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Abstract

Graphs are crucial for modeling relational and biologi-
cal data. As datasets grow larger in real-world scenar-
ios, the risk of exposing sensitive information increases,
making privacy-preserving training methods like fed-
erated learning (FL) essential to ensure data security
and compliance with privacy regulations. Recently pro-
posed personalized subgraph FL methods have become
the de-facto standard for training personalized Graph
Neural Networks (GNNs) in a federated manner while
dealing with the missing links across clients’ subgraphs
due to privacy restrictions. However, personalized sub-
graph FL faces significant challenges due to the hetero-
geneity in client subgraphs, such as degree distributions
among the nodes, which complicate federated training of
graph models. To address these challenges, we propose
FedGrAINS, a novel data-adaptive and sampling-based
regularization method for subgraph FL. FedGrAINS
leverages generative flow networks (GFlowNets) to eval-
uate node importance concerning clients’ tasks, dy-
namically adjusting the message-passing step in clients’
GNNs. This adaptation reflects task-optimized sam-
pling aligned with a trajectory balance objective. Ex-
perimental results demonstrate that the inclusion of
FedGrAINS as a regularizer consistently improves the
FL performance compared to baselines that do not
leverage such regularization.

Keywords: federated learning, graph neural networks,
reinforcement learning, node classification, generative
models, generative flow networks

1 Introduction

Graph Neural Networks (GNNs) operate over a single
graph, with nodes and edges stored in a central server.
For example, in social networks, each user, along with
their connections form a large graph of all users and
their links [2]. However, parties may not send their pri-
vate graph datasets to a central server due to privacy
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concerns, raising the need to train GNN models over
multiple distributed graph datasets. For instance, hos-
pitals may maintain their patient interaction networks
to track physical contacts or co-diagnoses of diseases.
However, they cannot share these graphs with other en-
tities due to privacy restrictions [52]. Here, the ques-
tion is how to collaboratively train GNNs across clients’
distributed subgraphs without sharing the actual graph
data. Federated Learning (FL) of GNNs aims to solve
this problem so that each client individually trains a
local GNN on their local data, while a central server
aggregates locally updated GNN weights from multiple
clients into a global model using federated optimiza-
tion [19].

A key challenge in naively applying FL methods to
GNNs is the potential loss of crucial information due to
missing links between subgraphs distributed across par-
ties. Recent approaches to subgraph FL address this is-
sue by extending local subgraphs with information from
other subgraphs [47,[52]. Specifically, they extend the
local subgraph by either precisely adding the relevant
nodes from other subgraphs from different clients [47] or
by predicting the nodes using node information from the
other subgraphs via graph mending [52]. However, shar-
ing node information can compromise data privacy and
lead to high communication costs. While [4] mitigates
the issues of missing links and subgraph heterogene-
ity through personalized aggregation and local sparse
masks, all existing approaches are mainly based on im-
age data modality, failing to fully exploit the graph-
structured data to address heterogeneity, thus resulting
in sub-optimal solutions to personalize GNN models.

On the other hand, dropout-based data pruning in
FL [21l}44] and stochastic regularization in GNNs [17,30]
have shown to be successful in regularizing deeper
models without any significant overhead by randomly
dropping the network weights and/or data components.
Existing dropout-based data pruning approaches in
FL, however, are not suitable for graph ML models
due to GNNs’ invariance requirements, which forces
us to utilize dropout methods for graph-structured
data [11,/40]. Further, applying dropout techniques
naively to deeper GNNs without accounting for the data
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structure can degrade node and structural information
quality due to Laplacian smoothing, leading to over-
smoothened representations that are uninformative in
higher layers [31]. Moreover, using the same dropout
parameters across different clients is also not an effective
strategy due to heterogeneity over data, system, and the
model, raising the need for coordination based on the
users’ requirements.

To effectively personalize GNN models by respect-
ing graph structures, we propose a novel data-adaptive,
sampling-based regularization method for subgraph FL,
named FedGrAINS by estimating and selecting essen-
tial nodes at each layer of GNNs every round for every
client in a federated manner. To estimate the adaptive
neighborhood distribution of each node in the datasets,
we leverage Generative Flow Networks (GFlowNets),
the state-of-the-art generative models tailored for struc-
tured discrete objects like graphs [7]. Here, for each
node in the clients’ graph, we leverage GFlowNets to
estimate the importance of the neighbors of a node
so that we can prune the graph for each node adap-
tively in parallel to optimize the clients’ personalized
task performances. We refer to this framework as Per-
sonalized Sub Graph Federated Learning with Adapt/ve
Neighbor Sampling (FedGrAINS).

We extensively validate the performance of Fed-
GrAINS across six popular graph datasets, evaluating
overlapping and disjoint subgraph FL scenarios with
varying numbers of clients. Our comprehensive experi-
mental results show that FedGrAINS significantly out-
performs relevant baselines. Our contributions are sum-
marized as follows:

e We introduce a new type of heterogeneity, node-
degree heterogeneity, showing that it cannot be
handled with previous personalized FL approaches.

e We propose FedGrAINS, a novel framework
for personalized subgraph FL. FedGrAINS per-
forms layer-wise node-importance estimation us-
ing GFlowNets and dynamically updates the GNN
message-passing steps to combat neighborhood het-
erogeneity caused by missing links and subgraph
heterogeneity between multiple clients.

e We validate our personalized FL framework Fed-
GrAINS across six real-world datasets under dis-
joint and overlapping node scenarios, demonstrat-
ing its effectiveness against relevant baselines.

