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Abstract

Federated Graph Learning (FGL) enables multiple clients
to jointly train powerful graph learning models, e.g., Graph
Neural Networks (GNNs), without sharing their local graph
data for graph-related downstream tasks, such as graph prop-
erty prediction. In the real world, however, the graph data
can suffer from significant distribution shifts across clients
as the clients may collect their graph data for different pur-
poses. In particular, graph properties are usually associated
with invariant label-relevant substructures (i.e., subgraphs)
across clients, while label-irrelevant substructures can appear
in a client-specific manner. The issue of distribution shifts of
graph data hinders the efficiency of GNN training and leads to
serious performance degradation in FGL. To tackle the afore-
mentioned issue, we propose a novel FGL framework enti-
tled FedVN that eliminates distribution shifts through client-
specific graph augmentation strategies with multiple learn-
able Virtual Nodes (VNs). Specifically, FedVN lets the clients
jointly learn a set of shared VNs while training a global GNN
model. To eliminate distribution shifts, each client trains a
personalized edge generator that determines how the VNs
connect local graphs in a client-specific manner. Further-
more, we provide theoretical analyses indicating that FedVN
can eliminate distribution shifts of graph data across clients.
Comprehensive experiments on four datasets under five set-
tings demonstrate the superiority of our proposed FedVN
over nine baselines.

Code — https://github.com/xbfu/FedVN

1 Introduction

Graphs are pervasive in a wide range of real-world scenarios,
including bioinformatics (Yang et al. 2020; Yuan and Bar-
Joseph 2020), healthcare systems (Cui et al. 2020; Fu et al.
2023), and fraud detection (Motie and Raahemi 2024; Zheng
et al. 2024). As a dominant approach for modeling graph
data, Graph Neural Networks (GNNs) (Hamilton, Ying, and
Leskovec 2017; Kipf and Welling 2017; Velickovi¢ et al.
2018; Xu et al. 2019) have demonstrated great prowess in
graph representation learning and have been widely adopted
in various graph-level applications, such as molecular prop-
erty regression (Li et al. 2022; Zhuang et al. 2023) and 3D
shape classification (Wang et al. 2019; Zhou et al. 2021).
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Specifically, GNNs follow a message-passing mechanism
that recursively aggregates neighboring information of each
node to obtain its node embedding. The representation of an
entire graph can be obtained through different graph pooling
operations (Xu et al. 2019; Ying et al. 2018), e.g., by sum-
ming all node embeddings in the graph. The final graph rep-
resentation can then be used for graph property prediction,
including graph classification and graph regression. Despite
their superior performance, most GNNs are trained in a cen-
tralized manner where graph data need to be collected in a
single machine before training. In the real world, however,
a great number of graph data are stored by different data
owners and cannot be shared due to data privacy (Voigt and
Von dem Bussche 2017; Wang et al. 2024), which hampers
us in training powerful GNNs.

Federated Learning (FL) (McMahan et al. 2017) is a de-
centralized learning paradigm where multiple clients collab-
oratively train machine learning models over their local data
while preserving privacy. In this study, we focus on Fed-
erated Graph Learning (FGL) (Fu et al. 2022) that aims to
train GNNSs over distributed graph data from multiple clients
in a federated fashion. One critical challenge in the context
of FGL is that graph data can encounter significant distribu-
tion shifts across clients. In graph property prediction, the
property of a graph (e.g., a molecule) is usually determined
by its causal substructure (e.g., functional groups) (Lucic
et al. 2022; Luo et al. 2020; Yuan et al. 2021). Typically,
such causality can be consistent across all clients. Nonethe-
less, the non-causal substructure in a graph can vary signifi-
cantly across clients in that the clients may collect graph data
for different purposes. Consider a medical system with two
institutes as an example. Institute A studies benzene-based
compounds so it mainly has molecules containing the phenyl
group (e.g., benzoic acid molecules). In contrast, Institute B
studies ester-based compounds so it mainly has molecules
containing an ester (e.g., glyceride molecules). The goal of
the two institutes is to jointly train a GNN model to pre-
dict the water solubility of molecules. Typically, the label
(i.e., the water solubility) of each molecule is causally de-
termined by the substructure hydroxy (i.e., -OH), which is
invariant across the two institutes, while the function groups
- the phenyl group in Institute A and the ester in Institute
B - are non-causal substructures and quite different across
the two clients. Such distribution shifts of graph data caused



by distinct non-causal substructures incur divergent infor-
mation embedded in graph representations, which results in
severe performance degradation of GNNs and consequently
hinders further FGL deployments in practice.

