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Abstract

Heterogeneity is a fundamental and challenging issue in fed-
erated learning, especially for the graph data due to the com-
plex relationships among the graph nodes. To deal with the
heterogeneity, lots of existing methods perform the weighted
federation based on their calculated similarities between pair-
wise clients (i.e., subgraphs). However, their inter-subgraph
similarities estimated with the outputs of local models are less
reliable, because the final outputs of local models may not
comprehensively represent the real distribution of subgraph
data. In addition, they ignore the critical intra-heterogeneity
which usually exists within each subgraph itself. To ad-
dress these issues, we propose a novel Federated learning
method by integrally modeling the Inter-Intra Heterogeneity
(FedIIH). For the inter-subgraph relationship, we propose a
novel hierarchical variational model to infer the whole distri-
bution of subgraph data in a multi-level form, so that we can
accurately characterize the inter-subgraph similarities with
the global perspective. For the intra-heterogeneity, we dis-
entangle the subgraph into multiple latent factors and par-
tition the model parameters into multiple parts, where each
part corresponds to a single latent factor. Our FedIIH not only
properly computes the distribution similarities between sub-
graphs, but also learns disentangled representations that are
robust to irrelevant factors within subgraphs, so that it suc-
cessfully considers the inter- and intra- heterogeneity simul-
taneously. Extensive experiments on six homophilic and five
heterophilic graph datasets in both non-overlapping and over-
lapping settings demonstrate the effectiveness of our method
when compared with nine state-of-the-art methods. Specifi-
cally, FedIIH averagely outperforms the second-best method
by a large margin of 5.79% on all heterophilic datasets.

Code — https://github.com/blgpb/FedIIH

Introduction
Graphs are ubiquitous data structures in lots of important
domains such as social media, transportation, and recom-
mendation systems (Tu et al. 2021, 2024a,b; Bai et al. 2022;
Yu et al. 2023a,b; Zhou et al. 2024). In many real-world sce-
narios, a global graph is usually made up of multiple sub-
graphs that are distributed across devices, and subgraphs are

*Corresponding authors: Chen Gong and Shuo Chen.
Copyright © 2025, Association for the Advancement of Artificial
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only locally accessible due to privacy and regulatory con-
cerns. Recently, Graph Federated Learning (GFL) has re-
ceived increasing attention (Tan et al. 2023b; Huang et al.
2023), where each client individually trains a local model
based on the corresponding subgraph, and a central server
adaptively aggregates the models from all clients.

Since subgraphs are different parts of a global graph, there
inevitably exists heterogeneity among them, making it diffi-
cult to realize federated collaboration. Ignoring this hetero-
geneity will degrade the performance of several traditional
Federated Learning (FL) methods (e.g., FedAvg (McMahan
et al. 2017)) which rely heavily on the assumption that all
clients have similar data distributions. To deal with this de-
ficiency, recently, a number of personalized FL methods (Li
et al. 2020; Pillutla et al. 2022; Tan et al. 2023a; Baek et al.
2023; Zhang et al. 2023) have been proposed. For exam-
ple, in (Baek et al. 2023; Li et al. 2023; Zhang et al. 2024),
personalized GFL methods estimate the pairwise similarities
between clients, and then they perform weighted federations
based on the client similarities.

However, the performance of most existing personalized
GFL methods is still limited due to their improper sim-
ilarity calculations and ignored intra-heterogeneity. First,
most existing methods (Baek et al. 2023; Li et al. 2023;
Zhang et al. 2024) compute the inter-subgraph similari-
ties based on the simplex outputs of local models. Since
the outputs of local models cannot accurately reveal the
whole distribution of subgraph data, the calculated similar-
ities are hardly generalizable, leading to negative impacts
on the weighted federation. Moreover, although most exist-
ing methods successfully consider inter-heterogeneity, they
ignore the crucial intra-heterogeneity (i.e., the heterogene-
ity of intra-subgraph), which commonly exists in real-world
graphs. Intra-heterogeneity can be defined as different types
of connections in the subgraph on each client. For exam-
ple, a user in a social graph is connected to others for vari-
ous different reasons, such as families, hobbies, studies, and
work. Meanwhile, as confirmed by (Xie et al. 2021), inter-
heterogeneity is defined as divergent distributions of both
graph structures and node features among different clients.

To address the above-mentioned issues, we propose a
novel Federated learning method by integrally modeling the
Inter-Intra Heterogeneity (FedIIH), which is shown in the
right panel of Fig. 1. On one hand, we propose a new Hi-
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Figure 1: A framework comparison between existing methods and our FedIIH.

erarchical Variational Graph AutoEncoder (HVGAE) by us-
ing the hierarchical Bayesian model (Gelman and Hill 2006;
Tran, Ranganath, and Blei 2017), so as to build the poste-
rior dependencies between the latent factors of the local sub-
graphs and those of the global graph. Subsequently, we infer
the subgraph data distribution and compute the similarities
between pairwise clients (see Fig. 1c). On the other hand,
we disentangle the local subgraph into multiple latent factors
(see Fig. 1d). After that, the model parameters can be parti-
tioned to correspond exactly to each latent factor, such that
we can accordingly perform the separate federation based on
our calculated similarities.

Our FedIIH not only properly computes the distribution
similarities between subgraphs, but also learns disentangled
representations robust to irrelevant factors within each sub-
graph, effectively alleviating the inter-intra heterogeneity
and significantly improving the model performances on dif-
ferent types of graphs. Main contributions of our work are:

• For the inter-heterogeneity, we propose a novel method
HVGAE to characterize the inter-heterogeneity from a
multi-level global perspective, so that we can infer the
data distributions of local subgraphs and properly com-
pute the distribution similarities between subgraphs.

