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Abstract—Decentralized Federated Graph Learning (DFGL)
overcomes the potential bottlenecks of the parameter server in
FGL. However, extensive cross-worker communication of graph
node embeddings during DFGL training introduces substantial
communication costs. To improve communication efficiency, con-
structing sparse network topologies or applying graph sampling
are potential methods. In this paper, we first reveal the bidirec-
tional coupling between network topology construction and graph
sampling, underscoring the necessity of their joint optimization.
Motivated by this insight, we propose DUPLEX, a unified framework
that co-optimizes these two components by explicitly modeling their
interdependent relationship, thereby significantly reducing com-
munication costs while enhancing training performance in DFGL.
DUPLEX formulates the decision-making process as a coordinated
configuration 〈A,R〉, where A is the adjacency matrix of the
network topology andRdenotes the set of graph sampling ratios for
workers. However, determining proper coordinated configurations
to achieve optimal communication efficiency and training perfor-
mance (e.g., model accuracy and convergence rate) is challenging
due to several practical issues, e.g., statistical heterogeneity and
dynamic network conditions. To overcome these challenges, DU-
PLEX introduces a novel learning-driven algorithm to adaptively
determine optimal network topologies and graph sampling ratios
for workers. Experimental results demonstrate that DUPLEX re-
duces completion time by 20.1%–48.8% and communication costs
by 16.7%–37.6% to achieve target accuracy, while improving ac-
curacy by 3.3%–7.9% under identical resource budgets compared
to baselines.

Index Terms—Edge Computing, Federated Learning, Graph
Neural Network, Topology Construction, Graph Sampling.
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I. INTRODUCTION

IN MANY real-world applications, such as e-commerce rec-
ommendation systems [1] and social network analysis [2],

graph-structured data, comprising interconnected nodes and
edges, has emerged as a fundamental representation for mod-
eling complex relationships. For instance, industry leaders like
Amazon and Alibaba represent user preferences for items as
user-item interaction graphs to enable personalized recommen-
dations [3], [4]. To effectively process such data, Graph Con-
volutional Networks (GCNs) [5], [6], [7] have been proposed,
demonstrating remarkable success in graph learning tasks. Fully
realizing the potential of GCNs requires training on large vol-
umes of graph data, which are continuously generated by users
across a variety of edge devices (e.g., smartphones and laptops).
Such data are usually privacy-sensitive, thereby raising signifi-
cant concerns when collected for training purposes [8], [9].

To address these privacy issues, Federated Graph Learning
(FGL) [10], [11] has emerged as the de facto paradigm for
collaboratively training GCNs across geo-distributed devices
(i.e., workers) without exposing raw graph data. Traditional FGL
frameworks typically adopt a Parameter Server (PS) architec-
ture [12], in which massive workers communicate directly with
the PS through wide area networks (WANs) [13], [14]. As the
number of workers skyrockets, the ingress bandwidth of the
PS becomes a major bottleneck, as all workers must deliver
their local models to the server. As an alternative, Decentralized
Federated Graph Learning (DFGL) [15], [16], [17] establishes
a peer-to-peer (P2P) communication network among workers,
enabling them to exchange local models with their neighbors.
Since there is no need to transmit models from workers to the
PS, the risk of a single point failure at the PS is eliminated, and
system scalability is notably improved [18].

However, the practical deployment of DFGL systems presents
formidable challenges due to the unique characteristics of dis-
tributed graph learning. For example, the Amazon product co-
purchasing graph [19] consists of over 3 million nodes and 60
million edges, representing products and their co-purchasing
relationships, respectively. In a DFGL framework, each worker
(representing a merchant on Amazon) maintains a localized
subgraph that encapsulates multiple products. These subgraphs
include both internal edges, which connect products within a
single worker, and external edges that span across different
workers, indicating that users purchase multiple products si-
multaneously. The presence of external edges necessitates the
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exchange of hidden states of product nodes (i.e., node embed-
dings) among workers during local GCN training (as detailed
in Section II-B). However, the stark mismatch between the
enormous size of exchanged node embeddings and the limited
bandwidth available on workers poses significant challenges in
achieving efficient DFGL. For instance, federated training of the
popular GraphSage model [6] on the Amazon co-purchasing
graph incurs hundreds of gigabytes of network traffic among
workers. In contrast, typical WANs provide limited bandwidth
ranging from 5 to 20 Mbps for workers [20], [21], which is
markedly inferior to that available in data centers (e.g., over
10 Gbps [22]). Consequently, the transmission of massive em-
bedding data among workers often leads to prohibitively long
communication times, thereby hindering the overall scalability
and efficiency of DFGL systems.

Some recent studies have proposed various solutions to al-
leviate the high communication cost in DFGL. One common
approach is network topology construction [16], [17]. For exam-
ple, Liu et al. [17] introduced a novel framework named S-Glint,
which constructs a sparse network topology for communication
by selecting several neighbors with the highest performance
contributions for each worker. By reducing the total number
of communication links in DFGL, the overall communication
overhead is mitigated. In addition to network topology con-
struction, graph neighbor sampling [23], [24], [25] is another
approach for alleviating communication overhead. Specifically,
graph neighbor sampling randomly selects a subset of nodes,
rather than all nodes, in the graph data for model training,
thereby reducing the number of node embeddings exchanged
among workers. For instance, Du et al. [24] analyzed the optimal
sampling interval (i.e., the number of rounds between two adja-
cent sampling actions) to achieve the optimal trade-off between
convergence rate and communication time.

Intuitively, integrating network topology construction and
graph neighbor sampling offers potential for further enhancing
communication efficiency in DFGL. Our convergence analysis
in the Appendix formally establishes that both of them are
first-order factors in the convergence bound of DFGL. This
motivates us to investigate the benefits of combining these two
distinct techniques. However, our preliminary experiments in
Section II-C3 indicate that directly integrating these techniques
may lead to significant degradation in training performance and
yield suboptimal communication efficiency if they are not jointly
optimized. In DFGL, these techniques are inherently coupled;
that is, adjustments in one directly influence the other. For
instance, under-sampling graph data in sparsely connected work-
ers may lead to under-utilized bandwidth, while over-sampling
in densely connected workers can result in communication re-
dundancy. Furthermore, graph sampling affects the quality and
diversity of information shared between workers. Without con-
sidering the communication network (e.g., its topology), isolated
sampling strategies may fail to preserve critical information
required for model convergence. To address these issues, we
propose DUPLEX, a unified framework that jointly optimizes
the network topology and graph sampling, thereby improving
both communication efficiency and training performance in
DFGL. Specifically, DUPLEX accounts for the coupling between

network topology construction and graph neighbor sampling
by formulating the decision-making process as a coordinated
configuration 〈A,R〉, where A is the adjacency matrix of the
network topology andR denotes the set of graph sampling ratios
(i.e., the proportions of graph nodes sampled for training) for
workers.

However, achieving optimal communication efficiency and
training performance (e.g., model accuracy and convergence
rate) with DUPLEX proves challenging due to several practical
issues (Section II-D). First, statistical heterogeneity in DFGL
adversely affects the training performance of DUPLEX. In real-
world scenarios, user data on workers is typically generated
under different contexts, such as personal usage patterns and
geographic variations. Consequently, the local graph data across
workers are non-Independent and Identically Distributed (non-
IID) [26], [27]. In non-IID scenarios, the local model gradients
computed on individual workers constitute biased estimates of
the theoretically optimal global gradient computed over the
collective data, resulting in a notable deterioration of training
performance. Second, workers in DFGL usually connect to the
network via wireless links, whose quality tends to fluctuate over
time due to worker mobility and link instability [28]. Besides,
concurrent applications on a worker may compete for limited
bandwidth, further leading to dynamic fluctuations in the avail-
able network resources [26]. Due to varying network conditions,
optimal configurations for network topology and sampling ratios
may evolve as training progresses, necessitating adaptive adjust-
ments rather than static solutions. To address these challenges,
DUPLEX adopts consensus distance [29], [30], a metric that
quantifies the discrepancy among local model parameters, to
guide the decision-making process under non-IID conditions.
Moreover, DUPLEX leverages a learning-driven algorithm based
on deep reinforcement learning (DRL) to adaptively determine
the optimal coordinated configuration 〈A,R〉 in response to
dynamic network conditions. Our contributions are summarized
as follows:
� We propose DUPLEX, an efficient DFGL framework that

focuses on the joint optimization of network topology and
graph sampling, aiming to reduce communication costs and
improve training performance on non-IID graph data.

� We propose an effective algorithm to adaptively deter-
mine the optimal network topology and sampling ratios
for workers, simultaneously considering dynamic network
conditions and heterogeneous data distributions among
workers.

� The extensive experimental results demonstrate that DU-
PLEX can reduce the completion time by 20.1%-48.8% and
communication cost by 16.7%-37.6% to reach the target
accuracy, while improving model accuracy by 3.3%-7.9%
under the same resource budgets, compared to the base-
lines.

II. BACKGROUND AND MOTIVATION

In this section, we begin by outlining the fundamentals of
GCNs and DFGL. Next, we identify key bottlenecks in DFGL
and focus on the impact of network topology and graph sampling
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ratios on training efficiency and model accuracy. Furthermore,
we demonstrate that optimizing these components in isolation
leads to suboptimal performance, thereby motivating the need
for a joint optimization approach. Finally, we discuss the chal-
lenges in achieving optimal performance for DUPLEX, partic-
ularly in dynamic network environments with non-IID graph
data.

