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Abstract

Federated Learning (FL) faces significant challenges arising
from both data and system heterogeneity. While Clustered
Federated Learning (CFL) mitigates data heterogeneity by
grouping clients with similar data distributions, it remains
vulnerable to system heterogeneity, which can slow conver-
gence due to performance disparities among clients. More-
over, data drift may degrade clustering accuracy and train-
ing efficiency over time. In this work, we propose a Model
Structure-aware Clustered Federated Learning (MSCFL)
framework that simultaneously addresses the issues of data
heterogeneity, system heterogeneity, and data drift. MSCFL
incorporates model pruning (MP) into the CFL framework
to enhance training efficiency under system heterogeneity. To
enable this integration, we address the key challenge of per-
forming effective clustering based on heterogeneous, pruned
local models with varying structures. To this end, we design
a model structure-based similarity computation algorithm to
integrate CFL with MP. To effectively address data drift, we
propose a dynamic cluster migration strategy that efficiently
monitors model structures via Hamming Distance and trig-
gers re-clustering only when necessary. Extensive experimen-
tal results show that MSCFL improves the accuracy and con-
vergence speed of cluster models, outperforming traditional
CFL in various settings.

Code — https://github.com/TaiyakiOffical/MSCFL

Introduction

Federated learning (FL) is a privacy-preserving distributed
machine learning technique (McMabhan et al. 2017; Nguyen
et al. 2022; Bao et al. 2025; Liu et al. 2025). In the vanilla
FL setup, a central server coordinates the collaboration of
multiple clients to train a machine learning model, with
each client contributing its model parameters rather than pri-
vate data. However, a significant challenge in FL is han-
dling the heterogeneous data from different clients. The non-
independent and identically distributed (Non-IID) data on
each client can cause the optimization paths of their local
models to diverge. Directly aggregating these local models
may result in the global model failing to converge (Li et al.
2022). Clustered Federated Learning (CFL) (Li, Chen, and
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Teng 2024; Guo, Tang, and Lin 2025; Zhang et al. 2025) ad-
dresses the aforementioned issue by grouping clients based
on the similarity of their data distributions and training a
personalized cluster model for each cluster (Briggs, Fan,
and Andras 2020; Sattler, Miiller, and Samek 2021; Long
et al. 2023). CFL not only reduces the variance in the global
model training process, but also produces personalized mod-
els that are better tailored to the data distributions of clients
within a cluster.

Despite the advantages of CFL in addressing data hetero-
geneity, it still faces challenges in coping with system het-
erogeneity, which arises from the diverse computational and
communication capabilities of participating clients (Zhou
et al. 2024b; Zhang et al. 2024; Liu et al. 2024; Cheng et al.
2025). This issue primarily stems from CFL’s synchronous
training paradigm, where the server must wait for updates
from all clients before proceeding with clustering and ag-
gregation. Consequently, clients with lower performance can
delay global updates, leading to increased training latency.
Recent studies in FL (Zhou et al. 2024a; Wang et al. 2024)
have employed model pruning (MP) techniques (Cheng,
Zhang, and Shi 2024; Kim and Yoo 2025) to generate adap-
tive smaller local models for resource-constrained clients.
This approach aims to balance training overhead across het-
erogeneous devices and mitigate round-level latency. How-
ever, the model heterogeneity introduced by MP fundamen-
tally disrupts the clustering mechanism in CFL. Most exist-
ing CFL frameworks rely on measuring similarity between
local models to group clients into clusters. When local mod-
els differ in structure due to pruning, such similarity met-
rics become invalid, making it impossible to perform mean-
ingful clustering (Long et al. 2023). As a result, CFL fails
to properly identify clients with similar data distributions,
causing the framework to degenerate into a conventional
single-model FL, thereby losing its ability to learn personal-
ized models (Ma et al. 2023).