• For the intra-heterogeneity, we disentangle the subgraph
into several latent factors, such that the federations can
be separately performed, and this is the first time in GFL
that considers the intra-heterogeneity.

• Extensive experiments on eleven datasets demonstrate
the effectiveness of our proposed FedIIH, where our
method averagely outperforms the second-best method
by a large margin of 5.79% on all heterophilic graph data.

Related Work
Here we first describe the preliminaries, and then review the
typical work related to this paper, including GFL and per-
sonalized FL.

Preliminaries
We focus on the task of node classification and aim to col-
laboratively train node classifiers with local subgraphs on
distributed clients under the control of a server. For given M
clients, each of them has a local subgraph Gm = ⟨Vm, Em⟩,
where Vm represents the node set, and Em is the edge set
(m = 1, . . . ,M ). The node feature matrix and adjacency
matrix of Gm are denoted as Xm ∈ Rnm×d and Am ∈

Rnm×nm , respectively. Here nm is the number of nodes in
Gm and d is the feature dimension. Due to the privacy con-
straints, Gm on each client is inaccessible to the others.

Graph Federated Learning
FED-PUB (Baek et al. 2023) estimates similarities between
subgraphs based on the outputs of local models. Then, it
performs a weighted averaging of the local models for each
client based on the similarities. Similarly, FedGTA (Li et al.
2023) and FedGT (Zhang et al. 2024) compute the simi-
larities based on the mixed moments of processed neigh-
bor features and embedding vectors, respectively. Then, they
both perform the weighted federation, where model param-
eters with high similarities are assigned with larger weights
during the weighted federation. However, the outputs of lo-
cal models cannot faithfully reveal the whole distribution
of subgraph data, such that the computed similarities are
improper, which may impact the weighted federation, thus
decreasing the performances. Consequently, we infer the
whole distribution of subgraph data in a multi-level global
perspective, so as to properly compute the similarities.

Personalized Federated Learning
To deal with the heterogeneity, personalized FL methods (Li
et al. 2020; Tan et al. 2023a; Arivazhagan et al. 2019)
have obtained increasing attention. They can be categorized
as similarity-based methods (Baek et al. 2023; Li et al.
2023; Zhang et al. 2024), local customization-based meth-
ods (Li et al. 2020; Arivazhagan et al. 2019; T. Dinh, Tran,
and Nguyen 2020), and meta-learning-based methods (Chen
et al. 2018; Fallah, Mokhtari, and Ozdaglar 2020). For
similarity-based methods, they compute the inter-subgraph
similarities and then perform weighted federation. In con-
trast, as one of the local customization-based methods, Fed-
Prox (Li et al. 2020) customizes a personalized model for
each client by adding a proximal term as a subproblem.
Similarly, FedPer (Arivazhagan et al. 2019) only federates
the weights of the backbone while training the personal-
ized classification layer in each client. However, these meth-
ods only consider the inter-heterogeneity, while ignoring the
intra-heterogeneity. Therefore, in this paper, we propose to
characterize both inter- and intra- heterogeneity.

Methodology
This section details our proposed FedIIH. Specifically, we
describe the modeling process of the intra-heterogeneity and
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inter-heterogeneity, respectively.

Modeling Intra-heterogeneity
Since there are diverse connecting relations among nodes
in a real-world subgraph (Ma et al. 2019; Li et al. 2021;
Guo et al. 2024), there is inevitably heterogeneity within the
subgraph. To deal with the intra-heterogeneity, we aim to
disentangle the subgraph into K latent factors, which are
utilized to represent different relations within the subgraph.
In this paper, the well-known Disentangled Graph Convolu-
tional Network (DisenGCN) (Ma et al. 2019) is considered
for its simplicity. Here we use the node u as an example to
describe the disentangling process of DisenGCN. Given one
node i ∈ {u} ∪ {v|(u, v) ∈ Gm} in the subgraph Gm, let
xi ∈ Rd denote its node feature vector. This node feature xi

is first projected to K subspaces, and its node representation
in the k-th subspace can be represented by

zi,k =
σ[(Wk)⊤xi + bk]

||σ[(Wk)⊤xi + bk]||2
, (1)

where Wk ∈ Rd× dout
K and bk ∈ R

dout
K are learnable pa-

rameters. Here σ[·] denotes the nonlinear activation func-
tion, and dout denotes the output dimension of node rep-
resentations. After the projection operation via Eq. (1),
zi,k ∈ R

dout
K represents the aspect of node i that are re-

lated with the k-th latent factor. Second, DisenGCN pro-
poses a neighborhood routing mechanism to identify the la-
tent factor that causes the connection between node u and
its neighbor node v, and accordingly extract features of v
that are specific to that factor. With this mechanism, the
node representation in each subspace is aggregated indepen-
dently, such that we can obtain the disentangled latent fac-
tors {cu,1, cu,2, · · · , cu,K}, where cu,k ∈ R

dout
K represents

the k-th aspect of node u. Note that there are no learnable
parameters in the neighborhood routing mechanism. Finally,
the disentangled node representation of u can be obtained by

hu = Con(cu,1, cu,2, · · · , cu,K), (2)

where hu ∈ Rdout , and ‘Con’ denotes the concatenation op-
eration performed along the column. Similarly, we can ob-
tain all of the disentangled node representations in Gm based
on Eq. (2). After that, we use the matrix Hm ∈ Rnm×dout to
denote the disentangled node representations in Gm. Accord-
ing to Eq. (1), Wk and bk correspond exactly to the k-th
latent factor. Consequently, we perform the separate federa-
tion with parameters (i.e., Wk and bk) specific to the k-th
latent factor, which is described in the following section.