2 Preliminaries

In this section, we describe GNNs and personalized
subgraph FL in more detail. Then, we present the core
component of our proposed algorithm, GFlowNets.

GNNs: Let G = (V,€) be an undirected graph with a
set of N nodes V = {vy,...un} and edges £&. X =
{z1,...,xzy} € RVX9 where x; € R? is the node
feature vector for node v;, indicating the features of each
node i € {1,...,N}. According to the Message-Passing
Neural Network (MPNN) paradigm [12], the flow of
hidden representations in GNNs, based on the nodes’
neighborhoods and features, is described as follows:

(2.1) H''' = upp! (HL, AGGH ({H,ﬁ Vu € N(v)})) ,

where H! denotes the features of node v at the I-th
layer, and N (v) denotes the set of neighbor nodes of
node v: N(v) ={ue V| (u,v) € E}. AGG aggregates
the features of the neighbors of node v. We note
that AGG can be mean or even a black-box function.
UPD updates node v’s representation given its previous
representation and the aggregated representations from
its neighbors. H! is initialized as X.

As the number of layers increases, the embedding
computation for a node v incorporates information
from neighbors several hops away. Increasing the
number of layers expands the depth of neighbors for
each node included in the training set, resulting in
the exponential increase in the neighborhood size for
each node, thus causing high computation time on the
user side. Reducing high computation at the edge
is possible by training GNNs in a subgraph federated
learning setting where each user has a part of an
entire graph and utilizes FL to access higher-order node
information. The following subsection describes the
federated training process for GNNs.

Personalized Subgraph FL: We assume that there
exists a global graph Ggobat = (Vgiobal, Egiobal); Where
Vgiovar and Egiopar are the set of nodes and edges of
the global graph, respectively. Xgiopar is the associated
node feature set of the global graph. In the subgraph
FL system, we have one central server S and M clients
with distributed subgraph datasets: D; = {G;,Y;} =
{{Vi, &, X}, Y:} where X; and Y; are node feature and
label sets of the i-th client, respectively, for i € [M],
where Vgiobar = Ul]\il V;. For an edge e, € Egiobal,
where v € V;,u € V;, we have e,, ¢ & UE;. That
is, ey, might exist in reality but is missing from the
whole system, as this link is between the local data of
two distinct clients ¢ and j. The system exploits an
FL framework to collaboratively learn M personalized
node classifiers f;, parameterized with ¢;, on isolated
subgraphs in clients without raw graph data sharing.
Finding personalized models is equivalent to minimizing
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the aggregated empirical risk defined as:

2.2 min
( ) D15 OM

1 M
M;Rz (fi(®i))

where the empirical risk for the i-th client is defined
as R (fi(d:)) = Eg, vi)~p [Li(fi(¢::G:),Y;)], and
Li (fi (¢4;G;),Y;) is the i-th client’s average loss over
the training data.

GFlowNets: GFlowNets are the state-of-the-art gen-
erative models for generating structured objects, such
as molecules and graphs, from a finite set of states S§
in proportion to a reward function R(sr) : Sr — Ry,
that is assigned to terminal states st [7]. At a particu-
lar time ¢, based on the current state s;, we perform an
action a; to propagate into the next state s;11 with the
help of the forward transition function Pr. The con-
secutive state-action pairs starting from an initial state
sg € Sy C S and ending at a terminal state sy € S C S
form a trajectory 7 = (sg,ao,...,Sr). The key idea in
GFlowNets is to learn a flow network function F'(s) that
ensures that the total flow into each state equals the flow
out. Hence, the probability of reaching any terminal
state is proportional to its reward R(s,), achieved by
aligning the forward and backward policies Pr and Pg,
parameterized with neural networks, ensuring that the
final distribution over terminal states reflects the desired
reward distribution. Therefore, the GFlowNet learning
problem is equivalent to learning forward and backward
policies m = { Pr(s¢|st—1), Pp(st—1|s:)}. Trajectory bal-
ance (TB) [34] is the most common learning objective
designed to improve credit assignment and learning poli-
cies in GFlowNets. Given 7, the TB is defined as:

Z(s0) TTjy Pr(selsi-1) )
R(sn)ITi=y Pa(si-1lse))

where Z(s,) : So — R4 computes the total flow of the
network from starting state sg, which is also known as
the normalizing constant.

In the next section, we outline our GFlowNet
modeling approach to characterize the neighborhood
importance distribution for each node and explain how
we learn and balance global and local neighborhood
distributions in federated settings.

(23) ,CTB(T) = (10g

3 Personalized Subgraph Federated Learning
with Adaptive Neighbor Sampling

In this section, we introduce FedGrAINS, our person-

alized subgraph FL method. We detail the design of

GFlowNet to estimate neighborhood importance distri-
butions for each node (Section [3.1)), the scalable sam-

pling procedure (Section [3.1.1)), and the personalized
subgraph FL framework FedGrAINS (Section [3.2)).

