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Abstract—Federated learning is a promising paradigm to enable
joint model training across distributed data while preserving data
privacy. The distributed data are usually not identically and in-
dependently distributed (Non-IID), which brings great challenges
for federated learning. There have been existing work proposing
to guide model aggregation between similar clients to deal with
Non-IID data. But they typically assume a fully connected network
topology, while new design issues need to be considered when it
comes to a partially connected topology. In this work, we propose
a probability-driven gossip framework for partially connected
network topology with Non-IID data. The main idea is to discover
similarity relationship between non-adjacent clients and guide the
model exchange to encourage aggregation between similar clients.
We explore cross-node similarity assessment and define probability
to guide the model exchange and aggregation. Both similarity
and communication cost are considered in the probability-driven
gossip. Evaluation shows that the proposed scheme can achieve
13.04%-14.24% improvement in model accuracy, when compared
with related work.

Index Terms—Decentralized federated learning, Non-IID data,
Probability-driven gossip

I. INTRODUCTION

Federated learning [1] is an emerging machine learning
framework that enables deep neural network training across
large number of distributed clients in a privacy-preserving
manner. As Fig. 1(a) shows, in centralized federated learning,
a server deploys a model to selected distributed clients. Then
the clients train this model with local private data and upload
updated model to the server for aggregation.

A global model can be achieved through this kind of iterative
procedure without sharing local data. Federated learning can
also be conducted in a decentralized way, as shown in Fig. 1(b).
Instead of using a server to orchestrate, clients communicate
with neighbours for model exchange and aggregation. Decen-
tralized federated learning is typically more robust to malicious
attack or unexpected failures [2] [3].

One challenge federated learning faces is the not identically
and independently distributed (Non-IID) data [4], i.e., data
distributions in clients are significantly different from each
other. This typically leads to local models having various
parameter features. The accuracy as well as convergence speed
of aggregated model would be highly degraded due to Non-
IID data [4] [5]. There are techniques proposed to deal with
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(a) Centralized federated learning

(b) Decentralized federated learning

Fig. 1. Centralized and decentralized federated learning.

Non-IID data in federated learning. For example, a small proxy
data set can be constructed and shared to reduce the earth
mover’s distance between clients [5], or adaptive aggregation
can be employed to relieve the accuracy drop of the global
model [6]. However, a satisfying global model may still be
difficult to obtain due to the inherent data heterogeneity. This
motivates personalized federated learning, where clients tend to
train customized models through communication with others. In
centralized federated learning, the server can collect statistical
characteristics of data distribution from clients, and then divide
them into clusters according to their similarity so that models
can be aggregated only from “similar” clients to relieve impact
from Non-IID data [7]. The clustering becomes more difficult
when it comes to decentralized federated learning since there
is no server responsible for global classification.

To solve this problem, there are researches to employ the gos-
sip framework [8] to randomly communicate with neighbours
and figure out the similarity by verifying neighbours’ models
with its own local data [9]. However, they usually assume
a fully connected network topology, where each client can

2024 Design, Automation & Test in Europe Conference (DATE 2024)	

 979-8-3503-4859-0/DATE24/© 2024 EDAA 

	



directly reach every other one. But the topology in reality is not
always fully connected. If it is partially connected, the existing
techniques face new challenges. Firstly, a node can only directly
communicate with its neighbours but the similar ones may
be far away. Thus it needs new strategies to explore more
nodes to find similar clients. Secondly, for model aggregation,
non-adjacent clients need to go through several other clients
for model passing. In this case, the clients on the path do
not aggregate models. Thus, compared with traditional gossip,
clients need to have new behaviors and take different actions
accordingly. Thirdly, since communicating with faraway nodes
induces higher cost, we need to propose strategies with tradeoff
between model accuracy and communication cost, and provide
the flexibility of tradeoff according to different scenarios.

In this work, we target at the framework design for decentral-
ized federated learning in partially connected network topology
with Non-IID data. We make the contributions as follows.

• We analyze and summarize the difference between fully
connected and partially connected network topologies in
terms of framework design for decentralized federated
learning;

• We propose a probability-driven gossip scheme which en-
ables cross-node similarity assessment, adaptive probabil-
ity update, as well as tradeoff between model accuracy and
communication cost for decentralized federated learning
with Non-IID data;

• We evaluate the proposed schemes and compare with state-
of-the-art related works.