Modeling Inter-heterogeneity
Since the local views of subgraphs may not be sufficient to
estimate the inter-heterogeneity, we aim to model the inter-
heterogeneity from a multi-level global perspective. More-
over, since the similarities between clients are essentially
determined by the similarities of local subgraph data distri-
butions, we seek to infer the data distribution of subgraphs
and thereby compute the similarities between clients through
divergences. Specifically, we propose the HVGAE to infer
the subgraph data distribution of the m-th client based on

M
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mH

2
mH

K
mH

1 2 K

m

Figure 2: The graphical model of our proposed HVGAE,
where H̃1

m, H̃2
m, · · · , H̃K

m denote the local latent factors on
the m-th client, and α1,α2, · · · ,αK denote global latent
factors on the server.

the disentangled node representations (i.e., Hm). For ease
of expression, we rewrite Hm as H1

m,H2
m, · · · ,HK

m, where
Hk

m ∈ Rnm× dout
K denotes the disentangled node represen-

tations with the k-th latent factor. As H1
m,H2

m, · · · ,HK
m

are deterministic results output by DisenGCN, we use
H̃1

m, H̃2
m, · · · , H̃K

m to represent random latent variables.

Hierarchical model To build the posterior dependencies
between the latent factors of the local subgraphs and those of
the global graph, we assume that the latent factors of the sub-
graphs are governed by those of the global graph based on
the theory of hierarchical Bayesian model (Gelman and Hill
2006; Tran, Ranganath, and Blei 2017). As shown in Fig. 2,
H̃1

m, H̃2
m, · · · , H̃K

m on the m-th client are local latent fac-
tors, which are linked via the higher-level global latent fac-
tors α1,α2, · · · ,αK on the server, respectively. Note that
α1,α2, · · · ,αK are shared across all clients.

Based on the graphical model in Fig. 2, the joint probabil-
ity can be formulated as

p(G1:M , H̃1
1:M , H̃2

1:M , · · · , H̃K
1:M ,α1:K) =

K∏
k=1

p(αk)

M∏
m=1

K∏
k′=1

p(Gm|H̃1
m, H̃2

m, · · · , H̃K
m)p(H̃k

m|αk′
),

(3)
where G1:M is the abbreviation for (G1,G2, · · · ,GM ).
(H̃1

1:M , H̃2
1:M , · · · , H̃K

1:M ) is the abbreviation for
(H̃1

1, H̃
1
2, · · · , H̃1

M , H̃2
1, H̃

2
2, · · · , H̃2

M , H̃K
1 , H̃K

2 , · · · , H̃K
M ),

α1:K is the abbreviation for (α1,α2, · · · ,αK), and
p(αk) denotes the prior distribution of αk. In Eq. (3),
p(Gm|H̃1

m, H̃2
m, · · · , H̃K

m) denotes the conditional dis-
tribution, and p(H̃k

m|αk′
) denotes the prior distribution

of H̃k
m. Moreover, the true posterior distribution of

both local and global latent factors can be formulated
as p(H̃1

1:M , H̃2
1:M , · · · , H̃K

1:M ,α1:K |G1:M ). However,
this true posterior distribution is computationally in-
tractable. Therefore, we attempt to approximate it
with a tractable approximate posterior distribution
q(H̃1

1:M , H̃2
1:M , · · · , H̃K

1:M ,α1:K |G1:M ), which can be
formulated as

q(H̃1
1:M , H̃2

1:M , · · · , H̃K
1:M ,α1:K |G1:M )

=

K∏
k=1

q(αk) ·
M∏

m=1

K∏
k′=1

q(H̃k′

m|Gm),
(4)

where q(αk) denotes the marginal distribution, and
q(H̃k′

m|Gm) is the approximate posterior distribution of H̃k′

m.
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Variational inference Since the approximate posterior
distributions in Eq. (4) are still intractable, we propose to use
the variational inference (Kingma and Welling 2013; Zhang
et al. 2019) to infer them. According to the graphical model
in Fig. 2, the Evidence Lower BOund (ELBO) can be de-
rived as follows:

LELBO =

K∑
k=1

log p(α̃k) +

M∑
m=1

{
Eq(H̃m|Gm)

[
log p(Gm|H̃m)

]
−

K∑
k′=1

DKL

(
q(H̃k′

m|Gm)||p(H̃k′
m|α̃k′

)
)}

,

(5)
where log p(α̃k) denotes the log prior probability of α̃k.
Here α̃k denotes the posterior mean of αk for the k-th global
latent factor, and DKL denotes the Kullback-Leibler (KL)
divergence (Moreno, Ho, and Vasconcelos 2003).

Adaptation to FL However, since the server does not
have access to the private data of the clients, the optimization
process on the server (i.e.,

∑K
k=1 log p(α̃

k)) is challeng-
ing. To adapt Eq. (5) to the federated learning scenario, we
make some modifications to

∑K
k=1 log p(α̃

k). On one hand,
we substitute

∑K
k=1 log p(α̃

k) by
∑M

m=1

∑K
k=1 log p(α̂

k
m),

where α̂k
m denotes the learnable parameter deployed on the

m-th client. On the other hand, α̂k
m on each client is con-

strained by the KL divergence between p(α̂k
m) and p(α̃k).