A. Graph Convolutional Networks

Graph-structured data (e.g., a citation network) represents
entities (e.g., documents) and their relationships (e.g., citations)
in a non-Euclidean space. Formally, such data can be represented
as an undirected graph G = (V,E), where V is a set of nodes
representing entities andE is a set of edges representing relation-
ships between nodes. Each node vi ∈ V is associated with a raw
feature vector xi. Graphs are irregular and non-Euclidean struc-
tures, posing challenges for traditional neural networks designed
for grid-like data (e.g., images and sequences). This necessitates
specialized architectures such as GCNs, which generalize deep
learning to graph domains by exploiting inductive biases tied to
graph topology.

GCNs operate through iterative message-passing mecha-
nisms [5], [6], where nodes aggregate information from their
neighborhoods to refine their representations. Specifically, a
GCN typically consists of L graph convolutional layers. Let
hl
i ∈ R

dl denote the feature vector (i.e., embedding) of node vi
at layer l. The initial node feature vector h0

i is typically set to xi.
Each graph convolutional layer l ∈ (1, 2, . . . , L) is responsible
for transforming{hl−1

i | vi ∈ V } into{hl
i | vi ∈ V } through the

graph convolution (GC) operation, which involves two stages:
(1) Aggregation: For each node vi, gather features from its
neighbors N (vi). (2) Update: Update the embedding of node
vi by combining its previous state hl−1

i with the aggregated
neighborhood features. Mathematically, the GC operation at
layer l is formalized as follows:

E l
i = AGG({hl−1

j | ∀vj ∈ N (vi)}),
hl
i = Ul(hl−1

i ‖E l
i ), (1)

where AGG(·) is the aggregation function (e.g., element-wise
mean or sum of vectors), Ul(·) is the state update function at
layer l (e.g., a single-layer perceptron followed by a nonlinear
transformation), and ‖ denotes concatenation. Stacking L such
layers enables nodes to integrate information fromL-hop neigh-
borhoods.

After propagating through L graph convolutional layers, the
GCN makes predictions for downstream tasks as follows:

ŷS = W({hL
i | ∀vi ∈ S}), (2)

whereW(·) can be a concatenation function followed by a multi-
layer perceptron, and S ⊆ V is a node set used for prediction.
Given a mini-batch of nodes B uniformly sampled from G, the
training loss of a GCN is defined as:

LB = F (ω; yB, ŷB), (3)

where ω denotes the learnable parameters in the GCN, yB is
the set of labels for nodes in B, and F (·) can be any feasible

Fig. 1. Illustration of local subgraphs on workers, where the dashed lines
between nodes represent the external edges across different subgraphs. The
colors of nodes represent different node classes.

loss function (e.g., Cross Entropy and L2-Norm). For brevity,
we denote F (ω; yB, ŷB) simply as F (ω;B) hereafter.

B. Decentralized Federated Graph Learning

In a network with a set of workers M = {1, 2, . . .,m}, each
worker i ∈ M trains a local GCN model on its local subgraph
Gi, which is assumed to be partitioned from an underlying global
graph G, as shown in Fig. 1. Unlike other data types, such as
images, that are typically independent across different work-
ers, graph data inherently contains strong inter-dependencies
manifested through external edges linking nodes across dis-
tinct subgraphs. Consequently, when performing GC operations,
each worker must exchange node embeddings with others due
to the existence of external edges. For instance, updating the
embedding of a yellow node on worker 2 requires aggregating
features from adjacent blue and green nodes that reside on
worker 1. Neglecting such cross-worker interactions can lead
to significant reductions in both the accuracy and convergence
speed of the learned GCN models [16], [23], [24]. Moreover,
in practical implementations of DFGL, the graph data across
different workers is characterized by heterogeneous distribu-
tions due to factors such as varying personal usage patterns and
geographic locations. For example, different companies often
maintain extensive social network data that exhibits substantial
heterogeneity (e.g., diverse node classes and varying connection
rules), stemming from different data collection methods and
objectives.

Different from FGL, which relies on a PS to aggregate local
models in each training round, DFGL employs a decentralized
approach in which workers directly exchange their local GCN
model parameters with neighboring workers after local train-
ing. This design effectively mitigates the risk of communica-
tion bottlenecks associated with a central PS. Let fi(ωi) :=
EBi∼Gi

Fi(ωi;Bi) denote the local objective function of worker
i, where Bi represents a mini-batch of nodes randomly sampled
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TABLE I
RESOURCE (TIME AND NETWORK TRAFFIC) CONSUMPTION FOR LOCAL

COMPUTING AND EXCHANGING LOCAL MODELS/NODE EMBEDDINGS AMONG

WORKERS

from the local subgraph Gi, and ωi is the local GCN model
parameters of worker i. In general, the training process of DFGL
is formulated as the optimization of the following objective
function [31]:

f ∗ := min
{ωi|i∈M}

[
1

m

∑
i∈M

fi(ωi)

]
. (4)

This setting covers the important cases of empirical risk mini-
mization in DFGL.

C. Motivations for Framework Design

Network topology and the number of graph node embeddings
exchanged across workers during training affect both training
performance and communication efficiency in DFGL. To gain
a deeper understanding, we conduct several sets of experiments
on 10 workers using the Reddit dataset [6], where each worker
trains a two-layer GCN model [5]. Concretely, we set the number
of neighbors per worker to 2 and 9 to simulate sparse and dense
network topologies, respectively. We establish several configu-
rations by combining the two network topologies (i.e., sparse and
dense) with different graph sampling ratios (e.g., 0.1, 0.5, and
1.0), which represent the proportions of aggregated neighboring
node features for each node during the GC operation. The
bandwidth for each worker fluctuates randomly between 1 and
20 Mbps [32], [33]. To simulate real-world non-IID graph data,
we follow the prior work [34] and partition Reddit using the
Dirichlet distribution Dir(α). In particular, we independently
sample a subgraph Gi ∼ Diri(α) from the global graph G and
allocate Gi to each worker i, where α determines the degree
of non-IID data. A lower value of α generates a higher label
distribution shift.

1) Communication Bottleneck in DFGL: The first set of ex-
periments involves training the GCN model on a dense network
topology with a graph sampling ratio of 1.0. We record the
breakdown of total network traffic on all workers and the time
required to reach a target training accuracy of 80%. The results in
Table I show that the communication time for exchanging node
embeddings among workers is over 10× longer than the local
computing time. Besides, since the size of a single GCN model
is only approximately 0.5-2MB, the network traffic related to
exchanging models among workers is negligible compared to
that required for exchanging graph node embeddings. Therefore,
it is critical to reduce both the communication time and the net-
work traffic associated with exchanging graph node embeddings
during training, as these represent major efficiency bottlenecks
in DFGL.

2) Impact of Network Topology and Sampling Ratios: We
further investigate the impact of network topology and graph
sampling ratios on training efficiency and model accuracy. The
experimental results in Fig. 2(a) indicate that a denser network
topology combined with a higher graph sampling ratio improves
model accuracy. For example, on the dense topology, training
with a sampling ratio of 0.5 enhances the accuracy by 5.1%
compared to using a ratio of 0.1. On the other hand, under
the same sampling ratio (e.g., 0.5), the accuracy on the dense
topology increases by 6.5% compared to that on the sparse
topology. However, these accuracy improvements come at a
cost: resource consumption, such as training time and network
traffic, increases significantly with denser network topologies
and higher sampling ratios, as shown in Fig. 2(b) and (c).
Therefore, it is imperative for DFGL frameworks to optimize
network topologies and graph sampling strategies, as they crit-
ically mediate the trade-off between training efficiency and
model performance.

3) Importance of Joint Optimization for Network Topology
and Sampling Ratio: Directly combining existing techniques
for network topology construction and graph neighbor sampling
will lead to significant performance degradation, as the two tech-
niques are interdependent yet not jointly optimized. In DFGL,
network topology and graph sampling ratio jointly impact the
volume of node embeddings exchanged across workers during
training, which determines the overall communication cost.
Furthermore, varying network topologies change the intercon-
nection schemes among local subgraphs on workers, leading to
distinct optimal graph sampling strategies for each configura-
tion. For instance, a dense topology may amplify the benefits of
high sampling ratios by increasing the shared information, but
it incurs significant communication overhead. Besides, a sparse
topology can reduce communication costs but might diminish
the benefits of high sampling ratios due to reduced data diversity
and quality.

Existing works always assume that sampling strategies are ag-
nostic to network topology, treating communication as a homo-
geneous process among workers. Consequently, prior methods
optimize either network topology or graph sampling in isolation,
with no framework jointly addressing both at the same time.
However, in P2P networks, communication patterns inherently
vary with topology, and sampling strategies that ignore this
interdependence can result in inefficiencies and degraded train-
ing performance. Therefore, jointly optimization of network
topology and graph sampling ratios is crucial yet challenging in
DFGL. To validate this insight, we conduct experiments to com-
pare the performance of four approaches: 1) S-Glint [17], which
constructs a sparse network topology without graph neighbor
sampling, 2) FedSample [23], which assigns appropriate graph
sampling ratios to workers without considering the impact of
network topology, 3) S-Glint+FedSample, which is a direct
combination of S-Glint and FedSample, optimizing network
topology and sampling ratios separately, and 4) DUPLEX, which
coordinates topology construction and graph sampling through
a unified decision-making process.

The results presented in Fig. 3(a) clearly demonstrate that
DUPLEX, S-Glint, and FedSample achieve superior training
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Fig. 2. Impact of network topology/graph sampling ratio on accuracy and resource consumption of model training.

