attribute matrix is X ∈
RN×da and the original adjacency matrix is A ∈ RN×N ,
where the N refers to the number of nodes in a graph and
da refers to attribute dimension. The corresponding degree
matrix is denoted as D ∈ RN×N .

To extract the graph structure features, we apply the Fed-
Star (Tan et al. 2023) method, which leverages degree dis-
tribution and random walk encoding techniques. Specifi-
cally, we first calculate the degree distribution matrix Sd ∈
RN×dd , where dd is the feature dimension of Sd:

Sd[i,j] =

{
1, if j = min

(
max

(
Dii , 1

)
, Ndd

)
0, otherwise

. (2)

Next, we obtain the encoded feature matrix Sr ∈ RN×dr

using the random walk algorithm and fuse these features via
concatenation operation:

Sr = CONCAT(sr1, sr2, . . . , srN ), (3)

where sr ∈ Rdr represents the n-th sample generated by
the random walk algorithm. dr is the feature dimension of

Sr. Finally, Sd, Sr, and X are fused through concatenation
operation to obtain the node-level structure-oriented feature
matrix F ∈ RN×d:

F =

{
CONCAT(Sd,Sr), if X = None
CONCAT(Sd,Sr,X), otherwise

, (4)

where d is the input dimension of the node. It is worth not-
ing that the attribute feature matrix X is not present in all
datasets. In the absence of attribute features, we use only
graph structure features.

Federated Graph-Level Clustering Network
Fig. 1 shows the architecture of the proposed Federated
Graph-Level Clustering Network (FedGCN). The core idea
is to collect topology-oriented features from multiple clients
and generate global consensus prototypes, which are sub-
sequently fed back to each client to facilitate clustering-
friendly graph embeddings.

Structure-Oriented Feature Embedding Due to the lack
of clear label guidance, the discrepancy in the data distribu-
tion during prototype aggregation is amplified when non-IID
graph data from multiple clients is processed at the central
server. This further limits the performance of local models,
which in turn hinders the sharing of multi-source informa-
tion across clients. Inspired by FedStar (Tan et al. 2023),
we develop a GNN-based model that focuses on extracting
structure features, as illustrated in Fig. 1(a). Firstly, we em-
ploy a GNN model to obtain the structure-oriented embed-
ding matrix for each node:

h(l)
v = ϕ

(
σ
(
h(l−1)
v , ω({h(l−1)

u : u ∈ Ω(v)})
))

, (5)

where h
(l)
v ∈ RN×d′

denotes the structure-oriented embed-
ding of v-th node in the l-th layer, d′ is sample embed-
ding dimension. Ω(v) denotes the aggregation operation of
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Algorithm 1: Federated Graph-Level Clustering Network

Input: Graphs G; degree distribution matrix Sd; random
walk feature matrix Sr; attribute matrix X; server epoch
Eglobal; client epoch Elocal; client number M .

Output: Clustering results O at clients.
1: Initialize C(0) and W(0) at the server.
2: for i = 1 to Eglobal do
3: for m in M do
4: Generate F with Sd, Sr and X by Eq. (4).
5: Obtain C

(0)
m and W

(0)
m .

6: for j = 1 to Elocal do
7: Obtain H from F by Eq. (5).
8: Obtain Z from H by Eq. (6).
9: Reconstruct F̂ from H by Eq. (7).

10: Calculate Q and P from Z.
11: Calculate the LKL and Lrec, respectively.
12: Update FedGCN by minimizing Eq.(15).
13: Stack C

(j)
m to Cm.

14: end for
15: end for
16: Obtain U from C by Eq. (10).
17: Collect the U and W of all clients.
18: Calculate C using Improved GMM by Eqs. (10)-(14).
19: Aggregate the model weights W.
20: end for
21: Obtain clustering results O at clients by K-means.
22: return O

v-th node’s neighbors. It is worth noting that h(0)
v is initial-

ized with v-th node structure-oriented features fv . ω(·), σ(·),
and ϕ(·) denote the aggregation function, updating function,
and normalization function, respectively. Subsequently, We
concatenate the sums of node-level representations across
all layers and then feed it into the Multi-Layer Perceptron
(MLP) network to obtain the graph-level embedding matrix
Z ∈ RN×d′

:

Z = MLP[CONCAT(
∑
v∈G

h(1)
v , . . . ,

∑
v∈G

h(L)
v )

]
. (6)

Subsequently, we reconstruct the structure-oriented fea-
ture matrix, denoted as F̂ ∈ RN×d. Finally, we calculate the
mean squared error between F and F̂ to ease the learning
process of the local model:

F̂ = MLP(H(L)), (7)

LMSE =
1

2N
∥F− F̂∥2. (8)

In summary, the proposed structure-oriented feature em-
bedding model offers the following key advantages: 1) it
enables the model to upload local graph data features to
the server without sharing private data while preserving the
clustering characteristics of each cluster; and 2) it ensures
domain invariance across graph datasets, effectively captur-
ing common patterns within the non-IID graph data without
annotations.