Furthermore, similar to other FL paradigms, CFL also
suffers from data drift (Duan et al. 2022), where the dis-
tribution of features or labels within clients’ private datasets
changes over time, leading to degraded model performance.
Although several approaches have been proposed to miti-
gate data drift (Casado et al. 2022; Panchal et al. 2023), in-
tegrating them into CFL remains challenging. Most exist-
ing CFL frameworks assume relatively stable data distribu-



tions, where each client’s cluster identity is consistent across
rounds. However, data drift can alter a client’s underlying
data characteristics, effectively changing its cluster affilia-
tion. If such clients remain in their original clusters, the cor-
responding cluster models may converge slowly or even fail
to capture the new data distribution, resulting in suboptimal
accuracy. To handle this issue, some CFL methods (Jothimu-
rugesan et al. 2023; Ghosh et al. 2022) perform re-clustering
strategy in every communication round to adaptively update
client groups. Nevertheless, this process introduces substan-
tial computational and communication overhead. Although
prior work (Duan et al. 2022) has explored efficient client
migration mechanisms for CFL, these techniques mainly tar-
get label drift and remain ineffective in addressing feature
drift, where feature distributions evolve over time.

In this paper, we propose an efficient Model Structure-
based Clustered Federated Learning (MSCFL) framework,
which is compatible with a wide range of MP (Li et al.
2017; Liu et al. 2017; Vahidian, Morafah, and Lin 2021) and
clustering algorithms (Briggs, Fan, and Andras 2020; Sat-
tler, Miiller, and Samek 2021; Long et al. 2023; Duan et al.
2022; Liu et al. 2024). MSCFL is designed to address the
key challenges of data heterogeneity, system heterogeneity,
and data drift in FL. Specifically, MSCFL leverages CFL and
MP to jointly mitigate data and system heterogeneity. To ad-
dress the incompatibility issue that arises when integrating
MP into CFL, we propose a model structure-based similarity
computation algorithm that measures client similarity based
on the neural structures retained or pruned with higher pri-
ority during MP. These structures are considered to capture
the most representative data characteristics of each client,
thereby enabling accurate and efficient clustering even under
model heterogeneity. To further address data drift, we intro-
duce a dynamic cluster migration strategy that re-clusters
clients adaptively based on changes in their model struc-
tures. The central server monitors model structure consis-
tency by calculating the Hamming distance among client
models in each round. When a significant deviation is de-
tected, clients are reassigned to appropriate clusters to main-
tain alignment with their evolving data distributions. Our
main contributions can be summarized as follows:

* We propose MSCFL, an efficient model structure-based
clustered FL framework that ensures compatibility be-
tween MP and CFL, while addressing the challenges of
data heterogeneity, system heterogeneity and data drift.

We design a model structure-based similarity computa-
tion algorithm that effectively resolves the issue of inac-
curate clustering caused by model heterogeneity.

We propose a cluster migration strategy that detects data
drift by leveraging the Hamming Distance of successive
masks, which then rectifies the cluster results to achieve
better model performance.

Experiments on four benchmark datasets demonstrate
that MSCFL achieves higher model accuracy while as-
signing clients to clusters more quickly and accurately
than traditional CFL methods.
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CFL is a collaborative machine learning method that groups
clients into separate clusters to train personalized cluster
models, solving the issue of data heterogeneity in FL. The
clustering algorithm of CFL consists of two main compo-
nents: similarity computation algorithm and classification
algorithm. FL+HC (Briggs, Fan, and Andras 2020) utilizes a
hierarchical classification algorithm to categorize clients ac-
cording to the Lo distance of model updates, whereas One-
Shot (Ghosh et al. 2019) opts for the K-Means clustering
algorithm for client separation. FeSEM (Long et al. 2023)
introduces the stochastic expectation maximization classifi-
cation algorithm to cluster clients based on the Ly distance
of local models, achieving better clustering results. FlexCFL
(Duan et al. 2022) is pioneering in addressing the issue of
data drift by leveraging wasserstein distance of the train-
ing data of all clients. In addition, FlexCFL utilizes the K-
Means++ clustering algorithm to cluster clients based on eu-
clidean distance of decomposed cosine similarity of model
updates. In IFCA (Ghosh et al. 2022), clients select the one
with the lowest loss on their dataset from all the cluster mod-
els in each round and train the local model on it. In gen-
eral, the aforementioned studies seek to infer data distribu-
tion similarities indirectly through the training process. In
contrast, PACFL (Vahidian et al. 2023) extracts distinctive
feature vectors from client’s datasets that can be utilized for
clustering purposes. HCFL+ (Guo, Tang, and Lin 2025) ad-
dresses key challenges in current methods, such as incon-
sistent intra-client clustering weights and lack of adaptive
clustering for soft clustering paradigms. Although CFL has
strengths in managing data heterogeneity, it encounters dif-
ficulties when addressing system heterogeneity.

