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Abstract

Federated Graph Learning (FGL) has emerged as a com-
pelling paradigm for collaboratively training a global
model while preserving the privacy of multi-source graphs.
Nonetheless, FGL faces a critical challenge of data hetero-
geneity, where semantic and structural discrepancies across
clients significantly degrade its performance. Although exist-
ing methods attempt to calibrate client-specific graph distri-
butions during federated training, they inevitably fall short
in aligning the optimization behaviors across clients due to
dynamic parameter updates, thereby inducing a bottleneck in
generalization improvement. To tackle this challenge, we pro-
pose a solution from a new perspective of prior refinement,
which seeks to proactively harmonize client graph distribu-
tions before the federated training. In particular, we propose
a Federated Graph Harmonization (FedGH) framework that
exploits the generative strengths of graph diffusion models
to perform prior refinement of local graphs. In a nutshell,
FedGH designs a conditional diffusion mechanism on each
client that synthesizes pseudo-graphs encapsulating both fea-
ture and structural priors, thereby facilitating explicit correc-
tion of inter-client distributional bias. On the server side, we
employ the graph contrastive learning between various client-
specific pseudo-graphs to incorporate the global information,
subsequently guiding local data reconstruction. Importantly,
model-agnostic FedGH can be seamlessly deployed as a plug-
and-play module to be easily integrated with existing FGL ar-
chitectures. Extensive experiments demonstrate that FedGH
consistently outperforms state-of-the-art FGL baselines.

Introduction
Graph learning is increasingly recognized for its ability to
extract insights from pervasive relational data found in mod-
ern systems (Zhuang et al. 2025a; Tu et al. 2025; Wang et al.
2026). Driven by the rapid development of advanced tech-
niques like Graph Neural Networks (GNNs) (Wu, Zhang,
and Fan 2023; Wang et al. 2024; Zhuang et al. 2024), this
field has witnessed breakthroughs in many applications (Wu
et al. 2020, 2023; Lu et al. 2025b), including recommender
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(a) FedAvg (b) The proposed FedGH

Figure 1: Loss landscapes w.r.t. parameters on Cora using
ten clients. The red triangle denotes the global model initial-
ized at the origin, while the black dots represent the relative
positions of client models in the parameter space.

systems (Jin et al. 2023), fraud detection (Liu et al. 2024; Cai
et al. 2025), and bioinformatics (Lu et al. 2025a; Wu et al.
2025). However, the practical deployment of existing work-
flows is still hindered by many challenges (Zhuang et al.
2025b). Among these, a critical bottleneck is the reliance
on centralized training, which is fundamentally incompati-
ble with the growing demand for privacy protection and the
distributed nature of graph data (Wan et al. 2025; Huang
et al. 2025). Federated Learning (FL) (McMahan et al. 2017;
Qi et al. 2023; Fu et al. 2025b) presents a viable distributed
paradigm to overcome these barriers. Inspired by this, Feder-
ated Graph Learning (FGL) has recently gained attention as
a promising framework (Wan, Huang, and Ye 2024; Fu et al.
2025c), designed to handle the unique challenges of learning
from decentralized and privacy-sensitive graph data.

While data heterogeneity is a notorious challenge in gen-
eral FL, it becomes exacerbated in the context of FGL due to
the complex nature of graph data. Specifically, FGL hetero-
geneity is twofold: 1) semantic heterogeneity involving dis-
parities in feature and label distributions, and 2) topological
heterogeneity reflecting variations in local structures. Recent
advances seek to mitigate such heterogeneity by calibrat-
ing distributional discrepancies across clients during feder-
ated training. A prominent line of studies improves local
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Figure 2: Overview of the proposed FedGH. Each client generates pseudo-graphs using the generative capacity of graph diffu-
sion and uploads them to the server, where graph contrastive learning is performed to obtain globally-aware embeddings. These
embeddings are then transmitted back to each client to guide the refinement of local graph data.

model adaptability or develops a more generalizable global
model by leveraging knowledge distillation (Huang et al.
2023; Zhu et al. 2024), meta-learning (Wang et al. 2022),
and Mixup-based data blending (Zhang et al. 2023) to guide
client-specific optimization. In parallel, another line of en-
deavors focuses on improving the aggregation process itself
to extract invariant knowledge, using re-weighted aggrega-
tion (Baek et al. 2023), structure-semantics decoupling (Tan
et al. 2023), and causal disentanglement (Fu et al. 2025a).

The intrinsic efficacy of these existing studies is to cal-
ibrate the graph distributions across multiple clients during
federated training. Nonetheless, this practice poses two open
challenges. On the one hand, dynamic training cannot guar-
antee consistent global information extraction, which in turn
affects the generalization ability and convergence efficiency
of the global model. On the other hand, the complex feder-
ated training design limits the model scalability and makes it
difficult to collaborate with existing federated learning (FL)
algorithms. This raises a natural question: could prior refine-
ment of local graphs before federated training offer a more
effective and flexible solution? To explore this hypothesis,
we visualize the loss landscapes of FedAvg and the proposed
FedGH, along with the positions of global and local mod-
els in the optimization space, as shown in Figure 1. Local
models converging within flatter regions of the loss surface
generally indicate better generalization capacity of the re-
sulting global model. From visualization, it can be observed
that client models under FedGH exhibit well-aligned opti-
mization directions and produce a more generalizable global
model, although no architectural modifications were made
and the only intervention was graph harmonization before
federated training. This empirical evidence motivates us to
pursue a more principled alternative: conducting prior re-

finement at the local graph level before training, rather than
directly adapting to heterogeneity during training.