Fig. 3. Performance comparison of four methods on Reddit.

performance compared to S-Glint+FedSample. For example, at
training round 60, DUPLEX, S-Glint and FedSample improve
model accuracy by 2.1%, 1.8% and 3.6%, respectively, over
S-Glint+FedSample. Besides, as shown in Fig. 3(b), while S-
Glint+FedSample reduces communication overhead in DFGL
compared to S-Glint or FedSample, significant optimization
space remains. By jointly optimizing network topology and
graph sampling ratios, DUPLEX reduces network traffic by 22.1%
compared to S-Glint+FedSample. These results highlight the im-
portance of joint optimization in leveraging the benefits of both
network topology construction and graph sampling in DFGL.

D. Practical Challenges in DUPLEX

In DFGL, graph data distributed across workers is usually
non-IID, which significantly degrades training performance. To
illustrate this challenge, we conduct experiments using three
non-IID settings, i.e., α = 0.1 (high non-IIDness), α = 1.0
(middle non-IIDness), and α = 10.0 (low non-IIDness). As
shown in Fig. 4, model accuracy declines sharply as non-
IIDness increases from low to high. For example, on the sparse
topology with a graph sampling ratio of 0.5, model accuracy
decreases from 81.2% to 67.1%. Furthermore, the extent of
accuracy degradation varies with network topology and graph
sampling ratios. For example, dense topologies with higher
sampling ratios exhibit greater resilience to non-IID data com-
pared to sparse topologies with lower ratios. These findings
underscore that network topologies and sampling strategies dif-
ferentially influence robustness to data heterogeneity. Therefore,
optimizing both components in DUPLEX is critical to improving
training performance on non-IID data.

Fig. 4. Harm of Non-IID data on model accuracy.

Besides, due to workers’ mobility, communication link insta-
bility, and bandwidth competition among multiple applications,
the available bandwidth for each worker varies dynamically
over time [26]. Consequently, the fixed network topology and
graph sampling ratio may not be efficient all the time as training
progresses under dynamic network conditions. Therefore, it is
crucial yet challenging for DUPLEX to adaptively adjust the con-
figurations 〈A,R〉 in response to time-varying communication
speeds of workers.

III. FRAMEWORK DESIGN

This section outlines the design of DUPLEX and elaborates on
how it enhances communication efficiency and training perfor-
mance in DFGL, especially under dynamic network conditions
and non-IID graph data. First, we provide an overview of DU-
PLEX in Section III-A. Next, we detail the methods employed for
the joint optimization of network topology and graph sampling
ratios (Section III-B). In addition, we describe the procedures for
local GCN training (Section III-C) and model aggregation (Sec-
tion III-D), both of which are executed based on the optimized
network topology and sampling ratios.

A. Overview of DUPLEX

We consider a typical DFGL setting comprising a set of
workers M = {1, 2, . . .,m}, where each worker i ∈ M main-
tains a local subgraph Gi = (Vi, Ei) as part of the global
graph G = (V,E). Besides, a logical control worker (i.e., the
coordinator) is responsible for collecting global information
about training statuses and network conditions [35], [36]. Note
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that the coordinator differs significantly from the PS in FGL
because it does not aggregate local models, and hence will not
become the communication bottleneck. Since the size of such
information (e.g., 100–300 KB [37]) is much smaller than that of
model parameters, it is reasonable to ignore the associated costs
(e.g., network traffic and communication time) for information
collection. Furthermore, any worker can act as the coordinator.
The training procedure of DUPLEX involves multiple rounds,
each encapsulating three main steps: 1©Configuration Update.
At the beginning of each round, the coordinator adaptively
constructs the network topology and determines the graph sam-
pling ratios according to the information collected from work-
ers (e.g., training statuses and network conditions). 2© Local
GCN Training. After receiving the updated configurations of
topology and ratios from the coordinator, each worker iteratively
updates the local GCN model over its local subgraph for τ
iterations. In each iteration, workers sample a subset of graph
nodes according to their respective graph sampling ratios for
stochastic gradient descent, rather than using the full set of graph
nodes. 3©Model Aggregation. Once local GCN training is com-
pleted, each worker exchanges its local GCN model parameters
with its neighbors in the constructed network topology. Finally,
each worker aggregates the received model parameters from its
neighbors.

B. Configuration Update

We first introduce the consensus distance, which is a crucial
metric in the coordinator’s decision-making process on non-
IID graph data (Section III-B1). Then, we present the prob-
lem of joint optimization for neTwork tOpology and graph
saMpling rAtioS, termed TOMAS, aiming to minimize com-
munication cost while ensuring satisfactory training perfor-
mance in dynamic network environments (Section III-B2). Fi-
nally, we design an efficient algorithm to solve this problem in
Sections III-B3 and III-B4.

1) Consensus Distance: Since the graph data on workers
is non-IID, local GCN models trained on different workers
exhibit significant heterogeneity. To guide the coordinator in
jointly optimizing the network topology and graph sampling
ratios, we introduce the consensus distance [29], [30], a key
metric in DUPLEX for quantifying the heterogeneity of data
distribution through the Euclidean distance among local models.
Specifically, worker i’s consensus distance at round k is defined
as:

C
(k)
i =

∥∥∥ω(k)
i − ω(k)

∥∥∥
2
, (5)

where ω
(k)
i represents the local model parameters of worker i,

and ω(k) = 1
m

∑m
j=1 ω

(k)
j denotes the average of all workers’

model parameters. The global consensus distance at round k is
then:

C(k) =
1

m

m∑
i=1

C
(k)
i . (6)

Analogous to weight divergence in the PS architectures, con-
sensus distance correlates with data distribution skewness [38].

Fig. 5. Global consensus distance and model accuracy on the random ring
(RR) and the distribution-aware ring (DAR) topology with different non-IID
degrees.

MinimizingC(k) can improve training performance (e.g., model
accuracy and convergence rate) by reducing discrepancies be-
tween local models [39].

In DFGL with non-IID data, workers exchange graph node
embeddings and local GCN parameters with their neighbors to
achieve global consensus. Consequently, the global consensus
distance becomes a critical metric for capturing the combined
impact of network topology and graph sampling ratios. A natural
method to minimize this consensus distance is to prioritize
exchanges of model parameters and node embeddings between
workers with significant pairwise Euclidean distances in their
model parameters, thereby improving training performance. To
validate this insight, we follow the experimental settings in
Section II-C, training GraphSage under two distinct network
topologies, i.e., random ring and distribution-aware ring, respec-
tively. The random ring topology randomly arranges workers
in a ring structure, with each worker assigned a fixed graph
sampling ratio of 0.5. On the distribution-aware ring topology,
workers are greedily connected in each round to the neighbor
with the largest pairwise Euclidean distance between their local
model parameters. Each worker i is dynamically assigned a sam-

pling ratio of 0.5C
(k)
i

C(k) . We simulate non-IID data using Dirichlet
distribution parameters α = {10.0, 1.0, 0.1} to represent low,
medium, and high skewness levels. As shown in Fig. 5(a), the
distribution-aware ring topology achieves an over 50% lower
global consensus distance compared to the random ring topol-
ogy. Furthermore, Fig. 5(b) demonstrates that the distribution-
aware approach improves model accuracy by 3.1%–8.5% across
various non-IID settings while maintaining robustness under
high non-IID conditions (α = 0.1). These results underscore the
necessity of jointly optimizing network topology and sampling
ratios guided by consensus distance in DFGL.

2) Problem Formulation: The P2P network topology in DU-
PLEX at round k is represented by a symmetric adjacency ma-
trix A(k) = [a

(k)
i,j ∈ {0, 1}]m×m, where a

(k)
i,j = 1 indicates that

worker i and j can communicate with each other at round k,
and a

(k)
i,j = 0 otherwise. The neighbor set of worker i at round

k is defined as N (k)
i = {j ∈ M | a(k)i,j = 1}. For graph data, let

N (v) denote the one-hop neighbors of node v ∈ Vi (where Vi

is the node set of worker i), and let S(v) ⊆ N (v) represent the
subset of nodes sampled for GCN training. The graph sampling
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ratio ri for worker i is defined as the average sampling rate across
all nodes in Vi:

ri =
1

|Vi|
∑
v∈Vi

|S(v)|
|N (v)| . (7)

In DFGL, the bandwidth available to each worker is limited
and fluctuates dynamically over time due to communication
capacity constraints and bandwidth competition among multiple
applications. We denote the bandwidth for worker i at round k as
b
(k)
i = (b

(k,in)
i , b

(k,out)
i ), where b(k,in)i and b(k,out)i represent the

inbound and outbound bandwidths, respectively. For simplicity,
all communication links connected to a worker share the band-
width equally [26]. The bandwidth of a link between worker i
and worker j is the minimum of the link’s inbound and outbound
bandwidth:

b
(k)
i,j = min

{
b
(k,out)
i

|N (k)
i |

,
b
(k,in)
j

|N (k)
j |

}
. (8)

Due to link asymmetry, note that the bandwidth b
(k)
i,j and b

(k)
j,i

may be different.
When workers train GCN models synchronously, the global

round time, which is the duration between two successive
rounds, is given by:

t(k) = max
i∈M

t
(k)
i , (9)

where t
(k)
i is the round time for worker i at round k. This

time comprises t
(k)
i = t

(k,cp)
i + t

(k,com)
i , where t

(k,cp)
i is the

local computing time for GCN model updating and t
(k,com)
i is

the communication time with neighboring workers. As demon-
strated in Section II-C1, round time t(k)i is dominated by commu-

nication time t
(k,com)
i . In particular, t(k,com)

i can be calculated
as follows:

t
(k,com)
i = max

j∈N (k)
i

r
(k)
i · Ei,j
b
(k)
i,j

+ max
j∈N (k)

i

|ω|
b
(k)
i,j

, (10)

where r
(k)
i is worker i’s sampling ratio at round k, Ei,j is the

total size of node embeddings sent from worker i to worker
j (assuming no graph sampling), and |ω| is the size of GCN
model parameters. The communication time t(k,com)

i depends on

both the network topologyA(k) (which impacts bandwidth b(k)i,j )

and the graph sampling ratio r
(k)
i . Therefore, joint optimization

of these components is crucial for enhancing communication
efficiency. The goal of this joint optimization is also motivated by
our convergence analysis in the Appendix (Theorem 1), which
identifies both the network topology and sampling strategy as
first-order factors in the convergence bound. Accordingly, we
formulate the TOMAS problem as follows:

min
{〈A(k),R(k)〉|k∈[1,K]}

K∑
k=1

t(k)

s.t.