Although numerous recent efforts attempt to grapple with
the distribution shift of graph data from multiple sources for
graph property prediction (Chen et al. 2022; Gui et al. 2023;
Liu et al. 2022; Sui et al. 2023; Zhuang et al. 2023), these
approaches are inapplicable to FGL since they require the
multi-source graph data collected centrally in a mini-batch
when training GNNS. In the context of FGL, only a few stud-
ies investigate the problem of graph property prediction in
FGL (Tan et al. 2023; Xie et al. 2021). These studies propose
to leverage common graph properties from different datasets
or even divergent domains and enhance collaborative train-
ing of GNNs by either client clustering (Xie et al. 2021) or
sharing structural knowledge (Tan et al. 2023). Nevertheless,
in-depth analyses of FGL with the distribution shift of graph
data have not been fully explored yet.

Our goal in this study is to essentially grapple with the
aforementioned challenge at the data level. More concretely,
each client will learn to manipulate its original graph data
so that the altered graphs can facilitate collaborative train-
ing of GNNs. Hence, we naturally ask a question: How fo
properly augment local graphs in each client so that the
distribution shift of graph data in FGL can be eliminated?
To answer this question, we first need to devise a suitable
graph augmentation strategy for this setting. As a common
trick for graph augmentation, adding a Virtual Node (VN) to
graphs has been adopted by recent studies (Hu et al. 2021,
2020) for graph property prediction. Typically, the VN is de-
signed to uniformly connect to all original graph nodes and
consequently improve the capacity of GNNs for capturing
long-range dependencies in a graph (Cai et al. 2023). While
the problem investigated in this paper is essentially different
from the above studies, the role of VNs in FGL remains an
untouched area that is worthy of extensive exploration.

In this study, we propose a novel FGL framework enti-
tled FedVN to eliminate distribution shifts of graph data
across clients. The intuition of FedVN is to let each client
learn a client-specific graph augmentation strategy and en-
able global GNNSs to be trained over identical augmented
graphs across clients. Inspired by the idea of adding VNS,
we propose to introduce multiple learnable VNs that are
shared across clients in FedVN. To eliminate cross-client
distribution shifts of graph data, each client augments its lo-
cal graphs with these VNs by a personalized edge genera-
tor. To avoid collapsing to fewer VNs, we design a decou-
pling loss in FedVN that encourages VNs to diffuse across
the feature space. Additionally, we propose a novel score-
contrastive loss to guide the generated edges within a client
following the same pattern. We provide theoretical analyses
to show that our design in FedVN effectually eliminates the
distribution shift issue of graph data in FGL. We conduct
extensive empirical evaluations on four datasets under five
settings. The results demonstrate that our proposed FedVN
outshines nine SOTA baselines.

Our main contributions are summarized as follows:

* We take the first step towards investigating the distri-
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bution shift issue of graph data across clients for graph
property prediction in FGL. In this work, we present a
formal problem formulation of the studied issue.

We propose a novel FGL framework FedVN to tackle the
above problem by learning client-specific graph augmen-
tation strategies with multiple VNs. We design a person-
alized edge generator that determines how the VNs con-
nect local graphs so that the global GNN model can be
trained over identical augmented graphs across clients.

We provide theoretical analyses to support that our de-
sign in FedVN has the capability of eliminating the dis-
tribution shift issue in FGL.

Extensive experiments are conducted on four datasets un-
der five settings. The results validate the superiority of
our proposed FedVN compared with other baselines.