Based on the above analysis, a prior refinement is intro-
duced before federated training to proactively mitigate data
heterogeneity. However, two key challenges remain for prior
refinement in the context of federated learning: (1) How to
sufficiently extract data distributions from the local client
without compromising privacy? To calibrate local graphs in
advance, it is a prerequisite to extract their data distributions,
including node features and topological structure. Therefore,
it is a necessity to develop a privacy-preserving graph distri-
bution extraction method. (2) How to harmonize the distri-
bution gaps between clients using the extracted information?
Once client-specific distributions of features and topologies
are obtained, a critical challenge lies in aligning these het-
erogeneous patterns and leveraging the aligned results to re-
fine local data before the federated training.

To tackle these challenges, we propose a Federated Graph
Harmonization framework (FedGH), which performs prior
refinement on local data by leveraging the generative ca-
pacity of graph diffusion. (1) To extract feature and topol-
ogy distributions without exposing raw data, we leverage the
inherent generative nature of graph diffusion and design a
conditional diffusion process, built upon a pre-trained varia-
tional graph autoencoder, to generate pseudo-graphs locally
on each client. By adaptively guiding the reverse denois-
ing process from pure Gaussian noise, the conditional diffu-
sion synthesizes pseudo-graphs that capture client-specific
semantic and structural priors, while inherently avoiding di-
rect exposure of the original data. (2) To integrate comple-
mentary information in multiple clients, we aim to learn the
globally-aware representations from the generated pseudo-
graphs. To achieve this goal, a graph contrastive learning
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module is employed on the server to collaboratively train
these pseudo-graphs and obtain globally-aware latent em-
beddings. Finally, each client then refines and reconstructs
its data under the guidance of these enriched embeddings
prior to federated training. The refined graph data can be di-
rectly used in downstream federated learning without archi-
tectural modifications, making FedGH a plug-and-play pre-
processor that can be seamlessly integrated into existing FL
pipelines. Figure 2 overviews the working flow of FedGH.
Our contributions are summarized as follows:
• We conduct empirical analysis and induce a novel per-

spective of performing prior refinement before federated
training to proactively calibrate client graph distribution.

• We propose FedGH, a federated graph harmonization
framework that explores the potential of diffusion models
to alleviate cross-client heterogeneity.

• Extensive experiments on diverse graph benchmarks
demonstrate the superior performance of FedGH over
state-of-the-art FGL baselines.

Related Work
Federated Graph Learning
Federated Graph Learning (FGL) is an effective approach
to addressing privacy concerns in distributed graph-based
training, enabling collaborative learning without data shar-
ing. Current methods focus on calibrating graph distribu-
tions across clients during federated training. A key line of
research enhances local models or develops more generaliz-
able global models. GraphFL (Wang et al. 2022) introduces
a meta-learning-inspired framework for non-IID and par-
tially labeled graphs. FedEgo (Zhang et al. 2023) addresses
privacy and heterogeneity using ego-graphs in decentral-
ized settings, while FGSSL (Huang et al. 2023) aligns node
semantics and graph structure through contrastive learning
and structural distillation. FedNCN (Liu et al. 2025) solves
missing cross-subgraph links by leveraging clustering prior
knowledge to restore connections. Another research direc-
tion improves federated aggregation processes to extract in-
variant information. FED-PUB (Baek et al. 2023) personal-
izes federated aggregation by computing inter-client func-
tional similarity, while FedATH (Fu et al. 2025a) decom-
poses local graphs into causal and biased subgraphs, aggre-
gating only the causal branches. However, correcting graph
distributions during federated training remains challenging
due to the inherent heterogeneity of graph data.

Diffusion Model
Diffusion models (DMs) (Ho, Jain, and Abbeel 2020; Song
et al. 2021) have recently garnered significant attention as
a powerful class of generative models, demonstrating ex-
ceptional performance in data generation across various do-
mains. These models work by gradually transforming data
into noise via a Markov process, and then learning to re-
verse this process to generate new samples that resemble the
original data distribution. In the context of federated learn-
ing with image data, several works have leveraged the gen-
erative capabilities of diffusion models to enhance feder-
ated training. For instance, FedDiff (Li et al. 2024) proposes

a multi-modal diffusion framework for federated learning
in remote sensing. FedDISC (Yang et al. 2024) uses diffu-
sion models to generate synthetic datasets that align with
client distributions, while FedBiP (Chen et al. 2025) per-
sonalizes latent diffusion models to generate images that
reflect client-specific distributions. Despite these advance-
ments, relatively few studies have explored the use of dif-
fusion models in Federated Graph Learning (FGL). Recent
work FedGOG (Zhou et al. 2025) specifically focuses on
out-of-distribution (OOD) generalization in federated graph
learning through diffusion-driven global data exploration.