Finally, we have that

L̂ELBO =
M∑

m=1

K∑
k=1

{
log p(α̂k

m)−DKL

(
p(α̂k

m)||p(α̃k)
)}

+

M∑
m′=1

{
Eq(H̃m′ |Gm′ )

[
log p(Gm′ |H̃m′)

]
−

K∑
k′=1

DKL

(
q(H̃k′

m′ |Gm′)||p(H̃k′

m′ |α̃k′
)
)}

.

(6)
Eq. (6) implies that the optimizations of ELBO can be dis-
tributedly performed on M clients in a parallel way.

Variational graph autoencoder To implement the ap-
proximate posterior distribution q(H̃k

m|Gm) and the mathe-
matical expectation Eq(H̃m|Gm)

[
log p(Gm|H̃m)

]
in Eq. (6),

we introduce a simple yet effective framework (i.e., Vari-
ational Graph AutoEncoder (VGAE) (Kipf and Welling
2016)) on each client, which includes an inference net-
work (a.k.a. encoder) and a generative network (a.k.a.
decoder). First, we take an inference model parameter-
ized by two DisenGCNs (i.e., DisenGCNµm

(Gm) and
DisenGCNσm(Gm)). Note that DisenGCNµm(Gm) and
DisenGCNσm(Gm) are used to infer the means and standard
deviations of Gm for K latent factors (i.e., Hm,µ and Hm,σ),
respectively. For ease of expression, we rewrite them as
H1

m,µ,H
2
m,µ, · · · ,HK

m,µ and H1
m,σ,H

2
m,σ, · · · ,HK

m,σ , re-
spectively. By using the reparameterization trick (Kingma
and Welling 2013), we can have

H̃k
m = Hk

m,µ +Hk
m,σ ⊙ ϵ, (7)

where ϵ ∼ N (0, I), and ⊙ denotes the element-
wise product. Second, our generative network is con-
structed by an inner product between latent variables. Since
Eq(H̃m|Gm)

[
log p(Gm|H̃m)

]
in Eq. (6) can be regarded as a

reconstruction loss, we implement it by

Eq(H̃m|Gm)

[
log p(Gm|H̃m)

]
= p(Am|H̃m)

=

nm∏
i=1

nm∏
j=1

p(Aij
m|ri, rj),

(8)
where p(Aij

m = 1|ri, rj) = σ(r⊤i rj), and Aij
m denotes the

element of Am. In Eq. (8), ri and rj are the i-th and j-th
rows of the matrix H̃m, respectively.

Similarity calculation Since the similarities between
clients are essentially determined by the similarities of the
local data distributions, we seek to calculate the similari-
ties between clients based on the divergences of the inferred
subgraph data distributions. Moreover, since HVGAE has K
disentangled latent factors, we can compute the similarities
corresponding to each latent factor separately. Specifically,
the similarity with respect to the k-th latent factor between
clients m and j can be computed as

S(m, j)k = 1−DJS

(
q(H̃k

m|Gm)||q(H̃k
j |Gj)

)
, (9)

where S(m, j)k denotes the computed similarity, and DJS

represents the Jensen-Shannon (JS) divergence (Sutter,
Daunhawer, and Vogt 2020).

Federated Aggregation
Before describing the federation process, let us analyze
the learnable parameters that should be federated in our
FedIIH. The first part of the federated parameters are
W1

m,W2
m, · · · ,WK

m and b1
m,b2

m, · · · ,bK
m in Eq. (1). The

second part of the federated parameters are Wcls
m ∈ Rc×dout

and bcls
m ∈ Rc, which come from the node classifier. Here

c is the number of node classes. For the federated aggrega-
tion of W1

m,W2
m, · · · ,WK

m , b1
m,b2

m, · · · ,bK
m, and Wcls

m ,
we propose a separate federation method. Specifically, with
the computed similarity S(i, j)k, we use the weighted av-
eraging of parameters across different clients. Moreover,
since HVGAE has K disentangled latent factors, and pa-
rameters (e.g., Wk and bk in Eq. (1)) correspond exactly to
the k-th latent factor, we can therefore perform the separate
federation according to each latent factor. For ease of ex-
pression, we rewrite Wcls

m as Wcls,1
m ,Wcls,2

m , · · · ,Wcls,K
m ,

where Wcls,k
m ∈ Rc× dout

K denotes the parameters with re-
spect to the k-th latent factor. Our proposed separate federa-
tion can be defined as

W
k

m ←
M∑
j=1

βk
mj ·Wk

j , b
k

m ←
M∑
j=1

βk
mj · bk

j ,

W
cls,k

m ←
M∑
j=1

βk
mj ·W

cls,k
j ,

(10)
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where

βk
mj =

exp
(
τ · S(m, j)k

)∑M
l=1 exp

(
τ · S(m, l)k

) , (11)

and βk
mj denotes the normalized similarity with respect to

the k-th latent factor between clients m and j. In Eq. (11),
τ denotes a hyperparameter for scaling the similarity score.
Our proposed separate federation not only allows different
clients to obtain personalized parameters, which is beneficial
for dealing with inter-heterogeneity, but also allows parame-
ters in the same client to be federated separately according to
each latent factor, which is beneficial for dealing with intra-
heterogeneity. For the federation of the remaining parameter
bcls
m ∈ Rc, we use the federation method as proposed in Fe-

dAvg (McMahan et al. 2017), which is simple but effective.

Experiments
To validate the effectiveness of our proposed FedIIH,
we perform extensive experiments on eleven widely used
benchmark datasets, including both homophilic and het-
erophilic graphs. We use both the non-overlapping and over-
lapping subgraph partitioning settings.

