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Abstract. Federated graph learning (FGL) enables collaborative model
training without sharing local data, but suffers from severe client hetero-
geneity, such as shifts in label distributions and graph sizes. Pre-trained
graph models (PGMs), learned from large-scale graph data, encode gen-
eral structural and semantic priors, offering a promising solution to al-
leviate heterogeneity in FGL. To this end, we first explores the poten-
tial of PGMs for FGL. We empirically reveal that directly fine-tuning
PGMs in federated settings often results in degraded performance due
to misalignment between the global prior and heterogeneous local dis-
tributions. To address this misalignment, we introduce PeFGL, a PGM-
enhanced FGL framework that effectively adapts pre-trained priors to
heterogeneous local graphs. PeFGL is built on two key components.
First, we employ conditional generative diffusion models to augment lo-
cal graphs, enriching structural diversity and compensating for missing
patterns that hinder PGM adaptation. We further design a pre-trained-
knowledge-guided filtering mechanism to select generated samples that
align with both the PGM prior and local distribution. Then, based on
the augmented and filtered data, we extract invariant subgraphs that
can be shared across clients to guide PGM fine-tuning, which suppresses
noisy substructures while reducing cross-client heterogeneity. Extensive
experiments on four real-world datasets demonstrate that our framework
consistently achieves state-of-the-art performance.

Keywords: Federated graph learning - Pre-trained graph models - Het-
erogeneous graph data

1 Introduction

Graph Neural Networks (GNNs) [5,10,20] have become a powerful framework to
learn representations from structured graph data. Through neighborhood aggre-
gation, they have demonstrated outstanding performance in diverse applications
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Fig. 1: The performance gains by fine-tuning PGMs under different types (label, topol-
ogy) and degrees (0.1, 1, 10) of heterogeneity.

such as node and graph classification. Traditional GNNs hold a basic assumption
that the graph data is centrally stored. In practice, however, the graph data is
owned by different parties, and due to privacy concerns, it is hard to collect data
centrally, which makes the centralized training of GNNs infeasible.

Federated learning (FL) [14,27] provides a paradigm for collaboratively train-
ing models by multiple parties without sharing raw data. To enable graph data
to enjoy the benefits, researchers have developed federated graph learning (FGL)
[28,22,32], where distributed graph owners jointly train GNNs under privacy con-
straints. A major challenge of FGL is data heterogeneity, i.e., the graph data of
different clients is not independent and identically distributed (non-I1ID), which
dramatically undermines the performance of FGL. Existing studies addressing
heterogeneity can be divided into knowledge sharing and data augmentation.
Knowledge sharing methods aim to share common knowledge (e.g., structural
and spectral knowledge) across clients and leave personalized knowledge locally
[18,19,23]. In contrast, data augmentation methods aim to augment local graphs
to align the data distribution across clients [3,33]. However, these approaches
largely operate within client-side data, where shared signals can be weak, and
augmentation alignment is hard to control. This leaves open how to acquire
stronger transferable knowledge to narrow client gaps.

Recently, public pre-trained knowledge, which captures transferable knowl-
edge from large-scale datasets, has shown great potential in mitigating hetero-
geneity of FL in computer vision (CV) [31,15] and natural language processing
(NLP) [1,13] domains. Typically, it has been shown that simply fine-tuning pre-
trained models can yield significant improvements under heterogeneous settings
[15,9]. On the other hand, pre-trained graph models (PGMs), such as GraphCL
[29] and GCC [16], are trained on large-scale graph datasets to encode trans-
ferable structural and semantic priors, significantly boosting the performance of
various downstream tasks. This naturally raises a question: Can we directly fine-
tune PGMs to mitigate the heterogeneity in FGL? Answering this question helps
to clarify whether PGMs’ transferable priors can be easily adapted to FGL, or
whether new designs are required to unleash their potentials.

Therefore, we conduct empirical studies to show the performance gains af-
ter fine-tuning PGMs under various degrees of heterogeneity, controlled by the
Dirichlet parameter a. We adopt the typical PGM provided by [7] and consider
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two major types of graph heterogeneity (i.e., label and topology heterogeneity).
The results on BACE and BBBP datasets are shown in Figure 1. We observe
that PGMs improve the model performance in the centralized setting but suffers
from negative transfer in the federated setting, which deviates from common
observations in CV and NLP domains. This raises another question: How to
unleash the power of PGMs to tackle the heterogeneity issue in FGL? Answer-
ing this question is non-trivial, since the complex structural priors captured by
PGMs often conflict with heterogeneous local topologies and label distributions,
making effective adaptation particularly challenging in federated settings.