Consensus Prototype Optimizing As mentioned in the
literature (Wan, Huang, and Ye 2024), prototypes typically
preserve the clustering characteristics of graph data from
different clients. Building on this idea, we aim to collect
graph prototypes and well-trained model parameters from
multiple clients and subsequently share these signals at the
server. To this end, we develop a consensus prototype op-
timizing scheme within the server aggregation pipeline of
FedGCN, as illustrated in Figure 1(b). Specifically, in the
m-th client, the prototypes Cm ∈ RN×d′

are obtained by
using the Z. Subsequently, the results and the model parame-
ters Wm are then uploaded to the server. Next, at the server,
prototype sharing and model aggregation are performed to
obtain consensus results that capture shared useful informa-
tion among clients. Later, we calculate the stacked prototype
matrix U ∈ RN×Md′

from [C1, C2, . . . , CM ]:

U = CONCAT(C1,C2, . . . ,CM ). (9)

Next, according to multiple prototypes U from clients, we
adopt the Gaussian estimation to calculate and update the
consensus prototype representations. However, in practical
applications, graph data often exhibits characterized by non-
strict Gaussian distributions and outliers (Peng et al. 2024).
To alleviate these effects, we improve the Expectation-
Maximization (EM) algorithm of the Gaussian Mixture
Model (GMM). In the E-step, we incorporate Kernel Den-
sity Estimation (KDE) (Zandieh et al. 2023) to more ac-
curately approximate the true data distribution and effec-
tively filter out outliers. Specifically, the probability density
of sample U is calculated via the KDE function f(·):

f(ui) =

T∑
j=1

exp
(
− 1

2 (ui − uj)
⊤Σ−1

k (ui − uj)
)

bT (2π)d′/2
∑

k πk
, (10)

where exp(·) is exponential function, ui represents the i-
th component of U, T represents the number of samples,
b refers to the bandwidth (i.e., smoothing parameter), and∑

k is the variance of the k-th component. Subsequently, we
update the responsibility γik:

γik =
πkfk(ui)∑K
j=1 πjfj(uj)

, (11)

where K denotes the number of components, fk(·) and fj(·)
represent the KDE functions used for the k-th and j-th com-
ponents, respectively. In the M -step, we design a learnable
parameter αik to adjust the smoothing degree:

αik = exp
(
− β · ( γik∑K

j=1 γij
)
)
, (12)

πnew
k =

∑T
i=1 αikγik∑T
i=1 αik

, µnew
k =

∑T
i=1 αikγikui∑T
i=1 αikγik

, (13)

Σnew
k =

∑T
i=1 αikγik(ui − µnew

k )(ui − µnew
k )⊤∑T

i=1 αikγik
, (14)

where β is a scaling factor. Finally, the network is updated
by alternately performing E-step and M -step. Upon con-
vergence, the updated mean µ corresponds to the consensus
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prototypes C ∈ RN×d′
. The server then transmits these con-

sensus prototypes C back to each client.
The model aggregation process follows a similar ap-

proach to FedAvg (McMahan et al. 2017). The model pa-
rameters {Wm} |Mm=1 trained on the clients are uploaded
to the server. The server aggregates the local models using
W =

∑M
m=1

Rm

Rtot
Wm to compute the consensus model pa-

rameters W, which are then distributed back to the clients.
Here, Rm represents the number of graphs in m-th client,
and Rtot denotes the number of graphs across all clients.

The merits of the proposed consensus prototype optimiz-
ing scheme can be summarized as: 1) without sharing pri-
vacy data, the model uploads local graph data features that
preserve the clustering characteristics of each cluster to the
server; and 2) in the absence of label guidance, the network
effectively explores the latent structural patterns within each
client’s non-IID graph data, decreasing the risk of global
sharing failure caused by variations in attribute information.

Client-Server Collaborative Learning After information
aggregation at the server, each client receives the updated C
and W from the global model. Subsequently, C serves as
the cluster centers for the next round of local model train-
ing, and W is used as the initialization for the model param-
eters. In this way, the quality of the learned local representa-
tions could be further improved. In the collaborative learning
phase, the clustering loss function is defined by minimizing
the Kullback-Leibler (KL) divergence between P and Q (Tu
et al. 2021):

LKL = KL(P||Q) =
∑
i

∑
j

pij log
pij
qij

, (15)

where the soft assignment distribution Q of Z is calculated
using the Student’s t-distribution (Guan et al. 2024c). The
target distribution P represents that the embedding of the
i-th sample belongs to the j-th prototype.