The rest of the paper is organized as follows. Section 2
presents related work. Section 3 presents details of the proposed
probability-driven gossip framework. Section 4 gives evaluation
results and discussions. We conclude this paper in Section 5.

II. RELATED WORK

Nowadays, there has been a large amount of work to tackle
with the challenge of Non-IID data in federated learning. Hao
et al. [10] propose a fair federated learning system using data
augmentation to generate pseudo-samples of unseen categories
using zero-sample data augmentation to mitigate the statistical
heterogeneity of the client’s data distribution, thus improving
the accuracy and homogeneity of the global model. Karim-
ireddy et al. [11] propose a new stochastic controlled averaging
algorithm (SCAFFOLD) that uses control variables (variance
reduction) to correct for “client drift” in each client update,
allowing the global model to learn in a more accurate way.

In the context of decentralized federated learning, Hegedűs
et al. [2] compare gossip learning with traditional federated
learning and verify the performance of both to be comparable.
But the gossip framework faces great challenges with Non-IID
data, where there are usually multiple learning objectives to fit
personalized features of clients. T. Dinh et al. [12] take a per-
sonalized approach, using the Moreau envelope as the client’s
regular loss function, by limiting the data between the client and
the server to a range that ensures that the trained model adapts
to the personalized needs while maintaining accuracy. Listo
Zec et al. [9] propose an adaptive clustering algorithm. The

proposed algorithm finds suitable partners by each client based
on similarity estimation of local tasks, thus allowing soft cluster
allocation and communication throughout the graph. Onoszko
et al. [13] propose an algorithm for clustering similar nodes
based on empirical loss. In the first stage, permanent neighbors
are found through random communication. In the second stage,
a fixed number of these clients are selected for aggregation.
The limitation of this approach is that choosing a fixed number
of clients may involve noisy neighbours, resulting in unsat-
isfactory aggregation performance. Zexi Li et al. [14] also
propose an adaptive soft clustering algorithm, which matches
the uniform cluster neighbors in the first stage with high
confidence. In the second stage, a heuristic based on expectation
maximization under the Gaussian mixture model similarity
assumption is used for clients to discover more neighbors with
similar goals. Edvin et al. [15] propose an approach for privacy-
preserving node selection. The approach mitigates the risk of
inferential attacks by using secure aggregation while enabling
effective collaborator identification. This is achieved through
adversarial dobby slot machine optimization that exploits the
dependencies between different weapons to achieve a privacy-
preserving node selection scheme.

However, the above research focuses on fully connected
network topology, where each client can directly communicate
with all other nodes. This indicates that all clients can exchange
and aggregate models with similar nodes within one single
step in a straightforward manner. Usually, network topology in
reality is not always fully connected, motivating new strategies
for decentralized federated learning with Non-IID data.

III. METHOD

In this section, we first give the formulation of target prob-
lem, and then present the proposed decentralized possibility-
driven gossip (DPG) strategy.

A. Problem Formulation

Given a decentralized network with n clients, each client i
has their own training data distribution Di (x, y) over input
features x and labels y. Each client trains its own model
with parameters wi, using a loss function L. The goal is that
under T rounds of communication, each client i can derive its
own model wi with the average loss minimized, as shown in
Equation (1).

L∗ = min
wi

1

n

n∑
i=1

L (wi) (1)

B. Main Idea

The main differences between the proposed framework and
traditional gossip are as follows. Firstly, since the network is
partially connected, we need to explore more than adjacent
nodes to find similar clients. So we build an L-hop neighbour
list for future communication. Here L is a parameter to decide
the range of communication, where all nodes within L hops are
candidates for communication. Secondly, instead of randomly
choosing a neighbour to communicate, we define a probability



TABLE I
NOTATIONS.

n number of clients
t current training round
L maximum number of hops for model exchange
Mi set of 1-hop neighbors of Client i
V L0
i set of L0-th hop neighbors of Client i

Ui set of all communicating neighbors of Client i
Ci set of communication costs for Client i
N t

i set of clients selected for aggregation by Client i in
Round t

wi training model for Client i
j the number of all communicating neighbors of Client i
stik similarity of Clients i and k in Round t
pt
ik probability of Clients i and k in Round t

cik communication costs of Clients i and k
ρ penalty factor of communication cost

vector to guide the candidate selection. The node with higher
probability has larger chance to be selected. This is used
to guide clients to communicate more with similar nodes
within certain distance so that model aggregation can be more
efficient. Thirdly, we simultaneously consider similarity and
communication cost to update the probability vector.