In this paper, we propose a novel framework named PeFGL to effectively
adapt PGMs to tackle the heterogeneity issue of FGL and further enhance the
performance of FGL. Specifically, to mitigate the mismatch between the pre-
trained knowledge and the heterogeneous local graph distributions, we employ a
conditional generative diffusion model to augment local graphs, enriching their
structural diversity and compensating for missing local patterns that impede
PGM adaptation. We further introduce a pre-trained-knowledge-guided filter-
ing mechanism that selectively retains generated samples consistent with both
the PGM prior and the client-specific distribution. This mechanism measures
the representation similarity between the original and generated samples via
the PGM and preserves the top-ranked ones whose labels are consistently pre-
dicted by the PGM. Based on these augmented local graphs, we extract invariant
subgraphs through local gradient regularization, which captures shared graph se-
mantics across clients. These invariant structures provide reliable guidance for
fine-tuning PGMSs, enabling robust cross-client knowledge alignment while mit-
igating the adverse impact of noisy or domain-specific substructures.

The contribution of this paper is summarized as follows:

— To the best of our knowledge, this is the first work to explore the potential
of PGMs for FGL, enabling more consistent and transferable graph repre-
sentation learning across heterogeneous clients.

— We propose PeFGL, a novel framework that adapts pre-trained graph priors
to heterogeneous local graphs. PeFGL first augments minority local classes
via conditional diffusion and then aligns client updates by extracting invari-
ant subgraphs shared across clients.

— Experiments on four datasets demonstrate that PeFGL outperforms existing
FGL methods, achieving up to 6.69% improvements compared to baselines.

2 Related work

2.1 Federated graph learning

Briefly speaking, FGL can be divided into inter-graph and intra-graph FGL
[30]. Intra-graph FGL assumes that each client owns a part of the entire graph
while inter-graph FGL assumes that multiple entire graphs exist in each client
[23,25,3,26]. This work considers the inter-graph FGL scenario. To tackle the
heterogeneity issue in inter-graph FGL, GCFL [23] designs a sequence-based
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gradient clustering method to identify homogeneous clients and aggregate gra-
dients from the same clusters. FedStar [18] introduces a decoupled GNN that
only shares the parameters which capture graph structure patterns. FedSSP [19]
shares generic spectral knowledge among clients. Other studies seek to generate
common graphs [3,19]. FedVN [3] introduces virtual nodes locally, and FedGOG
[33] further explores to generate out-of-distributions (OOD) samples to achieve
better generalization. Despite the success, none of the above methods consider
leveraging external knowledge (e.g, PGMs) to enhance the inter-graph FGL.

2.2 Graph pre-training

The key insight of graph pre-training is to learn transferable knowledge from
large unlabeled graphs, enabling efficient adaptation to downstream tasks via
fine-tuning. [2]. Typical graph pre-training methods can be divided into contrastive-
based and predictive-based. The contrastive-based methods aim to maximize the
mutual information (MI) between two augmented graph views, thereby learn-
ing discriminative graph features [17,16,21,29]. For example, DGI [21] learns the
node embeddings by maximizing the MI between global and local graph repre-
sentations. GraphCL [29] designs different graph views by perturbing the graph
information. Different from contrast-based methods, predictive-based methods
pre-train the model by predicting the graph properties [6,7,8]. Among them,
AttrMasking and ContextPred [7] predict masked node/edge attributes and
subgraph-based contexts respectively. GPT-GNN [8] further generates the whole
node attributes based on the graph structure. Nevertheless, when adapting these
PGMs to downstream tasks, all these efforts assume that the downstream data
is centrally stored, without considering the real-world privacy requirements.

3 Preliminary

In this section, we first present some basic definitions and concepts related to
our work, including pre-trained graph models and federated graph learning, then
we formalize our problem.

Let G = (X, A) denote a graph G with node features X € R"*? and adja-
cency matrix A. We define the pre-trained graph models as follows.