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
C(k) ≤ C

(k)
max, ∀k

1
m

∑
i∈M fi(ω

(K)
i ) ≤ F ,

a
(k)
i,j ∈ {0, 1}, ∀i, j ∈ M, ∀k

0 < r
(k)
i ≤ 1, ∀i ∈ M, ∀k

(11)

whereK is the total number of training rounds, and 〈A(k),R(k)〉
denotes the coordinated configuration of the network topology
and graph sampling ratios for workers at round k. The first
inequality ensures the global consensus distance C(k) at each
round k does not exceed the threshold C

(k)
max (C(k)

max is given
in Section III-B3). The second inequality guarantees the con-
vergence of model training, where 1

m

∑
i∈M fi(ω

(K)
i ) is the

average training loss of all workers at the final round K and
F is a convergence threshold of the loss value. The objective
is to minimize the total completion time

∑K
k=1 t

(k) of model
training.

In fact, the problem formulated in (11) is hard to solve directly,
since it is a nonlinear mixed integer programming problem [40].
Moreover, deriving precise closed-form expressions to describe
the influence of network topology and graph sampling ratios on
the convergence bound presented in the Appendix is intractable.
Hence, instead of designing a heuristic algorithm, we resort to a
learning-driven approach to jointly optimize network topology
and graph sampling ratios. We believe the Deep Reinforcement
Learning (DRL) based method would be effective in solving the
TOMAS problem, since DRL can effectively perceive complex
relationships between dynamic network states and training per-
formance. However, due to the varied ways of DRL for different
problems, it is crucial to adopt a suitable DRL method for the
TOMAS problem. By carefully comparing potential DRL meth-
ods, we select Deep Deterministic Policy Gradient (DDPG) [41],
as it can efficiently and effectively handle continuous action
spaces, which aligns well with the continuity of the graph sam-
pling ratio. Next, we design a customized DDPG agent tailored
to TOMAS’s requirements (Section III-B3) and describe the
methodology of the learning-driven algorithm (Section III-B4).

3) DDPG Agent Design: The DDPG agent in DUPLEX con-
sists of three parts, i.e., state space, action space, and reward
function.

State space: The agent state at round k is defined as
s(k) = (b(k),T(k), E(k), C(k),F(k)). Here, b(k) = {b(k)i | ∀i ∈
M} and T(k) = {t(k)i | ∀i ∈ M} represent the available band-
width and round time for all workers at round k, respectively.
The set E(k) = {E(k)

i,j | ∀i, j ∈ M} denotes the sizes of node
embeddings exchanged between any two workers at round k

(with graph sampling). C(k) = {C(k)
i,j | ∀i, j ∈ M} represents

the Euclidean distances between all pairs of local model pa-
rameters at round k, where C

(k)
i,j = ‖ω(k)

i − ω
(k)
j ‖2. Finally,

F(k) = {fi(ω(k)
i ) | ∀i ∈ M} denotes the local training losses

on all workers at round k.
Action space: The action space at round k can be represented

as the coordinated configuration σ(k) = 〈A(k),R(k)〉, where
A(k) denotes the adjacency matrix of the network topology
and R(k) = {r(k)i | ∀i ∈ M} denotes the set of graph sampling
ratios for all workers at round k.
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Reward function: At round k, the coordinator computes a
reward u(k) after executing the action σ(k). The reward should
be positively correlated with the system objective [42]. That
is, with less round time, smaller consensus distance, and lower
training loss, the reward u(k) gotten would be greater. We define
the reward function as:

u(k) = −χ

(
t(k)

t̄(k−1)
− 1

)
+ �

(
C(k)

max − C(k)
)
+ ϕ(F−f̄(k)),

(12)

where χ, �, ϕ are three positive constants. t̄(k) is the moving
average time used to alleviate the impact of data jitter:

t̄(k) = Υt(k) + (1−Υ)t̄(k−1), (13)

where Υ ∈ (0, 1). f̄ (k) denotes the average local training loss of
workers at round k. C(k)

max is the exponential moving average of
the gradient norm [29]:

C(k)
max = (1− β)C(k−1)

max +
β

m

m∑
i=1

∥∥∥g(k)i

∥∥∥
2
, (14)

where 1
m

∑m
i=1 ‖g(k)i ‖2 denotes the average gradient norm of

local model updates at round k, and β ∈ [0, 1]. The first term
of the reward function encourages fast training. The longer the
training time the round k takes, the less reward u(k) will be
obtained. The second and third terms evaluate the descent of
consensus distance and training loss, respectively. The closer to
the given threshold of consensus distance C

(k)
max and loss value

F , the more reward will be received. It is worth noting that the
actualω(k) in (5) is not available in practice. Thus, we follow [26]
to estimate the global consensus distance C(k) as follows:

Ĉ(k) =
1

m2

∑
i∈M

∑
j∈M

(
1− a

(k)
i,j

)
Ĉ

(k)
i,j , (15)

where Ĉ(k)
i,j = minq∈M\{i,j}(C

(k)
i,q + C

(k)
j,q ) is the estimated Eu-

clidean distance between worker i and j’s local model parame-
ters.

4) Learning-Driven Algorithm: The basic idea of our al-
gorithm is to maintain an actor network π(s|θπ) and a critic
network Q(s, σ|θQ) with parameters θπ and θQ, respec-
tively. Meanwhile, we maintain two target networks π′(s|θπ′

)
and Q′(s, σ|θQ′

), which have the same structures as π(s|θπ)
and Q(s, σ|θQ). The actor network and the critic network
can be implemented using a Deep Neural Network and a
Deep Q-Network [43], respectively. Additionally, the replay
buffer B is employed to store historical transitions defined as
(s(k), σ(k), u(k), s(k+1)). We update the actor network and the
critic network using a mini-batch of transitions sampled from
the replay buffer. Given a state s(k), the actor network generates
an action:

σ(k) = π
(
s(k)|θπ

)
. (16)

Then, the critic network would return aQvalueQ(s(k), σ(k)|θQ)
when provided with a state s(k) and an action σ(k) as input. In
order to update the critic network, we should also calculate the

Algorithm 1: Control Algorithm on Coordinator.
1: Initialize actor network π, critic network Q, target

networks π′ and Q′ and replay buffer B;
2: Receive initial state s(1) from workers;
3: for k = 1 to K do
4: Obtain action σ(k) by (16);
5: Send action σ(k) to workers;
6: Receive s(k+1) from workers;
7: Obtain reward u(k) by (12);
8: Put transition (s(k), σ(k), u(k), s(k+1)) into B;
9: for t = 1 to N do

10: Sample a mini-batch of transitions from B;
11: Compute target Q value by (17);
12: Compute TD-error by (18);
13: Compute policy gradient by (19);
14: Accumulate weight-change for actor network and

critic network by Eq.(20);
15: end
16: Update the actor network and the critic network;
17: Update the target networks by (21);
18: end

target Q value:

y(k) = u(k) + γQ′
(
s(k+1), π′

(
s(k+1)|θπ′

)
|θQ′

)
, (17)

where γ is the discount factor for the future rewards. Then, the
Temporal-Difference error (TD-error) is obtained:

δ(k) = y(k) −Q
(
s(k), σ(k)|θQ

)
. (18)

The critic network can be updated using the TD-error through
gradient descent. Besides, to update the actor network, we should
obtain the policy gradient as:

∇θπQ(s(k), σ(k)) = ∇σQ(s, σ|θQ)|s(k)

u(k) · ∇θππ(s|θπ)|s(k) .
(19)

Accordingly, the actor network can be updated using the policy
gradient with gradient ascent.