2 Related Work

Federated graph learning. A plethora of recent efforts at-
tempt to apply FL techniques to graph data and train power-
ful GNNs for various downstream tasks (Fu et al. 2024b,a).
For example, FedLit (Xie, Xiong, and Yang 2023) inves-
tigates the issue of latent link-type heterogeneity for node
classification. A few studies propose to recover cross-client
missing information for training GNNs (Peng et al. 2022;
Zhang et al. 2021). In terms of graph property prediction,
the pioneering work (Xie et al. 2021) demonstrates that dif-
ferent graphs from different datasets or even different do-
mains may share common properties. A subsequent work
(Tan et al. 2023) proposes to design GNNs in a feature-
structure decoupled manner and share the structure encoder
across clients. However, the above two works do not perform
in-depth analyses of the distribution shift issue with its im-
pact on graph property prediction in FGL. One recent work
(Wan, Huang, and Ye 2024) investigates FGL under domain
shifts but only focuses on node-level tasks.

Virtual nodes in GNNs. A VN augments a graph by
adding an extra node that is uniformly connected to all nodes
in the original graphs (Gilmer et al. 2017). It is demonstrated
that adding the VN is effective for graph property prediction
in a handful of benchmarks (Hu et al. 2021, 2020) since it
can help GNNs capture long-range dependencies in a graph
(Cai et al. 2023). Additionally, a recent study (Hwang et al.
2022) investigates the role of VNs in link prediction and pro-
poses to add multiple VNs based on node clusters.

Contrastive learning. As a representative scheme in self-
supervised learning, contrastive learning has been widely
adopted in a variety of domains, such as computer vision
(Chen et al. 2020; Zbontar et al. 2021) and graph mining
(Xu et al. 2024; Shen et al. 2023; Xu et al. 2023). The
key idea of contrastive learning is to maximize the agree-
ment between samples with shared semantic information
(i.e., positive pairs) and minimize the agreement between ir-
relevant samples (i.e., negative pairs). In the context of FL, a
few studies propose contrastive learning to enhance collab-
orative training based on different designs of sample pairs.
For instance, FedPCL (Tan et al. 2022) performs contrastive
learning between prototypes from different clients. FGSSL
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Figure 1: An overview of the proposed FedVN. FedVN aims to learn client-specific graph augmentation strategies by adding
multiple virtual nodes through personalized edge generators so that the global GNN model can be trained over identical graphs.

(Huang et al. 2023) designs federated node semantic con-
trast from global and local views.

3 Preliminaries
3.1 Graph Neural Networks

Let G = (V,&,X) denote a graph where V is the set of
|V| nodes, £ is the edge set, and X € RIVI*? is the node
feature matrix. d, is the number of node features. In this
study, we consider graph property prediction, i.e., predicting
the graph-specific target y of a graph G. Generally, GNNs
follow a message-passing mechanism (Hamilton, Ying, and
Leskovec 2017; Kipf and Welling 2017; Velickovi¢ et al.
2018; Xu et al. 2019) where each node in a graph iteratively
aggregates information from its neighboring graph nodes to
update its node representation. More specifically, the [-th
layer of an L-layer GNN updates the representation of node
v €V by

h{) tu € N(v)}),

= CBY (WY, AGGY) ({h{~ (1)

where AGGgl)(o) represents the aggregation operation ex-

tracting the neighboring information of node v, CBéQ (+) rep-
resents the combination operation integrating the previous
representation of node v and its neighboring information,
and \V'(v) denotes the neighbors of node v. h{) is initialized
with node v’s feature x,, € X. After the L-layer propagation,
the READOUT operation pools the final node representa-
tions in a graph G through a permutation-invariant pooling
function (e.g., sum or mean) to obtain its representation hg,
and its prediction ¢ is computed based on its representation
through a multi-layer perceptron (MLP) by
§ = MLP(hg), where hg = READOUT({h{") : v € V'}).
@)
In this study, we use a GNN model for graph property pre-
diction. The GNN model typically consists of a GNN (e.g.,
GIN (Xu et al. 2019)) as the encoder and an MLP as the pre-
diction head, with the READOUT operation between them.
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3.2 Federated Learning
We consider an FL system with a set of K clients. Each

client k has its local dataset D*) = {(x} (k) (k))}i\[:(f)

»Yi
where x( ) is the input and y( Visits corresponding ground-

truth label. N*) is the number of data samples in client
k. N = S0 N®) s the total number of samples in all
clients. The goal of the clients is to jointly learn a global
model f with parameters 6 orchestrated by a central server.
The global objective function is defined by

. N®)
min £(6) ::Z N — L"),

k=1

3)

where £L)(6) = E 0 o) _po [E(F(2:0), 5")] s the
local expected risk function in client k. Here, ¢(-,-) de-
notes the loss function, such as the cross-entropy loss for
the classification task and the mean-square error loss for
the regression task. In practice, each client usually performs
multiple local updates to optimize 6 via Stochastic Gradi-
ent Descent (SGD) on the empirical version of £*)(6) =

0T vaz(;) é(f(zgk); 0), ygk)) during each round (McMa-
han et al. 2017).