Preliminaries
Federated Graph Learning. Consider a federated system
with K clients, where the k-th client holds a private graph
Gk = (Vk, Ek), with Vk and Ek representing the node and
edge sets, respectively. The feature matrix is denoted by
Xk = {xk1 , . . . ,xk|Vk|}, where each feature vector xki ∈ Rm.
The local topology for Gk is recorded by the adjacency ma-
trix Ak ∈ {0, 1}|Vk|×|Vk|, where Ak

ij = 1 denotes the exis-
tence of an edge eij ∈ Ek between nodes vki and vkj .

In each communication round t, a central server broad-
casts the global model to activated clients. Each client per-
forms local training on its private graph Gk and updates its
local model parameters gk. Then, local GNN parameters
are transmitted to the server, which aggregates them into a
new global model. A classical aggregation strategy of FGL
follows FedAvg (McMahan et al. 2017), where the global
model update is given by:

ḡ =
K∑
k=1

|Vk|∑K
j=1 |Vj |

gk. (1)

Diffusion Probabilistic Model. As parameterized
Markov chains, Diffusion Probabilistic Models (DPMs)
are trained through variational inference. DPMs are often
applied to generate samples that match the data distribution.
Specifically, they describe the data generation process via a
forward and reverse diffusion mechanism, as illustrated by
the Denoising Diffusion Probabilistic Model (DDPM) (Ho,
Jain, and Abbeel 2020).

In the forward process, the original data x0 is gradually
corrupted by noise over T timesteps, and is ultimately transi-
tioned into a Gaussian distribution xt, where we can sample
xt at any arbitrary timestep t in closed form:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I), (2)

where I denotes an identity covariance matrix, and ᾱt =∏t
i=1(1−βi) represents the cumulative noise up to timestep

t. The noise variance schedule, controlled by βi, dictates the
noise added at each timestep. Thus, to accelerate the forward
process, the cumulative noise can be approximated by sam-
pling Gaussian noise only once:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (3)

where ϵ is a standard Gaussian noise.
The reverse process seeks to recover the original data x0

from the noisy samples xt by predicting the added noise ϵ,
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a learnable denoise network ϵθ(·) is used to iteratively de-
noise, which is formulated as:

xt−1 =
1

√
αt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t)

)
+ σtz, (4)

where z ∼ N (0, I) is sampled from a normal Gaussian
distribution and σt is derived from the noise schedule. The
training objective involves minimizing the mean squared er-
ror between the predicted noise and the actual noise, ensur-
ing that the model can effectively denoise the noisy samples
and recover the distribution of the original data.

Proposed Method
Diffusion-based Pseudo Graph Generation
Based on preliminary analysis, we shift the focus to the
prior refinement of the data source before federated train-
ing. A promising solution is to extract both the semantic and
topological distributions of each local graph while preserv-
ing privacy, which are uploaded to the server and refined to
incorporate the global information via contrastive learning.
Fortunately, the graph diffusion naturally satisfies this need,
as it generates new data that reflects the original data dis-
tribution without exposing sensitive information. Motivated
by this, the proposed FedGH generates pseudo-graphs via
a diffusion process. Specifically, each client first pre-trains
a variational graph autoencoder (VGAE) (Kipf and Welling
2016) to encode the local graph. During the diffusion pro-
cess, the representation encoded by the well-trained autoen-
coder serves as input. After passing through a conditional
diffusion, the obtained latent representation is decoded by
the VGAE to generate the desired pseudo-graph.

To model the normality patterns of graph-structured data,
we employ a VGAE to learn a low-dimensional latent rep-
resentation Hk from each local graph Gk = (Xk,Ak) on
client k. The encoding process is given by the client-specific
variational posterior distribution:

qk(Hk | Ak,Xk) = N (Hk | µk,σk), (5)

where µk = GCNµk(Ak,Xk) is the matrix of mean vec-
tors, and σk = GCNσk(Ak,Xk) denotes the matrix of
standard deviations. The encoder maps each graph to la-
tent variables through the reparameterization trick, where
Hk = µk+σk⊙η with η ∼ N (0, I). Once the latent vari-
ables Hk are obtained, the decoder attempts to reconstruct
both the node features X̂k using a standard MLP decoder
and the graph structure Âk via a dot product:

X̂k = MLP(Hk), Âk = σ(Hk[Hk]
⊤
), (6)

where σ(·) is the sigmoid function. The variational lower
bound optimizes the object of VGAE is written as:

LkVGAE = Eq(Hk|Ak,Xk)

[
log pϕ(Ĝk | Hk)

]
−γKL

(
q(Hk | Ak,Xk) ∥ p(Hk)

)
,

(7)

where γ balances the reconstruction loss and the KL diver-
gence, with p as the reconstruction probability distribution
and q as the approximate posterior distribution.