Definition 1. Pre-trained Graph Model (PGM). A PGM refers to a graph
neural network fg that is first trained on a large-scale source graph dataset Dy
using supervised or self-supervised objectives to learn generalizable graph repre-
sentations. Formally, the pre-training process can be expressed as:

¢ = argmqin Lpre(fo: Dpre)s (1)

where Ly denotes the pre-training loss (e.g., contrastive, predictive, or gener-
ative). The obtained parameters ¢* encode transferable structural and semantic
priors that can be fine-tuned on downstream graph tasks.
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Our graph model is composed of a pre-trained graph encoder fy : (X, A) —
R% and a classifier head ¢, : R% — RC, denoting as:

Fo=cy o fo, (2)
where 0 = (¢, 1) is the total parameters. Given a graph G, the graph model first
encodes G into a vector z = f(G) and then obtains the class probabilities py, (y |
G) = softmax(cy(2)). In practice, ¢ or ¢ can be fine-tuned with downstream
graph data to adapt to specific tasks and enhance performance.

Definition 2. Federated Graph Learning (FGL). FGL aims to collabora-
tively train a global graph model 6 across multiple clients C = {1,2,...,K}
without sharing raw data. The overall objective can be formalized as:

K
manwk Z LUFy(G),y), st Zwk =1. (3)
k=1

(G y)€Dk

Specifically, at each communication round ¢, each client k locally optimizes
its model parameters 6, based on its private graph dataset Dy = {(G%,y%)}1,
The global model is then updated by aggregating the local parameters:

0"t = Agg({0i}ro1)- (4)
A typical aggregation function Agg(-) is Fedavg [14], which is defined as follows:

K

9t+1 9 (5)
]; E] 17

where nj denotes the number of samples in client k.
Based on the above preliminaries, we define our problem as follows:

Definition 3. PGM-enhanced FGL. Given a PGM with parameters 8* stored
in the server, and a set of clients C = {1,2,..., K} with private dataset Dy on
client k, the objective of PGM-enhanced FGL is:

mmek Z UFy(G),y) + £2(0,0%), s.t. Zwk—l (6)

(G y)€EDk

where £ is the loss function and $2(0,0*) is a reqularization that aligns the global
model 0 with the pre-trained prior 6*.

£2(0,6%) enables the model to retain global transferable knowledge while
adapting to heterogeneous client distributions. A naive solution is directly setting
0(®) = 9* and performing federated fine-tuning. However, it leads to optimization
conflicts and even negative transfer, as shown before. Thus, the core challenge
of PGM-enhanced FGL lies in mitigating the misalignment between p(6*) and
the heterogeneous {p(f;)}_,.
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Fig. 2: The overall framework of PeFGL.

4 Methodology

In this section, we first present an overview of the proposed PeFGL, then detail
the two key components of PeFGL, including class-aware graph generation and
invariant subgraph extraction.

4.1 Overall framework

The overall framework of PeFGL is shown in Figure 2. PeFGL consists of two
stages, graph generation and subgraph extraction. In the graph generation stage,
all the clients first collaboratively train a class-aware diffusion model and then
each client generates their minority-class graphs locally, therefore enhancing the
data diversity and mitigating heterogeneity. To align the generated graph dis-
tribution with the local distribution and prior knowledge, a PGM-guided filter
mechanism is further applied. First, the generated graphs are fed into the PGM
encoder to obtain their representations, and the top-k samples with the clos-
est distances to the client’s original graphs are selected as candidates. Among
these candidates, only those whose predicted labels by the current PGM classifier
match the true label are retained. In the subgraph extraction stage, based on the
original and generated data, a collaboratively trained graph masker automati-
cally extracts subgraphs that are invariant across clients and consistent with the
prior knowledge. To achieve this, a global gradient regularizer is applied to the
masker, aligning its local updates with global gradients. Finally, the extracted
subgraphs are used to fine-tune PGM, thus mitigating negative transfer.
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4.2 Class-aware graph generation

As discussed, naive fine-tuning of the PGM will harm performance due to the
mismatch between PGM’s prior and the heterogeneous local data distributions.
This mismatch stems from their disparity: the PGM, trained on large-scale graph
datasets, provides a general unbiased knowledge, whereas client data exhibits
distributional bias due to class imbalance. To alleviate the resulting bias and
mismatch, we adopt a generate-and-select strategy: we first use class-aware diffu-
sion to generate minority-class samples; subsequently, recognizing that synthetic
graphs may be noisy or inconsistent with the prior, we introduce a PGM-guided
filter that retains only samples consistent with both the frozen prior and the
local data statistics.