4 Method

In this section, we present our proposed framework FedVN
tailored for eliminating the distribution shift issue in FGL.
We first formulate the problem setup of FGL with distribu-
tion shift. We then provide an overview of FedVN, followed
by the details of its three main components: a GNN model,
VNs, and an edge generator.

4.1 Problem Setup

In this work, we focus on the task of graph-level property
prediction in FGL. Given a set of K clients, each client

k has its local graph dataset DF) = {(Q(k) (k))}N(k)
drawn from its own graph data distribution P**)(G, y). A

the clients may collect their local graph data for dlffer—
ent purposes, FGL can suffer from significant distribution



shifts, i.e., P(¥)(G,y) # PWY(G, y) for client k and 5, while
P®)(y) = PU)(y). Following many studies in graph out-
of-distribution generalization (Gui et al. 2023; Sui et al.
2023; Zhuang et al. 2023), we assume that a given graph
G’s label is invariantly determined by its causal substructure
Gec. The remaining part of G is the non-causal substructure
denoted by G,,. In our FGL setting, we assume that the non-
causal substructure shares a similar pattern across graphs
within a client but differs significantly among the clients,
ie., P*)(G,) # PY(G,). The goal of these clients is to
jointly train a GNN model f with parameters 6 for graph
property prediction.

4.2 Proposed Method: FedVN

To deal with the above problem, we propose a novel FGL
framework FedVN in this section. Figure 1 illustrates an
overview of FedVN. The intuition of FedVN is to let the
clients manipulate their local graph data through learnable
graph augmentation strategies in order that the global GNN
model can be trained over identical manipulated graph data
without any distribution shift across clients. To achieve this,
the key point is to design a proper scheme for graph augmen-
tation. Inspired by recent studies about VNs (Gilmer et al.
2017; Hu et al. 2021, 2020) in graph learning, we propose to
learn graph augmentation with extra VNs to eliminate distri-
bution shifts in FGL. More specifically, the clients in FedVN
collaboratively learn a set of shared VNs while training a
global GNN model. Considering the cross-client distribu-
tion shift, FedVN enables each client to learn a personal-
ized edge predictor that determines how the VNs connect its
local graphs. In the following, we will introduce the three
components of FedVN in detail.

GNN model. The goal of FedVN is to train a global GNN
model over distributed graph data from multiple clients. The
GNN model could employ common GNNs like GIN (Xu
et al. 2019) as the encoder. Different from existing FGL
studies that directly train GNN models over raw graph data,
we propose to train a GNN model over the manipulated
graph data identical across clients by client-specific graph

augmentation strategies. More specifically, given each graph
(k)

g}"” with its corresponding label ;" in client &, the person-

alized graph augmentation ¢(*) learns to manipulate gf’”

into an augmented graph Gfk) Therefore, the local empir-
ical risk to optimize # in client k can be rewritten as the
average supervised loss over augmented graphs by

N &)

R _ 1 5(k). gy ()
£ =y 2 WET00T, )

where é§k) = ¢<’“)(g§’“>).

In this study, we propose to realize graph augmentation by
adding multiple VNs into local graphs to obtain desired
graphs for training the global GNN model.

Virtual nodes. Adding a VN that uniformly connects to
all input graph nodes is an effective graph augmentation
technique for graph-level tasks (Cai et al. 2023; Gilmer et al.
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2017). However, the role of VNs introduced in our proposed
FedVN is essentially different. VNs in FedVN are designed
to eliminate the distribution shift of graph data across clients,
while the previous studies use a single VN for modeling
long-range dependencies within a graph (Cai et al. 2023)
since the VN serves as a shortcut linking every two nodes
in the graph. In fact, simply adding a VN may not effectu-
ally bridge divergences between graphs due to the following
two challenges. First, a single VN can be inadequate for dif-
ferent graphs. Considering the clients in Figure 1, we may
need at least three types of VNs to obtain the desired iden-
tical graphs in the clients. Second, a VN, such as the square
VN in Client k, is usually not supposed to equally connect
all the nodes in an input graph, which is different from what
the VN typically does. These two challenges motivate us to
conceive a nontrivial mechanism for integrating VNs into
our proposed framework.

