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 A B S T R A C T

Mainstream Federated Learning (FL) methods rely on a centralized architecture, which introduces security 
risks like single points of failure. Decentralized architectures mitigate these risks but struggle with storing 
and managing historical states due to the lack of a central server. This leads to information dispersion 
between iterations, making it difficult for clients to reach high-quality consensus, thus reducing convergence 
speed and model performance, especially in ring topologies. To address these challenges, we propose the 
FedCED framework for ring decentralized FL, enhancing cross-client consensus capabilities. Firstly, FedCED 
introduces an information retention approach to integrate diverse knowledge sources and mitigating iterative 
fragmentation. Secondly, FedCED injects noise to promote mutual learning among nodes, eliminating isolation 
and strengthening client consensus. Finally, FedCED implements a historical information capture mechanism to 
continuously reuse old knowledge, ensuring optimization continuity. Extensive experiments demonstrate that 
FedCED significantly outperforms existing methods in ring topologies, achieving up to a 4.11% improvement 
in test accuracy, thereby validating its effectiveness.
. Introduction

Deep learning’s success fundamentally relies on centralized access 
o large-scale datasets, yet real-world deployment faces two irreducible 
onstraints: inherently fragmented data ownership across institutions 
nd legally mandated privacy protections [1]. These dual barriers 
ender conventional data aggregation approaches both operationally 
mpractical and legally non-compliant. Federated learning (FL) has 
onsequently emerged as a paradigm-shifting framework that recon-
iles model performance with regulatory requirements, allowing de-
entralized entities to enhance artificial intelligence capabilities while 
reserving data sovereignty.
Based on the communication architecture, FL is mainly divided 

nto centralized and decentralized types. Current mainstream research 
redominantly adopts a centralized architecture (as shown in Fig. 
(a)). While this approach is highly effective, it is prone to single-
oint failures and other security risks, which can compromise the sys-
em’s robustness and scalability [2,3]. As a promising alternative, the 
ecentralized architecture eliminates the dependency on centralized 
omponents, thereby avoiding these issues.
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Decentralized FL primarily employs two types of topologies: fully 
connected (as shown in Fig.  1(b)) and ring structures (as shown in Fig. 
1(c)). The fully connected topology, with its high degree of intercon-
nectivity, accelerates the consensus of the model and facilitates faster 
convergence in non-independent and identically distributed (Non-IID) 
data environments. This structure also exhibits excellent fault toler-
ance, as the failure of individual or a few nodes typically does not 
impact the communication of the remaining network, ensuring stable 
learning. Conversely, the ring topology excels in security robustness. Its 
limited communication radius helps mitigate the spread of malicious 
models during data poisoning attacks, as malicious nodes can only di-
rectly affect their immediate neighbors. It would take several iterations 
for such an attack to potentially impact the entire network, providing 
a crucial window for detecting and countering the threat, thereby 
reducing the risk of widespread contamination. This paper focuses on 
the ring structure to explore pathways for achieving efficient and robust 
collaborative learning in privacy-sensitive and heterogeneous network 
environments.

Most existing methods use centralized designs and do not work well 
in decentralized settings. Decentralized FL eliminates the central server, 
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resulting in the absence of a unified node for storing and managing 
the global model state. This makes it difficult to continuously maintain 
critical information throughout the training process. This problem is 
especially pronounced in a ring topology: when different clients are 
randomly selected to participate in each training iteration, model up-
dates can only be transmitted hop-by-hop along the ring. As a result, it 
becomes challenging to effectively correlate and reuse model states and 
progress across different iterations. Clients cannot sustain cumulative 
learning, making it difficult to reach consensus on a unified model state. 
This ultimately hampers the model’s convergence speed and overall 
performance.

This paper introduces FedCED, a framework that tackles the model 
consensus challenge in ring-based decentralized FL caused by the ab-
sence of global state maintenance. It consists of three core mechanisms: 
firstly, FedCED introduces an information retention method that tra-
verses models in a ring topology and employs an end-to-end client-
adaptive mechanism. By preserving the training results of each node 
and preventing subsequent results from overwriting previous infor-
mation, this approach enhances the system’s ability to integrate data 
effectively. Secondly, FedCED incorporates a relay-enhanced model 
collaboration mechanism. During information retention, local models 
simultaneously learn from both private data and peer models from 
other nodes. By injecting noise, this method fosters model information 
interaction, reducing discrepancies among clients and promoting con-
sensus among dispersed nodes. Finally, FedCED equips each client with 
a dedicated capture mechanism. At the end of each iteration, it extracts 
historical information from the returned models. This information is 
continuously reused in subsequent iterations through a noise-tuning 
method, supporting ongoing model optimization and convergence.

To validate the effectiveness of FedCED, extensive experiments are 
conducted in a decentralized environment. Experimental results show 
that FedCED outperforms existing representative methods by up to 
4.11%, demonstrating its superior performance. The main contributions 
are summarized as follows:

• A information retention method is designed to integrate results 
from different clients within a single iteration. It ensures high-
quality communication through model traversal and end-to-end 
client adaptation.

• A relay-enhanced model collaboration method is implemented to 
eliminate isolation. By injecting noise and leveraging peer models 
to optimize the local model, this method effectively strengthens 
consensus among clients.

• A information capture-based method is proposed to ensure con-
tinuous optimization. It boosts learning efficiency by locally pre-
serving existing results and reusing historical information with 
synthetic data in later iterations.

The structure of this paper is arranged as follows. Section 2 re-
views prior work related to this study. Section 3 provides an expla-
nation of the preliminary work for FedCED. Section 4 introduces the 
proposed FedCED, including task description, objective function, and 
optimization algorithm. Section 5 displays experimental results on var-
ious image datasets, demonstrating that FedCED outperforms existing 
representative FL algorithms. Section 6 discusses the advantages and 
disadvantages of FedCED. Finally, Section 7 concludes this study.

2. Background and related work

This section reviews the background of this paper and the most 
relevant related work.
2 
Fig. 1. Centralized and decentralized federated learning.

Fig. 2. The workflow of the FedAvg.

2.1. Background

FL enables collaborative machine learning while preserving data 
sovereignty through decentralized computation. The FedAvg algorithm
[1] (visualized in Fig.  2) follows a four-phase process: (1) The central 
coordinator sends the global model to a subset of clients; (2) Clients 
perform local optimization using private datasets with multiple epochs; 
(3) Clients send incremental updates (parameters) back to the server; 
(4) The system aggregates updates through weighted averaging to form 
the next global model.

Building upon FedAvg, new approaches like FedProx [4], Fed-
Nova [5], FedDyn [24], FedGen [7], and FedFTG [8] have been pro-
posed. FedProx incorporated proximal regularization terms in client-
side optimization to restrict parameter divergence from the global refer-
ence. This mechanism hybridizes task-specific loss with model distance 
penalties in the objective function. FedNova introduces data volume 
awareness by quantifying client-specific data scale effects during train-
ing. During server-side aggregation, it implements adaptive aggregation 
coefficients proportional to local data quantities to optimize conver-
gence dynamics. FedDyn introduced a new optimization objective in 
client model training. It adjusts the clients’ objectives by adding linear 
and quadratic penalty terms, which help align the local and global 
models. FedGen used lightweight generation of pseudo-samples to fine-
tune the global model. Building on this, FedFTG achieved adversarial 
learning to further enhance the distillation effect.

2.2. Related work

The related work primarily focuses on a general overview of decen-
tralized FL, categorized based on the method of information transfer 
between nodes into FL methods based on knowledge distillation (KD) 
and those based on parameter transmission.