In the proposed framework, for each client i, it maintains an
L-hop neighbour list Ui= [b1, b2, ..., bj] (j ≤ n), a probability
vector pt

i= [pt
i1, pt

i2, ..., pt
ij] (where pt

ikis the probability of
choosing Client k for model aggregation with Client i at Round
t), and communication cost vector Ci= [ci1, ci2, ..., cij] (j ≤
n). All related notations are summarized in Table I.

Each client i executes the following steps. Step 1 corresponds
to initialization. Steps 2-4 make up of one round and are re-
peated for continuous learning. Detailed procedures are shown
in Algorithm 1.

Step 1. Establish the L-hop neighbour list Ui (Lines 2-9
in Algorithm 1), and build the communication cost vector Ci

(Line 10). Initialize its probability vector p0
ik as 1

j for all k
(Lines 14-15).

Step 2. Select the communication candidates Nt
i from Ui

according to the probability vector pt
i (Line 19).

Step 3. For each client k ∈ Nt
i, request for its model and

aggregate with model of Client i (Line 20).
Step 4. Calculate similarity between Client i and Client k,

denoted as stik. And accordingly update the probability pt
ik

based on stik and cik (Lines 21-25).
Repeat Steps 2-4.
In the following, we will give more details of similarity

assessment and probability update.

C. Cross-node Similarity Assessment

In partially connected network topology, we need to explore
more than adjacent neighbours to discover similar nodes for
model aggregation. Thus strategies in fully connected networks
cannot be directly applied to partially connected scenarios.

The first question is how to obtain the model of another
node in partially connected network. After deciding the com-

Algorithm 1 DPG algorithm
1: function MAIN
2: for each client i from n do
3: Ui=Mi;
4: L0=2; // Initialize L0 to build L-hop list
5: while (L0 ≤ L) do
6: VL0

i ← Obtain Client i’s L0-th hop neighbors;
7: Ui.append(VL0

i );
8: L0++;
9: end while

10: Compute communication cost Ci in Ui;
11: end for
12: for each Round t=1,2,3. . .T do
13: for each client i from n do
14: if Round t=0 then
15: pt

ik = 1
j ;

16: else
17: pt

ik=pt−1
ik ;

18: end if
19: Ni ← Client selection based on probability

pt
i;

20: wi ← Aggregate the models in Ni;
21: for each node k from Ni do
22: stik ← 1

L(wk)
;

23: stik =
stik∑n
j=1 stij

;

24: pt
ik = stik − ρ× cik;

25: end for
26: end for
27: end for
28: end function

munication candidates1, one node i can broadcast to ask for the
model of k. If i cannot find k in its neighbour, its neighbour
would help to broadcast until k responds. Then the model of k
will be passed to i across in-between nodes. So in addition to
traditional actions of push and pull, in the proposed strategy,
nodes need another action of pass-through to enable cross-node
model exchange.

The second question is how to evaluate the similarity be-
tween two clients. We adopt the loss-based scheme, which
verifies the model from Client k using local data of Client
i, and the loss indicates the similarity between Clients i and k.
So the similarity between i and k can be calculated as Equation
(2), where stik represents the similarity of Clients i and k in
Round t.

stik =
1

L (wk)
(2)

Since loss values may fall into different ranges during the
procedure of federated learning, we use the normalized grade as
the final similarity assessment, as shown in Equation (3), where

1Note that candidates are selected from the L-hop neighbour list. A bigger
L indicates wider range for similarity exploration, at the cost of higher
communication cost.



m represents the number of clients selected for communication
in this round.

stik =
stik∑m
j=1 s

t
ij

(3)

D. Probability-driven Gossip

Given the principle of aggregating models from similar
nodes, we can define probability to select nodes for communi-
cation during the gossip procedure, where highly similar nodes
associate with high probability to be selected. However, in
partially connected topology, similar nodes may be far away
from each other, indicating high communication cost. Thus
in the proposed probability-driven gossip, we simultaneously
consider similarity and communication cost. The goal is to
have personalized models accurately trained with acceptable
communication cost.