3.1 Adaptive Neighborhood Distribution Esti-
mation with GFlowNets: Given graph data, the ad-
jacency matrix A € RV*N allows us to determine the
neighbors of every node v € V. At a given layer ¢,
the AGG operator given in aggregates the features
of v’s neighbors based on A and requires higher-order
propagation to compute neighbors’ messages [15]. As a
result, the neighborhood size grows exponentially with
the number of layers, resulting in over-smoothing. It is
possible to regularize models based on randomly drop-
ping nodes, edges, and even messages [11,/40]. However,
these methods operate independently of the task, data,
and classifier, leading to suboptimal performance [31].
Guided by the intuition that the aggregation step in
message-passing GNNs is crucial for good performance,
we aim to adaptively choose and sample the neighbors
at every layer to minimize the classification loss using
GFlowNets. Since every MPNN layer requires an ad-
jacency matrix to compute hidden representations, we
sample a sequence of adjacency matrices over all layers.
Thus, for GFlowNet to sample important neighbors, we
define the state s € S as a sequence of adjacency ma-
trices s = (Ayg, ..., As) sampled up to the current step.
The action a, to construct the adjacency matrix for the
next layer Ay4q is to choose k nodes without replace-
ment among the neighbors of nodes in Ay. Then, in our
design, obtaining the adjacency matrix of the next layer
is equivalent to transitioning to a new state.

Using the modeling described above, in an L-layer
GNN, we construct a sequence of L adjacency matrices
to reach a terminating state. We aim to perform task-
aware sampling with the optimal GFlowNet sampling
policy to minimize the expected classification loss :

R(SL) = R(Ao, ey AL)
=exp(—a-L(F(4:6),Y))

(3.4) =exp(—a- L(F(¢;V,(Ao,...,AL)),Y)),

where « is a scaling parameter. Ag is the adjacency ma-
trix of the graph at the starting state, and Aq,..., A
are the adjacency matrices sampled at every layer.

Forward Probability: The GFlowNet of FedGrAINS
is a neural network that learns the forward probabili-
ties Pp(s¢y1|se), the probability of sampling an adja-
cency matrix Ay for the layer ¢ + 1 given the previ-
ous layers’ adjacency matrices Ag,..., Ay . For each
node v;, where ¢ € 1,..., N, the GFlowNet models
the probability that node v; in the neighborhood of
the sampled nodes at layer £, N'(S*), will be included
in V1 the set of nodes sampled for layer ¢ + 1.
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Figure 1: The illustration of the proposed joint training scheme of 2-layer GNN and GFlowNet for our personalized
subgraph FL framework, FedGrAINS from the client side. For any node v in the client’s graph, we first estimate
the important neighbors with GFlowNet, then sample k nodes using the Gumbel-Max trick [23]. After choosing
the important nodes for two layers, we input the sampled subgraph to the GNN. After obtaining our novel loss,
we backpropagate through the classification and the trajectory balance losses, with the reward function defined
as the cross-entropy loss at a specific round. With classification loss as a reward function, GFlowNet adapts itself
to select and sample neighbors vital for optimal task performance.

We represent the inclusion probability of each node in
the sample using a Bernoulli distribution [11}/40].
this formulation, Pg(s;41]s;) becomes tractable, with
each node represented as a Bernoulli-distributed ran-
dom variable. Each node is associated with a logit
indicating its likelihood of being included in the sam-
pled set. Thus, if p; denotes the probability that the
node v; in in the neighborhood of the sampled nodes at
layer ¢ will be included in V¥*!, then the forward prob-
ability transition function between layers ¢ and ¢ 4 1
is PF(5€+1|5€) = Hvievul pi ijeN(S“)\V‘+1(1 - pj)7
where the first product computes the probabilities of
the nodes that are in the newly sampled set Y+, and
the second one computes the probabilities of nodes that
are not within the newly sampled set V¢+1,
Backward Probability: TB requires us to define the
backward transition function Pp(s¢|se+1) [34]. In our
setup, however, it is not required as the state represen-
tation, s = (Ay,...,As), exactly saves the trajectory
that was taken through the flow network to get to state
s. Thus, the backward mapping is unique and deter-
ministic. So, Pg(si|si+1) = 1.

Trajectory Balance Condition: Given 7 and model
weights ¢, we define TB condition [34] as:

2
7z Hlel Pr(si|s1-1; ¢GFN)>

LN parn) = <1Og Rlss)

(3.5)

2
L
= <1OgZ+Z log Pp(si|si-1; ¢GFN)+04'£GNN> :
=1

Notice that we model the normalizer Z(sg) in as a
constant in our loss formulation to skip the additional
optimization during parameter estimation. After esti-
mation, we describe the node sampling procedure of our
proposed personalized subgraph FL framework.

