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Abstract

With the rise of vertical segmentation in real-world data, fed-
erated graph-level clustering has gained significant attention
in recent years. However, the inherent missing attributes in
graph datasets held by certain clients lead to suboptimal lo-
cal parameter updates and misaligned global parameter con-
sensus. This results in knowledge shifts during negotiation
to ultimately impair overall clustering performance. This is-
sue remains largely underexplored in the current advanced
research. To bridge this gap, we propose a novel deep learn-
ing network called Federated Graph-level Clustering Net-
work with Attribute Inference (FedAI), which utilizes high-
confidence prior knowledge from each domain and multi-
party collaborative optimization to achieve efficient reason-
ing of unknown features. Specifically, on the client, high-
confidence graph samples are projected into a latent space.
We then extract and upload irreversible path digest infor-
mation and attribute-oriented inference signals from them.
On the server, we first identify affinity relationships hier-
archically via the improved graph kernel method. We then
infer the features of clients lacking node attributes through
a prior structure-guide recovery operator, facilitating inter-
client knowledge transfer for better clustering. Experimental
results on 15 cross-dataset and cross-domain non-IID graph
datasets demonstrate that FedAI consistently outperforms ex-
isting methods.

Code — https://github.com/H00001/FedAI

Introduction
In recent years, with the explosive growth of real-world
graph-structured data (Liang et al. 2024a, 2025; Liu et al.
2025c,d; Liang et al. 2024b,c; Liu et al. 2024b) that encode
rich and complex relationships, Federated Graph Learning
(FGL) (Xie et al. 2021; Li et al. 2024; Xia and Zhang 2024),
as an emerging distributed machine learning paradigm, has
shown broad application potential in social network analy-
sis (Ambekar et al. 2024), smart healthcare (Gurumurthy,
Pal, and Sharma 2025), financial risk control (Liu et al.
2024a). Its core value lies in effectively solving the non-IID
data challenge resulting from vertical partitioning of data via
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Figure 1: (a) A key issue of existing FGC methods: clients
without node attributes struggle to reach consensus, leading
to knowledge drift in the server. (b) We can observe that the
similarity between structure and attributes is evaluated un-
der a shared latent space, where higher structural similarity
implies a greater embedding similarity.

collaborative training of the Graph Neural Network (GNN)
model, while meeting the rigid requirements of privacy pro-
tection.

Currently, in real-world scenarios, labeled data is often
scarce or entirely unavailable. As a result, unsupervised Fed-
erated Graph Clustering (FGC) methods attracted signifi-
cant research interest in recent years as a promising subfield
within FGL. Among these, FedNCN (Liu et al. 2025b) and
FedGCN (Liu et al. 2025a) represent the first and most re-
cent attempts at addressing node- and graph-level federated
clustering tasks, respectively. FedNCN mends the destroyed
links by clustering prior knowledge without sharing private
graph data. Notably, FedGCN generates structure-oriented
graph embeddings and extracts prototypes on each client.
The server uses an improved Gaussian mixture distribution
to separate multi-source structural signals for local model
learning. This approach not only significantly improves clus-
tering quality but also effectively protects data privacy.

However, these advanced methods fundamentally rely on
the assumption of fully observable node attributes, over-
looking the issue that this assumption often fails in the real
world due to privacy constraints, observation sparsity, or
data corruption. Moreover, some methods (Tan et al. 2023;
Liu et al. 2025a) typically treat structural encodings as node
attributes. Since structural information is already inherently
available, such graph structure embeddings do not effec-
tively enrich the information beneficial for clustering. Es-
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sentially, the semantic information of attributes is hard to re-
cover. For example, node attributes in datasets such as MU-
TAG (Cai, Zhang, and Fan 2025) and BZR MD (Cai et al.
2024a), which are commonly used in the domains of small
molecules, are completely missing and unobserved. For lo-
cal learning, the graph as a non-Euclidean structure is inher-
ently fragile (Tu et al. 2024). Missing node attributes hin-
der the extraction of reliable node representations, disrupt
the relational identification, and ultimately lead to a decline
in local clustering performance. In the Federated Learning
(FL) (Song et al. 2025; Liao et al. 2024, 2025, 2023) frame-
work, this issue is amplified. Since some clients hold graphs
with completely missing node attributes, i.e., Client with-
out Node Attribute (CNA), the learning process is severely
disrupted. As shown in Fig. 1(a), the learned local model
parameters are biased or inconsistent between CNAs and
clients with node attributes. During the aggregation process,
these flawed model parameters cause the knowledge shifts
across clients, which further leads to the server consensus
failure, ultimately degrading clustering performance.