In each round, the coordinator samples transitions
(s(k), σ(k), u(k), s(k+1)) from the buffer to update the actor
network and the critic network. The accumulated weight change
for the actor network and the critic network is:{

Δθπ := Δθπ + 1
|B| · ∇θπQ(s(k), σ(k)),

ΔθQ := ΔθQ + 1
|B| · δ(k) · ∇θQQ(s(k), σ(k)),

(20)

where ∇θπQ(s(k), σ(k)) is policy gradient defined in (19) and
δ(k) is TD-error defined in (18). The adaptive control algorithm
in DUPLEX is presented in Algorithm 1. At the beginning of
the algorithm, the coordinator first initializes the parameters of
the actor network and the critic network. To apply an off-policy
training method, the target networksQ′(s, σ|θQ′

),π′(s|θπ′
), and

a replay buffer are employed to improve the training speed.
Subsequently, the coordinator awaits the reception of the initial
state from workers (Line 2). At each training round k, the
coordinator firstly obtains the action (i.e., sampling ratios and
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Algorithm 2: Procedure at Worker i.
1: for k = 1 to K do
2: Receive N (k)

i , r(k)i from the coordinator;
3: Perform local training by LocalTraining();
4: Send (receive) models to (from) neighbors N (k)

i ;

5: Aggregate models and obtain ω
(k+1)
i by (23);

6: Compute consensus distance C
(k)
i,j , ∀j ∈ N (k)

i ;
7: Send consensus distance and loss to the coordinator;
8: end
9: FnFunction: LocalTraining ()for each training

iteration do
10: Randomly sample a mini-batch of nodes Bi ⊂ Vi;
11: {V l

i }, {Sl(v)}=GraphSampling (Bi, r
(k)
i );

12: for l = 1 to L do
13: for each node v ∈ V l

i do
14: E l

v = AGG({hl−1
u | u ∈ Sl(v)});

15: hl
v = Ul(hl−1

v ‖E l
v);

16: end
17: end
18: Compute training loss LBi

by (2) and (3);
19: Compute model gradient and update GCN model

parameters by gradient descent;
20: end
21: FnFunction: GraphSampling (Bi, ri) Initialize node

set V L
i = Bi;

22: for l = L to 1 do
23: Initialize node set V l−1

i = V l
i ;

24: for each node v ∈ V l
i do

25: Randomly sample a subset of nodes Sl(v) from v’s
neighbors N (v) based on r

(k)
i ;

26: Update node set V l−1
i = V l−1

i ∪ Sl(v);
27: end
28: end
29: return {V l

i | l ∈ [1, L]}, {Sl(v) | l ∈ [1, L]};

network topology) σ(k) by (16) (Line 4) and sends the action to
workers (Line 5). Based on the received action, each worker
trains the local GCN model (Section III-C) and aggregates
models from neighbors (Section III-D). Next, a new state s(k+1)

is sent from workers to the coordinator (Line 6), and the reward
associated with the action is obtained (Line 7). Following this,
the coordinator samples the transition data from the replay buffer
to train the actor and critic networks (Lines 8-16). Specifically,
the target Q value and TD-error are computed by (17) and
(18), respectively (Lines 11-12). Then, the policy gradient is
calculated by the chain rule (Line 13). Concurrently, the weight
changes are accumulated for updating the actor network and the
critic network (Lines 14-16). Last, the target actor network and
critic network are updated as follows (Line 17):

{
θπ

′
= ξθπ + (1− ξ)θπ

′
,

θQ
′
= ξθQ + (1− ξ)θQ

′
,

(21)

where ξ ∈ (0, 1] is the update coefficient of target networks.

C. Local GCN Training

After receiving updated configurations of network topology
and graph sampling ratios from the coordinator, each worker
i ∈ M iteratively updates its local GCN model on its local
subgraph via stochastic gradient descent (SGD) for τ iterations.
The local GCN training procedure for each worker i is detailed
in Algorithm 2.

Within each iteration, worker i first randomly samples a
mini-batch of graph nodes Bi from its local subgraph Gi (Line
10). It then performs graph sampling to randomly select a subset
for L-hop neighbors (for an L-layer GCN) for each node in
Bi, guided by the sampling ratio r

(k)
i (Lines 11, 8-29). These

sampled nodes are used for training the local GCN model.
Fig. 6(a)–(c) illustrate this graph sampling process for various
sampling ratios under isolated conditions (e.g., no inter-worker
communication). Specifically, given an L-layer GCN, all nodes
in Bi constitute the node set at layer L (Line 8). From layer L to
layer 1, a subset of neighbors for each node in the current layer
is randomly sampled to populate the node set for the preceding
layer (Lines 22-26). However, due to the existence of external
graph edges connecting nodes across workers (e.g., black dotted
lines in Fig. 7), the sampled graph nodes by worker i may reside
on other workers. As shown in Fig. 7, considering a system
with three workers, Worker 1 and Worker 2 are neighbors in the
network topology while Worker 3 is isolated. Worker 1 initially
samples nodes B and C (connected to node A) during graph
sampling. Subsequently, the 2-hop neighbors of node A (i.e.,
nodes D, E, and F on Worker 2) are further sampled. Since
Worker 3 is non-adjacent to Worker 1, it contributes no nodes to
this sampling process.

Upon completing the graph sampling, each worker iteratively
transforms low-level node embeddings into higher-level ones
from layer 1 to layer L using GC operations defined in (1)
(Lines 12-17). Since the sampled node set Sl(v) may include
nodes from worker i’s neighboring workers, worker i should
request corresponding node embeddings from those workers.
After performing the GC operation on the top layer L, the
training loss Bi for the mini-batch Bi is computed using (2) and
(3) (Line 18). Finally, the local GCN model parameters ω(k)

i are
updated through gradient descent (Line 19):

ω
(k)
i = ω

(k)
i − η · ∇

ω
(k)
i

LBi
, (22)

where η is the learning rate, and ∇
ω

(k)
i

LBi
denotes the gradient

of the loss with respect to the model parameters.

D. Model Aggregation

Upon performing local GCN training, workers send (re-
ceive) their local GCN parameters to (from) neighbors in the
network topology (Line 4). Each worker then aggregates the
received parameters to update its local model (Line 5). Let
P(k) = [P

(k)
i,j ]m×m denote the mixing weight matrix for model

aggregation at roundk. The update rule for worker i is as follows:

ω
(k+1)
i = ω

(k)
i +

∑
j∈N (k)

i

P
(k)
i,j

(
ω
(k)
j − ω

(k)
i

)
. (23)
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Fig. 6. Illustration of graph sampling and aggregation of a 2-layer GCN on a single worker. The green and blue nodes are in the 0-th layer and 1-th layer,
respectively, which are sampled by the red node.

Fig. 7. Illustration of graph sampling in DUPLEX with sampling ratio r1 = 0.5.
The black dotted lines indicate external edges among different subgraphs, while
the orange and red lines represent internal and external graph neighbor sampling,
respectively.

By carefully setting P
(k)
i,j according to the network topology

A(k) = [a
(k)
i,j ]m×m, the local models on workers will converge

to a stationary point [36]. Specifically, the degree matrixD(k) =

[D
(k)
i,j ]m×m is a diagonal matrix, with D

(k)
i,i equal to the row

sum of A(k). The Laplacian matrix is defined as L(k) = A(k) −
D(k). Boyd et al. [44] proved that the optimal convergence time
for a given network topology can be derived by setting P

(k)
i,j as

follows:

P
(k)
i,j =

{
2

λ2(L(k))+λm(L(k))
, a

(k)
i,j = 1

0, otherwise
(24)

where λm(L(k)) denotes the m-th smallest eigenvalue of matrix
L(k).

Additionally, based on the received model parameters from
neighbors, each worker i computes the consensus distance C(k)

i,j

between its model and those of its neighbors:

C
(k)
i,j = ‖ω(k)

i − ω
(k)
j ‖2, ∀j ∈ N (k)

i . (25)

Each worker sends these consensus distances along with the
training loss to the coordinator. These training statuses help the

coordinator to adjust the network topology and graph sampling
ratios for the next round.

E. Privacy Protection

Due to external graph edges connecting nodes across workers,
sampled graph nodes may require cross-worker node embedding
exchanges during GC operations, raising privacy concerns for
raw node features. To prevent the leakage of local raw node fea-
tures (i.e.,h(0)

v ), DUPLEX restricts cross-worker GC operations to
layers 2 through L and enforces intra-worker GC operations on
layer 1. Specifically, on the first layer, each worker i aggregates
only local raw node features within its subgraph Gi. For node v
in Gi, the first-layer embedding h1

v is computed as:

E 1
v = AGG({h0

u | u ∈ S0(v) ∩Gi}),
h1
v = U1(h0

v‖E 0
v ), (26)

where S0(v) denotes the sampled neighbors of node v. No
cross-worker communication occurs here. Starting from layer 2,
workers exchange embeddings hl

u (l ≥ 1) with neighbors. For
exampple, if worker i requires hl

u (from worker j) to compute
hl+1
v , worker j sends hl

u to worker i. This method can protect
the raw feature data of node u. Specifically, it is infeasible
for worker i to further infer the local raw node feature h0

u

from the embedding hl
u (l > 0). This is because the aggregation

function AGG(·) (e.g., element-wise mean or sum of multiple
vectors) in each layer, which is an irreversible process, destroys
information about individual h0

u. Besides, each layer applies
nonlinear transformations (e.g., ReLU) in the GC operation,
further obfuscating h0

u. This analysis is consistent with privacy
arguments in previous federated graph learning literature [23].
Therefore, DUPLEX ensures privacy-preserving collaboration by
sharing only post-aggregation embeddings while maintaining
model efficacy.

IV. PERFORMANCE EVALUATION

A. Experimental Setup

Experimental Platform: Our experiments are conducted on
a physical platform including 50 NVIDIA Jetson devices [45],
which comprise 20 Jetson TX2s, 25 Jetson NXs, and 5 Jetson
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TABLE II
DEVELOPMENT BOARDS USED IN EXPERIMENTS

TABLE III
SUMMARY OF THE GRAPH DATA STATISTICS

AGXs. The detailed technical specifications of these devices
are listed in Table II. Specifically, the TX2 and NX devices
can work in one of four computation modes, while the AGX
devices have eight modes. Devices (i.e., workers) working in
different modes exhibit diverse computing capabilities. On this
platform, we build the software infrastructure based on Docker
Swarm [46] and the PyTorch deep learning library [47]. Docker
Swarm effectively builds a decentralized system and helps detect
the status of each device. Besides, communication between de-
vices is established using the socket library [48], which enables
efficient data transfer through a set of sending and receiving
functions. To accurately capture the heterogeneous bandwidths
among workers, we follow prior works [49], [50] by connecting
all devices via wireless links and arranging them at different
locations within a building of 400 m2 . Due to different distances
between the devices and routers, as well as the random channel
noise, the measured bandwidth of the devices fluctuates between
5 to 20 Mbps.