3.1.1 Sampling and Off-Policy Training: We
want to sample k important ones out of N graph nodes
without replacement at every message-passing step.
However, our forward transition function Pr contains
N independent Bernoulli distributions, and we are un-
likely to sample exactly k nodes from this distribution.
Instead, we use the Gumbel-max trick [23}/29/50], which
selects a set of nodes V,f by perturbing the log proba-
bilities randomly and taking the top-k among those:

(3.6) Vi =top(k,logpi + G1,...,logp, + G),

where G; ~ Gumbel(0,1). The sampling process shown
above differs from the sampling from the forward transi-
tion function Pr sequentially one node at a time. Thus,
we train the GFlowNet in an off-policy setting using
the trajectory balance loss without any change [35]. In
addition, the off-policy training is less expensive in com-
putation and more robust to high-variance problems in
distribution estimation than direct gradient-estimation
methods such as REINFORCE [1]. Next, we explain
how the adaptive importance sampling framework as-
sists the (personalized) subgraph FL in Section

3.2 Federated Training of Node Classifier and
Importance Sampler: In FedGrAINS, each client de-
sires an optimal yet personalized performance in the
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node classification task while not sharing any data with
others. For this, we formulate the joint training of the
node classifier and the importance sampler as depicted
in Figure [1} First, for each layer of local GNN, we es-
timate the important nodes to build layer-wise adja-
cency matrices for each layer using the GFlowNet and
Gumbel-max trick as defined in Section [3:1.1] Then,
using the estimated layer-wise adjacency matrices, we
perform node classification using the local model. More
details on the forward pass and the training loop of Fed-
GrAINS client can be found in Appendixﬂ For each
client, we formulate the following personalized subgraph
federated optimization:
(3.7) ‘ .
: 3 7
tonm it Lieacrains (9NN, Sarn) -
where Liogarams (Pann, dgpy) = LE7Y + LONN s
the loss function of the i-th client, LFFN is defined
as in Equation and LENVN = R, (fi(¢ann)) is the
classification loss.

4 Experiments

4.1 Experimental Setup

Datasets As proposed by [4[52], we generate dis-
tributed subgraphs by dividing the graph datasets into
a certain number of clients so that each FL client has
a subgraph that is a part of the original graph. Specif-
ically, we use six datasets: Cora, CiteSeer, Pubmed,
and ogbn-arxiv for citation graphs [22,42]; Computer
and Photo for product graphs [36(43]. We partition the
graphs into subgraphs using the METIS graph parti-
tioning algorithm [25], which allows specifying the num-
ber of subsets without requiring further merging, unlike
Louvain partitioning [8]. METIS first coarsens the orig-
inal graph using maximal matching methods [26], then
computes a minimum edge-cut partition on the coars-
ened graph followed by the projection of the partitioned
coarsened graph back onto the original graph.

In our experiments, we consider two subgraph set-
tings: Disjoint subgraphs setting, in which each client
has a unique set of nodes and no overlapping nodes be-
tween subgraphs. In this setup, we use the METIS out-
puts as they provide non-overlapping partitions. We
consider 5, 10, or 20 clients for the disjoint setting. In
the overlapping subgraphs setting, clients may have com-
mon nodes between their datasets. Since METIS pro-
duces non-overlapping partitions, we introduce overlap
by randomly sampling subgraphs multiple times from
the partitioned graph. First, we divide the original

I Appendix & Codes

FedGDrop

thttps://github.com/0xfordblue7/

graph into 2, 6, or 10 disjoint subgraphs using METIS.
Then, for each METIS partition, we randomly sample
half of the nodes and their associated edges five times to
create subgraphs. This process results in 10, 30, or 50
clients for the overlapping case, generating shared nodes
across subgraphs from the same METIS partition. It is
important to note that the number of clients in our pro-
posed settings is not uniform due to the need for over-
lapping nodes. For each subgraph, except for the oghn-
arxiv dataset, train, validation, and test node random
sampling ratios are 20%, 40%, and 40%, respectively.
Thus, for the ogbn-arxiv dataset, train, validation, and
test node random sampling ratios are 5%, 47.5%, and
47.5%, respectively, as the ogbn-arxiv dataset has a sig-
nificantly higher number of nodes, as in Table

Baselines 1) Local: A baseline that locally trains
models without weight sharing. 2) FedAvg [37]: The
most popular and naive FL baseline. 3) FedPer [3]: A
personalized FL baseline without sharing personalized
layers adopted to subgraph data. 4) FedSage+ [52]:
A subgraph FL baseline that proposes the subgraph
FL problem with missing links and introduces the
first solution by training local models with a global
fake neighborhood generator. 5) GCFL [49]: A
graph FL baseline which formulates graph level FL
as clustered FL [41], adopted for subgraph FL. 6)
FED-PUB [4]: State-of-the-art personalized subgraph
FL framework, which includes similarity matching and
weight masking. 7) FedGrAINS: Our personalized
subgraph FL framework with adaptive neighborhood
sampling using GFlowNets. Further details for the
baselines can be found in AppendixZ.

Implementation Details For our experiments, we
employ two layers of Graph Convolutional Networks
(GCNs) [28] with ReLU activation as the base GNN for
the flow networks Pr and Pg, as well as for the global
and local models. The important hyperparameters are
a hidden layer dimensionality of 128 and a learning rate
of 0.01. We set the sparsity and proximal terms for the
FED-PUB framework to 0.001 [4].