Through the pre-trained VGAE model, we can obtain
its latent representation Hk from the local graph Gk =
{Xk,Ak}. The captured latent representation Hk reflects
the normal distribution of the original data and is used as in-
put to the diffusion model. We set up a conditional diffusion
process to control the stepwise denoising procedure. First,
in the forward process, Gaussian noise is sampled over T
timesteps to progressively corrupt the latent representation:

hkt =
√
ᾱth

k
0 +

√
1− ᾱtϵ

k
t , ϵkt ∼ N (0, I), (8)

where hk0 is initialized by Hk and ᾱt =
∏t
i=1(1−βi) where

βi controls the noise added at each timestep. This formula-
tion progressively destroys the latent representation hkt with
increasing noise over multiple steps.

To balance the recovery of the original data distribution
and the protection of local privacy, we introduce a condi-
tional denoising process:

hkt−1 =
1

√
αt

(
hkt −

βt√
1− ᾱt

ϵθ(h
k
t , r

k, t)

)
+ σtz

k (9)

where rk denotes a client-aware noise regulator designed to
modulate the denoising trajectory. Unlike traditional denois-
ing, which injects fixed and indiscriminate noise, rk serves
as an adaptive control signal that incorporates client-specific
structural and semantic priors while avoiding direct leakage
of raw data. This design enables the model to dynamically
balance the trade-off between distributional fidelity and pri-
vacy preservation. To construct rk, we first perturb initial la-
tent embeddings with Gaussian noise η ∼ N (0, I) and then
apply a nonlinear transformation, yielding rk = Fk

ω(h
k
0 +

η), where Fω(·) is a multi-layer perceptron. This operation
enriches the input with controllable stochasticity while ab-
stracting over heterogeneous client priors. This transforma-
tion endows the latent diffusion process with client-aware
variability, allowing flexible adaptation to diverse data dis-
tributions while preserving privacy.

Finally, the training objective is to learn a reverse tra-
jectory that progressively denoises the perturbed represen-
tations, formulated as:

Lkdiff = Et,hk
0 ,ϵ

k

∥∥ϵk − ϵkθ
(√

ᾱth
k
0 +

√
1− ᾱtϵ, r

k, t
)∥∥2 .

(10)
After obtaining the latent representation ĥk0 via the condi-
tional diffusion process, i.e., hkt → hkt−1 → · · · → ĥk0 , we
generate the final pseudo-graph for each client by decoding
it with the pre-trained decoder, as defined in Eq. (6): X̂k =

MLP(Ĥk), Âk = σ(Ĥk[Ĥk]⊤), where Ĥk = {[ĥk0 ]i}
|Vk|
i=1 .

Graph Alignment via Pseudo-Graph Contrast
Given the generated pseudo-graphs that retain the under-
lying distribution of local data, our objective is to learn
globally-aware latent representations on the server by aggre-
gating information in these pseudo-graphs and then redis-
tributing them back. To achieve this goal, we adopt a graph
contrastive learning framework that collaboratively trains on
the collected pseudo-graphs. Formally, for a given client
k, the pseudo-graph Ĝk = {X̂k, Âk} is first encoded via
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the local GNN encoder fkΘ(·) to produce node-level embed-
dings: H̃k = fkΘ(X̂

k, Âk). They are then aggregated into a
global summary vector via an average pooling function:

sk = σ

 1

|Vk|

|Vk|∑
i=1

h̃ki

 , (11)

where σ(·) is a sigmoid activation, and h̃ki is the embedding
of node vi in Ĝk. Thus, to obtain globally aligned embed-
dings for each client, we maximize the mutual information
(MI) between a client’s local pseudo-representation and the
global pseudo-representations from peer clients. A discrim-
inator Dψ is employed to distinguish positive and negative
node-graph pairs. We randomly shuffle the node embeddings
to produce H̃k

shuf to construct negative samples. The MI is
then maximized using a binary cross-entropy objective:

Lkcon = − 1

2|Vk|

|Vk|∑
i=1

(
1

K

K∑
j=1

(
logDψ(h̃ki , sj)

+ log
(
1−Dψ([h̃kshuf]i, sj)

)))
.

(12)

By minimizing this loss, we encourage each client’s local
pseudo-representation to align with global summaries from
all clients, thereby yielding globally-aware embeddings. The
server then distributes these client-specific representations
back to each client to refine the original graph.