To address this issue, an intuitive solution in FL is to
leverage the known attributes to infer the missing attributes
across clients. However, since CNAs only have graph struc-
ture, it is essential to explore the latent relationships between
attributes and structures in clients with complete attributes
and transfer this paradigm (i.e., use structure to infer at-
tributes) to CNAs. Previous works (Xie et al. 2021; Chen
et al. 2022) argue that structures and attributes have implicit
relationships within the Hilbert space. As shown in Fig. 1
(b), we observe that higher structural similarity implies a
greater embedding similarity in a shared latent space. Based
on the above observation, we propose an elegant FGL frame-
work for both cross-dataset and cross-domain graph-level
attribute inference called Federated Graph-Level Clustering
Network with Attribute Inference (FedAI). The key idea of
FedAI is to employ high-confidence prior knowledge to in-
fer the unknown attribute in non-IID graphs. Specifically, in
the client, we first sample graph instances with reliable rep-
resentations to extract hard-to-recover digest information by
the Hierarchical Random Walk (HRW) Graph kernel we pro-
posed for FL, and upload them to the server. In the server,
we propose a Kernel-aware Alignment and Inference Strat-
egy (KAIS), which utilizes the HRW Graph Kernel (GK)
to quantify the affinity on inter-client hierarchically. Then,
we introduce an attribute-oriented inference operator to infer
cluster-friendly attributes and perform graph-level clustering
jointly. It is worth noting that our proposed HRW GK can
measure the potential affinity relationship between clients
without uploading the original sensitive graph data in the FL
environment. In summary, our contributions are as follows:

• New Research Task To our knowledge, this is the first
attempt to jointly address multi-client clustering and at-
tribute inference within a unified FL framework.

• New FGL Method A novel federated graph-level clus-
tering network called FedAI is proposed, which aims to
utilize high-confidence prior knowledge to cross-domain
inference cluster-friendly attributes and solve the issue of
knowledge caused by missing node attributes.

• Better Experimental Results Extensive experiments
demonstrate that FedAI consistently outperforms exist-
ing SOTA federated graph-level learning methods.

Related Work
Federated Graph-level Learning
Federated Graph-Level Learning aims to collaboratively
train models across distributed parties to learn graph-level
representations while preserving data privacy. Early meth-
ods such as GCFL and GCFL+ (Xie et al. 2021), first
leverage gradient-driven subgroup discovery to mitigate
heterogeneity across clients. Then, FedStar (Tan et al.
2023) decouples structure and feature representations, which
mitigates feature misalignment. Moreover, FedGCN (Liu
et al. 2025a) collects topology-driven features from non-
IID graphs across clients to generate global consensus
representations. More recently, FedPKA (Wu et al. 2025)
uses a community-driven dynamic aggregation method to
customize personalized model parameters for each client.
FCLG (Li, Agrawal, and Ramnath 2024) jointly enhances
local graph representation learning and alleviates inter-client
distributional discrepancies in federated settings. As for
anomaly detection (Wang et al. 2025b, 2023, 2025a) in FGL,
FGAD (Cai et al. 2024c) introduces an anomaly genera-
tor to perturb normal graphs and trains an anomaly detec-
tor to distinguish between normal and anomalous graphs.
Then, LG-FGAD (Cai et al. 2024b) based on FGAD trains
a discriminator by maximizing/minimizing mutual informa-
tion from a multi-level perspective. AGDiff (Cai et al. 2025)
uses subtle perturbations in graph representations, generat-
ing pseudo-anomalous graphs that closely resemble normal
ones. However, these methods fail to consider the issue of
node attribute missing in the datasets held by clients, which
is a common challenge in real-world scenarios.