FedGrAINS requires three additional hyperparam-
eters: the sampling budget k, the learning rate for the
GFlowNet, Bgrn, and the reward scaling parameter
a. We set the reward scaling to 10°, while Bgry is
set to 0.001 for all experiments (more detailed analysis
for GFlowNet hyperparameters can be found in Section
. We tune these parameters based on classification
performance on the validation set. We utilize Adam op-
timizer [27] for all models as local optimizer and perform
FL (with full participation) over 100 communication
rounds with one local training epoch for the Cora, Cite-
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Seer, and Pubmed datasets and 200 rounds with three
local training epochs for the Computer, Photo, and
ogbn-arxiv datasets, considering the dataset size. We
measure the node classification accuracy on subgraphs
on the client side and then average over all clients.

4.2 Experimental Results

Main Results Tables [I] and ] show node classifica-
tion results on the disjoint and overlapping subgraph
scenarios, respectively. The primary motivation behind
the proposed FedGrAINS is its applicability to existing
subgraph FL algorithms. For a fairer comparison with
Fed-PUB [4], we combine our data-adaptive regulariza-
tion framework with their personalized aggregation and
sparse masking. Other baselines do not include person-
alized aggregation. In addition, we did not test how the
inclusion of our proposed framework affects the perfor-
mance of FedSage+ as our proposed framework tries to
filter unimportant nodes. In contrast, FedSage+ tries
to increase the number of neighbors with fake neigh-
bors, which provides a more complicated setup for us
to observe the effect of learnable node filtering only.
Based on experimental outcomes, we make the follow-
ing observations: First, regardless of the FL algorithm,
classification performance decreases when the number
of clients increases due to the increased number of par-
titions creating more missing links between the clients
(See Appendix B.1.1T for the missing links counts for
each dataset). The increasing number of missing links
also leads to severe node-degree heterogeneity(see Ap-
pendix B.1.20 within clients. This results in more chal-
lenging local training and collaboratively learning gen-
eralizable models with other clients.

Second, the disjoint setting is more challenging than
the overlapping one for the same number of clients be-
cause the subgraphs in the non-overlapping setting are
entirely disjoint and more heterogeneous than the over-
lapped case. Moreover, the non-overlapping setting has
fewer nodes to learn from due to the overlap generation
scheme explained in the experimental design. As shown
in Table[l} FedGrAINS consistently outperforms all ex-
isting baselines in this challenging scenario, demonstrat-
ing its efficacy.

Finally, the inclusion of FedGrAINS as a personal-
ization method consistently enhances the performance
of all baselines. Specifically, the GFlowNet-based im-
portance sampler improves the accuracy of all algo-
rithms (except FedSage+) by at least 1%. Addition-
ally, the advantages of FedGrAINS are most evident
when comparing the results of FedAvg with our person-
alization method to those of FedPer (3], GCFL+ [49],
and FedSage+ [52]. Moreover, the performance of both

FedSage+ and FedAvg with FedGrAINS are very close
for Cora, CiteSeer, and PubMed datasets. However,
our personalized FL framework demonstrates signifi-
cantly better performance for the Amazon-Computer,
Amazon-Photo, and ogbn-arxiv datasets. We attribute
this success to the size of the graph dataset, which re-
sulted in a higher average degree than citation networks.

In comparison with FED-PUB [4], FED-PUB re-
mains superior due to its use of personalized aggre-
gation. To further assess the impact of FedGrAINS,
we evaluate its performance when integrated with base
algorithms that also employ personalized aggregation,
such as FED-PUB, i.e., FED-PUB + FedGrAINS. Our
results show that incorporating the importance sampler
consistently and significantly enhances FED-PUB per-
formance. Therefore, we can conclude that FedGrAINS
can be seamlessly integrated into most subgraph FL al-
gorithms without incurring additional communication
overhead or compromising privacy.

Hyperparameter Analysis on the GFlowNet To
understand the operation regime of our personaliza-
tion method, we vary important hyperparameters for
the GFlowNet-based sampler: the learning rate of the
GFlowNet, Barn, and the reward scaling factor a. We
use the log uniform distribution to sample the afore-
mentioned hyperparameters with the values from the
following ranges respectively, [le=¢, 1e72] and [1e?, 1¢€5].
The setting is on the Cora dataset with the overlapping
node scenario, where we set the number of local epochs
to 1 and the number of clients to 10. The results are
shown in Table [3] According to Table [3] the relation-
ship between the performance and the reward scaling
factor « is highly non-linear. In addition, the learning
rate Bgrn is not as effective as the scaling factor a.

5 Related Works

GNNs and Random dropping GNNs: GNNs are
the de-facto tools to learn the representations of nodes,
edges, and entire graphs [5}/15,[24]/48.|53]. Most exist-
ing GNNs fall under the message-passing neural net-
work framework [12], which iteratively represents a node
representation by aggregating features from its neigh-
boring nodes and itself [14,/16,[28]. However, the cur-
rent paradigm for GNNs is restrictive regarding the de-
velopment of deeper architectures due to the issues of
over-smoothing and overfitting [28,31]. To remedy this,
dropout and its variants are utilized by randomly re-
moving the node features, edges, or messages during
training [11,/40,44]. However, these regularizers are in-
dependent of the graph topology, limiting their efficacy
under data and structural heterogeneity. Moreover,
state-of-the-art GNNs on node classification and link
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Table 1: Results for the disjoint node scenario. The reported results are mean and standard deviation over three
different runs. The best performances in terms of accuracy are emphasized in bold.