At first, all probabilities are initialized as the same, indicating
all nodes in the L-hop neighbour list have the same chance to
be selected for model aggregation. Along with the federated
learning, probability can be updated according to Equation
(4), where ρ is a positive number as a penalty factor for
communication cost consideration.

pt
ik =

{
stik − ρ× cik stik > ρ× cik

0 stik ≤ ρ× cik
(4)

The updated probability in this round will be inherited to
next round for communication candidate selection. With the
defined probability, those clients with high similarity within
acceptable range are likely to be selected for model exchange
and aggregation. Note that other nodes, e.g., with small sim-
ilarity or faraway ones, still have some chance to be selected
so that broader range of nodes can be explored to figure out
similar ones. ρ can be determined according to the optimization
objective. If the communication cost is not the main concern
and highly accurate models are more desired, ρ can be defined
as a small number, and vice versa.

Consider an extreme case that a node having all its 1-
hop neighbours dissimilar with it. The proposed cross-node
assessment and probability-driven schemes are able to help it
explore more nodes to find appropriate ones for aggregation.

IV. EXPERIMENTS

In this section, we conduct evaluations to verify the efficacy
of the proposed decentralized probability-driven gossip (DPG)
scheme, and give discussions.

A. Experimental Settings

Baseline: We compare the proposed DPG with four base-
lines. The first is Random, which applies traditional gossip
framework for random model exchange. The second is Local,
where each client generates a model using its local data without
communicating with others. The third is decentralized adaptive
clustering (DAC) [9], which is proposed for fully connected
topology and each client only needs to communicate with its

direct adjacent neighbours. The fourth is Oracle, an ideal ap-
proach assuming all data distribution information available and
only highly similar clients communicate for model aggregation.

Network topology: We considered two network structures.
One is 2D-torus, where each point regularly connects to its
nodes in four directions. For generality, we also construct a
random topology, where connections are randomly defined and
number of neighbours of each node is set as 5 to 10. There are
totally 100 nodes, i.e., clients in each topology.

(a) 2D-torus (b) Random topology

Fig. 2. Examples of network topologies.

Dataset: We employ Fashion-MNIST as the dataset. To make
fair comparisons, we adopt the same rotation transformation
as [9]. Specifically, the data in Fashion-MNIST are uniformly
divided into four partitions. Each partition has images been
rotated by 0◦, 90◦, 180◦ and 270◦, respectively, i.e., four
classes. Then images in each partition are further divided into
25 subsets to assign to 25 clients. Thus each client only contain
one class of data.

Model: A CNN with Relu activation and maximum pooling
is used as target model. The local epoch is set as 8. The Adam
optimizer is also applied. The learning rate η is set to be 1 ×
10−5. All tested strategies use FedAvg for model aggregation.

B. Experimental Results

After the federated learning, we evaluate the accuracy of
model obtained in each client and show the average accuracy

TABLE II
RESULTS IN MODEL ACCURACY.

2D-torus
Method 0◦ 90◦ 180◦ 270◦ Mean

Random 63.05 63.19 63.66 63.07 63.24
Local 62.46 61.74 58.15 59.38 60.43
DAC 63.82 64.61 65.45 65.58 64.87
DPG 73.74 73.46 74.75 74.51 74.11

Oracle 77.50 78.41 77.81 77.49 77.80

Random Topology
Random 66.55 66.02 64.69 64.04 65.32

Local 62.46 61.74 58.15 59.38 60.43
DAC 67.28 67.61 63.70 64.27 65.72
DPG 73.99 74.92 74.28 73.97 74.29

Oracle 76.85 78.43 78.21 76.56 77.51



(a) Oracle (b) DPG (c) DAC (d) Random

Fig. 3. Communication behavior with Random topology.

(a) Oracle (b) DPG (c) DAC (d) Random

Fig. 4. Communication behavior with 2D-torus.

in each class (0◦, 90◦, 180◦ and 270◦) in Table II. Results
show that the proposed DPG achieves average model accuracy
of 74.11% on 2D-torus, which is 14.24% higher than DAC.
On random topology, accuracy improvement over DAC is
13.04% on average. This confirms the efficacy of the proposed
probability-driven gossip based on cross-node model exchange.
Besides, among the first four strategies, DPG has the closest
performance to Oracle. They have model accuracies with
around 4% difference. This is because that DPG relies on L-
hop neighbour list as range of communication, which may not
cover all similar clients, and thus degrade the model accuracy
to some extent.