Class-aware diffusion generation. Diffusion-based graph generation has
two key phases. In the forward phase, a clean graph G = (X, A) is gradu-
ally perturbed by a time-dependent noise kernel ¢;. This produces noisy graphs
Gy = (X4, Ay) at different times ¢, where larger ¢ means more noise has been
added to the graph. In the reverse phase, a score-based diffusion model starts
from noise and iteratively denoises G;. It learns a time-dependent score function
s0(Gt) = Vg, logp:(G;) that approximates the score of the perturbed graph
distribution p; at diffusion time ¢ and provides update directions that move
G, toward higher-density regions. This reverse process defines an unconditional
generative model that does not use label information.

We next extend this framework to class-conditional graph generation. Given
a target class y;, we construct a class-conditional score function that guides the
reverse process according to both the data distribution and the label information.
At diffusion time ¢, we define the class-guided score as

30(Griyi) = so(Gr) + AV, logp(y; | Gy, 1), (7)
A= diag()\xlx, )\AIA).
where V¢, logp(y; | Gt,t) is the gradient of the class-posterior, and Ax, A4 >0
control the guidance strength on node and edge components, respectively. This
construction is consistent with Bayes’ rule, since the score of the class-conditional
distribution can be decomposed into a marginal term and a class-posterior term.
To instantiate the class-posterior term in Eq. (7), we require estimates of
Vg, logp(y; | Gi,t) across different noise levels t. We obtain these estimates by
federatively training a noise-aware classifier f,,,;(Gt,t). On client k, the classifier
is trained on the local dataset Dy. For each sample (G,y) € Dy, we first sample
a time ¢, apply the same forward kernel ¢;(- | G) as in the diffusion process
to obtain a noisy graph Gy, and then compute loss on G;. The classification
objective on client & is defined as

L f) = Ler(faoi(Ge. 1), y), (8)

where {cg denotes the cross-entropy loss between the softmax of fiise(Gt,t)
and the label y. During federated training, each client uploads only classifier
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parameters for weighted aggregation on the server, and the raw graphs remain
on local devices.

After obtaining Sy, we use it in the reverse-time stochastic differential equa-
tion (SDE) that defines the denoising process. For the graph state G, the reverse
SDE is written as

dG: = [£:(Gy) — g7 36(Gyy:))dt + g AW, (9)

where f; is a drift coefficient, ¢ is a diffusion coefficient, and W is a standard
Wiener process (Brownian motion). Starting from pure noise and integrating
Eq. (9) down to t = 0 yields, for each client k, a set of generated graphs ﬁk
corresponding to the target classes, which augments minority labels and enhances
structural diversity.

PGM-guided sample filtering. Class-aware diffusion, however, does not guar-
antee that all generated graphs are useful. In practice, the generated graphs vary
in quality and may deviate from the local data distribution. Furthermore, some
graphs may be incompatible with the graph priors encoded in the PGM, leading
to negative transfer when used directly for fine-tuning. To address this issue, we
perform PGM-guided sample filtering: we measure proximity in the PGM’s rep-
resentation space and retain only those generated graphs that are closest to real
graphs of the same class and correctly predicted by the downstream classifier.

Based on the original graphs Dy = {(X,A)} and the generated graphs
Dy = {()?,g)} on client k, we compute graph representations z = f;(X, A)
and Z = f¢()? , /~l) by the PGM encoder fy. For each generated graph, we define
its minimum distance to all local graphs:

A (X,A) = mi 5— 2 ||o. 10
min (X, 4) = min 2= zl2 (10)

Then, we rank all generated graphs in ﬁk by dP° in ascending order, and, after

sorting, we write the ordered set as 5k = {é(l), 6(2), ...}. We select those with
the k smallest distances. The resulting candidate set is C, = {G™}% _ . After
obtaining the candidate set Cy, we further apply a label-consistency filter. Let
Uy (X, A) denote the predicted label produced by the classifier head c,,. We retain
only those candidates whose predicted labels match their target labels:

Se = {9(X, A) = §. (11)

After filtering, we construct the final local training set Ty = Dy U Sk.