Cora CiteSeer PubMed

Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients

Local 80.10 & 0.76 77.43 £ 0.49 72.75 £ 0.89 70.10 £ 0.25 68.77 & 0.35 64.51 &+ 0.28 85.30 £ 0.24 84.88 & 0.32 82.66 & 0.65
FedAvg 79.63 & 4.37 72.06 £ 2.18 69.50 + 3.58 70.24 £+ 0.47 68.32 & 2.59 65.12 & 2.15 84.87 + 0.41 78.92 & 0.39 78.21 £ 0.25
FedAvg + FedGrAINS 82,92 + 1.11 80.16 + 1.62 81.17 +1.22 73.09 + 1.55 74.63 £+ 1.35 70.19 + 2.55 85.83 + 0.35 85.72 + 0.46 84.39 + 0.46
FedPer 81.33 + 1.24 78.76 + 0.25 78.24 + 0.36 70.36 + 0.34 70.31 £ 0.36 66.95 + 0.46 85.88 + 0.25 85.62 + 0.23 84.90 + 0.37
FedPer + FedGrAINS 82.15 + 0.67 80.16 £ 0.34 79.33 £ 0.43 72.15 £ 0.41 71.23 £ 0.49 69.15 & 0.63 87.91 £ 0.32 87.13 &+ 0.36 86.05 + 0.43
GCFL+ 80.36 + 0.57 78.37 &+ 0.89 77.19 + 1.30 70.52 % 0.64 69.71 + 0.79 66.80 + 0.95 85.77 £ 0.38 84.94 + 0.35 84.10 + 0.43
GCFL+ + FedGrAINS 82.44 + 1.15 79.46 + 1.61 81.42 + 1.40 72.79 £ 1.14 74.64 £ 1.48 70.56 + 2.18 85.68 + 0.47 85.37 + 0.67 84.29 + 0.51
FedSage+ 80.09 £+ 1.28 74.07 £+ 1.46 72.68 + 0.95 70.94 + 0.21 69.03 + 0.59 65.20 = 0.73 86.03 + 0.28 82.89 + 0.37 79.71 £ 0.35
FED-PUB 83.72 £ 0.18 81.45 £ 0.12 81.10 + 0.64 72.40 = 0.26 71.83 £ 0.61 66.89 + 0.14 86.81+ 0.12 86.09+ 0.17 84.66 = 0.54
FED-PUB + FedGrAINS 84.23 + 0.28 82.68 + 0.22 81.27 + 0.61 73.57 + 0.31 72.48 + 0.42 68.61 + 0.19 88.11 + 0.39 87.91 + 0.57 87.23 + 0.59

Amazon-Computer Amazon-Photo ogbn-arxiv

Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients

Local 89.18 + 0.15 88.25 £ 0.21 84.34 + 0.28 91.85 + 0.12 89.56 + 0.09 85.83 = 0.17 66.87 + 0.09 66.03 + 0.14 65.43 + 0.21
FedAvg 88.03 + 1.68 81.82 + 1.71 78.19 + 0.86 89.26 + 1.80 85.31 + 1.67 82.59 + 1.18 66.24 + 0.45 64.09 + 0.83 62.47 + 1.19
FedAvg + FedGrAINS 87.59 + 0.66 85.21 + 0.42 83.18 £ 0.11  92.95 + 0.29 91.48 + 0.60  90.60 + 0.79 68.13 + 0.58 66.65 + 0.45 66.21 + 0.72
FedPer 88.94 + 0.25 88.26 + 0.17 87.85 + 0.29 91.30 + 0.33 89.97 + 0.27 88.30 + 0.18 67.02 + 0.19 66.02 + 0.27 65.25 + 0.31

FedPer + FedGrAINS 89.45 + 0.34 88.75 £ 0.27 88.33 + 0.44 92.07 = 0.38 90.75 + 0.37 89.07 + 0.22 67.68 £ 0.27 66.45+ 0.39 65.93 + 0.42
GCFL+ 89.07 + 0.45 88.74 £ 0.49 87.81 + 0.36 90.78 + 0.69 90.22 + 0.85 89.23 + 1.07 66.97 + 0.11 66.38 + 0.14 65.30 £ 0.34
GCFL+ + FedGrAINS 89.63 + 0.72 89.13 + 0.81 88.62 + 0.54 91.14 + 0.47 90.73 + 0.62 89.93 + 0.67 68.14 + 0.44 67.82 + 0.45 67.15 + 0.56
FedSage+ 89.78 + 0.71 84.39 + 1.06 79.75 4+ 0.90 90.89 + 0.44 86.82 + 0.78 83.10 + 0.70 66.91 + 0.12 65.30 + 0.13 62.63 + 0.24

FED-PUB 90.25 + 0.07 89.73 £ 0.16 88.20 + 0.18 93.20 + 0.15 92.46 + 0.19 90.59 + 0.35 67.62 + 0.11 66.35 + 0.16 63.90 + 0.27
FED-PUB + FedGrAINS 91.24 £+ 0.23 90.41 + 0.25 88.95 + 0.15 94.17 + 0.33 93.23 + 0.60 91.42 + 0.18 68.86 + 0.43 68.44 + 0.56 66.43 + 0.77

prediction tasks are tailored for a single graph, limiting
their applicability in real-world systems with locally dis-
tributed graphs that are not shared across participants,
which gives rise to the use of FL for GNNs [9}19).