To deal with the above two challenges, we propose to aug-
ment local graphs by learning multiple VNs in FedVN. More
concretely, the clients will jointly learn M shared VNs with
the feature matrix Q € RM*4= Each VN m has a unique
feature vector q,,, € Q with the same dimension as the orig-
inal graph nodes. Additionally, each client will determine
how the M VN5 connect their local graphs in a personalized

manner. Specifically, for each graph g§’“) in client k, we in-

ject each VN m into gf’“) by assigning a weighted edge with
weight s,.,, € [0,1] between m and each graph node v.
5y,m measures how significantly m and v impact each other,
and they are disconnected when s, ,,, = 0. With the VNS,
we can rewrite Equation (1) in a modified version for each

node v € Vi(k) by

h{) = CB{) (b~ AGG() ({h{ ™" : u € N(v)}))

M ®)
+ Z Sv,m * hgm_l)v
m=1

where h?n is the feature vector q,,, of VN m, and Vi(k) de-

notes the node set in g§k). In the meantime, each VN m
updates its representation by aggregating information from
every graph node v through

h{}) = CB{) (WY, AGG() ({5, b ™V : 0 € V),

(6)
where AGG'!(-) and CB{) () represent the aggregation and
combination operations for VNS, respectively.

One potential issue when augmenting local graphs with
the VNG is that they are indistinguishable without any prior
knowledge. Although the clients are seemingly learning
multiple VNs, the VNs are prone to collapse to a single or
fewer points (we also observe this collapsing in our empir-
ical experiments). Hence, multiple VNs will be essentially
equivalent to fewer VNs and consequently fail to tackle dis-
tribution shifts in FGL. To avoid collapsing solutions, we
propose to decouple VNs during local training in FedVN.
The intuition here is to compel the VNs to reside in the
whole feature space as much as possible so that they be-
come dissimilar to each other. We achieve this in FedVN



by diminishing the correlation between each pair of VNs.
Specifically, we design a decoupling loss (Shi et al. 2022)
during local training with the Frobenius norm of local Q’s
correlation matrix in each client & by

k 1
£y = s 1505, ™)
where X denotes the correlation matrix of Q, and | - ||r

represents the Frobenius norm.

Edge generation. Given the shared VNs, each client in
FedVN is expected to learn a personalized graph augmen-
tation strategy where the shared VNs connect their local
graphs in a client-specific fashion so that the distribution
shift can be eliminated. One straightforward approach is
to construct edges based on the feature similarity between
graph nodes and VNs. Although this feature similarity-
based approach is widely adopted in graph structure learn-
ing (Chen, Wu, and Zaki 2020; Fatemi, El Asri, and Kazemi
2021), it is unsuitable for this scenario. In fact, edge patterns
are significantly impacted by structure information as well.

For instance, the house motif & in Figure 1 causally deter-
mines the label of House. Therefore, the circle nodes from
the causal substructure and the non-causal part should have
different patterns to connect VNs even though they have the
same node type with identical node features.

To tackle the above issue, we propose to introduce an ex-
tra edge generator g with parameters w in FedVN to con-
struct edges between VNs and graph nodes. The edge gener-
ator is composed of a GNN encoder and an MLP projector.

Given a graph g,fk) in client k, the output of the edge gen-

erator is a score matrix S\*) € RIVVIXM | Specifically, the
GNN encoder first encodes each node v and its neighbor-
ing information to obtain its embedding e, following Equa-

tion (1). The MLP projector then transforms e, into an M-

dimensional score vector s, € SZ(-k) after a sigmoid function.
Each score value s, ., in s, is adopted as the edge weight
between node v and VN m.