This distance-and-consistency-based selection acts as a generation correction
step. By measuring how close each generated graph is to the real local data in
the PGM representation space, it filters out samples that deviate from the client
distribution and the prior, preventing noisy augmentations from misleading the
model. The label-consistency criterion further enforces semantic alignment with
the task, favoring generated graphs near the decision boundary but on the cor-
rect side, thus providing informative, margin-enlarging examples. Overall, this
strategy improves the alignment between the prior and the local data distribu-
tion, leading to more stable fine-tuning and reduced cross-client discrepancy.
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4.3 Invariant subgraph extraction

In FGL, graphs often exhibit topology heterogeneity, i.e., differences in graph
size across clients, which may hinder the adaptation of PGMs. Moreover, many
substructures may be irrelevant or noisy to the downstream tasks. To mitigate
task-irrelevant variations while retaining label-relevant signals, we extract in-
variant predictive subgraphs that are stable across clients. Making predictions
on these subgraphs rather than full graphs suppresses client-specific nuisances
and promotes more consistent PGM adaptation under heterogeneity.

Subgraph extraction. Given a graph G = (X, A), we first adapt a vanilla GCN
[10] with parameters w(9°™ to encode each node i into an embedding h;. Based
on these embeddings, we compute a node score for each node and an edge score
for each pair of nodes:

[s)(X, A)]; = o(WWh,) € [0,1],

[s(X, A)]ij = (W [ [ 1)) € [0,1], -

where W) and W(®) are trainable parameters that project node and edge em-
beddings to scalar scores, and ¢ is the sigmoid function. With fixed thresholds
Tu, Te € (0,1), we obtain mask matrices:

M®(X, A) = 1[5 (X, A) > 7,],

M) (X, A) = I[s) (X, A) > 7.]. 13)

where I[-] is the indicator function. Using these masks, we construct the masked
graph inputs:

X=XoMY(X, 4, A=AcM9IX, A), (14)

where ® denotes the Hadamard product. Thus, the subgraph extraction can
be seen as a trainable masker w = (w@) W ®) W()) applied to the original

graphs. The obtained subgraph G= ()A( , E) is used to fine-tune the PGM Fy.

Invariant regularizer. To further ensure the extracted subgraphs are invari-
ant, i.e., they should preserve a consistent relationship with the target labels
across clients, we draw inspiration from [4] and propose to add a global gradient
penalty to the parameter of subgraph extraction.

Let the supervised fine-tuning loss on the extracted subgraphs be

Cuas (X, A, y39,0) = CE (softmax(Fy(X, 4)), y) (15)
Define the local masker gradient of client & and the global masker gradient as

gg) = E(X,A,y)eTk Ve gtask(Xv A, Y; 97 w)v
9 = Age({ g; }jec,); (16)



10 H. Sun et al.

where C, denotes the participating clients in round r. Then we add a Lo regu-
larizer between these two gradients:

R (w) = 199 = 9 [l2. (17)
In this way, the local objective is
Ek(ov w) = ]E(X,A,y)ETk gtask(Xa A7 Y; 03 w) + ’Y’R’iknv(w)a (18)

where the penalty weight v scales the local-global gradient alignment strength.
Note that R only affects the masker parameters w. As a result, the masker
can mask irrelevant or noisy substructures and preserve subgraphs that exhibit
invariant relationships with the target labels across clients.

5 Experiment

5.1 Experimental settings

Datasets. We evaluate our method on four representative graph datasets from
[7], namely BACE, BBBP, HIV, and PPI. Cross-client heterogeneity is intro-
duced via label-based and topology-based partitioning [12], where the degree of
heterogeneity is controlled by a Dirichlet distribution with parameter a.
Baseline. We select seven representative baselines from two categories: (1) FL
methods including FedAvg [14], FedProx [11], and FedIIR [4]; (2) FGL methods
including GCFL+ [23], FedStar [18], FedSSP [19], and FedVN [3]. For all FGL
baselines, we use GIN [24] as the backbone.

Implementation details. The Dirichlet parameter « is selected from {0.1,1, 10},
where a smaller « indicates stronger heterogeneity. For class-aware diffusion, we
set the conditional control weights to Ax = 0.4 and A4 = 0 on BACE and
BBBP, and A\x = 0.4 and A4 = 0.2 on HIV. We set k£ = 15 in the filtering step.
The masking module is a two-layer GCN with 128 hidden dimensions. The node
and edge thresholds are the same. We optimize the model with Adam using a
learning rate of 1073 and use ROC-AUC as the evaluation metric.