Federated Learning (FL): Federated Learning al-
lows multiple users to learn a collaborative model un-
der the guidance of a centralized server without shar-
ing raw data [32,/37]. One of the primary bottlenecks
in this learning paradigm is data heterogeneity across
different entities. To address data heterogeneity, prox-
imal term regularization has been proposed to prevent
clients’ local models from diverging excessively from
their local training data [33]. For clients with extreme
levels of heterogeneity, learning a single global model
may not be suitable. Personalizing client models re-
laxes the constraint of developing one global model,
allowing for the optimization of average empirical risk
across clients through various methods, such as distil-
lation [18], meta-learning [10], and knowledge separa-
tion [3]. However, graph-structured data presents ad-
ditional challenges due to the connections between in-
stances, leading to missing edges and community struc-
tures within private subgraphs, unlike more common
modalities like images and text [19}/52].

FL over Graphs: Recent studies primarily catego-
rize the use of FL frameworks for training GNNs into
subgraph-level and graph-level federated learning meth-
ods [19,/46]. Graph-level methods operate under the

condition that different clients have their own set of
graph datasets that are not part of a bigger graph
(e.g., molecular graphs), and recent works [20}|45}|49]
focus on the label heterogeneity among clients’ non-
IID graphs. On the other hand, the subgraph-level
FL poses a unique graph-structural challenge: the exis-
tence of missing yet probable links between subgraphs,
as each subgraph is a part of the larger global graph. To
deal with the aforementioned problem, existing meth-
ods [4751)52] augment the nodes by requesting the node
information in the other subgraphs and then connecting
the existing nodes with the augmented ones. However,
requesting node information from other clients increases
communication overhead and the risk of privacy leakage.
Recently, [4] introduced a novel problem of heterogene-
ity among subgraph communities [13}[39] across clients’
subgraphs and proposed a personalized subgraph FL
framework that employs personalized aggregation and
sparse masking. Unlike other methods, this work fo-
cuses on adjusting node information without requiring
additional data. We employ a local generative model to
estimate the importance of nodes to minimize classifi-
cation loss. Furthermore, our approach does not incur
any extra communication overhead and serves as an off-
the-shelf personalization method on top of any existing
personalized (sub-)graph FL algorithms.

6 Conclusion & Future Work

This work addresses the challenges of node-degree
heterogeneity and local overfitting in subgraph FL
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Table 2: Results for the overlapping node scenario. The reported results are mean and standard deviation over
three different runs. The best performances in terms of accuracy are emphasized in bold.