Local Graph Refinement
Upon receiving globally-aware node representations H̃k,
each client refines its local graph Gk = (Xk,Ak) by uti-
lizing these enriched embeddings to guide both structural
and feature enhancement in a principled manner. This pro-
cedure leverages the global information encoded in H̃k as
supervised signals to rectify and align local representations
across clients, ensuring better consistency before federated
training. First of all, we compute the pairwise similarity:

Skij = sim(h̃ki , h̃
k
j ), (13)

where sim(·, ·) denotes a similarity function measuring se-
mantic proximity between nodes. These similarity scores
serve as soft supervision to guide the reconstruction of the
local graph topology. We introduce a graph structure adjust-
ment operation Oτ (·) that updates the local edge set based
on the similarity matrix:

Ekrefined = Oτ (G̃k,Sk) = (Vk, Ẽk ∪ Ekaug), (14)

where Ekaug = {(vi, vj) /∈ Ẽk | Skij > τ} denotes a
similarity-aware augmentation set determined by a threshold
τ . Alternatively, operation Oτ (·) can be defined as a Top-k
policy by selecting the k most similar neighbors for each
node. In parallel, the node features are also updated by in-
corporating global information through a fusion operator:

X̃k = T (Xk, H̃k), (15)

Algorithm 1: FedGH
Input: Local graph data Gk = (Xk,Ak), number of clients
K, diffusion steps T , diffusion training epochs Ediff, con-
trastive learning epochs Econ.
Output: Refined graph data G̃k = (X̃k, Ãk).

1: Client Side:
2: Initialize the network parameters
3: Pre-train the VGAE by minimizing Eq. (7)
4: Freeze the parameters of the pre-trained model
5: for epoch = 1 to Ediff do
6: Obtain Hk from the pre-trained encoder
7: Apply forward diffusion to Hk via Eq. (8)
8: Generate Ĥk via reverse diffusion Eq. (9)
9: Decode Ĝk from Ĥk via pre-trained decoder

10: Update parameters by minimizing Eq. (10)
11: end for
12: Server Side:
13: for k = 1 to K do
14: for epoch = 1 to Econ do
15: Receive {Ĝi}Ki=1 from clients
16: Compute {H̃i}Ki=1 and {H̃i

shuf}Ki=1 via GNN
17: Compute global summary {sk}Ki=1 via Eq. (11)
18: Update parameters by minimizing Eq. (12)
19: end for
20: end for
21: Client Side:
22: Receive globally-aware embeddings H̃k

23: Refine the graph based on H̃k via Eqs. (14) and (15)
24: return G̃k = (X̃k, Ãk)

where T is a fusion operator. Here, we adopt the concate-
nation, i.e., X̃k = [Xk || H̃k]. The resulting refined graph
G̃k = (X̃k, Ãk) serves as the updated input for each client
prior to federated training, leading to improved distribution
alignment under non-IID conditions. Specifically, the re-
fined graph G̃k can be integrated with various existing FL
methods, with FedAvg being employed in this case.

Complexity and Privacy Analysis
Complexity Analysis. Recall that the node and edge num-
bers for client k are |Vk| and |Ek|, respectively. The input
feature dimension is m, and the latent embedding dimension
is d. There are three main stages prior to federated training:
• Diffusion-based Pseudo Graph Generation: We em-

ploy an L-layer GIN encoder for VGAE pretraining, with
cost O(L(|Ek|d + |Vk|d2)). The conditional diffusion
process adds O(T |Vk|d2) due to denoising steps, while
adjacency reconstruction via decoding requires O(|Ek|d)
by applying a sampling strategy in practice.

• Graph Contrastive Alignment: Encoding the pseudo-
graph costs O(L(|Ek|d+ |Vk|d2)) and contrastive learn-
ing via a bilinear discriminator over K client summaries
costs O(K|Vk|d2).

• Local Graph Refinement: The topology reconstruction
costs O(|Vk|2d), and the final update process of node
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Dataset Cora PubMed Photo
Method 10 Clients 15 Clients 20 Clients 10 Clients 15 Clients 20 Clients 10 Clients 15 Clients 20 Clients

FedAvg 73.6 (72.0) 69.5 (66.2) 62.4 (58.8) 82.4 (80.2) 81.5 (79.0) 80.8 (78.9) 87.2 (84.9) 86.0 (83.1) 84.4 (81.4)
FedProx 74.3 (72.9) 70.0 (66.7) 63.2 (59.6) 82.4 (80.2) 81.6 (79.1) 80.8 (78.9) 87.1 (84.8) 86.5 (83.7) 84.4 (81.4)
MOON 74.2 (71.9) 70.5 (68.0) 61.4 (58.0) 82.5 (80.4) 81.6 (79.1) 80.2 (78.1) 86.5 (83.6) 85.2 (82.0) 81.5 (79.4)
FedOPT 74.6 (67.7) 71.3 (63.6) 63.7 (59.8) 81.5 (78.1) 80.5 (75.3) 80.9 (76.5) 87.7 (84.9) 86.1 (83.0) 84.2 (80.3)
FedProto 74.6 (73.0) 70.0 (67.0) 63.4 (59.4) 82.7 (80.4) 81.5 (79.0) 80.8 (78.9) 87.3 (84.9) 87.9 (85.1) 84.8 (81.7)