5.2 Overall performance

As is shown in Table 1, under different degrees of label heterogeneity, our method
consistently outperforms all baselines. Under severe heterogeneity (i.e., « = 0.1),
our method achieves substantial performance gains, indicating that the class-
conditional data generation effectively replenishes minority-class samples, while
invariant subgraph extraction suppresses structural conflicts during aggregation.
Moreover, PeFGL generally exhibits smaller standard deviations, demonstrating
robustness under severe heterogeneity. Table 2 presents results under various
degrees of topology heterogeneity and PeFGL also achieves the SOTA perfor-
mance. When topology heterogeneity is severe (e.g., in HIV), traditional FGL
models tend to capture topology-specific spurious correlations. In contrast, our
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Table 1: Performance (%) of baselines under label heterogeneity.

BACE BBBP HIV PPI
Centralized 86.39+0.86 95.8340.37 TT.87+1.95 65.15+1.88
0.1 1 10 0.1 1 10 0.1 1 10 0.1 1 10

Fedavg 82.74+4.47 81.5843.84 88.3247.77  95.6840.92  96.30+0.72 77.01£5.67 81.674+3.90 77.14+3.31 79.17£6.08  66.25+0.88  69.53+2.40
FedProx 80.25+£2.97  80.1745.66 89.04£7.89  95.53+0.77 96.47+0.32 75.28%5.80 74.23£1.13  T2.60+£3.56 64.20£1.45 64.54+2.87 64.65+0.84
FedIIR 73.6342.13  80.35+1.96 75.61£1.16  94.17+1.67  95.02+0.37  67.68+8.41 74844425  59.80+1.29  60.81£1.70  61.40+1.36
GCFL 79.65+1.84  83.94+3.14 89.50+7.16  96.23+0.68  96.38+0.40 68.73+7.79 T4.47+£3.85 70.38+1.04 70.88+2.02 64.54+4.60 64.81+2.03
Fedstar 59.59+0.61  62.2942.92 78.73+£5.36  85.1844.40 86.18+3.43 69.33£6.78  68.66+5.07 69.34+5.86 51.71+0.81 51.99+1.18 55.61+2.46
Fedssp 60.45+7.36  65.85+9.23  56.02+4.50 57.75+2.34  75.1846.43 79.79+2.48 53.10£5.73  53.3346.41  54.91+£0.50 79.64+2.84 73.86£1.52  67.2140.87
Fedvn T2.88+4.92 76.4542.54 80.78+2.22 89.07+4.22 89.5945.25 95.54+0.98 T1.72£1.91 73.2045.26 69.16+4.10 73.48+7.66 T4.88+4.82 66.51+7.23

PeFGL 84.2512.07 84.331+3.54 87.8310.92 93.39+4.10 98.11+0.67 97.52+0.45 79.34:+0.56 87.10+1.69 82.30+3.54 79.29+4.88 75.8913.84 76.191+2.32

Table 2: Performance (%) of baselines under topology heterogeneity.

BACE BBBP HIV PPI
Centralized 86.39+0.86 95.8340.37 TT.87+1.95 65.15+1.88
0.1 1 10 0.1 1 10 0.1 1 10 0.1 1 10
Fedavg 82434057  83.61£0.63  83.58+£0.22 94.97+0.77  93.46+£2.97 95.96+0.42 70.73£1.34  TL62+1.52  TL63+2.81  60.43£2.02  63.95+1.15 63.57+£1.92
FedProx 84.59+2.81 84.33£2.52 84.18%1.17 96.03+£0.98 92.354+5.52 95.43+0.79  69.10£0.86 71.894+2.67 69.58+1.87 59.26+4.56 62.40£2.12 62.45+1.45
FedIIR 80.99+£1.09  79.66+1.28  80.74£1.60  95.05+0.52  93.65+£0.38 94.73+0.67 7458354 73534270  T6.75+4.82  58.61+2.35  61.98+£0.46  62.034+0.67