Model Pruning

MP is an effective strategy to tackle system heterogeneity
in FL by strategically removing the least significant model
structures, which in turn speeds up both the training and
communication phases. In existing studies of MP, they em-
ploy different methods to evaluate the significance of a unit
within the model such as the extent of neuron activation
(Wang et al. 2024), Li-norm of filters (Li et al. 2017), the
scaling factor of Batch Normalization (BN) layer (Liu et al.
2017), the group lasso value (Li et al. 2021), the distance
from the geometric median of filters of same layer (He et al.
2019), the rank of feature map (Lin et al. 2020), or the im-
portance indicators introduced in training (Lin et al. 2019).
Furthermore, some studies focus on determining the opti-
mal model structures to retain in a communication round
to enhance the performance of the global model. For in-
stance, FjORD (Horvath et al. 2021) and HeteroFL (Diao,
Ding, and Tarokh 2021) create static submodels extracted
from the global model. In contrast, Federated Dropout (Cal-
das et al. 2018) opts for a random submodel extraction ap-
proach, while FedRolex (Alam et al. 2022) implements a
rolling mechanism for submodel extraction. SVS (Kim and
Yoo 2025) minimizes disparities between singular values of
pruned weights, improving fine-tuning performance.
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Figure 1: System overview of MSCFL.
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In this paper, we combine CFL and MP to tackle the issue
of data heterogeneity and system heterogeneity. Neverthe-
less, the majority of the previously mentioned MP are in-
compatible with traditional CFL. This incompatibility can
cause CFL to malfunction. Moreover, CFL also struggles
to cope with data drift, which may result in performance
degradation. As a result, we propose a similarity computa-
tion method to achieve such compatibility, combined with a
cluster migration strategy that can be seamlessly integrated
into these existing methods with just minimal adjustments
to overcome the aforementioned problems.

Method

We begin with the system model, followed by the motivation
that discusses two trivial and infeasible solutions. Next, we
present the details of our proposed approach.

System Model

In our work, we assume that there are NN clients, each
with different computational and communication capabili-
ties. The data distribution across the clients is Non-IID and
evolves over time. The clients can be grouped into K dis-
tinct clusters, a classification determined by their underlying
data distributions, which are reflected in their pruned model
structures. The workflow is shown in Figure 1. A central
server assigns clients to clusters and maintains a dedicated
cluster model for each. Before local training, each client
prunes the complete cluster model using MP according to
its capability. After training, clients upload their locally up-
dated models to the server. The server then checks for data
drift and reassigns clients to clusters if necessary. The core
problem addressed in this work is how to train FL. models
under the conditions of client data heterogeneity, system het-
erogeneity, and data drift.

Motivation

Here, we first identify the incompatibility between CFL and
MP. Next, we propose two intuitive methods to address this
issue. Although these methods partially mitigate the incom-
patibility, they still fail to produce accurate clustering re-
sults. Nevertheless, they provide a foundation and ground-
work for our subsequent core algorithm.
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Figure 2: Impact of system heterogeneity on clustering ac-
curacy and model accuracy when combining CFL with MP.