FedSage+ 74.0 (72.0) 67.4 (62.1) 65.0 (59.9) 82.4 (82.2) 78.2 (78.0) 78.7 (76.2) 88.5 (86.1) 86.0 (82.0) 84.4 (82.9)
FGSSL 74.5 (72.9) 72.2 (69.3) 65.9 (61.9) 82.4 (79.9) 81.9 (79.3) 81.0 (78.8) 88.6 (86.0) 86.2 (82.6) 84.3 (80.2)
FedPUB 75.4 (73.1) 72.4 (66.8) 66.4 (60.0) 82.7 (80.4) 79.1 (75.4) 79.6 (79.6) 88.8 (85.9) 87.2 (83.5) 84.2 (79.3)
FedTAD 74.3 (71.6) 72.2 (70.4) 63.7 (60.3) 82.7 (80.3) 82.0 (78.8) 81.2 (78.6) 87.8 (85.2) 86.6 (83.5) 84.9 (81.2)
FedATH 77.2 (74.1) 73.7 (72.2) 68.3 (65.4) 83.8 (82.1) 82.6 (80.7) 83.0 (81.4) 88.5 (86.5) 86.4 (85.3) 85.5 (82.7)
FedGH 78.0 (74.9) 75.8 (72.4) 70.7 (66.0) 85.2 (83.9) 84.7 (82.9) 84.0 (83.1) 90.0 (88.2) 88.1 (86.2) 86.9 (84.5)

Dataset WikiCS Roman-empire ogbn-arxiv
Method 10 Clients 15 Clients 20 Clients 10 Clients 15 Clients 20 Clients 10 Clients 15 Clients 20 Clients

FedAvg 69.6 (63.7) 66.3 (61.7) 67.5 (62.4) 34.4 (30.3) 33.8 (29.7) 32.2 (27.8) 35.8 (26.1) 34.7 (26.2) 33.6 (25.1)
FedProx 69.5 (63.6) 66.2 (61.5) 67.6 (62.3) 34.3 (30.2) 33.6 (29.5) 32.0 (27.6) 35.7 (26.1) 34.4 (25.9) 33.6 (25.1)
MOON 70.0 (64.0) 67.2 (62.2) 66.5 (60.9) 34.0 (29.9) 33.8 (29.6) 33.0 (28.6) 34.9 (25.8) 33.7 (24.7) 33.9 (25.6)
FedOPT 69.4 (60.5) 68.1 (60.4) 66.5 (56.9) 34.4 (30.5) 33.4 (29.6) 32.1 (28.1) 36.4 (24.1) 34.4 (24.2) 35.8 (26.4)
FedProto 70.0 (64.0) 67.0 (62.0) 68.2 (62.2) 34.9 (30.0) 33.6 (28.8) 32.3 (27.3) 35.8 (26.1) 34.6 (26.0) 33.6 (25.0)

FedSage+ 71.7 (61.5) 69.3 (62.2) 70.7 (61.2) 41.6 (31.9) 39.4 (29.4) 39.1 (29.6) 41.0 (27.5) 36.6 (28.8) 37.2 (30.2)
FGSSL 70.6 (64.8) 69.0 (64.1) 68.6 (62.9) 37.0 (33.6) 36.9 (33.1) 35.2 (31.5) 39.2 (30.4) 36.6 (27.9) 35.2 (26.6)
FedPUB 72.3 (63.8) 69.8 (59.2) 69.9 (59.7) 37.3 (30.2) 36.1 (29.2) 35.5 (28.7) 39.0 (29.6) 36.9 (24.8) 36.4 (24.4)
FedTAD 71.6 (65.3) 69.3 (63.7) 69.0 (63.1) 39.0 (35.1) 37.9 (33.8) 37.3 (33.2) 37.6 (27.2) 36.3 (26.7) 34.6 (25.1)
FedATH 75.8 (71.3) 73.1 (68.6) 72.5 (67.6) 43.8 (38.1) 41.5 (35.8) 40.3 (35.5) 41.6 (34.0) 37.3 (30.6) 38.9 (32.0)
FedGH 77.1 (72.8) 76.8 (72.2) 76.4 (71.8) 44.3 (39.0) 42.2 (36.1) 41.0 (35.8) 42.6 (35.4) 38.8 (32.1) 38.1 (31.6)

Table 1: Performance comparison (ACC% and (F1%)) of SOTA methods, where the best results are highlighted in bold and the
second-best results are highlighted in underline.

features via concatenation requires O(|Vk|(m+ d)).
Combining the above components, the overall complexity
for each client is: O

(
L|Ek|d+(L+T+K)|Vk|d2+|Vk|(d+

m) + |Vk|2d
)
. In practice, the terms involving L, T , and K

are typically small constants, and the computation is dom-
inated by the topology reconstruction. This cost is incurred
once by each client during the prior refinement stage, mak-
ing it a manageable trade-off for effective graph refinement.
The procedure of FedGH is described in Algorithm 1.
Privacy Analysis. Inspired by (Patel, Zhang, and Wang
2025), we provide a theoretical analysis to address privacy
concerns, proving FedGH guarantees privacy preservation:
Theorem 1 (Privacy Guarantee of FedGH) Given the la-
tent representation [hk0 ]i ∈ Rd of node i for client k with
∥[hk0 ]i∥2 ≤ C, and the forward diffusion process with t
timesteps, the mechanism satisfies (ϵ, δ)-local differential
privacy (LDP) where:

ϵ =
2ᾱtC

2

1− ᾱt
+ C

√
8ᾱt log(1/δ)

1− ᾱt
, δ ∈ (0, 1),

where ᾱt =
∏t
i=1(1− βi) is the cumulative noise factor, βi

controls the noise added at each timestep, σt is derived from
the noise schedule, and C is the latent norm bound.
The proof is deferred to Appendix A. The privacy guaran-
tee in Theorem 1 addresses the critical privacy risks in the

proposed FedGH by ensuring that the generation of pseudo-
graphs does not reveal sensitive node-level information.