Attribute-missing Graph Clustering
Recent advances in GNNs have proven effective in learn-
ing from complex graph data (Liu et al. 2024c; Yang et al.
2024; Jin et al. 2022). However, most methods assume com-
plete node attributes and largely ignore the challenge of
missing information. To this end, a number of GNN-based
methods have explored data imputation techniques, such as
multi-modal networks (Liu et al. 2023), and Gaussian mix-
ture models (Liu et al. 2025a). While effective in recon-
structing missing features, these techniques are typically not
designed for clustering tasks, and thus fail to ensure that
the recovered attributes contribute to cluster-discriminative
representations. To bridge this gap, recent studies, for in-
stance, AMGC (Tu et al. 2024), iteratively refines impu-
tation and clustering using current cluster assignments as
guidance. Although this bidirectional interaction improves
both stages, its performance heavily depends on the quality
of the initial clusters and involves non-trivial optimization
procedures. To overcome this issue, FPGC (Xie et al. 2025)
further constructs individualized models for each node using
a Squeeze-and-Excitation mechanism, capturing local inter-
attribute dependencies. However, FPGC suffers from scala-
bility issues due to the explosion of learnable model parame-
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Figure 2: The network architecture of FedAI. Each client extracts hierarchical RW paths from local graphs, generating a struc-
tural digest signal. In parallel, a dual network is utilized to extract an attribute-oriented gradient signal. Upon receipt the both
signals, the server leverages the digest signal to compute structural affinities across clients and subsequently constructs an in-
ference operator. This operator is then used to guide the restoration of missing attributes on the CNAs.

ters. Moreover, MVCG (Li et al. 2025) integrates contrastive
and generative objectives, which encourage more robust
and discriminative embeddings. More recently, WAGE (Tu
et al. 2025) enhances feature reconstruction without intro-
ducing excessive model complexity, achieving high-quality
attribute recovery. However, these methods follow a central-
ized paradigm to solve the issue of missing node attributes
and neglect the inherent privacy challenges arising in feder-
ated learning environments.

Methodology
In this section, we provide a detailed introduction to FedAI.
The core idea is to leverage prior credible knowledge to in-
fer missing node attributes, while alternately optimizing the
quality of attribute inference and consensus clustering. The
overall methodology is organized into four main modules:
local model learning, hierarchical random walk Graph Ker-
nel for FL, kernel-aware alignment and inference, and global
parameter aggregation. An architectural overview of the pro-
posed FedAI framework is presented in Fig. 2, highlighting
the core components and their interactions. The pseudocode
for FedAI is presented in Algorithm 1.

Notations
Suppose that our federated framework consists of M de-
centralized clients. Each client holds a private graph dataset
G = {Gi}Ii=1, with I individual graphs and K clusters. Any
graph G is represented as a tuple (A,X), where A ∈ Rn×n
denotes the normalized adjacency matrix with self-loop, and
X ∈ Rn×d is the node attribute matrix, with each row en-
coding a d-dimensional feature vector of a node. Note that
on some clients, the original X is absent due to missing node
attributes in the graph dataset, referred to as Clients without
Node Attributes (CNA).

Local Model Learning
To enable high-quality representation learning across clients
with attributed graph data and to reliably identify prior sam-
ples with high confidence, we employ the Graph Isomor-
phism Network (GIN) as the encoder F , enhancing struc-
tural awareness and the expressiveness of the learned em-
beddings. The formula is as follows:

H = F(X,A|W), (1)
where W denotes the learnable parameter matrix of GIN.
In this way, we extract the node-level latent embeddings H.
Then, we utilize H to obtain the graph-level representation
Z, as: Z = ω(H), where ω(·) represents the READOUT
function. Here, we leverage the reconstruction loss to guide
the optimization process. Next, we apply the improved k-
medoids algorithm to identify high-confidence representa-
tives from Z. It selects actual data points as cluster centers to
ensure interpretability. Formally, given a dissimilarity func-
tion d(·, ·), the goal is to minimize the total intra-cluster dis-
similarity, as:

min
M⊂{zi}, |M|=K

∑K

j=1

∑
hi∈Cj

d(zi,mj), (2)

where M = {mk}Kk=1 is the medoid set, and each cluster
Cj contains a point mj that is closest to all points in the clus-
ter. Then, we select the nearest γ% as a set of representative
samples that are both structurally meaningful and appropri-
ate for extracting the knowledge digest.