Main Results
Homophilic datasets Tab. 1 and Tab. 2 show the node
classification results on the homophilic datasets in two par-
titioning settings, respectively. Our FedIIH achieves the best
performance among all the methods, and the standard de-
viations are also relatively small as well, suggesting that
FedIIH is more effective and stable than the compared meth-
ods. Moreover, the average accuracy of FedIIH for all six
datasets in the non-overlapping scenario is 83.10%, which
is 1.51% higher than the second-best method. In the over-
lapping scenario, the average accuracy of FedIIH is 81.01%,
which is 1.48% higher than the second-best method.

Heterophilic datasets Tab. 3 and Tab. 4 show the node
classification results on the heterophilic datasets in two par-
titioning settings, respectively. FedIIH not only achieves the
best average performance among all baseline methods, but
also outperforms the second-best method (i.e., FedSage+)
by 5.79% and 4.53% in the non-overlapping and overlapping
scenarios, respectively. This is because our FedIIH not only
considers the inter-heterogeneity as these methods do, but
also successfully deals with the intra-heterogeneity that they
ignore. Moreover, although the intra-heterogeneity on the
heterophilic datasets is stronger than that on the homophilic
datasets (Platonov et al. 2023), FedIIH achieves a larger per-
formance improvement than on the homophilic datasets.

Ablation Study
Our FedIIH employs the hierarchical model and variational
inference to compute the inter-subgraph similarities. In ad-
dition, we use the disentanglement to learn disentangled
representations. To shed light on the contributions of these
components, we report the experimental results of FedIIH
when each of these components is removed on the Cora and
Amazon-ratings datasets in Tab. 5. For simplicity, ‘w/o HM’,

Figure 3: Similarity heatmaps on the Amazon-ratings dataset
in the overlapping setting with 20 clients.

Figure 4: Since the intra-heterogeneity of the Tolokers
dataset is high, the performances increase consistently as the
value of K increases.

‘w/o VI’, and ‘w/o Dis’ denote the reduced models by re-
moving the hierarchical model, variational inference, and
disentanglement, respectively. The performance decreases
when any component is removed, showing that each com-
ponent contributes a lot to the final performance.

Effectiveness of Inter-Subgraph Similarity and K

First, we validate the effectiveness of the inter-subgraph sim-
ilarities calculated by our method. In Fig. 3, we show the
similarity heatmaps on the Amazon-ratings dataset in the
overlapping setting with 20 clients. We compute the sub-
graph distribution similarity by using both semantic and
structural information, and we treat such distribution simi-
larity (Fig. 3a) as the ground truth. Fig. 3d is close to the
ground truth. In contrast, the similarity heatmaps of FED-
PUB (Fig. 3b) and FedGTA (Fig. 3c) are both different from
the ground truth, which implies that their calculated simi-
larities are not good enough. Second, we investigate the ef-
fectiveness of K. As shown in Fig. 4, the performances on
the Tolokers dataset increase consistently as the value of K
increases. It means that disentangling the subgraph into sev-
eral latent factors is beneficial to improve the performances.

Conclusion
In this paper, we proposed a novel method FedIIH, which
naturally integrates the inter- and intra- heterogeneity in
GFL. On one hand, our new method characterizes the inter-
heterogeneity from a multi-level global perspective, and thus
it can properly compute the inter-subgraph similarities based
on the whole distribution. On the other hand, it disentan-
gles the subgraph into several latent factors, so that we
can further consider the critical intra-heterogeneity. To the
best of our knowledge, this is the first time in GFL that
combines both inter- and intra- heterogeneity into a unified
framework. Due to the adequate consideration of inter-intra
heterogeneity, our method achieves satisfactory results on
eleven datasets and outperforms the second-best method by
a large margin of 5.79% on the heterophilic graph data.
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Cora CiteSeer PubMed -
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients -
Local 81.30±0.21 79.94±0.24 80.30±0.25 69.02±0.05 67.82±0.13 65.98±0.17 84.04±0.18 82.81±0.39 82.65±0.03 -
FedAvg 74.45±5.64 69.19±0.67 69.50±3.58 71.06±0.60 63.61±3.59 64.68±1.83 79.40±0.11 82.71±0.29 80.97±0.26 -
FedProx 72.03±4.56 60.18±7.04 48.22±6.18 71.73±1.11 63.33±3.25 64.85±1.35 79.45±0.25 82.55±0.24 80.50±0.25 -
FedPer 81.68±0.40 79.35±0.04 78.01±0.32 70.41±0.32 70.53±0.28 66.64±0.27 85.80±0.21 84.20±0.28 84.72±0.31 -
GCFL 81.47±0.65 78.66±0.27 79.21±0.70 70.34±0.57 69.01±0.12 66.33±0.05 85.14±0.33 84.18±0.19 83.94±0.36 -
FedGNN 81.51±0.68 70.12±0.99 70.10±3.52 69.06±0.92 55.52±3.17 52.23±6.00 79.52±0.23 83.25±0.45 81.61±0.59 -
FedSage+ 72.97±5.94 69.05±1.59 57.97±12.6 70.74±0.69 65.63±3.10 65.46±0.74 79.57±0.24 82.62±0.31 80.82±0.25 -
FED-PUB 83.70±0.19 81.54±0.12 81.75±0.56 72.68±0.44 72.35±0.53 67.62±0.12 86.79±0.09 86.28±0.18 85.53±0.30 -
FedGTA 80.06±0.63 80.59±0.38 79.01±0.31 70.12±0.10 71.57±0.34 69.94±0.14 87.75±0.01 86.80±0.01 87.12±0.05 -
AdaFGL 82.01±0.51 80.09±0.00 79.74±0.05 71.44±0.27 72.34±0.00 70.95±0.45 86.91±0.28 86.97±0.10 86.59±0.21 -
FedIIH (Ours) 84.11±0.17 81.85±0.09 83.01±0.15 72.86±0.25 76.50±0.06 73.36±0.41 87.80±0.18 87.65±0.18 87.19±0.25 -