2.2.1. Decentralized FL based on parameter transmission
FedDgc [12] dynamically adjusts cache size to reduce redundant 

gradient exchanges under Non-IID data, maintaining model conver-
gence. It enhances training efficiency in asynchronous decentralized FL 
by introducing delay weighting and data volume balancing. DFLGM
[13] uses differential updates and a global momentum mechanism 
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Table 1
Comparison of various methods.
 FL methods KD Towards 

Non-IID
Centralized 
structure

Ring 
structure

Fully connected 
structure

Personalization Towards model 
heterogeneity

Noise 
fine-tuning

 

 Fedavg [1] 7 7 3 7 7 7 7 7  
 FedProx [4] 7 3 3 7 7 7 7 7  
 FedNova [5] 7 3 3 7 7 7 7 7  
 MOON [6] 7 3 3 7 7 7 7 7  
 FedGen [7] 3 3 3 7 7 7 7 3  
 FedFTG [8] 3 3 3 7 7 7 7 3  
 FedNKD [9] 3 3 3 7 7 7 7 3  
 TARGET [10] 3 3 3 7 7 7 7 3  
 MHD [11] 3 3 7 7 3 7 3 7  
 FedDgc [12] 7 3 7 7 7 7 7 7  
 DFLGM [13] 7 3 7 3 7 7 7 7  
 Reads [14] 7 3 7 7 3 7 3 7  
 RingSFL [15] 7 3 7 3 7 7 7 7  
 DFedHP [16] 7 3 7 7 3 3 3 7  
 DFLStar [17] 3 3 7 7 3 7 7 7  
 ProFe [18] 3 3 7 7 3 7 7 7  
 KD-PDFL [19] 3 3 7 7 3 3 3 7  
 Cached-DFL [20] 7 3 7 7 3 7 7 7  
 DRDFL [21] 7 3 7 3 7 3 7 7  
 FedDCM [2] 3 3 7 3 7 7 7 7  
 CaPriDe [22] 3 3 7 3 3 3 7 7  
 BRACE [23] 7 3 3 3 3 7 7 7  
 FedCED (proposed) 3 3 7 3 7 7 3 3  
to adaptively suppress channel noise, improving robustness. Reads 
facilitates personalized knowledge sharing among heterogeneous mod-
els through fine-grained layer similarity clustering and decentralized 
mutual learning. RingSFL [15] employs ring topology and an adaptive 
model splitting mechanism for efficient federated learning in hetero-
geneous client networks, enhancing privacy protection. DFedHP [16] 
dynamically generates shared parameters through a supernetwork for 
communication-efficient decentralized personalized FL. BRACE [23] 
achieves Byzantine-robust FL by utilizing 1-bit gradient quantization, 
consensus mechanisms, and ring aggregation. Cached-DFL [20] en-
hances the convergence efficiency of mobile DFL under sparse commu-
nication by using model caching relays and delay-tolerant aggregation. 
DRDFL [21] enables efficient FL with heterogeneous data by decou-
pling and collaboratively optimizing generalization and personalization 
modules within a ring topology.

2.2.2. Decentralized FL based on KD
FedDCM [2] introduced mutual knowledge distillation. The local 

privacy model effectively acquire knowledge from other clients by 
mutually learning from shared models. MHD [11] achieved decen-
tralized federated learning via multi-head distillation using multiple 
proxy clients as auxiliary heads. CaPriDe [22] proposed an encrypted 
KD method for decentralized FL that does not affect training accu-
racy. By encrypting the model’s predictions, the privacy protection 
capabilities of FL are further strengthened. DFLStar [17] uses self-
distillation to suppress local drift and incorporates an intelligent neigh-
bor selection mechanism to achieve communication-efficient decen-
tralized FL. ProFe [18] integrates KD, prototype learning, and quan-
tization techniques to enable communication-efficient decentralized 
FL. KD-PDFL [19] dynamically optimizes collaboration weights by 
assessing the similarity of client models, facilitating privacy-preserving 
personalized FL.

Existing research predominantly relies on centralized architectures. 
In complex data environments and diverse application scenarios, ex-
tensive experiments and rigorous theoretical developments have signif-
icantly advanced FL training methods. However, these methods typi-
cally depend on centralized structures, which face inherent limitations 
in decentralized environments — such as low-quality communication, 
client isolation, and the lack of unified storage — making it challenging 
to achieve cross-client consensus, particularly in ring decentralized 
architectures. In contrast to existing studies, this paper introduces the 
innovative FL framework FedCED, based on KD theory and built on a 
3 
more secure ring architecture. This framework enhances the consensus 
among client models while ensuring data sovereignty, thereby optimiz-
ing prediction accuracy. Table  1 clearly highlights the differences and 
unique aspects of this study compared to previous research.

3. Preliminaries

In this section, the relevant preliminaries will be introduced, includ-
ing federated learning and knowledge distillation.

3.1. Federated learning

3.1.1. Notion
In this work, assume there are 𝑁 clients, denoted as 𝐶1, 𝐶2,… , 𝐶𝑁 . 

The dataset 𝐷𝑘 = {(𝑥𝑘𝑖 , 𝑦
𝑘
𝑖 )}

𝑁𝑘
𝑖=1 is stored separately in 𝐶𝑘. 𝑝𝑘(𝑥, 𝑦) and 

|𝐷𝑘| represent the data distribution and size of 𝐷𝑘, respectively.

3.1.2. Problem statement
Generally speaking, federated learning optimizes the following ob-

jective over 𝐷𝐺
𝛥
= ∪𝑖∈[𝑁]𝐷𝑖: 

argmin
𝜔

𝑁
∑

𝑘=1
𝑤𝑘

𝑁𝑘
∑

𝑖=1
(𝑥𝑘𝑖 , 𝑦

𝑘
𝑖 , 𝜔), (1)

where 𝜔 represents the model in machine learning,  is the loss 
function that measures training error, and 𝑤𝑘 is calculated as follows: 

𝑤𝑘 = |𝐷𝑘|∕|𝐷𝐺|. (2)

To prevent privacy leakage, the datasets of clients are not allowed 
to be exchanged.

3.1.3. Non-IID setting
In FL, client datasets often exhibit Non-IID patterns, where discrep-

ancies in joint probability distributions 𝑝𝑚(𝑥, 𝑦) and 𝑝𝑛(𝑥, 𝑦) arise. These 
can be expressed as 𝑝𝑚(𝑥|𝑦)𝑝𝑚(𝑦) or 𝑝𝑚(𝑦|𝑥)𝑝𝑚(𝑥), categorizing them 
into different Non-IID types. Label distribution disparity, where client-
specific label distributions 𝑝𝑚(𝑦) vary while class-conditional feature 
distributions 𝑝𝑚(𝑥|𝑦) remain constant, is the most prominent challenge. 
For example, in autonomous driving, some institutions may focus on 
specific road conditions and therefore have more related data.
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Table 2
The definition of notations.
 𝑁 Number of clients  
 𝑀 Number of nodes  
 𝐶𝑖 The 𝑖th client  
 𝑁𝑖 The 𝑖th node  
 𝜔𝑖 The model stored in 𝑁𝑖  
 𝜔𝑖,𝑗 The new model obtained by training 𝜔𝑖 in 𝑁𝑗  
 𝜔𝑔 A capturer  
 𝜔𝑠 Student model in fine-tuning  
 𝐷𝑖 The private dataset stored in 𝑁𝑖  
 𝐷 All samples participating in this FL iteration.  
 𝑤𝑖 The proportion of |𝐷𝑖| in |𝐷|  
 𝑃𝑖 The set of models initialized in 𝑁𝑖  
 𝐶𝐸 (⋅) Cross-entropy function  
 𝑡 Client participation iterations  
 𝜖 Random data that follow a normal distribution 
 𝑝𝑛(𝑦) Distribution of noise data labels  
 𝐾𝐿(⋅) KL divergence entropy function  
 (⋅) Softmax function  
 exp(⋅) Exponential function  

3.2. Knowledge distillation

Deep neural networks typically employ high-parameter architec-
tures to process raw input patterns, necessitating significant computa-
tional overhead and substantial memory footprint. This inherent struc-
tural characteristic creates deployment barriers for edge computing 
scenarios with hardware limitations. Structural optimization strategies 
like model compression address this challenge through parameter-space 
reduction. Among model compression methodologies, KD has emerged 
as a predominant technique.

In KD, the student model 𝜔𝑆 adopts a streamlined architectural 
configuration with reduced parametric dimensionality, whereas the 
teacher network 𝜔𝑇  demonstrates sophisticated structural complexity 
with enhanced parametric capacity. Knowledge transfer occurs as 𝜔𝑆
learns from 𝜔𝑇 ’s feature activations and output distributions within 
a shared input space 𝐷ℎ, aided by dynamic parameter synchroniza-
tion [2]. Typically, 𝜔𝑇 ’s probabilistic guidance serves as supervisory 
signals, where soft probability distributions replace categorical labels 
during 𝜔𝑆 ’s optimization. Kullback–Leibler (KL) divergence is used to 
quantify predictive alignment between the two networks. 
𝐾𝐷 = 𝐾𝐿((𝜔𝑆 (𝐷ℎ)) ∥ (𝜔𝑇 (𝐷ℎ))), (3)

where (⋅) represents the softmax function, and the calculation of 
𝐾𝐿(⋅) is as follows: 
𝐾𝐿(𝑃 ∥ 𝑄) =

∑

𝑖
𝑃𝑖 ⋅ log(𝑃𝑖∕𝑄𝑖), (4)

where 𝑃  and 𝑄 represent two different probability distributions.
By learning from soft labels, the simple student model can acquire 

strong generalization capabilities based on the complex teacher model. 
However, the inherent representational gap between teacher–student 
architectures in KD can lead to inferential degradation, as student 
networks struggle to fully assimilate the teacher’s knowledge.