Despite the prowess of the edge generator in learning edge
patterns regarding graph structures, the learned edge pat-
terns cannot be guaranteed to follow a client-specific man-
ner without explicit guidance. Instead, the edge generator
may connect VNs and graph nodes within a client very di-
versely. Note that we assume graphs usually share similar
non-causal substructures within a client but have diverse
ones across clients (e.g., the function groups - the phenyl
group in Institute A and the ester in Institute B - in our pre-
vious example). Therefore, the learned edge patterns on the
graphs are expected to have similar distributions within a
client and differ significantly across clients. Motivated by
this, we propose a novel score-contrastive loss that encour-
ages the total score vector of a graph to get close to the ex-
pected one of the graphs within the client and keep away
from the expected one of the graphs from other clients.

~(}<;) _ .
Lets,” = Zv v Sy denote the sum of score vectors in

graph g}"”. Slocal = N(k) El 1 s ) is the average of §§k)

in client £, and Sy;0pq; denotes the global expected sum of
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score vectors. Inspired by NT-Xent loss (Chen et al. 2020;

Sohn 2016), we define 51(@ and ;¢4 as a positive pair while

~(k . .
sl(» ) and S 401, are defined as a negative pair. Therefore, our

score-contrastive loss can be formulated as

N &)

sim(§(.k>.slocal)/‘r
rk) _
E N(k) Z g s1m(sl 7Sl0Lal)/T + Slm(SI 7Sglobal)/7—’
(8)
where sim(-, -) represents the formula of cosine similarity,

and 7 is the temperature. Empirically, s4;044; could be sim-
ply substituted by a positive constant vector.

Finally, we obtain the local objective function of FedVN
in client k formulated by

min L5 + 2 L5 4 AP,
0,Q,w )

)

where A\; and )y are two hyperparameters to balance the
impact of loss terms.

4.3 Algorithmic Design

Like other FGL frameworks, the proposed FedVN consists
of two stages: local training and global update. Each client
updates the GNN model, VNs, and the edge generator dur-
ing local training. Then, the local GNN model and VNs are
uploaded to the server for global update. The overall algo-
rithm of FedVN can be found in our technical appendix.

Local training. During local training, we first optimize
the local edge generator based on the global GNN model
and VNs. We then optimize the GNN model and VNs with
the updated edge generator.

» Step 1: Fix 6 and Q, update w*). Train w(*) with the
global 6 and Q by

W) ) nwvw(ﬁgc) + )\gﬁg)). (10)

» Step 2: Fix w®), update 6*) and Q*). After updating

w®, train %) and Q%) by

0% = ) — g VoL, (1
Q(k) — Q(k) _ UQVQ(»CEqk) + /\1536)). (12)

7w» 1, and 7¢y are their corresponding learning rates.

Global update. The server updates the GNN model and
VNs following FedAvg (McMabhan et al. 2017). Specifically,
the global GNN model and VNs are updated as the weighted
average of their local version by

K k)
=2

k=1

K k
Z N )Q(k)
k=1 N

The complexity analysis of FedVN is provided in our tech-
nical appendix due to the page limit.

13)



Dataset Motif CMNIST ZINC SST2
Metric Accuracy T Accuracy T MAE | Accuracy T

Partition setting Basis Size Color Scaffold Length
Self-training 67.124+0.89 47.60+2.32 39.38+0.90 0.544240.0146 80.54+0.67
FedAvg 58.70+2.39 47.82£3.16 39.18+0.92 0.6235+0.0158 81.79+0.27
FedProx 57.90+£1.36 47.88+£4.08 39.78+0.68 0.6235+0.0165 81.744+0.33
FedBN 58.444+1.33 47.544+2.66 39.26+£0.76 0.512940.0119 81.73+0.35
Ditto 63.38+0.89 47.48+3.20 39.00+0.94 0.5471£0.0146 81.69+0.67
FedRep 59.20+£2.83 45.48+0.86 36.78+0.67 0.5220£0.0110 74.77+2.84
FedALA 59.92+1.14 48.52+3.34 39.22+1.12 0.583740.0159 81.77£0.61
GCFL+ 57.36+2.00 49.34+2.70 38.82+1.11 0.6224+0.0147 81.39+0.45
FedStar 63.62+4.85 45.68+2.11 28.10+1.17 0.5963£0.0163 58.57£1.25
FedVN (Ours) 75.72+1.85 50.41+1.17 43.67+1.25 0.4947+0.0174 83.13+0.79

Table 1: Performance of FedVN and other baselines over four datasets under five settings.