Amazon-Computer Amazon-Photo ogbn-arxiv Avg.
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients All
Local 89.22±0.13 88.91±0.17 89.52±0.20 91.67±0.09 91.80±0.02 90.47±0.15 66.76±0.07 64.92±0.09 65.06±0.05 79.57
FedAvg 84.88±1.96 79.54±0.23 74.79±0.24 89.89±0.83 83.15±3.71 81.35±1.04 65.54±0.07 64.44±0.10 63.24±0.13 74.58
FedProx 85.25±1.27 83.81±1.09 73.05±1.30 90.38±0.48 80.92±4.64 82.32±0.29 65.21±0.20 64.37±0.18 63.03±0.04 72.84
FedPer 89.67±0.34 89.73±0.04 87.86±0.43 91.44±0.37 91.76±0.23 90.59±0.06 66.87±0.05 64.99±0.18 64.66±0.11 79.94
GCFL 89.07±0.91 90.03±0.16 89.08±0.25 91.99±0.29 92.06±0.25 90.79±0.17 66.80±0.12 65.09±0.08 65.08±0.04 79.90
FedGNN 88.08±0.15 88.18±0.41 83.16±0.13 90.25±0.70 87.12±2.01 81.00±4.48 65.47±0.22 64.21±0.32 63.80±0.05 75.23
FedSage 85.04±0.61 80.50±1.13 70.42±0.85 90.77±0.44 76.81±8.24 80.58±1.15 65.69±0.09 64.52±0.14 63.31±0.20 73.47
FED-PUB 90.74±0.05 90.55±0.13 90.12±0.09 93.29±0.19 92.73±0.18 91.92±0.12 67.77±0.09 66.58±0.08 66.64±0.12 81.59
FedGTA 86.69±0.18 86.66±0.23 85.01±0.87 93.33±0.12 93.50±0.21 92.61±0.15 60.32±0.04 60.22±0.09 58.74±0.14 79.45
AdaFGL 80.20±0.05 83.62±0.26 84.53±0.23 86.69±0.19 89.85±0.83 88.11±0.05 52.73±0.19 51.77±0.36 50.94±0.08 76.97
FedIIH (Ours) 90.74±0.13 90.86±0.23 90.44±0.05 93.42±0.02 94.22±0.08 93.55±0.09 70.30±0.06 69.34±0.02 68.65±0.04 83.10

Table 1: Node classification results of different methods on the homophilic graph datasets in the non-overlapping subgraph
partitioning setting. The best results are shown 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 73.98±0.25 71.65±0.12 76.63±0.10 65.12±0.08 64.54±0.42 66.68±0.44 82.32±0.07 80.72±0.16 80.54±0.11 -
FedAvg 76.48±0.36 53.99±0.98 53.99±4.53 69.48±0.15 66.15±0.64 66.51±1.00 82.67±0.11 82.05±0.12 80.24±0.35 -
FedProx 77.85±0.50 51.38±1.74 56.27±9.04 69.39±0.35 66.11±0.75 66.53±0.43 82.63±0.17 82.13±0.13 80.50±0.46 -
FedPer 78.73±0.31 74.18±0.24 74.42±0.37 69.81±0.28 65.19±0.81 67.64±0.44 85.31±0.06 84.35±0.38 83.94±0.10 -
GCFL 78.84±0.26 73.41±0.27 76.63±0.16 69.48±0.39 64.92±0.18 65.98±0.30 83.59±0.25 80.77±0.12 81.36±0.11 -
FedGNN 70.63±0.83 61.38±2.33 56.91±0.82 68.72±0.39 59.98±1.52 58.98±0.98 84.25±0.07 82.02±0.22 81.85±0.10 -
FedSage 77.52±0.46 51.99±0.42 55.48±11.5 68.75±0.48 65.97±0.02 65.93±0.30 82.77±0.08 82.14±0.11 80.31±0.68 -
FED-PUB 79.60±0.12 75.40±0.54 77.84±0.23 70.58±0.20 68.33±0.45 69.21±0.30 85.70±0.08 85.16±0.10 84.84±0.12 -
FedGTA 76.42±0.62 75.63±0.33 77.69±0.14 70.43±0.08 71.71±0.33 69.19±0.32 85.34±0.42 84.99±0.05 84.47±0.06 -
AdaFGL 78.50±0.19 75.80±0.23 74.41±0.00 72.63±0.15 68.18±0.31 62.90±0.75 85.58±0.23 85.85±0.41 84.45±0.07 -
FedIIH (Ours) 80.57±0.23 76.82±0.24 78.58±0.25 73.16±0.18 72.27±0.21 69.56±0.11 85.87±0.03 86.65±0.11 85.65±0.12 -