4. Methodology

This section introduces FedCED, the proposed FL method designed 
to address the limitations of the ring architecture with targeted solu-
tions. In each iteration, FedCED randomly selects a group of clients as 
ring nodes, where each node shares its model with adjacent nodes ac-
cording to the topology to ensure efficient communication. To enhance 
model performance, local models are augmented using data from relay 
nodes, and consensus with peer models is strengthened by injecting 
noise, thereby mitigating client discrepancies. After knowledge trans-
fer, local nodes use a capture mechanism to extract knowledge from the 
returned models and store it locally, enabling continuous optimization 
4 
across iterations. The notions covered in this section are shown in Table 
2. The corresponding algorithms are summarized in Algorithms 1, 2, 
and 3 (see Fig.  3).

Algorithm 1: Information Retention
Input: 

𝑴 : Number of nodes;{𝑵𝒊}𝒊∈{𝟎,...,𝑴−𝟏}: Nodes in a 
decentralized structure; {𝝎𝒊}𝒊∈{𝟎,...,𝑴−𝟏}; {𝑫𝒊}𝒊∈{𝟎,...,𝑴−𝟏};
Output: 

{𝑷𝒊}𝒊∈{𝟎,...,𝑴−𝟏}: The returned sets of models;
for i from 0 to 𝑀 − 1 do

𝑃𝑖 ← ∅ ;
𝑃𝑖 ← 𝑃𝑖 + {𝜔𝑖} ;

for i from 0 to 𝑀 − 1 do
for j from 0 to 𝑀 − 1 do

if 𝑖 ≠ 0 then
𝑁𝑗 receives 𝑃  from 𝑁(𝑗−1+𝑀)%𝑀 ;
𝜔 ← 𝑃 {0};
Train 𝜔 using 𝐷𝑗 to obtain 𝜔′. The training method 
follows Algorithm 2;

𝑃 ← 𝑃 + {𝜔};
if 𝑖 ≠ 𝑀 − 1 then

𝑁𝑗 sends 𝑃  to 𝑁(𝑗+1)%𝑀 ;

return {𝑃𝑖}𝑖∈{0,...,𝑀−1}

Algorithm 2: Relay-Enhanced Model Collaboration
Input: 
𝑬𝒕: Number of local training epochs;
𝑷 : The model set received;
𝑵𝒋 : A relay node in decentralized FL;
𝑫𝒋 : The private dataset on 𝑁𝑗 ;
𝝎𝒋 : A model stored on 𝑁𝑗 . 𝜼; 𝒕; 𝝀𝑴 ;
Output: 

𝑷 : The model set;
𝜔 ← 𝑃 {0};
for e from 1 to 𝐸𝑡 do

(𝑋, 𝑦, 𝑝𝑛(𝑦)) ← 𝜔𝑔(𝜖 ∼  (0, 1));
for {𝑋𝐷, 𝑦𝐷} from 𝐷𝑗 do

𝑀 ← 𝐾𝐿((𝜔(𝑋)||(𝜔𝑗 (𝑋));
𝜇 ← 𝜆𝑀 × 𝑡;
 ← 𝐶𝐸 (𝜔𝑖(𝑋𝐷)), 𝑦𝐷) + 𝜇 × 𝑀 ;
𝜔′ ← 𝜔 − 𝜂 ×▽;

𝑃 ← 𝑃 + {𝜔′};
return 𝑃

4.1. Information retention method

In [25], two ring-structured FL paradigms are summarized: the 
continuous paradigm and the aggregation paradigm. In the continuous 
paradigm, clients directly learn from the predecessor model, while in 
the aggregation paradigm, multiple models are aggregated before train-
ing. Both paradigms can lead to subsequent information overwriting 
previous results, thereby weakening global consensus. To address this 
issue, FedCED is designed with information retention.

At the beginning of the FL, the system randomly selects 𝑀 clients as 
nodes in a decentralized structure, represented as 𝑁0, 𝑁1, 𝑁2,… , 𝑁𝑀−1. 
The nodes are arranged in a ring topology, where, for instance, 𝑁0 is 
connected to both 𝑁1 and 𝑁𝑀−1, and 𝑁1 is connected to 𝑁2 and 𝑁0. 
At the same time, 𝑁𝑖 stores the local model 𝜔𝑖 and the private dataset 
𝐷𝑖.

For a given node 𝑁𝑖, once model transfer begins, it generates an 
empty set, denoted as: 
𝑃 ← ∅, (5)
𝑖
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Fig. 3. The overall architecture of FedCED.
Algorithm 3: Historical Information Capturing
Input: 

𝑬𝒈: The number of epochs for noise generator updating; 
𝑬𝑲𝑫 : The number of epochs for noise fine-tuning; 
{𝝎𝒊,𝒋}𝒋∈{𝟎,...,𝑴−𝟏}: The model set returned to node 𝑁𝑖; 
{|𝑫𝒊|}𝒊∈{𝟎,...,𝑴−𝟏}: Amount of samples of each node; 𝑴 ; 𝝎𝒈; |𝑫|; 
𝜼; 𝝀𝒅 ;
Output: 

𝝎𝒈, 𝝎𝒊: The noise generator and the local model;
𝑟𝑒𝑎𝑙 ← 0;
for e from 1 to 𝐸𝑔 do

(𝑋, 𝑦, 𝑝𝑛(𝑦)) ← 𝜔𝑔(𝜖 ∼  (0, 1));
for j from 0 to 𝑀 − 1 do

𝑤𝑗 ← |𝐷𝑗 |∕|𝐷|;
𝑟𝑒𝑎𝑙 ← 𝑟𝑒𝑎𝑙 +𝑤𝑗 × 𝐶𝐸 (𝜔𝑖,𝑗 (𝑋), 𝑦);

𝑑 ← exp

(

− 1
|𝜖|

∑𝑖≠𝑗
𝑖,𝑗∈{1,2,…,|𝜖|}(||𝜔𝑔(𝜖𝑖) − 𝜔𝑔(𝜖𝑗 ))||2

)

;

 ← 𝑟𝑒𝑎𝑙 + 𝜆𝑑 × 𝑑 ;
𝜔𝑔 ← 𝜔𝑔 − 𝜂 × ∇ ;

return 𝜔𝑔

and adds 𝜔𝑖 to the set: 
𝑃𝑖 = 𝑃𝑖 + {𝜔𝑖}. (6)

After completing the above operations, 𝑃𝑖 is passed to the adjacent 
node 𝑁(𝑖+1)%𝑀 . On 𝑁(𝑖+1)%𝑀 , 𝜔𝑖 is obtained from 𝑃𝑖, and it is used to 
train 𝐷(𝑖+1)%𝑀 , resulting in 𝜔𝑖,(𝑖+1)%𝑀 . Then, 𝜔𝑖,(𝑖+1)%𝑀  is also added to 
the set 𝑃𝑖: 
𝑃𝑖 = 𝑃𝑖 + {𝜔𝑖,(𝑖+1)%𝑀}. (7)

Next, 𝑁(𝑖+1)%𝑀  passes 𝑃𝑖 to 𝑁(𝑖+2)%𝑀 , and uses 𝜔𝑖 to train the private 
dataset 𝐷(𝑖+2)%𝑀 , resulting in 𝜔𝑖,(𝑖+2)%𝑀 . After the training is completed, 
𝜔𝑖,(𝑖+2)%𝑀  is added to 𝑃𝑖 using the method in Eq. (7). It is worth noting 
that at each relay node, every newly generated model is derived from 
𝜔𝑖.

The above process is repeated continuously until 𝑃𝑖 returns to 𝑁𝑖
from 𝑁(𝑖−1+𝑀)%𝑀 . Finally, at 𝑁𝑖, 𝜔𝑖 is used to train the local dataset 
𝐷𝑖, resulting in 𝜔𝑖,𝑖.