Attribute-oriented Inference Operator To facilitate the
inference of missing attributes by leveraging structural pri-
ors, we construct an implicit correspondence between the
two modalities using an attribute-aware gradient signal,
which contains the underlying structure-to-attribute align-
ment in a differentiable manner. Specifically, we define a
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Algorithm 1: Training Procedure of FedAI

Require: Each graph dataset G; Number of clusters K;
Number of client M ; Global train epoch Nglobal;

Ensure: Cluster results R;
1: Initialize model parameters W for each client;
2: for i← 1 to Nc do
3: Learn graph representation by Eq. (1);
4: Execute the clustering task by k-medoids;
5: /* On clients with attributes */
6: Select γ% representative samples by Eq. (2);
7: Extract Hierarchical RW path ϕ(G) by Eqs. (6)-(7);
8: Extract attribute-oriented inference operator Θ and
∇ by Eqs. (3)-(5);

9: end for
10: /* On the server */
11: Collect Θ, ∇ and D from each client;
12: Construct the affinity matrix S by HRW kernel;
13: Generate the inference operator φ and ϱ by Eq. (11);
14: Feedback φ and ϱ to each CNA;
15: for i← 1 to M do
16: /*On clients without attributes*/
17: Leverage the φi and ϱi to recover the attribute;
18: end for
19: return R

dual structure-to-attribute projector Fψ and Fσ to extract
structure embeddings Ĥψ and Ĥσ , respectively, as:

Ĥψ = Fψ(Aψ; Θψ|∇ψ), Ĥσ = Fσ(Aσ; Θσ|∇σ), (3)

where Θσ and Θϕ are the parameters, and ∇σ and ∇ϕ are
gradient. Fθ and Fσ utilize degree distribution and random
walk to encode A as Aϕ and Aσ for projecting, respec-
tively. This dual approach enables the capture of multi-view
structural information, ensuring an end-to-end differentiable
signal that effectively integrates higher-order structural fea-
tures. Next, we enhance the two learned representations, as:

H̃ = ĤψĤ
⊤
ψ Ĥσ. (4)

To guide the learning process, we employ the reconstruction
loss L between the inferred and ground-truth attributes:

L =
1

n

∑
∥H̃−H∥2. (5)

Subsequently, we collect the model gradient∇ = (∇ψ;∇σ)
and model parameters Θ = (Θψ,Θσ) as attribute-oriented
inference signals from the dual networks and upload them
to the server. The design has two advantages: it 1) protects
the private information by transmitting only gradients and
parameters. 2) does not rely on any raw structural data.

Hierarchical RW Graph Kernel for FL
In order to effectively extract the potential correlation be-
tween clients while protecting privacy, we propose a novel
graph kernel called the Hierarchical Random Walk (HRW)
Graph Kernel. HRW Graph Kernel requires only the path di-
gest information of each graph provided by the client, elim-
inating the necessity to upload the complete graph struc-
ture. This design not only protects privacy but also reduces

the computational burden on the server by avoiding full-
graph similarity and feature-mapping operations. The en-
tire process is compatible with federated learning settings,
where local clients extract HRW paths and the server per-
forms the final relation computing. Here, HRW paths are
constructed in a location-based manner to more accurately
identify affinities between clients in an FL environment, al-
lowing the model to capture both fine-grained and higher-
order topological information across clients.

Random Walk Path Representation Let G = (V,E)
be an undirected graph. ι(·) is Laplace Position Encod-
ing (Tan et al. 2023). For a fixed walk length l, we define
RW l(G) as the set of random walk paths of length l sam-
pled from G, where each path representation is denoted π =
(v1, v2, . . . , vl+1). We formulate each path π ∈ RW l(G)
by concatenating the structural features of its nodes:

ι(π) = Π(ω(v1) · ι(v1), · · · , ω(vl+1) · ι(vl+1)), (6)

where Π denotes the concatenation operator and ω(vi) =
ϑd(vi) + ϑb(vi) + ϑc(vi) to emphasize more structurally
important nodes in the random walk path representation.
Here, ϑd(vi), ϑb(vi), and ϑc(vi) represent the degree-,
betweenness-, and closeness-centrality of node vi.

Path-level Kernel Function Given two walk paths π ∈
RW l(G) and π′ ∈ RW l(G

′), the kernel function kp at the
path level is defined as the inner product of their attributes:

kp(π, π
′) = ⟨ι(π), ι(π′)⟩. (7)

This linear kernel (Wang, Tu, and Cheng 2025) captures
aligned semantic similarity along corresponding walk posi-
tions. Then the HRW Graph Kernel khrw can be defined as:

khrw(G,G′) =
L∑
l=1

[ ∑
π∈RWl(G)

∑
π′∈RWl(G)

kp(π, π
′)

]
, (8)

where L is the diameter of each graph.