Loss Function and Optimization The overall learning
objective consists of two main components: the KL diver-
gence loss LKL and the reconstruction loss LMSE :

L = LKL + λLMSE , (16)

where λ is a predefined hyperparameter that balances the im-
portance of reconstruction and clustering. Algorithm 1 pro-
vides a detailed description of the FedGCN learning process.

Experiments
Experiment Setup
Benchmark Datasets To verify the effectiveness of our
method, we employ 15 benchmark graph datasets across
different domains, including Small Molecules (e.g., MU-
TAG, BZR, COX2, DHFR, PTC MR, AIDS, BZR MD),
Bioinformatics (e.g., DD, PROTEINS), Synthetic (e.g.,
SYNTHETIC), Social Networks (e.g., COLLAB, IMDB-
MULTI), and Computer Vision (e.g., Letter-high, Letter-
low, Letter-med) (Morris et al. 2020). Table 1 summarizes
the detailed information of the above datasets. In our setup,
five types of non-IID settings are created: 1) 2 clusters within

Datasets Domain Classes Graphs A.Nodes A.Edges
MUTAG

SM 2

188 17.93 19.79
BZR 405 35.75 38.36

COX2 467 41.22 43.45
DHFR 756 42.43 44.54

PTC MR 344 14.29 14.69
AIDS 2000 15.69 16.20

BZR MD 306 21.30 225.06
DD

BIO 2
1178 284.32 715.66

PROTEINS 1113 39.06 72.82
SYNTHETIC SY 2 300 100.00 196.00

COLLAB
SN 3

5000 74.49 2457.78
IMDB-MULTI 1500 13.00 65.94

Letter-high
CV 15

2250 4.67 4.50
Letter-low 2250 4.68 3.13
Letter-med 2250 4.67 3.21

Table 1: Description of all used datasets.

the same domain (SM); 2) 3 clusters within the same domain
(SN); 3) 15 clusters within the same domain (CV); 4) 2 clus-
ters across two domains (SM-BIO); and 5) 2 clusters across
three domains (SM-BIO-SY).

Baseline Methods We compare FedGCN with three clas-
sical federated learning methods, including FedAvg (McMa-
han et al. 2017), FedProx (Li et al. 2020), and FedPer (Ari-
vazhagan et al. 2019). In addition, we also involve three
other state-of-the-art federated graph learning methods, in-
cluding FedSage (Zhang et al. 2021), GCFL (Xie et al.
2021), and FedStar (Tan et al. 2023).

Implementation Details To ensure experimental fairness,
the results of FedGCN and all compared methods are ob-
tained under the same device and configuration settings. We
employ a three-layer GIN (Xu et al. 2018) to obtain the
graph-level structure-oriented embedding, with the hidden
layer dimension set to 64 and a batch size of 128 for each
local model. During model optimization, we use the Adam
optimizer (Kingma and Ba 2014) with a learning rate of 1e-
3. The client interacts with the server 10 times, performing
10 training epochs during each interaction. All methods are
implemented using PyTorch, and experiments are conducted
on a single NVIDIA GeForce RTX 4090 GPU.

Evaluation Metrics We employ four widely-used cluster-
ing metrics to evaluate the performance of all compared
methods: Accuracy (ACC) (Li and Ding 2006; Tu et al.
2024b; Sun et al. 2021; Liu et al. 2022a), Normalized Mu-
tual Information (NMI) (Strehl and Ghosh 2002; Liu et al.
2023; Guan et al. 2024a), Adjusted Rand Index (ARI) (Hu-
bert and Arabie 1985; Liu et al. 2021; Tu et al. 2024a), and
F1 Score (F1) (Zhou et al. 2019; Liang et al. 2024). These
metrics test clustering results from different perspectives,
with higher values indicating better clustering performance.