95.95+0.76  92.23+5.71  96.10£0.13  72.40+3.01  72.93+£2.99 74.16+4.40 59.82+3.30 64.25+1.93  64.44:£1.91
Fedstar 70.79£1.52  66.69+1.18 84.374£2.08 84.1042.61 85.91+1.23 T71.214£3.67 T71.5843.41 70.59+2.34 54.9842.04 56.37+4.48
Fedssp 63.1444.78  62.95+3.20 62 .50 83.1842.69  78.03+£1.96 80.74+1.57 61.92+1.30 58.08+1.84 61.00+1.42 56.49£0.64 56.39+1.15  59.32£1.19
Fedvn 75.934£0.64 79.2442.36 75.20+3.40 93.64+1.15 92.624+1.70 94.12+1.29 T74.80+£3.43 69.7242.38 67.414£2.53 57.43+0.61 56.58+1.51 53.74+1.76

GCFL 82.5343.37  84.37+1.73

PeFGL 86.7910.11 87.1210.88 88.751+1.02 96.37+0.12 94.18+2.58 96.42+0.84 76.77+3.39 77.48+2.65 79.03+3.75 68.41+2.79 71.7643.07 71.96+1.53

invariant-subgraph constraint concentrates on learning structures shared among
different topologies and thus shows great generalization capabilities. These find-
ings further verify that aligning clients to the pre-trained prior and then fine-
tuning the PGM allows the model to fit local distributions while maintaining
global consistency.

5.3 Ablation study

To show the effect of each component in PeFGL, we conduct ablation studies with
five variants: ours-g-m (federated fine-tuning of the pre-trained model only),
ours-g (invariant subgraph extraction only), ours-m (minority-class generation
only), random_gen (randomly selecting generated samples), and ours (PeFGL).
Figure 3 and Figure 4 report the results under different types of heterogene-
ity. Among different «, PeFGL achieves the best AUC. For ours-g-m, adding
either single component brings consistent gains, indicating that minority-class
generation and invariant structural regularization are both effective. random_gen
performs worse than PeFGL and even inferior to the single-component variants,
and in a few cases slightly worse than ours-g-m, showing that prior-guided se-
lection is necessary to avoid including noisy synthetic samples. Under label het-
erogeneity, ours-m tends to yield larger improvements, whereas under topology
heterogeneity, ours-g contributes more. It suggests that when label imbalance
is severe, addressing the data-coverage gap is most useful, whereas when class
coverage is sufficient, structural constraints become more critical.
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ours-g-m ours-m BN ours-g B random_gen ours
84.25 87.76 87.83 93.39 97.52
82.78 86.60 86.68 91.46 97.37
90.72
80.71 89.83 97.12
79.09 97.05 %
75.37 82.72 84.61 96.68
BACE 0=0.1 BACE 0=10 BBBP a=0.1 BBBP a=10

Fig. 3: Ablation study under label heterogeneity.

ours-g-m ours-m BN ours-g B random_gen ours
86.3686.20 5079 88.1988.4388.34 38.75 96.37 96.42
85.67 06,37
96.19 96.23 -
96.15

96.26
81.20 83.83 95.98 96.23 96.23 -
BACE 0=0.1 BACE 0=10 BBBP a=0.1 BBBP a=10

Fig. 4: Ablation study under topology heterogeneity.

5.4 Parameter analysis

We conduct parameter analysis regarding the mask threshold 7 and the regular-
ization weight v, which is reported in Figure 5.

The threshold of edge/node masks. Since we set the node and edge thresh-
olds to be identical, we use a unified threshold 7 (7, = 7. = 7) to control the
sparsity of the invariant subgraph. As shown in Fig. 5, under label heterogene-
ity, the AUC first increases and then decreases as 7 grows. When 7 is too small,
the mask retains many client-specific edges and introduces noise, whereas overly
large T removes too many informative edges. Under topology heterogeneity, small
thresholds are more stable, and progressively increasing 7 leads to a clear degra-
dation in AUC, consistent with the intuition that cross-client shared structures
are relatively sparse and can be easily damaged by aggressive pruning.

The weight of the regularization term. For the regularization weight -,
performance under both label and topology heterogeneity is highest when -~y
remains small and declines as 7y increases. Within this range, increasing v tends
to improve performance, whereas larger values lead to a clear performance drop,
with a sharper decline under topology heterogeneity. These results suggest that
a small amount of regularization suffices to encourage cross-client alignment
of invariant subgraphs, whereas larger penalties over-constrain the model, blur
class-discriminative structure, and diminish the benefit of the pre-trained priors.