(1) MP causes model heterogeneity, making it incompat-
ible with CFL. A natural approach to addressing both data
and system heterogeneity is to combine CFL and MP. By
using the CFL algorithm to train cluster models, we can
avoid the difficulty of training a generalized model on het-
erogeneous data, while dynamically adjusting the clustering
to handle data drift. Moreover, MP is employed to gener-
ate models that align with each client’s training capacity,
addressing the problem of system heterogeneity. However,
most of the existing CFL methods are not compatible with
heterogeneously pruned models. To validate this idea, we
evaluate the effectiveness of combining existing CFL ap-
proaches with MP, including FL+HC (Briggs, Fan, and An-
dras 2020), FlexCFL (Duan et al. 2022), One-Shot (Ghosh
et al. 2019), and IFCA (Ghosh et al. 2022). We apply a hy-
brid pruning strategy to prune local models. To accommo-
date MP, the clustering algorithms in FL+HC, FlexCFL, and
One-Shot are adapted to compute similarity based on the
shared portions of the retained structures, rather than the full
client models. Specifically, the similarity Sim between two
models can be calculated as follows:

Sim = ||(m; Amy) - (@ — @)||2 (1

where m; and m; is the corresponding model structure mask
of client 7 and j, &; is the pruned local model of client i. We
use a Dirichlet distribution as 1 for data setting, model prun-
ing rates sampled from a normal distribution A/(0.4, 0.25).
Figure 2 shows the clustering accuracy and cluster model ac-
curacy of training a CNN on the CIFAR-10 dataset. In a sys-
tem homogeneous settings, where all clients exhibit similar
performance, the pruned models are also comparable, result-
ing in good baseline accuracy. However, in a heterogeneous
system, clustering accuracy and model performance signif-
icantly decline. This is because the pruned local models of
clients often lack sufficient commonality, making it difficult
to generate accurate clustering results. In this case, consid-
ering only the similarity of the retained model parts proves
insufficient for accurate clustering, leading to a decline in
cluster model accuracy.

(2) Simple structure-based similarity is insufficient for ef-
fective clustering clients. The second intuitive solution in-
volves clustering based on the model structure while con-
sidering the similarity between both the retained and pruned
parts of the model. Our intuition is that model pruning tech-
niques eliminate the least important parts of the model for
each client, and the selection of these parts is influenced
by the client’s data distribution. Therefore, we can enhance
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Figure 3: Model structure similarity between clients under
varying pruning ratio and retaining ratio.

clustering algorithms by incorporating information from the
pruned parts of the models to improve client clustering.

We design a simple method to validate our intuition.
Specifically, we use the NXOR value between masks that
represent the model structure as the similarity measure. The
details of the similarity calculation method are as follows:

@

where Size(m) represents the length of mask m. To evalu-
ate its performance, we utilize the Nxor in conjunction with
a hierarchical classification algorithm for client clustering.
However, as detailed in Figure 2, it still fails to operate prop-
erly when the system is heterogeneous. This finally leads to
worse model performance.

This result highlights a key limitation: current structure-
based similarity metrics treat all pruned or retained compo-
nents equally, overlooking their varying importance. To il-
lustrate this, we analyze the model structure similarity fo-
cusing separately on pruned and retained parts using a CNN
model on CIFAR-10. Figure 3(a) presents similarity com-
puted only on the pruned parts, while Figure 3(b) shows
similarity based on the retained parts. When the pruning ra-
tio is low, the similarity calculated from the pruned parts
clearly differentiates clients with heterogeneous data dis-
tributions, indicating these components’ sensitivity to data
heterogeneity. However, as the pruning ratio increases, the
key structural points that capture client-specific data distri-
bution, which are usually those pruned with higher priority,
become diluted among many less important pruned com-
ponents. This dilution reduces the discriminative power of
the similarity metric computed solely on the pruned parts,
causing client differences to become less distinguishable at
higher pruning ratios (e.g., 0.8). Therefore, effective cluster-
ing should be designed to consider the pruning priority of
model parameters, relying primarily on the components that
best reflect client data distribution characteristics.