Cora CiteSeer Pubmed
Methods 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients
Local 78.14 £ 0.15 73.60 £ 0.18 69.87 £ 0.40 68.94 + 0.29 66.13 £ 0.49 63.70 £ 0.92 84.90 £ 0.05 83.27 £ 0.24 80.88 + 0.19
FedAvg 78.55 £ 0.49 69.56 + 0.79 65.19 £ 3.88 68.73 £ 0.46 65.02 + 0.59 63.85 £+ 1.31 84.66 + 0.11 80.62 £ 0.46 80.18 + 0.50
FedAvg + FedGrAINS 79.52 £ 1.25 76.99 + 1.69 79.45 + 2.28 70.50 £ 0.93 69.80 = 1.78  70.33 £ 2.47 84.59 £ 0.35 84.32 £ 0.51 83.85 £ 0.69
FedPer 78.84 £+ 0.32 73.46 + 0.43 72.54 + 0.52 70.42 + 0.26 65.09 + 0.48 64.04 £ 0.46 85.76 + 0.14 83.45 £ 0.15 81.90 + 0.23
FedPer + FedGrAINS 79.73 £ 0.47 76.32 + 0.63 75.83 £ 0.55 71.12 £ 0.37 67.23 £+ 0.68 65.85 £ 0.51 86.43 £ 0.27 85.15 £ 0.38 83.20 £ 0.47
GCFL+ 78.60 £ 0.25 73.41 £ 0.36 73.13 £ 0.87 69.80 £ 0.34 65.17 £ 0.32 64.71 £ 0.67 85.08 £ 0.21 83.77 £ 0.17 80.95 + 0.22
GCFL+ + FedGrAINS 79.63 + 1.01 77.01 + 1.81 79.81 +£ 2.82 70.51 + 1.80 69.29 +£ 1.77 70.45 + 2.66 84.51 + 0.34 84.25 £ 0.62 83.81 £ 0.62
FedSage+ 79.01 £ 0.30 72.20 £ 0.76 66.52 £ 1.37 70.09 + 0.26 66.71 £ 0.18 64.89 £ 0.25 86.07 £ 0.06 83.26 £ 0.08 80.48 £ 0.20
FED-PUB 79.65 £ 0.17 75.42 £+ 0.48 73.13 £ 0.29 70.43 £+ 0.27 67.41 + 0.36 65.13 £ 0.40 85.60 £ 0.10 85.19 £ 0.15 84.26 + 0.19
FED-PUB + FedGrAINS 81.48 + 0.23 77.85 + 0.41 75.71 £ 0.33  71.95 £+ 0.37  68.45 + 0.40 67.25 £ 0.59 86.74 £ 0.45 86.08 + 0.57 85.72 + 0.43
Amazon-Computer Amazon-Photo ogbn-arxiv
Methods 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients
Local 88.50 £ 0.20 86.66 £+ 0.00 87.04 £ 0.02 92.17 £ 0.12 90.16 £ 0.12 90.42 £ 0.15 62.52 £ 0.07 61.32 £ 0.04 60.04 £ 0.04
FedAvg 88.99 £0.19 8337+ 0.47 76.34 £0.12 9291 +0.07 89.30 £0.22  74.19 £ 0.57  63.56 = 0.02  59.72 £ 0.06  60.94 & 0.24
FedAvg + FedGrAINS 89.25 £ 0.32  86.26  0.62 85.43 £0.62 93.05+ 0.37 91.05 £ 0.52 87.81 £0.88 65.01 +0.23 61.36 £ 0.57 61.04 & 0.35
FedPer 89.30 £ 0.04 87.99 £ 0.23 88.22 £ 0.27 92.88 £+ 0.24 91.23 £ 0.16 90.92 £ 0.38 63.97 £ 0.08 62.29 + 0.04 61.24 £0.11
FedPer + FedGrAINS 89.87 £ 0.41 89.23 £ 0.34 88.41 £ 0.33 93.27 £ 0.31 91.71 £ 0.23 91.02 £ 0.41 64.04 £0.11 63.03 £ 0.21 61.93 £ 0.27
GCFL+ 89.01 £ 0.22 87.24 £ 0.09 87.02 £ 0.22 92.45 £ 0.10 90.58 £ 0.11 90.54 £ 0.08 63.24 £ 0.02 61.66 £+ 0.10 60.32 £ 0.01
GCFL+ + FedGrAINS 89.82 + 0.66 89.13 £ 0.45 88.41 £ 0.45 92.75 £ 0.34 91.07 £ 0.28 90.69 £ 0.46 64.22 £ 0.13 63.35 £ 0.27 62.29 + 0.37
FedSage+ 89.24 £0.15 81.334+1.20 76.72£0.39 92.76 = 0.05 88.69 £ 0.99 7241+ 1.36 63.24 £ 0.02  59.90 £ 0.12  60.95 & 0.09
FED-PUB 89.98 £ 0.08 89.15 £ 0.06 88.76 £ 0.14 93.22 £ 0.07 92.01 £ 0.07 91.71 £ 0.11  64.18 £ 0.04 63.34 £ 0.12 62.55 £ 0.12
FED-PUB + FedGrAINS 90.41+ 0.23 90.05 + 0.28 89.73 £ 0.13 93.36 + 0.21 92.85 £ 0.60 91.45 £0.29 67.38 +0.25 65.13 £0.33 64.17 £ 0.17

BcFN a Validation Accuracy [%)
le-3 led 65.33 £ 3.11
5e-2 led 68.27 £ 1.67
le-3 led 82.92 £+ 1.11
le-2 leb 79.42 £ 0.37
le-3 le6 55.27 £ 1.59
le-2 le6 61.26 £ 0.97

Table 3: Sensitivity analysis on GFlowNet hyperparam-
eters Bgrny and . We report the hyperparameters’ in-
fluence on the model performance on validation set for
the Cora dataset with 10 clients in the disjoint setting.

by proposing FedGrAINS, an adaptive neighborhood
sampling-based regularization method. For each client,
FedGrAINS employs a GFlowNet model to assess the
node-importance to maximize the node classification
performance. On the server side, these node importance
distributions are aggregated in a personalized manner at
every round, enabling adaptive generalization. By lever-
aging a generative and data-driven sampling approach,
FedGrAINS ensures consistent performance, effectively
handling missing links and subgraph heterogeneity in
an intuitive yet elegant manner. Our experimental re-
sults demonstrate that incorporating FedGrAINS as a
regularization method significantly enhances the perfor-

mance and generalization of subgraph FL techniques.

We plan to extend our personalization framework
to other federated graph learning settings [9}/20}/51].
As long as we have access to a tractable reward [6],
we can leverage the proposed FedGrAINS. We assumed
that Z(sp) is constant to reduce the workload at the
edge. We defer the investigation of how the estimation
of Z(sp) might enhance personalization to future work
[38]. Finally, we would like to obtain theoretical
insights into our framework using the tools presented
in [17], evaluating how effectively GFlowNet alleviates
the oversmoothing and over-fitting tendencies of client
GNNs while allowing uncertainty quantification at the
edge at no additional cost.
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