Amazon-Computer Amazon-Photo ogbn-arxiv Avg.
Methods 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients All
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 76.72
FedAvg 88.99±0.19 83.37±0.47 76.34±0.12 92.91±0.07 89.30±0.22 74.19±0.57 63.56±0.02 59.72±0.06 60.94±0.24 73.38
FedProx 88.84±0.20 83.84±0.89 76.60±0.47 92.67±0.19 89.17±0.40 72.36±2.06 63.52±0.11 59.86±0.16 61.12±0.04 73.38
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 78.42
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 77.61
FedGNN 88.15±0.09 87.00±0.10 83.96±0.88 91.47±0.11 87.91±1.34 78.90±6.46 63.08±0.19 60.09±0.04 60.51±0.11 73.66
FedSage 89.24±0.15 81.33±1.20 76.72±0.39 92.76±0.05 88.69±0.99 72.41±1.36 63.24±0.02 59.90±0.12 60.95±0.09 73.12
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 79.53
FedGTA 90.10±0.18 88.79±0.27 88.15±0.21 93.13±0.14 92.49±0.06 91.77±0.06 55.98±0.09 56.76±0.07 57.89±0.09 74.40
AdaFGL 80.49±0.00 80.42±0.00 82.12±0.00 89.24±0.00 88.34±0.00 87.68±0.00 56.81±0.06 55.17±0.00 54.82±0.00 75.74
FedIIH (Ours) 90.15±0.04 89.56±0.19 89.99±0.00 93.38±0.00 94.17±0.04 93.25±0.16 66.69±0.09 66.10±0.03 65.67±0.06 81.01

Table 2: Node classification results of different methods on the homophilic graph datasets in the overlapping subgraph parti-
tioning setting. The best results are shown in bold.
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Roman-empire Amazon-ratings Minesweeper -
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients -
Local 33.65±0.13 28.42±0.26 23.89±0.32 45.03±0.31 45.89±0.19 46.02±0.02 71.35±0.17 69.96±0.16 69.31±0.09 -
FedAvg 38.93±0.32 35.43±0.32 32.00±0.39 41.26±0.53 41.66±0.14 42.20±0.21 72.60±0.08 71.84±0.02 71.36±0.16 -
FedProx 27.95±0.59 26.43±1.41 23.12±0.49 36.92±0.00 36.86±0.14 36.96±0.00 71.91±0.27 70.66±0.20 71.50±0.37 -
FedPer 20.75±1.75 15.51±1.13 15.45±2.76 36.62±0.30 32.34±1.01 36.96±0.00 58.73±10.45 65.35±7.02 53.80±11.40 -
GCFL 30.40±0.16 29.44±0.49 26.73±0.19 36.92±0.00 36.86±0.14 36.96±0.00 72.04±0.13 71.14±0.09 47.77±0.14 -
FedGNN 30.26±0.11 29.09±0.01 26.60±0.02 36.92±0.00 36.72±0.00 36.96±0.00 72.03±0.13 71.12±0.09 71.71±0.27 -
FedSage+ 57.26±0.00 49.07±0.00 38.36±0.00 36.82±0.00 36.71±0.00 37.03±0.00 77.74±0.00 72.80±0.00 69.70±0.00 -
FED-PUB 40.80±0.26 36.77±0.30 32.67±0.39 44.41±0.41 44.85±0.17 45.39±0.50 72.18±0.02 71.56±0.05 70.72±0.40 -
FedGTA 61.56±0.27 60.94±0.19 59.65±0.28 41.22±0.66 39.40±0.44 39.24±0.12 45.60±1.41 64.97±0.35 49.63±8.64 -
AdaFGL 67.64±0.18 64.55±0.00 62.42±0.26 41.70±0.06 42.30±0.00 42.59±0.14 47.45±2.10 65.59±0.56 51.48±7.14 -
FedIIH (Ours) 68.32±0.05 66.44±0.28 64.61±0.13 44.26±0.24 44.24±0.10 45.19±0.04 74.29±0.02 73.23±0.04 72.81±0.02

Tolokers Questions Avg.
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients All
Local 67.81±0.17 70.04±0.23 62.34±0.67 66.73±0.57 57.96±0.10 60.00±0.21 56.91 54.45 52.31 54.56
FedAvg 60.74±0.31 54.73±0.50 56.36±0.39 65.68±0.23 58.91±0.22 60.33±0.15 55.84 52.51 52.45 53.60
FedProx 42.90±0.24 41.15±0.22 40.42±0.62 47.36±0.38 45.46±0.34 46.83±0.11 45.41 44.11 43.77 44.43
FedPer 46.61±9.88 54.97±13.23 44.82±11.61 58.38±9.39 59.40±9.71 62.32±1.56 44.22 45.51 42.67 44.13
GCFL 27.61±2.55 19.81±0.57 17.53±0.04 47.94±0.41 45.71±0.25 47.47±0.21 42.98 40.59 35.29 39.62
FedGNN 43.10±0.27 41.57±0.07 40.70±0.74 47.55±0.02 45.73±0.26 47.46±0.25 45.97 44.85 44.69 45.17
FedSage+ 75.06±0.00 71.31±0.00 69.73±0.00 64.95±0.00 65.06±0.00 59.33±0.00 62.37 58.99 54.83 58.73
FED-PUB 70.88±0.58 72.46±0.68 65.26±0.59 67.71±3.99 54.91±0.42 62.48±2.92 59.20 56.11 55.30 56.87
FedGTA 33.33±0.51 49.97±2.68 50.68±3.94 53.61±0.36 53.79±0.41 61.70±0.35 47.06 53.81 52.18 51.02
AdaFGL 34.41±0.63 49.82±2.17 50.62±4.19 54.18±0.45 54.87±0.52 62.84±0.49 49.08 55.43 53.99 52.83
FedIIH (Ours) 71.09±0.26 71.32±0.09 70.30±0.10 68.32±0.03 67.99±0.09 65.40±0.07 65.26 64.64 63.66 64.52

Table 3: Node classification results of different methods on the heterophilic graph datasets in the non-overlapping sub-
graph partitioning setting. Accuracy (%) is reported for Roman-empire and Amazon-ratings, and AUC (%) is reported for
Minesweeper, Tolokers, and Questions. The best and second-best results are shown in bold and underlined, respectively.