Detailed Design of MSCFL

The proposed MSCFL method has two key components: (1)
model structure-based clustering, which addresses the com-
patibility issue between model personalization and feder-
ated learning, and (2) a cluster migration strategy, which en-
hances clustering efficiency under data drift.
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Algorithm 1: MSCFL

Input: Total number of communication rounds 7', client
number N, local training epochs FE, ¢, epochs before
pruning E,,., pruning ratios PR = {pri, pra, ..., prn}, ini-
tial model w® and consistency threshold 7

Output: Finial models {&f, &1 ... oI}

1: Initialize the same initial models w® for each client
2: whilet < T do
3 Client process:
4 for eachclient: = 1,2, ..., N do
5: Receive w} from the server
6: w! + UPDATE(w!, E,y)
7 @!, mt < Any MP technique
8: @! < UPDATE(&!, Eqfter)
9: Upload &! and m! to the server
10: end for
11: Server process:
12: Wt M < Receive &} and m! from each client i
13: if ConsistencyChecking(M*=2, M=, M¢!, 1) is
false then
14: C? « Algorithm2(M?¢, PR)
15: else
16: Ct+ Ct1
17: end if
18: for each cluster ¢ in C* do
19: w! ™ < Compute the average of &' from each
client in cé-, considering only the intersection of retained
parameters
20: Send w§+1 to each client in c}
21: end for
22: Start the next round and set t <— ¢ + 1
23: end while
24: Return {0, o ... 0L}

25: function UPDATE(w, €) > Local model training

26: for each local epochi = 1,2, ....e do
27: for cach bath b € (5 do

28: w<+ w—n*VL(w,b)

29: end for

30: end for

31: Return w

32: end function

As summarized in Algorithm 1, the workflow of MSCFL
is similar to the vanilla FL methods, with the addition
of client model pruning and server clustering operations.
Specifically, in the initialization phase, the server initial-
izes the cluster model for each cluster and sets the hyperpa-
rameters. In each round of iterative training, the server first
assigns the complete cluster model to each client (line 1).
Then, the client pre-trains a few epochs of the cluster model
and prunes it to an appropriate size using model pruning
techniques, which generates a model mask to represent the
pruned model structure (lines 6-7). After the pruning pro-
cess, the client proceeds with subsequent training rounds and
uploads the local model and mask to the server (lines 8-9).
The server detects client data drift based on the model migra-
tion strategy and determines whether re-clustering is needed.



If re-clustering is required, the server computes the client’s
new cluster identity using the model structure-based cluster-
ing algorithm (lines 12-14). Otherwise, the server continues
using the previous clustering result to avoid additional work-
load caused by frequent re-clustering (line 16). Finally, the
server aggregates the models that fall into the same cluster
on an averaged basis and sends the generated cluster models
to each respective client (lines 19-20).

Model Structure-based Clustering To realize efficient
clustering based on heterogeneous local models, we propose
a similarity computing algorithm (called in line 14 of Al-
gorithm 1), which takes the model structure masks M? and
clients’ pruning ratios PR as inputs and returns the cluster-
ing result C*. Algorithm 2 gives the details of the similarity
computing algorithm.

Our main idea is to identify the parts of each client’s
model most susceptible to data distribution changes in or-
der to compute similarity, while ignoring the other parts. In
this way, we can avoid the additional overhead that might
be introduced by calculating weights. Initially, we initial-
ize the Sim as zeros and calculate the respective retained
rations RR based on PR (lines 1-2). Subsequently, to iden-
tify the most significant structures that can be used to deter-
mine the similarity between models, we consider the lower
of the two values, either pr or rr, as the most signifi-
cant structures (line 5). If pr is the lower value, then the
pruned structures are considered to be unique, we utilize
the COUNTTARGET (m;, m;, pr, 0) function to assess the
similarity between these personalized structures; otherwise,
we rely on the COUNTTARGET (m;, m;, rr, 1) function for
this purpose (lines 5-11). Finally, we utilize any clustering
method that uses Sim as input in our framework (line 14). It
is worth noting that we utilize HC (Briggs, Fan, and Andras
2020) as the default one in our experiments.