Hierarchical Graph Feature Mapping To construct a
graph-level feature φl(G) for graph G, we first aggregate
the representations of all sampled paths of the same length
l. The hierarchical feature vector at the level is defined as:

φl(G) =
∑

π∈RWl(G)
ι(π), (9)

Next, we define the hierarchical mapping as:

Φ(G) = CONCAT
(
φ1(G), φ2(G), . . . , φL(G)

)
, (10)

where the CONCAT(·) denotes the concatenation opera-
tion.

Kernel-aware Alignment and Inference
After completing all above steps, we proceed with at-
tribute inference. Here, the server collects guidance signals
{∇i}Mi=1 and {Θi}Mi=1, client graph digest {Di}Mi=1, and pa-
rameters {Wi}Mi=1 from each client. {Di}Mi=1 includes all
hierarchical RW paths Φ(G) of representative samples, and
this collection process is completed on the client. Next, to
enable cross-client alignment, we first employ the HRW
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Models SM2(7) SM-SY2(8) SM-BIO2(9)
ACC NMI ARI F1 ACC NMI ARI F1 ACC NMI ARI F1

Local 54.3±0.5 14.5±2.3 9.3±2.2 51.5±1.8 54.1±2.7 2.9±3.0 4.0±2.6 42.4±2.5 52.1±1.2 6.7±0.2 3.5±1.8 50.3±1.1
FedSage* 55.6±1.4 12.2±1.3 7.6±0.6 50.2±1.0 49.4±1.7 10.4±1.5 11.2±2.3 42.6±2.1 57.4±2.2 5.2±2.1 4.2±2.7 49.9±0.5
GCFL* 61.1±1.8 8.7±2.4 9.4±2.4 43.3±1.6 52.0±0.9 4.3±2.1 0.8±1.1 49.6±2.3 60.1±1.8 4.7±2.4 3.2±2.3 47.3±1.5
FedStar* 58.9±2.4 12.0±1.2 0.1±0.8 49.7±2.8 53.1±2.6 3.9±1.3 0.2±0.1 41.2±2.4 59.5±1.6 5.3±1.5 3.8±2.0 51.7±2.2
LG-FGAD† 65.8±0.8 18.8±1.9 3.4±1.1 62.9±0.6 60.8±1.9 10.1±3.3 7.0±3.4 59.3±2.2 59.6±1.5 9.0±1.4 7.8±1.7 56.0±2.6
FGAD† 66.4±2.4 20.2±2.6 4.3±3.2 63.8±2.6 65.5±1.5 15.2±2.3 11.4±2.0 63.8±1.9 63.5±1.0 14.7±1.1 2.1±2.0 60.7±1.5
AGDiff† 70.2±1.4 19.3±2.9 15.6±3.9 67.3±2.8 62.7±1.4 13.5±1.8 12.6±2.4 58.6±1.3 61.3±2.5 10.6±1.9 3.4±0.2 57.2±1.6
FedGCN 75.9±0.8 23.1±1.6 31.1±3.4 67.1±1.5 70.8±2.5 14.2±7.0 16.9±8.5 58.9±5.6 69.2±0.6 14.0±2.7 17.5±3.1 59.1±0.9
FedAI 78.6±0.4 26.9±1.0 32.8±1.3 70.5±1.1 74.5±0.6 26.4±3.9 31.1±3.5 68.1±1.3 73.2±1.7 20.0±4.2 23.2±2.4 62.3±4.7