C. Discussions

1) Communication behavior: In order to discover commu-
nication behaviors during decentralized federated learning, we
visualize the number of communications between clients in Fig.
3. Both x and y coordinates represent index of clients. As Fig.
3 (a) shows, ideally, clients only communicate with nodes in
the same class, e.g. Clients 0-24, 25-49, 50-74, and 75-99. As
depicted in Fig. 3 (b), the proposed DPG basically maintains
this trend, but also with a small number of communications
with clients from other classes. This is inevitable because it
needs to explore at the initial stage and build the similarity
information gradually. DAC has more communications between
different classes because it lacks of cross-node mechanisms
to figure out more similar nodes. Obviously, Random has no
patterns of communication (Fig. 3(d)).

Similar conclusion can be obtained from Fig. 4 with 2D-torus
topology. Here Random has regular patterns since 2D-torus
has particular connection features, making the communication
limited into certain set of nodes.

(a) DAC (b) DPG

Fig. 5. Communication cost with more unbalanced setting in Random topology.

2) Test with more unbalanced setting: To further test the
performance of DPG, we also conduct another group of eval-
uation, taking Random topology as an instance. We re-define
the four classes to have rotations of 0◦, 180◦, 350◦ and 10◦,
where classes with 0◦, 350◦ and 10◦ rotations are likely to have
similar features while images with 180◦ are quite different. The
number of clients related to four classes are set to be more
unbalanced, too, which are 70, 20, 5, and 5, respectively.

The communication behavior is shown in Fig. 5. It can be
seen that in DPG, more communications occur among Clients
0-69, and Clients 70-89. There are also significant amount of
communications between Clients 90-99 and Clients 0-69. This
is because images with rotation of 350◦ and 10◦ exhibit close
feature with those of 0◦, so DPG regards them as similar and
guides model exchange among them. As a result, DPG delivers
9.49% higher model accuracy when compared with DAC, as
listed in Table III. Fig. 6 compares the model accuracies of the
same node in DAC and DPG. DPG shows faster convergence
speed and stable accuracy increase during federated learning.



TABLE III
MODEL ACCURACIES WITH MORE UNBALANCED SETTING.

Random topology
Method 0◦ 180◦ 350◦ 10◦ Mean

DPG 76.83 70.70 73.71 73.04 73.57
DAC 74.12 51.78 71.83 71.06 67.19

Fig. 6. Model accuracy of DPG and DAC.

3) Tradeoff between model accuracy and communication
cost: We implement a strategy which only consider similarity
when choosing clients to communicate, noted as DPG-S in
Table IV. In DPG-S, when we use 2-hop neighbour list, the
average numbers of model communication with 1-hop and
2-hop neighbours are 0.47 and 2.53 per client per round,
respectively on average. This leads to an average communi-
cation cost of 5.53δ. In the same setting, the proposed DPG
delivers 26.76% reduction in communication costs. When 3-hop
neighbour list is applied, DPG achieves 9.53% communication
cost reduction when compared with DPG-S. Note that the cost
include all communications for broadcasting, model request,
and also model transfer. Among them, model transfer has
the most significant amount of data exchange, dominating the
communication cost. So we use cost for model transfer to
represent the communication cost, and it is proportional to hop
distance.

DPG-S achieves 74.33% of model accuracy on average under
tested cases with L=2 and 3. DPG delivers 73.96% on average,
which is only 0.5% lower than DPG-S. This confirms that the
proposed DPG is able to effectively trade off model accuracy
and communication cost.

TABLE IV
AVERAGE COMMUNICATION CONSUMPTION FOR EACH CLIENT IN EACH

ROUND.

L = 2
Method 1-hop 2-hop 3-hop Comm.cost Reduction

DPG-S 0.47 2.53 0 5.53δ –
DPG 0.49 1.78 0 4.05δ 26.76%

L = 3
DPG-S 0.43 1.64 0.93 6.50δ –
DPG 0.32 1.58 0.80 5.88δ 9.53%

V. CONCLUSION

In this paper, we propose a probability-driven gossip frame-
work for decentralized federated learning with partially con-
nected network topology. Unlike fully connected topology,
where clients can directly communicate with all other nodes, in
partially connected topology, similar nodes may be located far
away. So we propose a cross-node similarity assessment scheme
to enable looking for similar nodes beyond adjacent neighbours.
Besides, we define probability by simultaneously considering
similarity and communication cost, and use probability to
guide model exchange and aggregation, so that models of
similar clients can be aggregated with acceptable communi-
cation overhead. We conduct several groups of evaluations
to compare the proposed scheme with both traditional gossip
framework and state-of-the-art strategies. Results show that the
proposed probability-driven gossip can deliver 13.04%-14.24%
improvement in average model accuracy, when compared with
state-of-the-art work.
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