Experimental Results
Comparison in Unsupervised Learning Settings To val-
idate the effectiveness of the proposed FedGCN, which
is the first federated graph-level clustering framework, we
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Classes Domain Metric
FedSage GCFL FedStar FedGCN

NeurIPS21 NeurIPS21 AAAI23 Ours

2

SM (7)

ACC 55.6±1.4 61.1±1.8 58.9±2.4 75.9±0.8
NMI 12.2±1.3 8.7±2.4 12.0±1.2 24.9±3.0
ARI 7.6±0.6 9.4±2.4 0.1±0.8 31.1±3.4
F1 50.2±1.0 43.3±1.6 49.7±2.8 67.1±1.5

SM-BIO
(9)

ACC 57.4±2.2 60.1±1.8 59.5±1.6 69.2±0.6
NMI 5.2±2.1 4.7±2.4 5.3±1.6 14.0±2.7
ARI 4.2±2.7 3.2±2.3 3.8±2.0 17.5±3.1
F1 49.9±0.5 47.3±1.5 51.7±2.2 59.1±0.9

SM-BIO
-SY (10)

ACC 57.6±1.9 59.1±2.0 57.9±2.6 68.6±1.3
NMI 20.6±1.9 14.4±2.2 15.7±2.4 13.5±2.1
ARI 17.6±2.4 13.7±2.8 16.1±3.0 17.2±3.6
F1 49.4±1.7 52.3±1.9 52.3±2.2 59.4±3.8

3 SN (2)

ACC 53.3±1.9 52.1±2.3 51.7±2.7 66.6±2.3
NMI 14.8±1.4 12.5±2.3 13.7±2.8 30.4±6.6
ARI 11.6±2.8 13.2±2.3 12.4±1.9 34.1±5.3
F1 49.3±2.0 52.3±1.6 50.7±2.3 50.7±2.4

15 CV (3)

ACC 10.1±1.4 13.7±2.0 12.4±2.7 34.6±2.8
NMI 30.5±1.7 17.7±2.4 22.4±2.5 34.2±1.4
ARI 13.6±1.8 14.3±2.7 15.3±2.1 19.3±1.8
F1 10.4±1.7 13.2±1.4 11.6±1.9 31.6±3.1

Table 2: Performance comparison across different feder-
ated graph-level clustering methods. Notably, all compared
methods are evaluated under unsupervised settings on cross-
dataset or cross-domain datasets to ensure a fair comparison.

adopt three representative supervised FGL methods and ex-
tend them into unsupervised versions to ensure a fair com-
parison. To minimize randomness, each experiment is re-
peated five times, and the mean and standard deviation of
the four clustering metrics are presented. The experimen-
tal results are presented in Table 2. As seen, we report the
results of all methods on federated graph-level clustering
across five non-IID settings, including cross-dataset datasets
(i.e., SM, SN, CV), across two domains (i.e., SM-BIO), and
across three domains (i.e., SM-BIO-SY). We can observe
that FedGCN outperforms compared methods in most cases.
The reasons behind this are two-fold: 1) although methods
such as FedSage, GCFL, and FedStar are specifically de-
signed to enhance connections between local models, these
approaches are tailored for supervised settings. As a re-
sult, their effectiveness is limited when dealing with non-IID
graph data without annotations; and 2) on one hand, the pro-
posed method is uniquely designed for unsupervised non-
IID graph scenarios. On the other hand, the prototype opti-
mizing scheme establishes useful connections between non-
IID graph data across multiple clients while ensuring pri-
vacy, thus generating clustering-friendly prototypes to guide
each local model in producing robust clustering distribution.

Comparison with Supervised FGL Methods To further
validate the superiority of FedGCN, we compare it with
three supervised FGL methods: FedSage, GCFL, and Fed-
Star. Each of these methods is provided with a limited
amount of labeled data. Specifically, for two-class and three-
class classification tasks, five true labels are assigned to each
class, while for the fifteen-class classification task, one true
label is assigned to each class. The experimental results pre-

Figure 2: Performance comparison between three advanced
federated graph-level classification methods and FedGCN
on five types of non-IID settings.

Figure 3: Ablation study for the consensus prototype opti-
mizing scheme in unsupervised FGL scenarios. “BS” de-
notes the client model of FedGCN and “BS + CPO” denotes
the baseline method with the consensus prototype optimiz-
ing scheme.

sented in Fig. 2 demonstrate that FedGCN consistently out-
performs its competitors in clustering performance across
both cross-dataset and cross-domain scenarios, further high-
lighting the effectiveness of the proposed method compared
to the supervised approaches.

Effect of the Consensus Prototype Optimizing Scheme
In this part, we evaluate the effectiveness of the proposed
consensus prototype optimizing scheme. In our setup, “BS”
denotes the client model of FedGCN, and “BS+CPO” de-
notes the baseline method with the consensus prototype op-
timizing scheme. As shown in Fig. 3, we can conclude
that the “BS + CPO” method consistently outperforms the
“BS” method in terms of four clustering metrics across
all datasets. These improvements could be attributed to the
following points. Firstly, the consensus prototype optimiz-
ing scheme effectively establishes structure-oriented corre-
lations between clients at the server, enabling the underly-
ing connectivity information to be transferred to each local
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Figure 4: The sensitivity of FedGCN with the variation of a hyper-parameter λ on five non-IID settings.