Experiments
In this section, we evaluate the effectiveness of FedGH by
answering the following research questions:

• RQ1: Does FedGH outperform existing FGL baselines?
• RQ2: How well does FedGH mitigate heterogeneity?
• RQ3: How does FedGH ensure privacy preservation?
• RQ4: How effective is FedGH as a plug-in module?
• RQ5: How does each component or hyperparameter af-

fect the performance of FedGH?

Experimental Settings
Dataset: To assess the performance of FedGH, we con-
duct experiments on six real-world datasets: two citation
networks, Cora and PubMed; one co-purchase network–
Photo; one Wiki-page network–WikiCS; one article-
syntax network–Roman-empire; and one large-scale citation
network–obgn-arXiv. Methods: We compare FedGH with
ten representative methods to assess its effectiveness, in-
cluding: 1) conventional methods: FedAvg (McMahan et al.
2017), FedProx (Li et al. 2020), MOON (Li, He, and Song
2021), FedOPT (Reddi et al. 2021), and FedProto (Tan et al.
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Figure 3: Consistency evaluation of the learned node embed-
dings via clustering-based metrics. Subscripts on each met-
ric indicate the number of clients involved in the evaluation.

2022); 2) graph-oriented methods: FedSage+ (Zhang et al.
2021), FGSSL (Huang et al. 2023), FedPUB (Baek et al.
2023), FedTAD (Zhu et al. 2024), and FedATH (Fu et al.
2025a). Please refer to Appendix B for detailed settings.

Performance Comparison (RQ1)
Table 1 presents the performance comparison of the pro-
posed FedGH against representative baselines, evaluating
performance in terms of accuracy and F1-score across multi-
ple client configurations (10, 15, and 20 clients) to simulate
varying degrees of data distribution. It can be observed that
graph-oriented methods, which are specifically designed to
handle graph data, generally outperform traditional feder-
ated learning methods. This is attributed to their ability to
leverage graph-specific structures and semantic information,
leading to better alignment of local models and data rep-
resentation. As shown in Table 1, FedGH consistently out-
performs all other methods on most datasets and client con-
figurations. The superior performance highlights that data-
level refinement prior to federated training effectively cali-
brates client-specific optimization trajectories. By address-
ing graph data inconsistencies before the training process,
FedGH enables more efficient aggregation of client models,
leading to improved generalization across various datasets.

Effectiveness in Tackling Heterogeneity (RQ2)
We evaluate the effectiveness of different methods in mit-
igating data heterogeneity by measuring the semantic con-
sistency of node embeddings across clients via clustering-
based metrics. For each approach, we merge client-specific
embeddings pairwise, apply K-Means to perform cluster-
ing, and average the computed metrics over all client pairs.
The resulting clusters are compared with ground-truth la-
bels using NMI, ARI, and Silhouette scores, where higher
values indicate better alignment with the underlying seman-
tic structure. As illustrated in Figure 3, FedGH consistently
outperforms both classical (e.g., FedAvg) and SOTA FGL
methods (e.g., FedTAD, FedATH) across all metrics and
client configurations in the Cora dataset. These results in-
dicate that FedGH produces embeddings with stronger se-

(a) Original Graph (b) Pseudo Graph

Figure 4: The visualization of the original graph and the cor-
responding pseudo-graph generated by diffusion from the
first subgraph among the 10 clients in the Cora dataset.

mantic alignment across clients, suggesting improved repre-
sentation quality in heterogeneous graph distributions.

Analysis of Privacy Concerns (RQ3)
To assess the privacy-preserving capability of the proposed
FedGH, we investigate whether the pseudo-graphs generated
via graph diffusion expose sensitive information from the
original data. FedGH generates these pseudo-graphs through
a conditional reverse diffusion process initialized with pure
Gaussian noise, which inherently mitigates the risk of pri-
vacy leakage. To empirically validate this capability, we vi-
sualize the first subgraph of the Cora dataset by applying
t-SNE (Van der Maaten L 2008), comparing the original
graph with the corresponding pseudo-graph produced by dif-
fusion. For clarity, we display only nodes with IDs from 0
to 99 and highlight the top 10 nodes with the highest de-
gree in red. Since t-SNE projects high-dimensional node
features into two-dimensional space, the resulting node po-
sitions and connectivity patterns reflect both semantic and
structural characteristics. As shown in Figure 4, the node lo-
cations, edge connections, and hub nodes substantially dif-
fer between the original and synthesized graphs. These dis-
crepancies provide strong empirical evidence that the dif-
fusion process effectively conceals sensitive structural and
feature-level information. Hence, FedGH offers privacy pro-
tection without relying on encryption techniques, supporting
its suitability for privacy-aware federated graph learning.