After the model transfer is complete, 𝑁𝑖 will obtain the model 
set{𝜔𝑖,𝑗}𝑗∈{0,…,𝑀−1}. During the iteration process, each node simulta-
neously performs the same operations as 𝑁𝑖, ultimately obtaining a 
model set. The final model parameters can be obtained by performing 
a weighted average of the model set.
5 
4.2. Relay-enhanced model collaboration method

In Section 4.1, the local model 𝜔𝑖 is transmitted via 𝑃𝑖 to the relay 
node 𝑁𝑗 for training on its private dataset 𝐷𝑗 . This provides an oppor-
tunity for 𝜔𝑖 and the relay node model 𝜔𝑗 to ‘‘communicate’’. Common 
methods, such as contrastive learning, utilize supervised training to 
bring 𝜔𝑖 closer to 𝜔𝑗 . However, since the performance of 𝜔𝑗 on the 
overall dataset is unmeasurable, it cannot be assumed that 𝜔𝑗 performs 
better than 𝜔𝑖. If 𝜔𝑗 performs worse than 𝜔𝑖, using this approach may 
lead to a decline in accuracy, thereby affecting the performance of FL.

Another common method for extracting information from models is 
KD. To enhance the effectiveness of transfer, FedCED uses a data-free 
knowledge distillation (DFKD) approach. Specifically, FedCED deploys 
an information capturer for each client, generating noise in 𝑁𝑗 to 
extract information from 𝜔𝑗 , thereby enhancing the performance of 𝜔𝑖. 
At the end of each iteration, the generator extracts historical data from 
the returned models.

First, 𝑁𝑗 generates a random dataset 𝜖 following a standard normal 
distribution: 
𝜖 ∼  (0, 1). (8)

Next, 𝜖 is input into the capturer to produce noise: 
𝑋 = 𝜔𝑔(𝜖, 𝑦), (9)

where 𝑋 represents the noise data, 𝑦 represents the category labels of 
the noise data, and 𝜔𝑔 represents the capturer.

In KD, the noise data (𝑋, 𝑦) generated by the relay node’s capturer 
can serve as a shared dataset 𝐷ℎ. To facilitate this process, FedCED 
designs the 𝑀  function to extract information from 𝜔𝑗 , which is 
computed as follows: 
𝑀 = 𝐾𝐿(𝜔𝑖(𝑋)) ∥ (𝜔𝑗 (𝑋)), (10)

where 𝐾𝐿(⋅) is computed as shown in Eq. (4), and (⋅) denotes the 
softmax function.

Additionally, 𝜔𝑖 must be enhanced using 𝐷𝑗 , so its overall optimiza-
tion objective is defined as follows: 

min
𝜔𝑖

E 𝑦𝐷∼𝐷𝑗
𝑦∼𝑝𝑛 (𝑦)

[

𝐶𝐸 (𝜔𝑖(𝑋𝐷), 𝑦𝐷) + 𝜇 × M
]

, (11)

where 𝑋𝐷 represents the samples drawn from 𝐷𝑗 , 𝑦𝐷 are the category 
labels of 𝑋𝐷, and 𝜇 denotes the weight of 𝑀 . 𝐶𝐸 is the cross-entropy 
loss, which is calculated as follows: 
𝐶𝐸 (𝑃 ,𝑄) = −

∑

𝑖
𝑃𝑖 ⋅ 𝑙𝑜𝑔(𝑄𝑖), (12)

where 𝑃  and 𝑄 represent two probability distributions.
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Moreover, because it is uncertain whether 𝜔𝑖 or 𝜔𝑗 performs better, 
directly applying KD could potentially degrade the performance of 𝜔𝑖. 
To address this issue, FedCED employs a direct approach: it evaluates 
the number of times each client participates in FL and adjusts the 
model learning degree accordingly. Specifically, the number of times 
𝑁𝑗 participates in FL (𝑡) influences the weight 𝜇 of 𝑀 , thereby 
controlling the extent of distillation: 
𝜇 = 𝜆𝑀 × 𝑡, (13)

where 𝜆𝑀  is a constant.
By adjusting the weight of 𝑀 , the degree to which 𝜔𝑖 learns from 

𝜔𝑗 can be controlled. This approach helps mitigate the negative impact 
of less efficient models and enhances the overall training effectiveness.

Finally, use Eq. (11) to update 𝜔𝑖 and obtain the new model, which 
is then incorporated into 𝑃𝑖. When a new node joins, the aforemen-
tioned steps are repeated.

4.3. Historical information capturing mechanism

At the end of each iteration, captures on each client extract in-
formation from all participating clients and store it locally. In future 
iterations, the noise produced by these captures will be used to enhance 
the effect of relay model augmentation.

Due to the privacy protection mechanisms inherent in FL, captures 
cannot access the private datasets of individual clients to acquire infor-
mation. Therefore, after the information transfer is complete, utilizing 
the set of returned models to acquire information becomes a feasible 
solution.

Specifically, node 𝑁𝑖 leverages the set of returned models
{𝜔𝑖,𝑗}𝑗∈{0,…,𝑀−1} to acquire information. To better retain the historical 
information, it is necessary to make the noise distribution closer to the 
real data distribution. For this purpose, the 𝑟𝑒𝑎𝑙 function is designed 
as follows: 

𝑟𝑒𝑎𝑙 =
𝑀−1
∑

𝑗=0
𝑤𝑗 × 𝑗

𝑟𝑒𝑎𝑙 , (14)

where 𝑗
𝑟𝑒𝑎𝑙 represents the loss of 𝑋 on 𝜔𝑖,𝑗 , which is calculated as 

follows: 
𝑗
𝑟𝑒𝑎𝑙 = 𝐶𝐸 ((𝜔𝑖,𝑗 (𝑋)), 𝑦), (15)

where (⋅) is the softmax likelihood function.
Typically, the Non-IID nature of FL data can lead to performance 

divergence in models trained by different clients. To better adapt the 
capture to the input space of different client models, FedCED introduces 
a weighting factor 𝑤𝑖 to reflect the importance of each client in the loss 
calculation. The weight 𝑤𝑖 quantifies the proportion of |𝐷𝑖| relative to 
|𝐷|, allowing clients with richer data to dominate 𝑟𝑒𝑎𝑙. This weighting 
strategy effectively integrates results from different clients, helping the 
generator produce noise that is closer to the real data distribution.

Additionally, to enhance the fidelity of the noise to the original data 
distribution across various categories, it is necessary to expand the class 
diversity within 𝑋. For this purpose, the 𝑑 function is designed as 
follows: 

𝑑 = exp

(

− 1
|𝜖|2

𝑖≠𝑗
∑

𝑖,𝑗∈|𝜖|
||𝜔𝑔(𝜖𝑖) − 𝜔𝑔(𝜖𝑗 )||2

)

, (16)

where 𝜖𝑖 is a vector in 𝜖, exp(⋅) denotes the exponential function, and 
‖⋅‖2 represents the Euclidean norm.

Finally, the overall optimization objective for the capture is as 
follows: 
min
𝜔𝑔

E 𝜖∼ (0,1)
𝑦∼𝑝𝑛 (𝑦)

[

𝑟𝑒𝑎𝑙 + 𝜆𝑑 × 𝑑
]

, (17)

where 𝑝𝑛(𝑦) represents the distribution of labels for the noise and 𝜆𝑑 is 
a constant.

As training progresses, the information captured by the clients con-
tinues to grow, thereby further enhancing the effect of relay knowledge 
augmentation in subsequent training iterations.
6 
4.4. Communication overhead modeling

This subsection models the communication overhead incurred by a 
single node over the entire training process. For simplicity, we assume 
that all clients share the same model architecture.