5.5 Results of existing methods with PGM

Table 3 reports results for existing heterogeneity-mitigation methods combined
with a PGM, evaluated on three datasets with @ = 0.1. Under label hetero-
geneity, integrating the pre-trained PGM generally yields worse performance
than training the same backbone without the pre-trained prior. Under topol-
ogy heterogeneity, we observe minor gains only on BBBP. These results indicate
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Fig.5: Parameter sensitivity on BACE (a = 0.1).

Table 3: Results w/ and w/o PGM (a = 0.1).
BACE BBBP

Method Label Topology Label Topology

w/o w/ w/o w/ w/o w/ w/o w/

/ / /

FedIIR  73.63£2.13 65.11+£9.83 80.99+1.09 77.874+0.82 75.61£1.16 78.84+12.61 95.054+0.52 94.2140.16
FedProx 80.2542.97 70.774+9.87 84.59+2.81 81.59+0.64 89.0447.89 81.71+16.52 96.03+0.98 96.2040.61
GCFL+ 79.65+1.84 76.36+4.22 82.53+3.37 81.07£0.60 89.50+7.16 85.63+12.47 95.954+0.76 96.23+0.54
Fedavg 82.7444.47 75.374+4.95 82.43+0.57 81.20+1.58 88.3247.78 84.61+10.35 94.97+0.77 96.1540.08

that addressing heterogeneity alone does not resolve the negative transfer when
adapting pre-trained models in federated settings.

5.6 Results of different fine-tuning strategies

To assess the difference between classifier-only fine-tuning and full fine-tuning, we
compare the two strategies in Figure 6 (o=0.1). Full fine-tuning yields substan-
tial improvements over classifier-only fine-tuning. This observation is consistent
with our hypothesis: the pre-trained encoder carries source-domain priors that
are misaligned with heterogeneous client distributions. Simply optimizing the
classifier provides merely shallow adjustments and hardly mitigates the repre-
sentation drift induced by label imbalance or topology shifts. These findings mo-
tivate our framework that builds on full fine-tuning and we additionally employ
class-aware generation, prior-guided sample selection, and invariant subgraph
constraints to enable more effective encoder adaptations.

5.7 Results on unseen graphs

As shown in Figure 7, we evaluate PeFGL on unseen graphs to show whether
PeFGL truly learns transferable structural regularities rather than overfitting to
client-specific biases. The results reveal that vanilla FedAvg generalizes poorly
to unseen graphs, and naively federated fine-tuning a pre-trained graph model
can be brittle, exhibiting unstable gains and even negative transfer. In contrast,
PeFGL consistently shows stronger robustness, indicating that it effectively mit-
igates the prior—local mismatch during federated optimization and encourages
the model to rely on more transferable patterns.
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Only classifier I Full fine-tune FedAvg FedAvg+Pre EEE Ours

81.5 83.0 82.8

84.61 96.15

BACE BBBP HIV BACE BBBP HIV . a= L1 a= a=

label split topology split label split topology split

Fig. 6: Fine-tuning strategy comparison. Fig. 7: Results on unseen graphs.

F OH b v i f
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Fig. 8: Visualization of generated graphs.

5.8 Visualization

Figure 8 visualizes several molecular graphs generated by our diffusion model on
the BACE dataset. The generated samples are chemically valid and include func-
tional motifs, such as hydroxyl, amine, ether, and fluorinated groups, that are
closely associated with BACE inhibitory activity. These functional groups serve
as key determinants of molecular bioactivity. The generated graphs enrich the di-
versity of ring structures while preserving chemically meaningful substructures.
Such augmentation enhances the representation of activity-related patterns and
facilitates cross-client alignment in federated settings.

6 Conclusion

In this work, we propose PeFGL, a framework that adapts pre-trained graph
priors to heterogeneous clients by coupling class-aware graph generation with
invariant subgraph extraction. We apply the diffusion model to generate local
graphs, which are then filtered by both the PGM prior and local distributions.
Then, we design the invariant subgraphs extraction for fine-tuning. Evaluations
on several real-world datasets against strong baselines achieve consistent im-
provements, and further analysis also demonstrates the effectiveness of PeFGL.
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