The rationality of Algorithm 2 is based on the phe-
nomenon that when the pruning ratios are at the extremes,
either very high (such as 90%) or very low (such as 10%),
clients with identical data traits often retain or prune the
same model structures as detailed in Figure 3. In other
words, the most significant structures are those that are ei-
ther retained or pruned with higher priority in MP. As a re-
sult, the minimum of these structures are used to identify
models that are similar to one another in the context of CFL.
Additionally, the function mentioned above only involves bi-
nary operations in nature, and as a result, our performance in
terms of speed surpasses that of other comparative baselines.

Cluster Migration Strategy To further accelerate training
efficiency and reduce the clustering burden on the server, we
have designed a model migration strategy (called in Line 13
of Algorithm 2) to monitor client data drift and perform re-
clustering only when there is a significant change in data dis-
tribution. This strategy takes the model masks M* =2, M*~1
and M, along with a consistency threshold 7, as inputs. It
then produces a boolean output that indicates whether M*~!
and M* are consistent.

To be specific, we calculate the Hamming Distance be-
tween consecutive masks mE_Q and mﬁ_l, as well as mﬁ_l

and m!, represented by H!™' and H! respectively. If the

Algorithm 2: Model Structure-based Clustering

Input: Model masks M* and pruning ratios PR
Output: Clustering result C*
1: Initialize the similarity matrix Sim as zeros
2: Set RR+1— PR
3: for each m;, pr;,rr; in M, PR, RR do

4: for each m;, pr;,rr; in M*, PR, RR do
5: if the minimum of [pr;, pr;, rr;,rr;] is pr then
6: Calculate similarity of pruned structures:
7: Sim; ; < COUNTTARGET(m;, mj, pr, 0)
8: else
9: Calculate similarity of retained structures:
10: Sim; ; < COUNTTARGET(m;, my, rr, 1)
11: end if
12: end for
13: end for

14: Return C* < HC (Briggs, Fan, and Andras 2020)
15: function COUNTTARGET(m;, m;, r, target)
16: cent — 0

17: foreach k = 0,1, ...,len(m) do

18: if m;[k] == m;[k] and m,[k] == target then
19: ent <+—cnt + 1
20: end if

21: end for
22: Return cnt/(r * len(m))
23: end function

value of H} surpasses the product of !~ ! and a predefined
threshold 7, it is inferred that a change in the data distribu-
tion has occurred. In this case, the algorithm returns false,
signaling that the server needs to re-cluster the clients. Oth-
erwise, the data distribution change of the client is accept-
able, and the server does not cluster it to reduce the com-
puting overhead. Additionally, the computational resources
required to compute the bit-wise Hamming Distance are
significantly lower compared to those needed for a cluster-
ing algorithm. Consequently, we consider it a more efficient
method for detecting the occurrence of data drift.

Experiments

In this section, we first present the experimental setup and
then the empirical studies of MSCFL on the accuracy and
training efficiency of the cluster models. Our experiments
were conducted on a server equipped with an RTX 3090
GPU, a Ryzen 7 5800X CPU, and 32GB of memory.

Experimental Setup

Datasets and Models. Our method is tested on four differ-
ent datasets: FMNIST, SVHN, CIFAR-10, and CIFAR-100.
We assess these datasets using customized CNN models.
For FMNIST dataset, the model consists of two convolu-
tional layers with 20 and 40 channels respectively, followed
by batch normalization, max-pooling, and two fully con-
nected layers with 50 and 10 output logits. As for CIFAR-10,
SVHN, the models all have convolutional layers with 32 and
64 channels. For CIFAR-100, we have a more complicated
model with 64, 128, 256, and 512 channels.
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Figure 4: Performance of the baselines and MSCFL under feature (TOP) and label (BOTTOM) Non-IID settings.