5 Theoretical Analysis

In this section, we provide theoretical analyses for our pro-
posed FedVN. As discussed above, FedVN enables each
client to eliminate the distribution shift through a personal-
ized edge generator determining how the VNs connect local
graphs in a client-specific manner. It means that we can ob-
tain identical representations of augmented graphs simply by
desired score matrices. To simplify expression, we consider
a part 6, in f to generate graph embeddings (i.e., a GNN
model except for its prediction head).

Theorem 1. Consider a pair of graphs G and G'. For an
arbitrary feature matrix Q € RM*%= yith M = d,, and any
given GNN model f’s component 0., when Q has full rank,
there exists a pair of score matrices S and S' that satisfies:

£(G;0.) = f(G;06.),
where G = ¢(G,8,Q) and ¢’ = $(¢, 5, Q).

The complete proof of Theorem 1 is provided in our tech-
nical appendix. According to Theorem 1, we can conclude
that FedVN can obtain identical graph embedding of G and
G’ given any Q and .. Therefore, FedVN has the capability
of eliminating the distribution shift issue in FGL.

Note that we assume Q has full rank in Theorem 1. This
requires that multiple VNs cannot collapse to fewer nodes.
To avoid collapsing VNs, we design a decoupling loss in
FedVN. Formally, we can conclude the following theorem.

(14)

Theorem 2. Minimizing Eﬁ/k ) drives Q 1o have full rank.

The complete proof of Theorem 2 is provided in our tech-
nical appendix. As a result, the learned VNs are distinct from
each other, avoiding VN collapse.

6 Experiments
6.1 Experimental Setup
Datasets. We adopt graph datasets in (Gui et al. 2022) to
simulate distributed graph data in multiple clients. Specif-
ically, we use four datasets, including Motif, CMNIST,
ZINC, and SST2. We split each graph dataset into multiple
clients according to its environment settings so that every
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client has local graphs from one environment. More details
about these datasets can be found in our technical appendix.

GNN backbones. We follow previous studies (Xie et al.
2021; Tan et al. 2023) to choose GNN backbones. Specifi-
cally, we adopt a three-layer GIN as the encoder and a two-
layer MLP as the prediction head in the GNN model, with
mean pooling as the READOUT operation. The edge predic-
tor similarly uses a three-layer GIN as the encoder, followed
by a two-layer MLP as the projector.

Baselines. We adopt nine baselines in our experiments.
Among them, FedAvg (McMahan et al. 2017) and FedProx
(Li et al. 2020) are two typical FL. frameworks for learn-
ing a global model. As for personalized FL frameworks, we
use FedBN (Li et al. 2021b), Ditto (Li et al. 2021a), FedRep
(Collins et al. 2021), FedALA (Zhang et al. 2023). Further-
more, we also include two recent approaches for graph prop-
erty prediction in FGL, i.e., GCFL+ (Xie et al. 2021) and
FedStar (Tan et al. 2023). More details of the baselines are
provided in our technical appendix.

Implementation details. We run our experiment for five
random repetitions and report the average results in the ex-
periments. Each repetition runs 100 epochs. The local epoch
is set to 1, and the batch size is 32. The hidden size of the
GNN model and the edge predictor is set to 100. We use
SGD as the optimizer for local updates with a learning rate
set to 0.01 for CMNIST and 0.001 for others. The tempera-
ture 7 is set to 0.1. More information about hyperparameter
settings can be found in our technical appendix.

6.2 Comparative Results

Effectiveness of FedVN. We first evaluate the overall per-
formance of FedVN and other baselines. Table 1 shows the
results of FedVN and baselines over the datasets. From Ta-
ble 1, we can observe that our proposed FedVN can consis-
tently outshine the baselines on the five tasks. Specifically,
FedVN achieves about accuracy improvement of 8% on
Motif/basis. Since Motif/basis is a synthetic dataset where
graphs in a client all have the same label-irrelevant base



FedAvg FedBN FedRep GCFL+ FedVN

FedProx Ditto FedALA FedStar
50 85
45 80
40 75
5'35 a70
[ g
530 565
S2s Seo
20 55
15 50
10 o 20 40 60 80 100 45 0o 20 40 60 80 100
Rounds Rounds

(a) CMNIST/Color (b) SST2/Length
Figure 2: Convergence curves of FedVN and other baselines
on CMNIST/Color and SST2/Length.

subgraph, FedVN can eliminate such distribution shifts by
adding VNs to local graphs. As for another semi-synthetic
dataset, FedVN can perform well on CMNIST/Color. Con-
sidering the distribution shift in CMNIST/Color mainly on
node features, the results indicate that FedVN can still over-
come distribution shifts in terms of node features. Further-
more, FedVN can also outperform other baselines on the two
real-world datasets ZINC/Scaffold and SST2/Length.