Datasets and Models: We evaluate the performance of DU-
PLEX and baselines on three widely-used datasets: ogbn-arxiv,
ogbn-products [19], and Reddit [6], which are summarized in
Table III.
� The ogbn-arxiv dataset captures the citation network be-

tween Computer Science papers on arXiv. Our aim is to cat-
egorize each paper node’s subject area of its corresponding
arXiv paper.

� The ogbn-products dataset, which aims to predict the cat-
egory of a product, represents a network of products sold
on Amazon, with nodes representing individual products
and edges indicating frequent co-purchases.

� The Reddit dataset, which aims to predict the community
to which a post belongs, consists of a large collection of
user-generated content from the social website.

We perform node classification tasks using two well-known
deep graph learning models: a two-layer GCN model [5] on
ogbn-arxiv and Reddit, and a two-layer GraphSAGE model [6]
on ogbn-products. Specifically, GCN is a scalable model for
learning on graph data. Besides, GraphSAGE is a general in-
ductive model that builds on GCN to generate node embeddings
efficiently [6].

Non-IID Data Partitioning: To simulate the non-IID graph
data in the real world, we follow the prior work [34] to partition

the original training set into 50 parts (i.e., local training sets),
each of which is assigned to a specific worker. The graph edges
(including internal and external edges) are maintained according
to the global graph in the original training set. Specifically, we
assume that for every worker, the classes of graph nodes in the
local training set follow the Dirichlet distribution. Accordingly,
we sample the local training set Di ∼ Diri(α) from the original
training set and allocate Di to each worker i. α determines the
degree of non-IID, and a lower value of α generates a high node
class distribution shift. Unless otherwise specified, we maintain
a default setting of α = 10.0 throughout our experiments.

Baselines: We present a comparative evaluation of DUPLEX

against the following methods:
� S-Glint [17] is a DFGL framework that effectively con-

structs a fixed and sparse network topology by evaluating
the convergence contributions of workers.

� TDGE [51] presents a hypercube graph construction
method to reduce data heterogeneity by carefully selecting
neighbors of each device. In addition, TDGE explores
the communication patterns in hypercube topology and
proposes a sequential synchronization scheme to reduce
communication cost.

� D-FedPNS is an alternative of FedPNS [24], which is
an FGL framework conducting the periodic graph neigh-
bor node sampling and embedding synchronization of
cross-worker neighbors. We extend FedPNS to D-FedPNS
by forcing P2P communication between workers without
changing the periodic sampling strategy in FedPNS.

� D-FedGraph is an alternative to FedGraph [23], which
is a FGL framework intelligently sampling graph nodes
for training by automatically adjusting sampling policies
based on deep reinforcement learning. We extend Fed-
Graph to D-FedGraph by forcing P2P communication be-
tween workers without changing the sampling policies.

� D-FedGNN [52] proposes a dual-topology adaptive com-
munication mechanism that leverages the unique topologi-
cal features of each worker’s local subgraph to dynamically
construct and optimize the inter-worker communication
topology. This allows D-FedGNN to guide model aggre-
gation efficiently in the face of data heterogeneity.

To provide a comprehensive comparison between the above
methods and DUPLEX, we train D-FedGraph and D-FedPNS on
three network topologies: ring topology, sparse topology (each
worker has 10 neighbors), and dense topology (each worker has
25 neighbors). We formulate various baselines by training D-
FedGraph and D-FedPNS on different network topologies, such
as D-FedGraph(dense) and D-FedPNS(sparse), representing D-
FedGraph is trained based on the dense and D-FedPNS is trained
based on the sparse network topology, respectively. For S-Glint,
TDGE, and D-FedGNN, we assign different graph sampling
ratios for workers to represent several baselines. For example,
Glint(0.1) and TDGE(0.1) represent that each worker in S-Glint
and TDEG has a sampling ratio of 0.1.

Performance Metrics: We adopt three metrics to evaluate the
performance of different algorithms in our experiments. 1© Test
accuracy: During each round, the coordinator averages the test
accuracy of all local models to compute the overall test accuracy.
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TABLE IV
FINAL TEST ACCURACY (%) OF DUPLEX AND THE BASELINES ON THE THREE DATASETS

TABLE V
TEST ACCURACY (%) OF DUPLEX AND THE BASELINES ON OGBN-ARXIV,
REDDIT, AND OGBN-PRODUCTS UNDER THE COMMUNICATION RESOURCE

CONSTRAINT OF 1.5 GB, 10 GB, AND 20 GB, RESPECTIVELY

2© Training time: For fairness, we compare the end-to-end
training time of different algorithms to reach the same target
test accuracy. 3© Communication cost: We compare the total
communication cost for exchanging graph node embeddings and
local models of all workers while achieving the same target test
accuracy.

Parameter Settings: We use a hidden feature size of 128 for
GCN and 256 for GraphSage. Besides, we adopt the Adam
optimizer [53] to optimize the models, with an initial learning
rate of 0.01 and the weight decay of 3e−4. The number of
local updates and the training batch size are fixed to 5 and 64
for Reddit, and 10 and 128 for ogbn-arxiv and ogbn-products,
respectively. We train the models for a specific number of rounds
to ensure convergence: 200 rounds for GCN on ogbn-arxiv, 100
rounds for GCN on Reddit, and 150 rounds for GraphSage on
ogbn-products. For the reward function of (12), we set χ, � and
ϕ as 2, 1 and 10, respectively.

B. Overall Performance

Test Accuracy: The test accuracy of DUPLEX and the base-
lines on the three datasets is listed in Table IV. The baselines
are labeled with different graph neighbor sampling ratios and
network topologies in the shadow rows. On ogbn-arxiv, since D-
FedGraph(dense), D-FedPNS(dense), Glint(0.7), TDGE(0.5),
and D-FedGNN(0.5) achieve comparable test accuracy to DU-
PLEX, they are selected for subsequent experiments to com-
pare training time and communication cost with DUPLEX. For
Reddit, we consider D-FedGraph(sparse), D-FedPNS(dense),
Glint(0.5), TDGE(0.7), and D-FedGNN(0.7) for further
comparison with DUPLEX. Lastly, D-FedGraph(dense), D-
FedPNS(dense), Glint(0.7), TDGE(0.7), and D-FedGNN(0.5)
are chosen on ogbn-products for the same reason. These selec-
tions are made based on the similar test accuracy achieved by the

baselines compared to DUPLEX, ensuring a fair evaluation of our
proposed algorithm on resource consumption, such as training
time and communication cost, to reach the target test accuracy.

The time-to-accuracy performance of DUPLEX and the se-
lected baselines on the three datasets is presented in Fig. 8.
We observe that the test accuracy of DUPLEX first steadily
increases and then stabilizes on the three datasets. It indicates
that the model training of DUPLEX will converge to a station-
ary point. Impressively, DUPLEX always achieves the highest
accuracy compared to these baselines within the same training
time. For instance, in Fig. 8(c), DUPLEX outperforms Glint(0.7),
D-FedGraph(dense), D-FedPNS(dense), TDGE(0.7), and D-
FedGNN(0.5) in accuracy by 3.1%, 10.2%, 9.7%, 6.3%, and
5.1% respectively, after 200 minutes of training on ogbn-
products. Moreover, DUPLEX always converges faster than the
baselines to achieve the same accuracy. This is because the
suboptimal network topology or graph sampling strategy of
the baselines cannot fully handle the heterogeneous data dis-
tributions in DFGL. In contrast, DUPLEX achieves a faster con-
vergence rate and higher test accuracy with adaptive topology
construction and proper sampling ratio assignment.

To further evaluate the model performance of DUPLEX and
the baselines, we train models under the communication re-
source constraint of 1.5 GB, 10 GB, and 20 GB on ogbn-
arxiv, Reddit, and ogbn-products, respectively. As shown in
Table V, DUPLEX can achieve the highest accuracy. For exam-
ple, DUPLEX achieves the test accuracy improvement by about
4.2%, 3.6%, 2.7%, 3.9%, and 1.9% on ogbn-products, compared
with D-FedGraph, D-FedPNS, Glint, TDGE, and D-FedGNN,
respectively.

Time Cost: In order to gain a deeper understanding of resource
consumption associated with the baselines and DUPLEX, we
conduct a set of experiments to record the completion time
when they attain the same target accuracy on the three datasets.
The simulation results are depicted in Fig. 9, revealing that
DUPLEX outperforms the baselines in terms of reducing the
completion time required to attain the target accuracy. For
instance, as illustrated in Fig. 9(b), DUPLEX takes 93 min-
utes to achieve the target accuracy of 85% for GCN on Red-
dit, while D-FedGraph(dense), D-FedPNS(dense), Glint(0.5),
TDGE(0.7), and D-FedGNN(0.7) take 185, 180, 121, 147, and
250 minutes, respectively. Besides, for GraphSage on ogbn-
products, as shown in Fig. 9(c), DUPLEX speeds up training
by about 1.4×, 1.3×, 1.6×, 1.3×, and 1.4× compared with
Glint, D-FedGraph(dense), D-FedPNS(dense), TDGE(0.7),
and D-FedGNN(0.5), respectively. These improvements high-
light the efficiency gains enabled by DUPLEX in terms of
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Fig. 8. Time-to-Accuracy of DUPLEX and the baselines on the three datasets. For a fair comparison, the baselines are selected based on the results in Table IV,
where their final test accuracy (bold) is close to that of DUPLEX.