As established in Section 4.1, for 𝑃𝑖, each additional relay hop incurs 
an extra 𝜔𝑖: 

Comm𝑃𝑖 = (1 + 2 +⋯ + 𝑚) × |𝜔| =
𝑚 × (𝑚 − 1)

2
|𝜔|. (18)

From Eq. (18), the per-iteration communication overhead is: 

CommIter =
𝑚−1
∑

𝑖=0
Comm𝑃𝑖 =

𝑚2 × (𝑚 − 1)
2

|𝜔|. (19)

Therefore, over the entire training horizon, FedCED’s total commu-
nication overhead is: 

CommFedCED =
𝑇
∑

𝑖=1
CommIter =

𝑇 × 𝑚2 × (𝑚 − 1)
2

|𝜔|. (20)

[25] categorizes existing decentralized FL methods into two main 
paradigms: the continual paradigm and the aggregation paradigm. In 
the continual paradigm, clients directly receive models from predeces-
sor nodes and perform local learning. In the aggregation paradigm, 
clients first aggregate model parameters from multiple nodes before 
proceeding with training. Therefore, the communication costs for these 
two paradigms in a single iteration are as follows: 

CommContinual_Iter = 𝑚2 × |𝜔|, (21)

CommAggregate_Iter =
𝑚2 × (𝑚 − 1)

2
|𝜔|. (22)

Thus, the communication costs for the continual paradigm and the 
aggregation paradigm are as follows:

CommContinual =
𝑇
∑

𝑖=1
CommContinual_Iter

= 𝑇 × 𝑚2 × |𝜔|, (23)

CommAggregate =
𝑇
∑

𝑖=1
CommAggregate_Iter

=
𝑇 × 𝑚2 × (𝑚 − 1)

2
|𝜔|. (24)

By comparing the three, we can observe the following relationship: 

CommFedCED = CommAggregate > CommContinual. (25)

Therefore, we can conclude that FedCED’s communication cost is 
similar to that of the aggregation paradigm and greater than that of 
the continual paradigm.

5. Experiments

In this section, the effectiveness of FedCED is validated through 
experiments. Firstly, in Section 5.1, all implementation details are 
summarized. Secondly, in Section 5.2, FedCED is compared with several 
baseline algorithms under a decentralized structure; in Section 5.3, 
the performance of all FL methods is tested under different hyper-
parameters; and in Section 5.4, other metrics relevant to this study 
are evaluated. Thirdly, Section 5.5 employs ablation analysis to con-
firm FedCED’s essential components. Finally, Section 5.6 demonstrates 
practical FL efficacy through tri-dataset benchmarking. Due to space 
constraints, certain experiments have been moved to the supplementary 
material, available online.
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Table 3
Experimental platform.
 Configuration Value  
 Graphics processor units NVIDIA Tesla T4 × 4  
 GPU memory 16 GB × 4  
 Operating system Ubuntu 18.04.2 LTS (64-bit) 
 Deep learning framework Pytorch 1.13.1  
 CUDA version 11.6  

Table 4
Architecture of the capture module.
 𝑧 ∈ R𝑑 ∼  (0, 1)  
 𝑚 = Map(𝑦) ∈ R𝑀 , 𝑦 ∈ {1,… ,𝑀}  
 FC(𝑧) → 4096  
 FC(𝑚) → 4096  
 Concat → 8192  
 Reshape, BN→ 128 × 8 × 8  
 Conv2D, BN, LeakyReLU→ 128 × 8 × 8  
 Upsampling → 128 × 16 × 16  
 Conv2D, BN, LeakyReLU→ 64 × 16 × 16 
 Upsampling → 64 × 32 × 32  
 Conv2D, Tanh→ 3 × 32 × 32  

5.1. Implementation details

5.1.1. Baselines
To ensure a fair comparison, the experiments are conducted in 

a decentralized environment, comparing FedCED with FedAvg [1], 
FedProx [4], FedNKD [9], FedFTG [8], FedDCM [2], CaPriDe [22], and 
BRACE [23]. Among these methods, FedAvg, FedProx, and BRACE are 
based on parameter transmission, while FedNKD, FedFTG, FedDCM, 
and CaPriDe are based on KD. FedAvg, FedProx, FedNKD, and FedFTG 
are originally designed for centralized architectures and are referred to 
as De-FedAvg, De-FedProx, De-FedNKD, and De-FedFTG, respectively, 
in this context. On the other hand, FedDCM, CaPriDe, and BRACE are 
designed specifically for decentralized architectures.

5.1.2. Experimental platform
The configuration of the experimental platform is shown in Table 

3. The experimental platform consists of four NVIDIA Tesla T4 GPUs, 
each equipped with 16 GB of memory, running the Ubuntu 18.04.2 
LTS (64-bit) operating system, with the Pytorch 1.13.1 deep learning 
framework, and CUDA version 11.6.

5.1.3. Datasets
The experiments selected the common datasets: CIFAR10 [26], 

MNIST [27], and Fashion-MNIST [28].
Aligned with [8,24], Dir(𝛽) is employed to generate Non-IID client 

data distributions, where lower 𝛽 values intensify class imbalance 
gradients.

In addition, real-world FL settings inherently exhibit imbalanced 
client data quantities. To simulate this, the experiment uses a log-
normal distribution to emulate the differences in data amount across 
clients. The parameter 𝛼 controls the variability in client data sizes; 
when 𝛼 is small, the difference in data amount among clients is smaller, 
while a larger 𝛼 results in greater disparity.

5.1.4. Network architecture
The experiments use the most common machine learning model: 

ResNet-18 [29]. Meanwhile, the capture module in FedCED adopts 
DFAD [30], and its architecture is shown in Table  4.
7 
5.1.5. Hyperparameters
For all FL methods, the following hyperparameters are included in 

the experiment: the local training epochs 𝐸, the number of FL iterations 
𝐼 , the number of clients 𝑁 , the proportion of active clients 𝐶, the 
data heterogeneity score 𝛽, the client data amount score 𝛼, the client 
model initial learning rate 𝐿𝐶 , the capturer initial learning rate 𝐿𝐺, 
the learning rate decay factor per iteration 𝜂, the weight decay 𝑤𝑑, 
the batch size 𝐵, 𝜆𝑀 , and 𝜆𝑑 . By default, these parameters are set as 
follows: 𝐸 = 5, 𝐼 = 100, 𝑁 = 30, 𝐶 = 0.4, 𝛽 = 0.3, 𝛼 = 0.3, 𝐿𝐶 = 0.1, 
𝐿𝐺 = 0.01, 𝜂 = 0.99, 𝑤𝑑 = 0.001, 𝜆𝑀 = 0.025, and 𝜆𝑑 = 1.0. Meanwhile, 
for CIFAR10, 𝐵 = 100; for MNIST, 𝐵 = 64; and for Fashion-MNIST, 
𝐵 = 200.

5.2. Performance comparison

5.2.1. Convergence accuracy
Table  5 displays the test accuracy of all methods on the CIFAR10, 

MNIST, and Fashion-MNIST datasets. The experimental settings are 
(𝑁 = 10, 𝐶 = 0.6), (𝑁 = 20, 𝐶 = 0.5), and (𝑁 = 30, 𝐶 = 0.4). All 
experiments were repeated three times, and the results represent the av-
erage accuracy across all clients. At the same time, the best-performing 
experimental results under the same conditions are highlighted in 
bold. Additionally, centralized training was performed under the same 
conditions, and the corresponding test results are reported. The re-
sults demonstrate that FedCED outperforms existing FL methods in the 
decentralized environment across all settings. On CIFAR10, accuracy 
improves by 2.34% to 4.11%; on MNIST, the improvement ranges from 
2.03% to 2.25%; and on Fashion-MNIST, the improvement ranges from 
2.01% to 2.85%.

Compared to other methods, FedCED shows a significant improve-
ment in accuracy, primarily due to its effective enhancement of client 
consensus in ring structures. Moreover, with the exception of Fed-
DCM, other KD-based FL methods also outperform De-FedAvg and De-
FedProx in terms of performance. This indicates that in environments 
with high data heterogeneity, simple parameter averaging methods can 
easily lead to a decline in system performance. Additionally, it is ob-
served that in certain cases, De-FedFTG can outperform CaPriDe. This is 
because CaPriDe uses local private datasets from clients as shared data 
in KD, but in highly heterogeneous environments, these local private 
datasets fail to effectively reflect the global knowledge distribution. 
Meanwhile, although the BRACE method improves consensus among 
nodes, its 1-bit design significantly compromises accuracy.

5.2.2. Convergence efficiency
To evaluate the convergence efficiency of each method, Fig.  4 

illustrates the learning curves of all FL methods over 100 iterations. 
Additionally, we report the number of iterations required for each 
FL method to reach specific target test accuracies (30% and 50% for 
CIFAR10; 70% and 90% for MNIST; 55% and 75% for Fashion-MNIST). 
Since FedDCM and BRACE failed to achieve some of the targets, its 
results are not included. Furthermore, using the number of iterations 
required by De-FedAvg to reach the target accuracy as a baseline, we 
calculate the speedup ratio for each FL method. As shown in Table  6, 
the method that achieves the target accuracy the fastest, along with its 
corresponding iteration count and speedup ratio, is highlighted in bold.