Baselines. We compare our proposed method with four
different CFL methods: One-Shot (Ghosh et al. 2019) uti-
lizes K-Means clustering on model updates to group clients;
FL+HC (Briggs, Fan, and Andras 2020) applies hierarchi-
cal clustering to model updates for client grouping; IFCA
(Ghosh et al. 2022) sends all models to clients, which select
the one with the lowest loss; FlexCFL (Duan et al. 2022)
breaks down the model updates by using truncated SVD and
computes the similarity based on the Ly-norm of the cosine
similarity. Furthermore, to validate the effect of the proposed
cluster migration strategy, we make MSCFL-« the version
of MSCFL without the cluster migration strategy.

Heterogeneous Settings. To simulate Non-IID data, we
consider two scenarios: the label Non-IID and the feature
Non-IID. For the label Non-IID, data is divided into 5
groups, each assigned two unique labels based on a Non-IID
rate § = 1 by default (Wang et al. 2020). A smaller 5 means
groups are more likely to receive labels other than the spec-
ified ones. For the feature Non-IID, the dataset is split into
two: one part remains unchanged, and the other has images
rotated by 180 degrees. In both cases, clients are evenly dis-
tributed across groups, and data is randomly sampled from
each. The pruning ratio pr is strictly set within the range of
0.2 to 0.7, following a gaussian distribution with a mean of
u = 0.4 and a variance of 2 = 0.25 by default to introduce
system heterogeneity.

Experimental Results

Model Performance Comparison. We conduct our exper-
iments over a span of 20 to 100 communication rounds,
recording the peak accuracy achieved in an environment
characterized by data heterogeneity and system heterogene-
ity. As illustrated in Table 1, MSCFL exhibits a clear advan-
tage and sees its peak increase when compared with base-
lines, rising by up to 20.61% and 23.47% in feature Non-IID
and label Non-IID respectively. The visual data presented
in Figure 4 also clearly demonstrates that MSCFL exhibits
a faster convergence speed and attains a more advanced
level of performance when compared to the baselines. It is

Non-IID  /  thod FMNIST SVHN CIFAR10 CIFAR100
Settings
MSCFL 87.60 87.96 64.38 45.51
Feature ON€-shot 8239 7561 58.10 43.06
Neaqip FL+HC 7933 7304 5429 43.29
FlexCFL 7834 7553  55.05 42.57
IFCA 8424 7293 5570 42.01
MSCFL 9937 9694 91.84 72.98
Label One-shot 8753 8207 8318 62.98
Neadqp FL+HC 9450 8601  83.01 66.94
FlexCFL 81.17 78.51  81.60 61.32
IFCA 9945 96.64 83.10 71.85

Table 1: Peak accuracy of the baselines and MSCFL under
feature Non-IID and label Non-IID.

worth noting that, even when clustering incorrectly, [FCA
can sometimes attain similar accuracy to MSCFL, particu-
larly in scenarios with label Non-IID data. This is attributed
to the fact that in IFCA, clients consistently select the cluster
model with the lowest loss, which in turn facilitates the train-
ing of a more generalized model. However, in cases where
a single generalized model fails to meet the personalized re-
quirements, the accuracy of IFCA drops immediately. This
suggests that MSCFL is capable of fostering the develop-
ment of more personalized models, a consequence of accu-
rate clustering, which in turn leads to elevated test accuracy.

Clustering Accuracy Comparison. According to (Ma
et al. 2023), it is evident that inaccurate clustering can re-
sult in a scenario called cluster collapse. This underscores
the significance of the initial clustering outcomes, as they
set the foundation for all subsequent training rounds. Given
its pivotal role, we choose to record the clustering accuracy
only after the first communication round.

From the data depicted in Figure 5(a), it is apparent that
the clustering accuracy for all methods, including MSCFL,
tends to rise as the rate of data heterogeneity increases. This
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Figure 5: Clustering accuracy of baselines and MSCFL un-
der different data heterogeneity rates 3 and system hetero-
geneity rates o based on CIFAR-10.

trend can be attributed to the fact that a lower value of /3
implies that the data held by a client is more generic, en-
compassing a broader spectrum of knowledge. Conversely,
a higher 3 value indicates that the data is more specific to
the client, containing unique characteristics that are more
distinctly reflected in the model structure. These distinct fea-
tures serve as a foundation for more effective clustering pro-
cesses. Nevertheless, in contrast to MSCFL, the baseline
methods continue to face challenges in achieving accurate
clustering outcomes, a difficulty attributed to the model het-
erogeneity.