Fig. 9. Training time of DUPLEX and the selected baselines to reach the target accuracy on the three datasets.

Fig. 10. Communication cost of DUPLEX and the baselines to reach the target accuracy on the three datasets.

accelerating the training process of DFGL by optimizing the
network topology and the graph sampling ratio.

Communication Cost: We measure the required communica-
tion cost of DUPLEX and the baselines to attain the same target ac-
curacy on the three datasets. The results in Fig. 10 show that DU-
PLEX outperforms the baselines in terms of communication cost.
Specifically, by Fig. 10(a), DUPLEX reduces the communication
cost by 26%, 33%, 36%, 16%, and 20%, respectively, com-
pared with Glint(0.7), D-FedGraph(dense), D-FedPNS(dense),
TDGE(0.5), and D-FedGNN(0.5) on ogbn-arxiv to reach the ac-
curacy of 50%. Besides, by Fig. 10(b), DUPLEX reduces the com-
munication cost on Reddit by 16%, 39%, 35%, 24%, and 22%,

respectively, compared with Glint(0.5), D-FedGraph(dense),
D-FedPNS(dense), TDGE(0.7), and D-FedGNN(0.7) to reach
the accuracy of 85%. These results indicate that DUPLEX is
highly scalable to effectively reduce communication cost across
a variety of different datasets.

C. Impact of non-IID Data

In this section, we evaluate the performance of DUPLEX and
the baselines under different degrees of data heterogeneity.
Specifically, we train models on three Dirichlet distributions
with α = {10.0, 1.0, 0.1}, where a smaller α denotes a higher
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Fig. 11. Impact of non-IID data on model performance.

Fig. 12. Impact of non-IID data on communication cost.

non-IID degree. As shown in Fig. 11, DUPLEX achieves more
robust performance on non-IID data compared to the baselines.
Although all algorithms suffer from model accuracy degradation
with a higher degree of data heterogeneity, DUPLEX performs
significantly more stably than the baselines. For example, as
the non-IID degree increases (with α decreasing from 10.0
to 0.1) on ogbn-products, the model accuracy of Glint(0.7),
D-FedPNS(dense), D-FedGraph(dense), TDGE(0.7), and D-
FedGNN(0.5) decreases dramatically by 15.2%, 21.2%, 19.7%,
16.6%, and 14.3%, respectively, while that of DUPLEX only
degrades by 11.4%.

Besides, we observe that DUPLEX also improves resource effi-
ciency on non-IID data. Fig. 12 shows the communication costs
for model training to reach the target accuracy of 70% and 45%
on Reddit and ogbn-products, respectively. With an increase
in non-IID degrees, all algorithms incur higher communication
costs. However, the cost of DUPLEX grows much more slowly
than that of the baselines. Specifically, under different non-IID
degrees, DUPLEX saves about 21.2%-40.6% in communication
costs compared to the baselines. These results suggest that the
joint optimization of network topology and graph sampling,
guided by consensus distance and training loss, enables DUPLEX

to effectively alleviate the negative impact of non-IID data.

D. Ablation Study

In this section, we implement several breakdown versions of
DUPLEX to evaluate the effectiveness of topology construction
and graph neighbor sampling in DUPLEX, respectively.

TABLE VI
TEST ACCURACY (%) OF NATIVE DUPLEX AND THE BREAKDOWN VERSIONS

ON THE THREE DATASETS

TABLE VII
TEST ACCURACY (%) OF DIFFERENT VERSIONS OF DUPLEX ON OGBN-ARXIV

AND REDDIT UNDER THE COMMUNICATION RESOURCE CONSTRAINT OF

1.5 GB AND 10 GB, RESPECTIVELY

� DUPLEX with fixed network topology: We disable the adap-
tive network topology construction in DUPLEX, in which
workers communicate with others based on the fixed net-
work topology without changing the graph sampling ratios
in native DUPLEX. We formulate various breakdown ver-
sions of DUPLEX, i.e., DUPLEX(ring), DUPLEX(sparse), and
DUPLEX(dense), by training DUPLEX on different network
topologies.

� DUPLEX with fixed graph sampling ratio: We disable the
adaptive graph neighbor sampling in DUPLEX, in which
workers conduct graph neighbor sampling according to the
fixed sampling ratio and communicate with others based
on the network topology output by deep reinforcement
learning. We formulate various breakdown versions of DU-
PLEX, i.e., DUPLEX(0.3), DUPLEX(0.5) and DUPLEX(0.7),
by training DUPLEX according to different sampling ratios.

Test Accuracy: Table VI shows the test accuracy of native
DUPLEX (i.e., DUPLEX with optimized network topology con-
struction and graph neighbor sampling) and the breakdown ver-
sions on the three datasets. Without adaptive network topology
construction or graph sampling, the test accuracy decreases sig-
nificantly on all datasets. For example, on Reddit, DUPLEX with
the sparse topology and DUPLEX with a fixed graph sampling
ratio of 0.3 achieve 6.04% and 3.60% lower final accuracy than
that of native DUPLEX. Besides, as shown in Table VII, under
the same communication cost constraint (1.5 GB on ogbn-arxiv
and 10 GB on ogbn-products), native DUPLEX is able to visi-
bly improve test accuracy by 2.13%-5.24% on ogbn-arxiv and
Reddit, compared with the breakdown versions of DUPLEX, i.e.,
DUPLEX(dense) and DUPLEX(0.7). These results indicate that
the joint optimization of network topology and graph sampling
strategy contributes to the accuracy improvements of DUPLEX.

Training Time and Communication Cost: As illustrated in
Fig. 13, the training time for breakdown versions of DUPLEX to
reach the target accuracy on ogbn-arxiv (50%) and Reddit (85%)
increases 49.1%-96.8%, compared to native DUPLEX. Besides,

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on July 11,2026 at 03:29:21 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: TOWARD COMMUNICATION-EFFICIENT DECENTRALIZED FEDERATED GRAPH LEARNING OVER NON-IID DATA 6943

Fig. 13. Training time of different versions of DUPLEX to reach the target
accuracy. The breakdown versions of DUPLEX are selected from Table VI, where
their final test accuracy (bold) is close to that of native DUPLEX.

Fig. 14. Communication cost of different versions of DUPLEX to reach the
target accuracy.

Fig. 14 evaluates the effect of the network topology construction
and graph sampling on the communication cost. For instance,
compared to native DUPLEX, DUPLEX(dense) and DUPLEX(0.7)
need 63.6% and 42.4% more communication cost to reach the
target accuracy of 50% on ogbn-arxiv. By jointly constructing
the dynamic network topology and assigning proper graph sam-
pling ratios to workers, DUPLEX not only effectively accelerates
training but also reduces communication costs.

Analysis: The performance degradation caused by fixed net-
work topologies or sampling ratios stems from three key limi-
tations. First, fixed topologies or sampling ratios cannot adapt
to fluctuating network bandwidth across workers. For example,
slow or congested workers become bottlenecks, delaying syn-
chronization and model training. Besides, dynamic topologies
and sampling ratios enable broader exchanges of model param-
eters and node embeddings by periodically reconnecting work-
ers, fostering model diversity and avoiding local optima. Fixed
topologies and sampling ratios restrict information flow, leading
to suboptimal convergence and model accuracy on non-IID data.
In addition, fixed ratios and topologies under-share data points
in early training phases and over-share instances in later phases.

E. Sensitivity Analysis

To evaluate the impact of the parameters χ, �, and ϕ in the
reward function, we vary each parameter independently while
fixing the others to default values. χ penalizes the reward as the

round time becomes longer. A larger χ provides a more severe
penalty for an increase in round time. � prioritizes the descent of
consensus distance. A larger�promotes the reduction of discrep-
ancies between workers’ local models, improving the training
performance on non-IID data. ϕ prioritizes the minimization
of the training loss. A larger ϕ promotes the convergence of
local models. Fig. 15 shows that DUPLEX outperforms baselines
consistently in terms of completion time and network traffic to
reach the target accuracy across different χ (e.g., 1, 2, 3), � (e.g.,
0.5, 1, 1.5), and ϕ (e.g., 5, 10, 15). However, some extreme
values of these parameters, e.g., 10 for χ and �, 50 for ϕ, lead to
significant performance degradation. Therefore, we recommend
a conservative parameter setting (e.g.,χ = 2, � = 1,ϕ = 10) for
most scenarios.

F. Scalability Evaluation

To evaluate the scalability of DUPLEX in complex graph
processing, we train the GraphSAGE model on a complex
graph dataset, i.e., ogbn-mag1 [19], which is a large-scale and
heterogeneous academic graph derived from a subset of the
Microsoft Academic Graph (MAG). We test the completion time
and network traffic required for different methods to reach the
same target accuracy (i.e., 42%) at different worker scales (e.g.,
50, 100, 200, 300, 400, 500).

As shown in Fig. 16, the results show that the comple-
tion time and network traffic required for DUPLEX increase
much slowly with the increasing scale of workers, compared
to baselines. For instance, when the worker scale increases
from 50 to 500, the completion time/network traffic growth
rate of DUPLEX is 22.1×/28.3×, while the growth rates of
Glint, D-FedGraph, TDGE, and D-FedPNS are 25.9×/31.1×,
29.8×/40.2×, 26.1×/40.5×, and 30.2×/34.4×, respectively.
These results highlight the scalability of DUPLEX in complex
graph processing with large-scale workers.