Combining the insights from Fig.  4 and Table  6, we observe that 
FedCED experiences a slower accuracy growth in the early stages 
of training, allowing other methods to initially surpass it. However, 
FedCED’s accuracy growth subsequently accelerates significantly, even-
tually surpassing all other methods by a substantial margin. Although 
De-FedAvg, De-FedNKD, and De-FedFTG reach the target accuracies 
with fewer iterations in the early stages, their final test accuracies 
remain lower than FedCED’s. This phenomenon occurs because FedCED 
can access more private data from clients, whereas De-FedAvg, De-
FedProx, De-FedNKD, and De-FedFTG are limited to accessing data 
from adjacent nodes due to technical constraints. In the early stages, 
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Table 5
Test accuracy (%) of different FL methods on CIFAR10, MNIST and Fashion-MNIST (𝛽 = 0.3).
 Centralized training CIFAR10 MNIST Fashion-MNIST

 85.51 99.56 92.12

 𝑁 = 10 𝑁 = 20 𝑁 = 30 𝑁 = 10 𝑁 = 20 𝑁 = 30 𝑁 = 10 𝑁 = 20 𝑁 = 30 
 𝐶 = 0.6 𝐶 = 0.5 𝐶 = 0.4 𝐶 = 0.6 𝐶 = 0.5 𝐶 = 0.4 𝐶 = 0.6 𝐶 = 0.5 𝐶 = 0.4 
 De-FedAvg 56.48 54.31 51.30 94.71 94.54 94.21 78.53 77.64 77.48  
 De-FedProx 57.21 55.27 52.61 94.78 94.68 94.29 80.41 78.98 77.32  
 De-FedNKD 59.71 57.11 53.90 95.18 95.01 94.96 83.77 81.40 79.39  
 De-FedFTG 60.55 58.29 55.22 94.91 94.57 94.11 80.71 79.15 78.82  
 FedDCM 36.91 36.25 32.83 80.71 79.76 78.41 59.75 57.79 55.75  
 CaPriDe 60.26 57.63 54.75 97.01 96.57 96.14 83.92 82.67 80.46  
 BRACE 56.22 54.99 49.83 95.46 95.28 95.11 81.25 80.26 79.11  
 FedCED 64.66 61.64 57.56 99.04 98.61 98.39 86.41 84.68 83.31  
Fig. 4. Learning curves for (a) CIFAR10, (b) MNIST, and (c) Fashion-MNIST over 100 iterations (𝛽 = 0.3).
Table 6
Evaluate the convergence speed of different FL methods on CIFAR10, MNIST, and Fashion-MNIST (𝑁 = 30, 𝐶 = 0.4, 𝛽 = 0.3), using 
the number of iterations to first reach the target test accuracy as the reference metric. At the same time, the speedup of each 
method is calculated based on De-FedAvg.
 Method CIFAR10 MNIST Fashion-MNIST

 30% 50% 70% 90% 55% 75%

 Iter. Speed Iter. Speed Iter. Speed Iter. Speed Iter. Speed Iter. Speed 
 De-FedAvg 11 1× 77 1× 4 1× 13 1× 5.67 1× 41.67 1×  
 De-FedProx 8.67 1.27× 69 1.12× 4.67 0.86× 18.33 0.71× 5.67 1× 41 1.02× 
 De-FedNKD 7.67 1.43× 57 1.35× 5 0.8× 17.33 0.75× 5 1.13× 22.33 1.87× 
 De-FedFTG 7.33 1.50× 52.33 1.47× 5.33 0.75× 20.67 0.63× 5.33 1.06× 22.67 1.84× 
 FedDCM 7.67 1.43× – – 6 0.67× – – 7 0.81× – –  
 Capride 9.67 1.14× 61 1.26× 15.67 0.26× 37.67 0.35× 13.67 0.41× 58.33 0.71× 
 BRACE 42 0.26× – – 15.33 0.26× 32 0.41× 14.67 0.39× 42 0.99× 
 FedCED 8.67 1.27× 41.67 1.85× 7 0.57× 12 1.09× 5.67 1× 18.67 2.23× 
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hese methods achieve rapid accuracy improvements due to the smaller 
raining sample size; however, in the later stages, their performance 
ains are constrained by the sample size limitations.
Simultaneously, we analyzed the training stability of all methods. 

s illustrated in Fig.  4, FedCED exhibits the most stable learning curve 
ompared to the other methods. The learning curves of De-FedAvg, 
e-FedProx, De-FedNKD, and De-FedFTG show significant fluctuations, 
ith even oscillatory declines observed on the MNIST dataset. Although 
edDCM maintains a relatively stable learning curve, its overall perfor-
ance is lacking. BRACE experiences severe oscillations on CIFAR10, 
lthough it remains relatively stable on MNIST and Fashion-MNIST. 
aPriDe demonstrates the lowest stability in its learning curve. The 
nderlying reason for this phenomenon is that FedCED effectively inte-
rates the information from all clients participating in the FL process, 
hereas De-FedAvg, De-FedProx, De-FedNKD, and De-FedFTG tend to 
ather information from neighboring nodes. As training progresses, 
he continuous changes in neighboring nodes lead to instability in 
e

8 
he training process. Similarly, CaPriDe, which utilizes local private 
atasets for knowledge distillation, also experiences fluctuations in its 
earning curve.

.3. The impact of hyperparameters

.3.1. Data heterogeneity
Fig.  5(a) illustrates the accuracy under different 𝛽 configurations. 

edCED consistently outperforms all benchmark methods, underscor-
ng its robustness across various scenarios. The figure shows that the 
ccuracy of all methods improves as data heterogeneity decreases 
i.e., as 𝛽 increases). Additionally, when data heterogeneity is low, the 
erformance differences among the methods become negligible. This 
s because reduced data heterogeneity minimizes client drift, resulting 
n a more stable convergence trajectory for the models, which in turn 
nhances overall accuracy.
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Fig. 5. The impact of hyperparameter. Test accuracy w.r.t. (a) data heterogeneity, (b) proportion of active clients, (c) client data amount, (d) local training 
epochs, (e) number of clients, and (f) number of iterations.
5.3.2. Proportion of active clients
Fig.  5(b) compares FL method accuracy across active client pro-

portions (𝐶). FedCED also achieves the best performance in this plot. 
In Fig.  5(b), for all FL methods, accuracy improves rapidly as more 
clients participate in training. At the same time, FedCED achieves 
significantly greater accuracy improvements when fewer clients are 
involved, compared to other FL methods. This is because FedCED can 
leverage the capturer to store information in each iteration and reuse 
it, which significantly enhances its performance.

5.3.3. Data amount for clients
Fig.  5(c) provides the test accuracy under different values of 𝛼. 

In Fig.  5(c), FedCED achieves the best performance, indicating that 
FedCED is efficient across various client data amount settings. Further-
more, it is observed that as 𝛼 increases, the test accuracy of all FL 
methods improves. This is because as 𝛼 increases, the disparity in the 
amount of data across clients grows. In this case, some clients have 
less data while others have more. Since FL randomly selects clients to 
participate in training, this gives the system the opportunity to leverage 
more data, thereby achieving higher accuracy.

5.3.4. Local training epoch
Fig.  5(d) reports the test accuracy of all FL methods under different 

local training epochs (𝐸). FedCED achieved the best performance ex-
cept for 𝐸 = 1. As more local training epochs are used, all FL methods 
show faster accuracy improvements. This occurs because longer local 
training periods enhance client learning, leading to better FL system 
performance. For 𝐸 = 1, FedCED performs poorly because with fewer 
local training epochs, extracting each participant knowledge is less 
beneficial than gathering information from adjacent nodes. The lower 
test accuracy of CaPriDe compared to De-FedAvg, De-FedProx, De-
FedNKD, and De-FedFTG further supports this point. Additionally, since 
9 
the capturer cannot effectively capture information, the produced noise 
significantly differs from the real situation. Fine-tuning KD with poor 
noise further reduces FedCED’s performance.

5.3.5. The number of clients
Fig.  5(e) examines the test accuracy variation across FL methods 

with varying client quantities (𝑁). FedCED maintains superior accuracy 
in this evaluation. The results reveal a consistent performance degra-
dation across all methods as client participation scales up. This occurs 
because higher client numbers amplify data fragmentation, raising 
the complexity of information integration and consequently impairing 
generalization capability.