Furthermore, we explore how the rate of system hetero-
geneity, as indicated by the pruning ratio, impacts clustering
accuracy. By examining Figure 5(b), it becomes clear that
as system heterogeneity increases, the clustering accuracy
of the baseline methods decreases. This decline is due to
the fact that more heterogeneous models have fewer com-
monalities. In contrast, MSCFL employs masks to compute
similarity, effectively circumventing the challenges associ-
ated with high heterogeneity. As a result, MSCFL not only
achieves the highest clustering accuracy, stabilizing around
100%, but also maintains this level of accuracy even under
conditions of significant system heterogeneity.

Effect of Cluster Migration Strategy. In order to eval-
vate the impact of feature drift and label drift on base-
lines and MSCFL, we track the progression of model ac-
curacy over 35 rounds of communication with 7 set to 1.1,
as illustrated in Figure 6. During this process, drifts in the
feature or label distribution occur at intervals of 5 rounds.
Our observations indicate that drifts in the feature distri-
bution have a relatively small impact on the accuracy of
the baseline models, whereas changes in the label distribu-
tion result in a significant and abrupt decline in accuracy.
This is attributed to the fact that erroneous clustering dur-
ing data drifts leads to clients developing local models that
are not well-suited to their specific data characteristics. It is
worth noting that the performance of MSCFL-« degrades
like other baselines, thereby demonstrating the effectiveness
of our proposed cluster migration strategy. Furthermore, the
unpredictable nature of data drifts in practical scenarios also
makes it challenging to determine the optimal conclusion
point for training sessions. Nevertheless, MSCFL demon-
strates remarkable stability in the face of such data drift, due
to its ability to promptly detect and respond to changes in
the model structure.
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Time (s) FMNIST SVHN CIFARIO CIFAR100
MSCFL 0.12 1.08 1.05 10.18
MSCFL-« 0.10 0.72 0.71 3.58
One-Shot 0.13 1.13 1.13 18.47
FL+HC 0.51 6.76 6.61 37.89
FlexCFL 0.23 2.82 2.79 30.50
IFCA 6.64 19.72 20.33 82.22

Table 2: Time cost of the clustering algorithm of baselines
and MSCFL under data drift.

Efficiency Analysis. To evaluate the clustering efficiency
of MSCFL, we record the total time taken to cluster 250
clients over 20 rounds for FMNIST, 35 rounds for SVHN
and CIFAR-10, and 100 rounds for CIFAR-100. As shown
in Table 2, our findings indicate that MSCFL outperforms
baselines, achieving improvements of 7.69% to 98.19% in
the FMNIST dataset, 4.42% to 94.52% in the SVHN dataset,
7.08% to 94.84% in the CIFAR-10 dataset, and 44.88% to
87.62% in the CIFAR-100 dataset. It is worth noting that
MSCEFL incurs an efficiency reduction of up to 64.83% on
CIFAR-100 due to its cluster migration strategy. Despite a
decline in efficiency, the trade-off is deemed to be worth-
while, as MSCFL effectively handles data drift and main-
tains superior overall time cost compared to baselines. The
improved performance of MSCFL is due to its similarity
computation algorithm and cluster migration strategy, both
of which rely solely on binary operations.

Conclusion

In this paper, we introduce a novel CFL framework, termed
MSCFL, compatible with the MP technique, to tackle data
and system heterogeneity. Furthermore, we also design an
efficient cluster migration strategy that re-clusters clients ac-
cording to the consistency of masks to overcome data drift.
The empirical findings demonstrate that our method not only
achieves superior model accuracy but also incurs a dimin-
ished expenditure of time throughout the clustering proce-
dure. In the future, we aspire to find a more sensitive way
to identify data drift. As the Hamming Distance utilized for
consistency checking is heavily dependent on the specified
threshold, it could be susceptible to more frequent data drift.
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