SM-BIO-SY2(10) SN-SY11(2) CV15(3)
Local 55.5±3.1 6.4±2.8 12.0±2.9 52.1±2.0 8.7±0.2 5.6±6.3 1.6±0.2 6.4±0.5 26.4±1.8 29.3±1.0 12.5±1.3 27.3±1.7
FedSage* 57.6±1.9 20.6±1.9 17.6±2.4 46.7±1.8 15.6±1.1 7.6±1.0 3.4±2.7 2.9±1.8 19.6±0.8 22.7±0.4 12.5±1.3 18.2±0.8
GCFL* 59.1±2.0 14.4±2.2 13.7±2.8 52.3±1.9 19.3±0.6 4.5±2.3 1.2±1.1 8.7±0.9 27.9±1.6 27.5±2.2 13.1±1.9 27.4±1.3
FedStar* 57.9±2.6 15.7±2.4 16.1±3.0 52.3±2.2 19.0±2.9 4.1±2.5 2.3±2.5 7.9±2.2 22.7±1.0 20.3±1.7 10.3±2.1 20.2±3.2
LG-FGAD† 58.4±0.5 7.6±0.4 6.4±0.8 54.6±0.7 19.1±1.4 6.7±0.6 3.3±1.0 7.4±1.1 27.4±1.6 31.4±4.0 9.6±3.2 24.7±3.3
FGAD† 62.2±1.3 14.6±2.6 3.0±2.9 56.7±0.8 16.4±0.5 7.4±0.5 2.7±0.3 8.3±0.7 26.0±1.1 31.9±1.2 7.3±1.1 25.2±1.1
AGDiff† 61.4±1.3 15.6±2.8 13.5±1.4 50.4±3.0 15.8±2.0 4.3±2.0 3.4± 0.2 9.6±2.8 23.6±1.4 27.5±1.3 8.7±0.9 22.8±1.4
FedGCN† 68.6±1.3 13.5±2.1 17.2±3.6 59.4±3.8 18.3±3.1 4.8±5.0 2.3±2.6 11.2±3.5 30.4±2.6 31.8±2.1 16.6±2.3 27.1±2.9
FedAI 72.3±1.1 21.2±1.9 22.3±2.6 61.2±1.3 24.6±0.3 11.5±2.0 5.3±0.7 14.3±1.1 33.6±1.4 33.3±1.6 19.1±1.6 31.3±1.4

Table 1: Performance comparison across different federated graph-level clustering tasks in horizontal format. * denotes super-
vised methods adapted for unsupervised learning. † denotes anomaly detection methods adapted for clustering.

graph kernel to compute the structural affinity matrix S
between different clients as: sij = khrw(Di,Dj), where
sij ∈ S. Next, the server uses the affinity to construct a
consensus attribute-oriented inference operator φ and ϱ for
each cluster in the client that lacks attributes as:

φi =
∑M

j
ŝij · ∇j , ϱi =

∑M

j
ŝij ·Θj , (11)

where ŝij is the normalized affinity score. In this way, we
send φi and ϱi back to the i-th CNA. It leverages both
the original graph structure and its encoded counterpart to
construct a recovery network R. In the process of infer-
ence, these clients utilize consensus inference signals de-
rived from these dual structural views to recover the missing
node attributes in latent space.

Global Parameter Aggregation
To further improve the generalization capability of the pro-
posed method, we incorporate the previously derived affinity
matrix S to calculate the weight of clients during the aggre-
gation process, as Wi =

∑M
j ŝij ·Wj . In this way, we

exploit inter-client correlations to construct tailored model
parameters that further guide the model training. In fact, al-
ternative aggregation strategies can also be utilized in our
methods.

Experiments
Experiment Setup
Benchmark Datasets To evaluate the effectiveness of
FedAI, we construct non-IID federated learning scenar-
ios using datasets across five domains from the publicly
available TUDataset collection (Morris et al. 2020), which
include 1) a same-domain setting involving only small
molecule datasets (SM(7)); 2) a cross-domain setting com-
bining small molecule and biological datasets (SM-BIO(9));

Figure 3: Performance comparison between three advanced
federated graph-level classification methods with a limited
number of labels and FedAI on five non-IID settings.

3) a more heterogeneous cross-domain setting comprising
small molecule, biological, and synthetic datasets (SM-BIO-
SY(10)); 4) a cross-domain setting involving social net-
work and synthetic datasets (SN-SY(2)); 5) a same-domain
setting with computer vision datasets (CV(3)); and 6) a
cross-domain setting involving small molecule and synthetic
datasets (SM-SY(8)).
Evaluation Metrics The clustering performance is evalu-
ated by four widely used metrics: ACC, NMI, ARI, and F1
(Chen et al. 2025b,a,c).

Performance Comparison
To evaluate the effectiveness of FedAI, we consider three
experimental settings: 1) Comparison with the SOTA FGC
method, i.e., FedGCN, under a fully unsupervised scenario.
2) Adaptation and comparison with representative federated
classification and anomaly detection methods, i.e., FedSage
(Zhang et al. 2021), GCFL (Xie et al. 2021), FedStar (Tan
et al. 2023), LG-FGAD (Cai et al. 2024b), FGAD (Cai et al.
2024c), and AGDiff (Cai et al. 2025) under a unified unsu-
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Datasets Domain Classes Graphs A. Nodes A. Edges N. A
MUTAG