5.3.6. The number of iterations in FL
Fig.  5(f) reports the testing accuracy of all methods for different 

numbers of iterations (𝐼 = 250 and 𝐼 = 500). To align with the 
change in the number of iterations, the learning rate decay factors for 
each iteration are set to 𝜂 = 0.995 and 𝜂 = 0.998, respectively. In 
Fig.  5(f), FedCED achieves the best testing performance. Additionally, 
when comparing Fig.  5(f) with Table  5, there is a significant increase 
in the testing accuracy of all methods, indicating that an increase in 
the number of iterations leads to a substantial performance gain for FL 
methods.

5.4. Other test experiments

5.4.1. Visualization of the prediction distribution
To provide a more intuitive illustration of each method’s perfor-

mance, 2D t-SNE visualization was applied to the experimental results 
on the MNIST dataset under the condition (𝑁 = 30, 𝐶 = 0.4), as shown 
in Fig.  6. Fig.  6(b)–(i) visualize ensemble predictions across clients, 
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Fig. 6. Visualizing the training results using 2D t-SNE.
Fig. 7. Visualization of noise and noise prediction.
which clearly demonstrate how different FL methods perform on the 
same data distribution. This helps in understanding the performance 
differences among the methods.

From these two-dimensional t-SNE visualizations, it is evident that 
the training results of De-FedAvg, De-FedProx, De-FedNKD, De-FedFTG, 
and FedDCM are suboptimal. These methods exhibit blurred class 
boundaries and non-compact within-class distributions, indicating sig-
nificant discrepancies in client predictions. Consequently, the overall 
distribution appears more scattered and chaotic. In contrast, the predic-
tion distributions for CaPriDe and BRACE are more concentrated, but 
they still suffer from the aforementioned issues. FedCED, on the other 
hand, showcases the most concentrated prediction distribution, with 
minimal performance differences between clients and more consistent 
training states. This highlights FedCED’s ability to more effectively co-
ordinate the learning processes across different nodes, thereby reducing 
model inconsistencies and enhancing cross-client consensus.

5.4.2. Test accuracy of clients
Fig.  8 plots test accuracies across 10 clients for all methods on 

CIFAR-10, MNIST, and Fashion-MNIST. FedCED delivers the strongest 
overall client performance. For De-FedAvg, De-FedProx, De-FedNKD, 
De-FedFTG, CaPriDe, and BRACE, a minority of clients surpass FedCED, 
but the majority fall short. These methods also show pronounced 
cross-client disparity—some clients perform well while others perform 
very poorly. By contrast, client test accuracies under FedCED fluctuate 
10 
Table 7
Assess the convergence speed of IR combined with centralized FL on CIFAR10 
(𝑁 = 30, 𝐶 = 0.4, 𝛽 = 0.3), using target accuracy attainment iterations as the 
evaluation metric. Meanwhile, calculate the speedup of each method based on 
De-FedAvg.
 Method CIFAR10

 30% 50%

 Iter. Speed Iter. Speed 
 De-FedAvg+IR 11.67 0.94× 67.67 1.14× 
 De-FedProx+IR 11.67 0.94× 63.67 1.21× 
 De-FedNKD+IR 8 1.38× 39 1.97× 
 De-FedFTG+IR 6.67 1.65× 28.67 2.69× 

only slightly, indicating stronger consensus among participants. This 
underscores FedCED’s greater robustness and its ability to limit the 
impact of extreme client behavior on overall stability.

5.4.3. The combination of information retention (IR) and centralized FL 
methods

To verify that IR can effectively transfer information in a decen-
tralized environment, it is combined with centralized FL methods De-
FedAvg, De-FedProx, De-FedNKD, and De-FedFTG, and tests are con-
ducted.
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Fig. 8. Client performance on (a) CIFAR10, (b) MNIST, and (c) Fashion-MNIST.
 

Fig. 9. The combination of IR and centralized FL methods experiment. (a) test 
accuracy and (b) learning curves.

Fig.  9(a) displays the test accuracy of De-FedAvg+IR,
De-FedProx+IR, De-FedNKD+IR, and De-FedFTG+IR. De-FedFTG+IR 
achieves peak test accuracy in Fig.  9(a), correlating with Table  5 
metrics. By comparing Fig.  9(a) with Table  5, it is observed that for 
all centralized FL methods, the simple incorporation of IR leads to a 
significant performance improvement.

Fig.  9(b) shows the learning curves of De-FedAvg+IR,
De-FedProx+IR, De-FedNKD+IR, and De-FedFTG+IR. To evaluate con-
vergence speed, Table  7 lists target accuracy attainment iterations per 
FL method. Additionally, Table  7 calculates the speedup of the other 
methods with De-FedAvg as the benchmark. The fastest-converging 
method’s iteration count and speedup are bold in Table  7. De-FedFTG+IR
demonstrates minimal iterations, aligning with Fig.  4 and Table  6 
metrics. By comparing Table  7 with Table  6, it is observed that after 
incorporating IR, the convergence speed of these FL methods slows 
down in the early stages but accelerates significantly in the later stages. 
Meanwhile, by comparing Fig.  9(b) with Fig.  4, it is found that the 
training process becomes more stable after IR is combined with these 
centralized FL methods. This suggests that IR can both accelerate 
convergence speed and improve training stability.

5.4.4. Privacy-preserving capability of historical information capture
Since FedCED implements a capturer on each client to retain histor-

ical information, there is a potential risk of privacy leakage. However, 
based on our observations, the capturer can only capture shared fea-
tures of the real data and cannot capture the unique properties of 
individual data points. At the same time, these shared features are 
high-level abstractions from the perspective of computers, which differ 
significantly from the real data and are incomprehensible to humans. 
11 
Furthermore, the training process does not directly access or handle 
raw client data, thereby further mitigating potential leakage risks. 

Fig.  7(a) depicts the noise’s spatial distribution in image form. The 
visualized noise manifests as a featureless random data cluster. By 
comparing Fig.  7(a) with the original dataset, it is evident that there 
is a significant difference between the two, indicating that local client 
cannot obtain private data from other clients through the capturer. 

Fig.  7(c) presents the visualization of the noise generated by FedCED 
after training on MNIST, using 2D t-SNE. In Fig.  7(c), the noise data 
points are mixed across categories, with no clear boundaries, which is 
in stark contrast to the MNIST dataset visualized using 2D t-SNE in Fig. 
7(b). Thus, even under analytical scrutiny, noise fails to attain parity 
with genuine data characteristics. 

Fig.  7(d) exhibits the noise prediction results for all clients. In 
Fig.  7(d), clear boundaries are observed for each class, and the class 
distribution closely resembles that in Fig.  7(b). This indicates that the 
noise encodes class-specific patterns detectable only via client-localized 
model inference. The local client can significantly improve performance 
by fine-tuning its model with noise. 

Overall, based on our current assessments, FedCED does not appear 
to introduce additional negative impacts on data security, suggesting 
that its approach to capturing historical information aligns with privacy 
protection requirements. 

5.4.5. Communication overhead
Fig.  10 summarizes the communication overhead of the FL methods 

on three datasets, obtained via multi-node simulation on a single GPU. 
Because the overhead depends solely on the volume of transmitted 
model parameters and is dataset-agnostic, the results are consistent 
across datasets. BRACE exhibits the lowest overhead, owing to its Ring-
All-Reduce scheme and 1-bit quantization. FedDCM, grounded in the 
continual learning paradigm (Eq. (23)), likewise incurs a relatively 
low cost. De-FedAvg, De-FedProx, De-FedNKD, and De-FedFTG all fol-
low the aggregation paradigm (Eq. (24)) and therefore have identical 
overhead. FedCED’s overhead is on par with these aggregation-based 
methods, aligning with the theoretical prediction in Eq. (25). By con-
trast, CaPriDe additionally transmits distillation-related information 
atop the aggregation paradigm, resulting in the highest overhead. 

5.4.6. GPU memory
Fig.  11 reports GPU memory usage for various FL methods on 

CIFAR-10, MNIST, and Fashion-MNIST. On Fashion-MNIST, the batch 
size is 200 (compared to 100 for the other datasets), so all methods 
use more GPU memory than on CIFAR-10 and MNIST. Across methods, 
De-FedNKD, De-FedFTG, and FedCED exhibit notably higher memory 
consumption, primarily because the DFKD design introduces an auxil-
iary generator that adds nontrivial overhead. De-FedAvg, De-FedProx, 
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Fig. 10. Communication overhead on (a) CIFAR10, (b) MNIST, and (c) Fashion-MNIST.
Fig. 11. GPU memory on (a) CIFAR10, (b) MNIST, and (c) Fashion-MNIST.
Fig. 12. Robustness tests on the loss functions 𝑀 , 𝑟𝑒𝑎𝑙, and 𝑑 are conducted by varying 𝜆𝑀 , 𝜆𝑟𝑒𝑎𝑙, and 𝜆𝑑 . (a) 𝜆𝑀 , (b) 𝜆𝑟𝑒𝑎𝑙, and (c) 𝜆𝑑 .
FedDCM, and CaPriDE have comparable memory footprints, reflecting 
the cost of the underlying baseline framework. BRACE leverages 1-bit 
quantization to further reduce memory, yielding the lowest demand. 