Domains Model PS ACC NMI ARI F1 ∆

SM
(7)

FedProx - 73.3±0.8 18.4±3.0 21.7±3.3 63.0±2.2
↑2.2

FedProx ✓ 73.9±0.8 21.0±2.6 25.3±3.0 65.1±1.9
FedPer - 72.3±0.3 17.6±1.2 21.7±1.6 62.9±0.8

↑2.3
FedPer ✓ 73.5±0.3 19.3±1.8 25.6±2.7 65.1±2.0
FedAvg - 71.6±0.7 16.3±2.8 20.4±1.5 62.1±1.0

↑7.2
FedAvg ✓ 75.9±0.8 24.9±3.0 31.1±3.4 67.1±1.5

SM-
BIO
(9)

FedProx - 68.0±0.6 11.5±1.0 15.1±1.0 59.8±2.2
↑1.7

FedProx ✓ 68.8±0.5 14.4±0.7 17.9±0.6 60.0±0.9
FedPer - 68.4±0.4 10.5±1.3 13.5±0.5 56.7±1.0

↑1.4
FedPer ✓ 68.7±0.1 11.7±1.9 15.4±1.9 58.9±3.0
FedAvg - 66.7±0.2 11.1±1.3 13.8±1.1 57.4±1.5

↑3.9
FedAvg ✓ 69.5±0.7 14.9±2.2 18.9±2.7 61.3±1.3

Table 3: Ablation studies for the prototype-sharing compo-
nent. “✓” indicates the compared method using prototype-
sharing (i.e., PS) component. “↑” denotes the average per-
formance improvement in terms of four metrics.

model for better clustering performance. Secondly, the im-
proved Gaussian estimation approach mitigates the impact
of non-strict Gaussian distributions and outliers, enabling
each local model to generate a more reliable target distri-
bution guided by the updated prototype.

Effect of the Prototype-Sharing Component In this sub-
section, we conduct ablation studies to investigate the effec-
tiveness of the prototype-sharing component. In our setup,
local models are employed to generate prototypes, which are
then shared using federated learning strategies from popular
methods, including FedProx, FedPer, and FedAvg. From the
results in Table 3, we can see that regardless of the feder-
ated learning strategy employed, integrating the proposed
prototype-sharing component enhances clustering perfor-
mance on both cross-dataset and cross-domain datasets. For
example, in the SM setting, the method incorporating the
prototype-sharing component achieves an average improve-
ment of up to 7.2%, while in the SM-BIO setting, it achieves
an average improvement of up to 3.9%. Moreover, FedAvg
demonstrates much better clustering performance compared
to FedProx and FedPer across multiple datasets, indicat-
ing the model-aggregation-based federated learning strat-
egy contributes more to the model performance. These find-
ings suggest that the integration of the prototype-sharing
and model-aggregation components in FedGCN substan-
tially enhances the generalization ability of graph-level fed-
erated clustering frameworks.

Analysis of Hyper-Parameter λ In Eq. (15), FedGCN
introduces a hyper-parameter λ to balance two losses. We
conduct experiments on multiple datasets to analyze the ef-
fect of this hyper-parameter by varying it from 0.01 to 100.
From the results in Fig. 4, we can observe that 1) the hyper-
parameter λ indeed plays a crucial role in FedGCN, sug-
gesting that searching λ from a reasonable hyper-parameter
region could benefit clustering performance; 2) the model
performance is relatively stable in a wide range of λ, indi-
cating that an appropriate λ value is required to balance two
learning processes; 3) when λ is set to 10, FedGCN tends to
achieve better clustering performance across all datasets.

Conclusion

In this paper, we point out a new research task, i.e., federated
graph-level clustering, which is the first attempt to achieve
cross-domain federated graph learning (FGL) under unsu-
pervised circumstances. To handle this task, we propose a
novel unsupervised FGL framework termed FedGCN. In our
method, the proposed structure-oriented feature embedding
model and consensus prototype optimizing scheme effec-
tively enhance the quality of multi-source information ne-
gotiation at the server, even in the absence of data annota-
tion guidance, leading to improved feedback to clients for
better clustering. Extensive experiments on multiple non-
IID graph datasets demonstrate that FedGCN effectively an-
alyzes non-IID graphs in unsupervised settings while ensur-
ing robust data privacy protection. In future work, we aim to
further improve FedGCN to address more challenging graph
learning tasks, such as incomplete federated graph clustering
and federated node-level clustering.
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