SM

2 188 17.93 19.79 -
BZR MD 2 306 21.30 225.06 -
PTC MR 2 344 14.29 14.69 -
BZR 2 405 35.75 38.36 + (3)
COX2 2 467 41.22 43.45 + (3)
DHFR 2 756 42.43 44.54 + (3)
AIDS 2 2000 15.69 16.20 + (4)
DD BIO 2 1178 284.32 715.66 -
PROTEINS 2 1113 39.06 72.82 + (1)
SYNTHETIC SY 2 300 100.00 196.00 + (1)
COLORS-3 11 10500 61.31 91.03 + (4)
REDDIT-M SN 11 11929 391.41 456.89 -
Letter-high

CV
15 2250 4.67 4.50 * (2)

Letter-low 15 2250 4.68 3.13 + (2)
Letter-med 15 2250 4.67 3.21 + (2)

Table 2: Description of benchmark datasets. “+(v)” indicates
that the graphs have v attribute. “–” means the graphs lack
node attributes, while “*” denotes that the node attributes
are manually removed from the dataset. “N. A” denotes the
dimension of the node attributes.

pervised objective for cross-paradigm evaluation. 3) Com-
parison with supervised baseline methods using partial la-
bels shows that FedAI achieves competitive performance
without any labels. The results of the unsupervised meth-
ods for the first two settings are shown in Table 1, the results
of the supervised methods are shown in Fig. 3.

Figure 4: Graph Kernel ablation between HRW GK and
other kernels: SP, LT, RW, and WL on two non-IID settings.

Discussion Based on the experimental results, we can
draw the following conclusions: 1) Compared with existing
advanced methods, FedAI achieves significant performance
improvements, which fully verify that it can infer unknown
attributes with high quality and effectively correct consensus
bias through the collaboration of the two modules, thus sig-
nificantly improving the overall clustering performance. 2)
Compared to supervised methods with a small number of la-
bels, FedAI still has certain performance advantages. These
are mainly attributed to FedAI effectively inferring attribute
information that is beneficial for clustering and enhances the
negotiation quality of the server.

Scalability Evaluation
To further validate the scalability and robustness of FedAI,
we conduct additional experiments on larger-scale datasets
with an increased number of participating clients (16

Models ACC NMI ARI F1
FedStar 62.6±3.1 13.9±2.5 16.3±1.5 47.6±2.4
FedGCN 65.3±2.3 20.8±1.7 21.4±1.3 52.7±2.0

Ours 72.3±1.5 26.2±1.3 27.4±1.9 58.6±1.7

Table 3: Performance comparison in terms of ACC, NMI,
ARI, and F1 metrics under large-scale datasets and more
clients.

clients). This non-IID setting includes MUTAG, BZR MD,
PTC MR, BZR, COX2, DHFR, AIDS, DD, PROTEINS,
SYNTHETIC, SW-620, OVCAR-8, PC-3, MOLT-4, SF-
295, P388 datasets. The experimental results are shown in
Table 3, which demonstrate that FedAI maintains stable
convergence and consistently achieves superior clustering
performance across various scales. This demonstrates that
FedAI has a strong generalization ability to large-scale fed-
erated environments.

Ablation Studies
Effect of KAIS To assess the effectiveness of KAIS, we
compare its performance with KAIS both enabled and dis-
abled. The experimental results presented in Table 1 (“Lo-
cal” denotes that the KAIS mechanism is not enabled) lead
to the following key observation: Enabling the KAIS mecha-
nism results in a substantial performance improvement over
the local method. This enhancement is primarily due to the
fact that FedAI infers clustering-friendly attributes within
the CNAs, effectively alleviating knowledge shift and im-
proving overall clustering performance.

Settings Models ACC NMI ARI F1

SM
(7)

FedProx 73.5±2.0 25.5±2.3 9.3±2.2 67.5±1.8
FedPer 76.2±1.9 24.7±2.8 14.3±3.0 53.7±2.1
FedAvg 76.0±1.5 23.6±2.1 31.4±1.7 68.4±1.3
Ours 78.6±0.4 26.9±1.0 32.8±1.3 70.5±1.1

SM-BIO
(9)

FedProx 66.8±2.1 19.1±2.4 23.0±1.4 60.6±2.1
FedPer 71.3±1.9 18.7±1.9 22.8±2.4 60.7±1.6
FedAvg 69.8±1.5 17.5±1.8 21.4±2.0 61.4±1.7
Ours 73.2±1.7 20.0±4.2 23.2±2.4 62.3±4.7

SM-BIO-SY
(10)

FedProx 70.8±1.7 18.7±2.4 21.4±2.3 61.0±2.0
FedPer 69.5±2.0 16.7±2.1 20.5±1.8 60.6±2.3
FedAvg 69.8±2.4 17.2±2.0 19.7±1.5 60.2±1.6
Ours 72.3±1.1 21.2±1.9 22.3±2.6 61.2±1.3

Table 4: Ablation study on three aggregation strategies in
FedAI, evaluated by ACC, NMI, ARI, and F1 metrics.