Roman-empire Amazon-ratings Minesweeper -
Methods 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients -
Local 39.47±0.03 34.43±0.14 31.28±0.18 41.43±0.04 41.81±0.14 42.57±0.12 67.98±0.07 64.39±0.10 62.73±0.23 -
FedAvg 40.89±0.25 38.66±0.08 36.71±0.20 39.86±0.06 41.40±0.02 41.02±0.16 69.06±0.07 67.95±0.04 66.89±0.08 -
FedProx 36.63±0.14 35.31±0.17 33.61±0.59 37.00±0.00 36.60±0.00 36.89±0.00 68.27±0.05 66.75±0.19 66.03±0.16 -
FedPer 23.66±3.27 23.27±3.09 22.23±3.58 32.33±4.23 31.58±0.54 34.48±2.25 61.85±1.02 60.13±1.38 60.06±3.61 -
GCFL 37.65±0.27 36.32±0.19 34.80±0.09 37.00±0.00 36.60±0.00 36.89±0.00 68.47±0.06 67.13±0.10 57.41±12.56 -
FedGNN 37.46±0.12 36.30±0.16 34.84±0.13 37.00±0.00 36.60±0.00 36.89±0.00 68.47±0.06 67.12±0.11 66.41±0.23 -
FedSage+ 57.48±0.00 42.55±0.00 33.99±0.00 36.86±0.00 36.71±0.00 37.03±0.00 76.64±0.00 70.56±0.00 70.34±0.00 -
FED-PUB 43.80±0.25 40.46±0.16 37.73±0.09 42.25±0.25 42.25±0.06 42.88±0.34 68.80±0.09 67.43±0.25 65.98±0.15 -
FedGTA 59.86±0.04 58.32±0.09 57.57±0.21 40.81±0.24 39.44±0.06 39.37±0.04 54.35±0.73 48.20±1.28 52.94±1.77 -
AdaFGL 64.44±0.03 61.77±0.02 59.55±0.01 39.39±0.05 41.19±0.15 40.71±0.25 55.15±0.84 50.15±1.63 54.18±2.15 -
FedIIH (Ours) 65.48±0.12 63.32±0.06 62.42±0.10 42.63±0.02 42.40±0.05 42.65±0.21 69.35±0.25 68.09±0.26 67.37±0.14 -

Tolokers Questions Avg.
Methods 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients 10 Clients 30 Clients 50 Clients All
Local 73.83±0.03 69.01±0.31 66.63±0.20 63.17±0.02 57.17±0.08 56.13±0.02 57.18 53.36 51.87 54.14
FedAvg 72.99±0.40 58.51±0.27 55.47±0.42 62.80±0.63 58.88±0.18 60.78±0.27 57.12 53.08 52.17 54.12
FedProx 54.49±1.69 45.59±0.41 41.49±0.45 52.53±0.34 51.54±0.41 50.72±0.40 49.78 47.16 45.75 47.56
FedPer 39.60±0.11 59.44±0.79 41.92±0.06 61.31±0.29 53.41±1.53 50.29±0.10 43.75 45.57 41.80 43.70
GCFL 55.91±1.13 23.26±0.70 18.40±0.25 53.04±0.47 51.84±0.38 51.10±0.38 50.41 43.03 39.72 44.39
FedGNN 56.21±1.20 46.85±0.31 42.18±0.45 53.04±0.47 51.86±0.36 51.11±0.38 50.44 47.75 46.29 48.16
FedSage+ 74.54±0.00 70.88±0.00 69.61±0.00 64.22±0.00 65.34±0.00 62.76±0.00 61.95 57.21 54.75 57.97
FED-PUB 74.17±0.29 70.35±0.54 66.80±0.85 65.39±2.44 58.38±1.19 58.76±0.16 58.88 55.77 54.43 56.36
FedGTA 40.02±1.70 47.34±0.75 45.81±1.96 35.56±5.46 50.43±1.05 53.33±0.40 46.12 48.75 49.80 48.22
AdaFGL 45.15±2.15 49.18±0.84 47.54±2.48 41.05±6.49 52.18±2.16 56.46±0.92 49.04 50.89 51.69 50.54
FedIIH (Ours) 71.67±0.02 71.69±0.12 69.99±0.03 68.79±0.09 66.98±0.04 64.73±0.35 63.58 62.50 61.43 62.50

Table 4: Node classification results of different methods on the heterophilic graph datasets in the overlapping subgraph par-
titioning setting. Accuracy (%) is reported for Roman-empire and Amazon-ratings, and AUC (%) is reported for Minesweeper,
Tolokers, and Questions. The best and second-best results are shown in bold and underlined, respectively.

Cora Amazon-ratings
Methods non-overlapping overlapping non-overlapping overlapping
w/o HM 78.67±1.17 (↓3.18) 78.58±0.03 (↓1.99) 41.69±0.09 (↓2.55) 38.04±0.09 (↓4.59)
w/o VI 73.51±0.52 (↓8.34) 78.40±0.25 (↓2.17) 41.68±0.05 (↓2.56) 40.70±0.42 (↓1.93)
w/o Dis 78.78±0.63 (↓3.07) 77.18±0.23 (↓3.39) 41.20±0.14 (↓3.04) 39.98±0.06 (↓2.65)
FedIIH 81.85±0.09 80.57±0.23 44.24±0.10 42.63±0.02

Table 5: Ablation studies in both non-overlapping and overlapping partitioning settings on two datasets with 10 clients.
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