Improving Existing FGL Methods (RQ4)
To examine the plug-and-play capability of FedGH as a
data-level prior refinement strategy, we investigate its in-
tegration with an SOTA FGL model, FedTAD (Zhu et al.
2024). Specifically, we refine each client’s local graph using
FedGH and then train FedTAD on these harmonized graphs.
As shown in Table 2, the performance consistently improves
across three datasets and varying numbers of clients, in both
classification accuracy and F1-score. Notably, the largest
gains are observed under more heterogeneous scenarios with
20 clients, such as a 3.5% increase in ACC and a 3.6% boost
in F1-score on Cora. These results demonstrate that FedGH
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Figure 5: Accuracy comparison between FedGH and its variants across different numbers of clients on the Cora and PubMed
datasets, where subscripts in dataset names indicate the number of clients.

Metric Dataset Method 10 Clients 15 Clients 20 Clients

ACC

Cora FedTAD 74.29 72.23 63.74
+ FedGH 75.89 (↑1.6) 72.79 (↑0.6) 67.28 (↑3.5)

PubMed FedTAD 82.72 82.03 81.19
+ FedGH 84.53 (↑1.8) 84.14 (↑2.1) 83.73 (↑2.5)

Photo FedTAD 87.76 86.60 84.94
+ FedGH 87.92 (↑0.2) 86.92 (↑0.3) 86.29 (↑1.4)

F1-score

Cora FedTAD 71.57 70.38 60.34
+ FedGH 72.20 (↑0.6) 70.90 (↑0.5) 63.90 (↑3.6)

PubMed FedTAD 80.26 78.84 78.57
+ FedGH 80.47 (↑0.2) 78.98 (↑0.1) 79.01 (↑0.4)

Photo FedTAD 85.24 83.45 81.20
+ FedGH 85.31 (↑0.1) 83.74 (↑0.3) 81.63 (↑0.4)

Table 2: ACC% and F1-score% of FedTAD with and without
the FedGH refinement under different client settings.

serves as a general and effective pre-processing module that
integrates seamlessly with existing FGL frameworks, of-
fering consistent benefits without requiring any changes to
model architecture or training procedures.

Component and Parameter Analysis (RQ5)
Ablation Study. To validate the effectiveness of each
component in FedGH, we conduct an ablation study to as-
sess its impact. Specifically, we evaluate four variants by re-
moving specific components: w/o KL (removal of the KL
divergence term in the VGAE loss, equivalent to using a ba-
sic autoencoder), w/o C (removal of the conditional vector
rk in the diffusion model), w/o CL (no contrastive learning,
using pseudo-graphs directly for training), and FedAvg (no
prior refinement, equivalent to the FedAvg baseline). Note
that we cannot remove the diffusion model alone, as using
the graph encoded and decoded solely by the VGAE model
and then uploading it to the server leads to data leakage,
since the graph still retains the original data. As shown in
Figure 5, the results clearly demonstrate that each compo-
nent contributes positively to improving the model’s perfor-
mance. Notably, the significant performance drop in w/o CL
is likely due to the disruption of the original data by the dif-
fusion model. However, the fact that performance does not
collapse entirely suggests that the model still captures valu-
able distributional information. Overall, FedGH consistently
outperforms all variants, demonstrating its ability to effec-
tively mitigate data heterogeneity.
Parameter Sensitivity. We analyze the sensitivity of

𝛾
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𝛾
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(b) PubMed

Figure 6: Parameter sensitivity on Cora and PubMed, evalu-
ated across 10, 15, and 20 clients.

FedGH to the hyperparameter γ, which balances the KL
divergence term in the VGAE loss (Eq. (7)). Figure 6 re-
ports the classification accuracy on Cora and PubMed across
varying γ values and different numbers of clients. FedGH
yields consistently stable performance across all configu-
rations, with only marginal fluctuations in accuracy as γ
changes. When γ is too small, the latent space may become
under-constrained, while excessively large values may sup-
press meaningful representations. Nonetheless, performance
remains competitive across a wide range of values, indicat-
ing that FedGH does not require extensive hyperparameter
tuning and is relatively insensitive to the choice of γ.

Conclusion
In this paper, we present an empirical analysis that reveals
a novel perspective of prior refinement before federated
training, as opposed to methods that correct client-specific
graph distributions during training. Inspired by these find-
ings, we propose a Federated Graph Harmonization frame-
work, FedGH, which explores the generative power of dif-
fusion models to extract valuable distributional informa-
tion for prior refinement. Specifically, a conditional de-
noising process is designed to extract pseudo-graphs, with
graph contrastive learning then employed to align client-
specific distributions and generate globally-aware embed-
dings. These embeddings subsequently guide the refinement
of local data. Extensive experiments demonstrate the supe-
rior performance of the proposed FedGH.
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