5.5. Ablation study

5.5.1. The necessity of each module and loss
Table  8 presents the test accuracies of FedCED on the CIFAR10 

dataset after 100 iterations (𝛽 = 0.3), with certain loss functions or 
12 
modules omitted. In this table, IR, RMC, and HIC stand for infor-
mation retention, Relay-enhanced Model Collaboration, and Historical 
Information Capture, respectively. The ablation study results reveal 
that removing any single module inevitably leads to a performance 
decline. Furthermore, eliminating multiple components results in even 
more pronounced performance degradation. Similarly, with respect to 
the loss functions, removing a single loss function causes a decrease 
in system performance, and the removal of multiple loss functions 
exacerbates this negative impact.
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Table 8
The impact of each component in FedCED. The experiment uses the CIFAR10 
dataset with 𝑁 = 30 and 𝐶 = 0.4.
 Method CIFAR10 
 Baseline FedCED 57.56  
 
Loss

−𝑀 56.36  
 −𝑟𝑒𝑎𝑙 55.13  
 −𝑑 56.51  
 −𝑟𝑒𝑎𝑙 − 𝑑 55.04  
 

Module

−IR 52.46  
 −RMC 56.36  
 −HIC 55.81  
 −IR&RMC 52.55  
 −IR&HIC 52.02  
 −RMC&HIC 55.69  
 −IR&RMC&HIC 51.94  

Table 9
FedCED performance under different network topologies. Experiments are 
conducted on CIFAR-10, MNIST, and Fashion-MNIST.
 Topology CIFAR10 MNIST Fashion-MNIST 
 Ring graph (baseline) 57.73 98.39 83.31  
 Erdős–Rényi graph 65.45 98.86 85.04  
 Small-world graph 47.52 97.69 79.54  
 Complete graph 69.53 99.06 86.99  

5.5.2. Robustness of 𝑀 , 𝑟𝑒𝑎𝑙, and 𝑑
To test the robustness of 𝑟𝑒𝑎𝑙, Eq. (26) is rewritten as: 

min
𝜔𝑔

E 𝜖∼ (0,1)
𝑦∼𝑝𝑛 (𝑦)

[

𝜆𝑟𝑒𝑎𝑙 × 𝑟𝑒𝑎𝑙 + 𝜆𝑑 × 𝑑
]

. (26)

This experiment will explore the robustness of 𝑀 , 𝑟𝑒𝑎𝑙, and 𝑑
by varying the values of 𝜆𝑀 , 𝜆𝑟𝑒𝑎𝑙, and 𝜆𝑑 . In the experiment, 𝜆𝑀  was 
selected from [0.015, 0.02, 0.025, 0.03, 0.035], and 𝜆𝑟𝑒𝑎𝑙 and 𝜆𝑑 were 
selected from [0.5, 0.75, 1.0, 1.25, 1.5]. Fig.  12 shows the test accu-
racy under different hyperparameters, with all results demonstrating 
similar performance. Meanwhile, based on the experimental results, 
the variance under different 𝜆𝑀 , 𝜆𝑟𝑒𝑎𝑙, and 𝜆𝑑 was calculated, which 
were 0.004, 0.001, and 0.006, respectively. This indicates that the loss 
function is not sensitive to the selection of hyperparameters, exhibiting 
good robustness.

5.5.3. Impact of topology
Although FedCED is designed for ring topologies, it can be readily 

adapted to other decentralized topologies by adjusting its communica-
tion protocol. To assess the impact of different topologies — including 
dynamic and partially connected networks — on FedCED’s perfor-
mance, we modified its communication logic and ran experiments. 
Table  9 summarizes test accuracy across three datasets under Ring, 
Erdős–Rényi, Small-world, and Complete graph [31] topologies. The 
fully connected Complete graph, with the greatest level of consensus, 
achieves the best performance; the structured Ring graph is stable; the 
randomly connected Erdős–Rényi graph performs second best; whereas 
the Small-world graph, which combines community structure with ran-
dom shortcuts, is challenging. This is largely because its high local clus-
tering conflicts with FedCED’s sequential relay mechanism: information 
tends to circulate within local cycles rather than traverse shortcuts, 
which in turn hinders the formation of global consensus. These results 
show that FedCED’s performance is highly contingent on the commu-
nication patterns of the underlying topology and motivate the devel-
opment of adaptive, topology-aware path-planning mechanisms—a key 
focus of our future work. 

5.6. Experiments on real-world datasets

This subsection evaluates FedCED’s performance across complex 
real-world benchmarks — Apple [32], Caltech101 [33], and GTSRB
[34].
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Table 10
Test accuracy (%) on real-world datasets Apple, Caltech101 and GTSRB.
 Method Apple Caltech101 GTSRB

 De-FedAvg 58.61 30.65 80.06 
 De-FedProx 57.18 30.55 79.93 
 De-FedNKD 57.71 35.40 84.51 
 De-FedFTG 64.22 36.82 84.93 
 FedDCM 48.15 19.12 50.23 
 CaPriDe 58.17 34.69 83.13 
 BRACE 61.02 36.35 83.69 
 FedCED 68.94 38.87 89.38 

Standardized experimental protocols included 8:2 training-test splits 
for Apple and Caltech101, while GTSRB utilized its prespecified split. 
All image inputs were standardized to 32 × 32 resolution before train-
ing. All other experimental settings remain the same as those described 
in Section 5.1.

Table  10 presents comparative performance metrics across three FL 
benchmarks. Data analysis reveals that while De-FedNKD and CaPriDe 
achieve accuracy gains over De-FedAvg on Caltech101 and GTSRB, 
they underperform on Apple’s detection tasks. This limitation highlights 
their inadequacy for fine-grained detection scenarios. Notably, FedCED 
maintains consistent superiority across all tasks, demonstrating robust 
applicability in practical FL deployments.

6. Discussion

In this section, a theoretical analysis of model heterogeneity and 
computational overhead of FedCED will be presented.

6.1. Model heterogeneity

In FedCED, the local model is transferred to other clients for training 
and then returned through a decentralized topology. Therefore, FedCED 
does not require all client models to be consistent, which significantly 
enhances the flexibility of FedCED. Similarly, this approach is also 
compatible with parameter-averaging FL methods.

6.2. Computational overhead

FedCED’s computational overhead mainly arises from two com-
ponents: relay-enhanced model collaboration and historical informa-
tion capture. Compared with existing KD-based decentralized federated 
learning methods (e.g., FedDCM and CaPriDe), FedCED only introduces 
an additional information-collection phase via the capture module. 
Nevertheless, the dominant overhead is attributable to relay-enhanced 
collaboration, while the capture module adds only a minor extra cost. 
Hence, although FedCED incurs some additional computation, the over-
all cost remains within an acceptable range.

7. Conclusion

This paper proposes FedCED, an innovative framework that over-
comes the limitations of traditional KD-based methods in decentral-
ized structures, significantly enhancing the performance of FL. This is 
achieved through information retention, relay-enhanced model collabo-
ration, and historical information capture. In experiments, FedCED was 
benchmarked against existing methods (including FedAvg, FedProx, 
FedNKD, FedFTG, FedDCM, CaPriDe, and BRACE) under decentralized 
structures, demonstrating superior performance. Specifically, FedCED 
demonstrated improvements of up to 4.11% on the CIFAR-10, MNIST, 
and Fashion-MNIST datasets, showcasing its advancements. These re-
sults highlight FedCED’s advantages in decentralized structures and its 
effectiveness in addressing data heterogeneity issues. In future work, 
we will focus on addressing the communication challenges faced by 
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FedCED, integrating it with model compression techniques (e.g. gradi-
ent quantization or pruning) to enhance training efficiency and further 
extend its application in this domain. In general, FedCED showsties in 
handling privacy-preserving decentralized data, offering an innovative 
approach for distributed training. This method not only opens new 
research avenues but also holds significant implications for applications 
in the FL field.
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