V. RELATED WORKS

Graph Neural Networks (GNNs) [54], [55] have revolution-
ized the processing of graph-structured data, where data samples
are interconnected through graph topologies. Unlike traditional
neural networks such as Convolutional Neural Networks [56],
which are tailored for grid-like data structures, GNNs excel at
extracting neighborhood information from the underlying graph
topology. This capability enables them to efficiently capture and
learn the intricate, structured knowledge inherent in graph data.
However, training high-quality GNNs necessitates access to vast
amounts of graph data, which in real-world scenarios is often
distributed across numerous edge devices [57]. Privacy concerns

1Ogbn-mag is a heterogeneous academic network comprising four types of
entities, i.e., papers (736,389 nodes), authors (1.13 million nodes), institutions
(8,740 nodes), and fields of study (59,965 nodes), interconnected by four types
of directed relationships, i.e., authors affiliating with institutions, authors writing
papers, papers citing other papers, and papers belonging to research fields.
The primary task is a 349-class classification, where the goal is to predict the
venue of each paper based on its content, citations, authors, and institutional
affiliations. With over 21 million edges and 1.93 million nodes, ogbn-mag
poses challenges in handling heterogeneous information fusion, scalability, and
long-range dependencies in academic networks.
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Fig. 15. Parameter sensitivity analysis of DUPLEX on ogbn-products with α = 10.0.

Fig. 16. Completion time and network traffic on different worker scales.

pose significant barriers to aggregating this data centrally, as data
holders are reluctant to share their private information.

Federated Graph Learning: FGL [12], [57], [58] has emerged
as a promising solution to this challenge through a distributed
and collaborative training paradigm where each data holder (i.e.,
the worker) participates in the training process using their local
graph data. This approach not only preserves data privacy but
also enhances security by sharing only model parameters rather
than raw data. Current research in FGL can be broadly classified
into three scenarios: 1) each data holder owns only a single node
within the global graph [59]; 2) each data holder has a subgraph
of a global graph [60], [61], [62]; and 3) each data holder pos-
sesses multiple independent graphs [63]. The second scenario is
the most prevalent in real-world applications and has become the
mainstream focus in FGL [57]. The optimization efforts in this
article are also based on this scenario. In this context, while each
data holder manages their own subgraph, edges exist that con-
nect different subgraphs, representing structural relationships
between data holders. The primary objective is for each data
holder to leverage their subgraph data to collaboratively train
the global GNN model, enhancing overall performance through
shared learning while maintaining data privacy.

Decentralized Federated Graph Learning: One of the primary
concerns in traditional worker-server-based FGL is the single
point of failure and limited scalability [64]. To address this,
Pei et al. [15] proposed a new decentralized federated graph
learning framework (D-FedGNN), which allows multiple data
holders to train GNN models in a peer-to-peer network with-
out a centralized server. Another method, SpreadGNN [65],

extends FGL to realistic serverless and multi-task settings, and
utilizes a novel optimization algorithm to ensure the conver-
gence of GNN models. Moreover, DCI-PFGL [66] introduces a
cross-institutional framework for IoT service recommendation,
employing anonymized graph feature embeddings and smart
contracts on a blockchain to maintain privacy while address-
ing data heterogeneity. Efficient communication is crucial for
scaling decentralized FGL, with recent studies emphasizing
communication cost reduction. For example, Glint [16] and
S-Glint [17] are novel DFGL frameworks that leverage traffic
throttling and flow scheduling to alleviate communication bot-
tlenecks in DFGL tasks, leading to enhanced service quality for
graph learning.

Graph Neighbor Sampling: The recent advancements in
graph neighbor sampling within FGL address several press-
ing challenges, including computational efficiency, communica-
tion overhead, and representation accuracy. For example, Fed-
Graph [23] uses deep reinforcement learning to dynamically as-
sign a distinct neighbor sampling ratio for each worker in large-
scale federated graphs, addressing issues such as privacy leakage
and training overhead. This method dynamically balances train-
ing accuracy and speed, making it viable for privacy-sensitive
and resource-intensive applications. Du et al. [24] optimized
neighbor sampling intervals to balance convergence accuracy
with runtime efficiency. By periodically sampling neighbors,
this algorithm mitigates resource constraints without compro-
mising model accuracy. FedAAS [25], developed by Li et al.,
utilizes historical embeddings to enhance sampling efficiency
by focusing on nodes with significant impact, reducing commu-
nication costs while maintaining model accuracy in FGL. This
method addresses scalability concerns inherent in large graph
networks. Additionally, FedAIS [67] focuses sampling efforts
on high-importance nodes in the graph to adapt to structural het-
erogeneity. This importance-based sampling method improves
both the efficiency and scalability of FGL by concentrating
on influential nodes. However, these works mainly focus on
PS-based FGL, which suffers from the single point of failure
problem as the PS may be down.

Topology Construction: A key objective in decentralized
federated learning (DFL) is achieving efficient communication
and high model performance without a parameter server, where
the topology of the peer-to-peer network plays a pivotal role.
For example, cluster topologies are advantageous in leveraging

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on July 11,2026 at 03:29:21 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: TOWARD COMMUNICATION-EFFICIENT DECENTRALIZED FEDERATED GRAPH LEARNING OVER NON-IID DATA 6945

data distribution similarities, which help reduce communication
costs while maintaining performance comparable to centralized
models. Wireless ring networks present another approach, using
carefully designed consensus coefficients and network coding to
balance learning efficacy with communication latency. DFGL,
a special variant of DFL, shares the same goals as DFL but
faces unique challenges. Specifically, DFGL requires exten-
sive communication of graph node embeddings among workers
during training, leading to high communication overhead. To
address this, Liu et al. [17] proposed constructing a fixed network
topology for worker communication, selectively transmitting
only critical information and thus significantly reducing net-
work traffic. Krasanakis et al. [68] also advanced DFGL by
developing a peer-to-peer GNN model for decentralized node
classification. Their methods integrate asynchronous diffusion
and graph-based communication mechanisms, reducing depen-
dency on centralized data exchanges while sustaining model
accuracy.

Non-IID Handling Strategies: The non-IID problem in FGL
manifests in two principal dimensions, i.e., data distribution
heterogeneity and graph topology heterogeneity. The former
encompasses heterogeneity in node/edge attributes (e.g., fea-
ture skews in social network graphs) and label distributions
(e.g., class imbalance in molecular property prediction tasks).
The latter arises from structural divergences, including vari-
ations in node degrees, edge weights, or global connectivity
patterns. Most FGL research focuses on data distribution het-
erogeneity [57], [69], providing some personalized FL-inspired
solutions such as regularized local loss, knowledge distilla-
tion, clustering, and personalized aggregation. For instance,
FedAlign [70] introduces an optimal transport distance-based
regularization term between local and global models to minimize
model divergence. InfoFedSage [71] employs a PS-side genera-
tive module coupled with worker-side information bottleneck
regularization to alleviate the non-IID problem. GCFL [10]
partitions workers into clusters using Graph Isomorphism Net-
work (GIN) [72], enabling cluster-specific model aggregation.
However, existing works’ solutions primarily adopt the PS archi-
tecture and fail to address the high communication overhead in
DFGL. Our framework bridges these gaps through consensus
distance-guided joint optimization of network topology and
graph sampling, improving both training performance and com-
munication efficiency in non-IID DFGL environments.

VI. POTENTIAL LIMITATIONS AND FUTURE WORK

First, DUPLEX relies on a logical coordinator to collect global
states and compute configurations. While the coordinator is
fully different from the PS that needs to aggregate local model
parameters and update the global model, its transient failure
could temporarily disrupt adaptation of network topology and
graph sampling. To eliminate single-point dependencies, we are
integrating a leader election protocol (e.g., Raft consensus [73])
among workers to dynamically re-elect a coordinator during
failures. Further, we are exploring decentralized consensus al-
gorithms (e.g., blockchain-inspired Proof-of-Stake) to distribute
coordinator responsibilities across workers. This aligns with our

goal of minimizing centralization while retaining the efficiency
benefits of coordinator-guided topology and sampling optimiza-
tion. In addition, the synchronous training paradigm in DUPLEX

simplifies deployment but may delay aggregation in heteroge-
neous edge environments due to stragglers. To address this, we
plan to extend DUPLEX with asynchronous aggregation protocols
and staleness-aware model exchange strategies to accommodate
heterogeneous worker capabilities. Specifically, stragglers with
stale model updates (beyond a staleness threshold) will asyn-
chronously trigger local aggregation with neighbors, decoupling
them from the global synchronization barrier. Besides, the coor-
dinator will prioritize workers with lower staleness for configu-
ration updates, ensuring timely adaptation of network topology
and sampling ratios while accommodating slower workers.

VII. CONCLUSION

In this work, we propose an efficient and effective DFGL
framework, named DUPLEX, which integrates network topol-
ogy construction and graph neighbor sampling to address the
challenge of non-IID graph data and reduce communication
costs. We also propose an efficient learning-driven algorithm to
adaptively determine the optimal topology and sampling ratios
for workers, considering resource budgets and data distributions,
simultaneously. We build a simulated DFGL environment to
evaluate the performance of DUPLEX via extensive experiments.
The results significantly demonstrate the effectiveness and effi-
ciency of DUPLEX.
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