Effect of Graph Kernels To further evaluate the perfor-
mance of our proposed HRW, we select different graph ker-
nels (e.g., SP (Shervashidze et al. 2011), LT (Johansson
et al. 2014), WL (Borgwardt, Kriegel, and Hans-Peter 2005),
RW (Kang, Tong, and Sun 2012)) to calculate the affinity
between clients. The experimental results are illustrated in
Fig. 4. The following conclusions can be summarized: HRW
can achieve the best performance, which is mainly due to its
strong multiple graph feature expression generated by ran-
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Figure 5: Hyperparameter γ sensitivity analysis results with variable γ ∈ [1, 20]%, reporting ACC, NMI, ARI, and F1.

dom walk paths of different lengths. In addition, the Laplace
Position structure encoding encourages the model to capture
multi-scale features effectively.

Figure 6: Client-wise ACC metric results under SM-BIO and
SM-BIO-SY non-IID settings.

Parameter Aggregation Strategy Studies To verify the
adaptability of FedAI to different global aggregation strate-
gies for the model parameters. We evaluate the performance
under various aggregation strategies (e.g., FedAVG (Li et al.
2019), FedProx (Li et al. 2020), FedPer (Arivazhagan et al.
2019)). The experimental results are shown in Table 4 and
the following can be observed: 1) FedAI demonstrates sub-
stantial compatibility with various parameter aggregation
strategies, and its consistently improved performance high-
lights the pivotal role of precise attribute inference in en-
hancing overall model performance. Even with the adoption
of diverse strategies, the clustering performance of FedAI
outperforms existing SOTA methods. 2) A personalized ag-
gregation strategy (i.e., the one we used) can improve the
clustering performance, however, suboptimal aggregation
can disrupt inter-client consensus, diminishing overall clus-
tering performance.

Influence of Hyperparameter γ γ is used to control the
proportion of uploaded representational samples. We ana-
lyze its effect by varying its value across different settings.
As illustrated in Fig. 5, the experimental results lead to the
following key observations: Setting γ to 10% yields the best
performance on most datasets. A smaller proportion fails to
capture comprehensive client characteristics, while a larger
proportion introduces extra noise due to decreased confi-
dence in the uploaded samples.

Client-wise Performance Analysis
To validate that FedAI achieves comprehensive performance
enhancement across all clients without compromising in-
dividual performance, we conduct client-wise compara-

Figure 7: Convergence study under the SM non-IID setting,
ACC and NMI employed as evaluation metrics.

tive analyses of clustering performance among three meth-
ods, compared with FedGCN. The experimental results are
shown in Fig. 6, and the following conclusions are ob-
tained: FedAI can significantly improve the performance
of all clients, whether the client lacks attributes or not,
demonstrating its effectiveness in correcting global knowl-
edge drift.

Convergence Study
We present the performance trajectory of FedAI over 20
communication rounds to facilitate a comprehensive anal-
ysis of convergence speed and stability. As shown in Fig. 7,
the experimental results demonstrate that, compared to exist-
ing SOTA methods, FedAI exhibits significantly faster con-
vergence and greater training stability. This improvement
is primarily attributed to the use of inferred attributes to
achieve global consensus, effectively mitigating the issue of
consensus failures caused by client heterogeneity.

Conclusion
In this paper, we investigate a new task, i.e., federated
graph-level clustering with partial clients whose node at-
tributes are missing. It is the first attempt to achieve cross-
dataset/domain attribute inference under the circumstances
of federated graph-level learning. To address this issue, we
propose FedAI to alternatively optimize clustering and in-
ference. In FedAI, the proposed KAIS can accurately infer
unknown attributes to enhance the quality of global consen-
sus for better clustering. Extensive experiments verify that
FedAI consistently outperforms existing SOTA FGL meth-
ods. In the future, we will explore extending this method to
the graph level, aiming to establish a more generalized FGL
framework.
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