Convergence speed. Figure 2 illustrates the accuracy
curves of FedVN and other baselines on CMNIST/Color and
SST2/Length. We can observe that our method can outper-
form other baselines during the training process. Besides,
we notice that FedStar suffers from significant performance
degradation on CMNIST/Color and SST/Length. We argue
that graphs in the two datasets are mainly labeled according
to their node features. In this case, sharing structure encoders
may not help enhance model utility.

6.3 Analysis of FedVN

Influence of A\; and \>. We conduct experiments to ex-
plore the sensitivities of two hyperparameters A; and As.
Figure 3(a) presents the accuracy heatmap of FedVN on
SST2/Length with different values of A\; and A\y. We ob-
serve that FedVN achieves good performance when \; is
0.1~1 and Ay is 1~10. The performance of FedVN will de-
grade apparently if either A\; or A, is 0. The above observa-
tion demonstrates that the two loss terms Ci,k ) and [,%C) are
necessary in FedVN.

Influence of VN numbers. As discussed in Section 4.2,
too few VN are usually insufficient to eliminate cross-client
distribution shifts. In contrast, a large number of VNs can
bring extra communication and computational costs. We in-
vestigate the performance of fedVN with different numbers
of VNs and report the results on Motif/Size and CMNIST/-
Color in Figure 3(b). From the figure, we can observe that
FedVN can achieve good performance consistently when
equipped with enough VNs. When there are only a few VNs
(e.g., 1 or 5), the performance of FedVN is limited. This
observation validates our motivation for involving multiple
VNs in FedVN. In addition, since too many VNs (e.g., when
M = d, = 100 in our experiments) will be very hard to
train, we may consider using fewer VNs in practice.
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Figure 3: (a) Performance of FedVN on SST2/Length with
different values of A\; and As. (b) Performance of FedVN
with different numbers of VNs.

Dataset Motif/Basis 1 CMNIST/Color 1
FedVN 75.7241.85 43.67+1.25
FedVN w/o g 60.20+1.75 40.15+1.27

Table 2: Performance of FedVN and its variant without edge
generators on Motif/Basis and CMNIST/Color.

Effectiveness of edge generators. One insight in our
study is personalized edge generators to learn client-specific
graph augmentation strategies for eliminating distribution
shifts of graph data. Without edge generators, multiple VNs
will uniformly connect graph nodes in local graphs. In this
case, these VNs can be merged into a single VN, which can
be regarded as an equivalent scheme in previous studies (Hu
et al. 2020, 2021). To validate the effectiveness of edge gen-
erators in FedVN, we compare the performance of FedVN
and its degraded version without edge generators. We report
the results on Motif/Basis and CMNIST/Color in Table 2.
We observe that FedVN without edge generators encounters
apparent performance degradation, which validates the ne-
cessity of edge generators in FedVN.

More experimental results. Due to the page limit, more
experimental results are provided in our technical appendix,
including visualizations of VN collapse, visualizations of
distribution shifts in FedAvg and FedVN.

7 Conclusion

In this study, we take the first step towards investigating
the distribution shift issue of graph data across clients for
graph property prediction in FGL. We grapple with this issue
by designing personalized graph augmentation to eliminate
cross-client distribution shifts in FGL. We propose FedVN,
a novel FGL framework that integrates multiple learnable
VNs into local graphs in a client-specific fashion. To achieve
this, each client is equipped with a personalized edge gener-
ator which determines how the VNs connect its local graphs.
In this way, the clients can jointly train a powerful global
GNN model over augmented graph data identical across
clients. Furthermore, we provide theoretical analyses to val-
idate that our design in FedVN has the capability of elimi-
nating distribution shifts in FGL. Our extensive experiments
show that FedVN outshines nine baselines on five tasks.
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