The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Asynchronous Federated Clustering with Unknown Number of Clusters

Yunfan Zhang', Yiqun Zhang'**, Yang Lu?, Mengke Li’, Xi Chen*, Yiu-ming Cheung*

!School of Computer Science and Technology, Guangdong University of Technology, Guangzhou, China
Fujian Key Laboratory of Sensing and Computing for Smart City, School of Informatics, Xiamen University, Xiamen, China
3College of Computer Science and Software Engineering, Shenzhen University, Shenzhen, China
“Department of Computer Science, Hong Kong Baptist University, Hong Kong SAR, China
{yfzhang, yqzhang} @ gdut.edu.cn, luyang @xmu.edu.cn, csmengkeli @ gmail.com, {csxchen, ymc}@comp.hkbu.edu.hk

Abstract

Federated Clustering (FC) is crucial to mining knowl-
edge from unlabeled non-Independent Identically Distributed
(non-1ID) data provided by multiple clients while preserving
their privacy. Most existing attempts learn cluster distribu-
tions at local clients, then securely pass the desensitized in-
formation to the server for aggregation. However, some tricky
but common FC problems are still relatively unexplored, in-
cluding the heterogeneity in terms of clients’ communication
capacity and the unknown number of proper clusters. To fur-
ther bridge the gap between FC and real application scenar-
ios, this paper first shows that the clients’ communication
asynchrony and unknown proper cluster numbers are com-
plex coupling problems, and then proposes an Asynchronous
Federated Cluster Learning (AFCL) method accordingly. It
spreads the excessive number of seed points to clients as a
learning medium and coordinates them across clients to form
a consensus. To alleviate the distribution imbalance cumu-
lated due to the unforeseen asynchronous uploading from the
heterogeneous clients, we also design a balancing mechanism
for seeds updating. As a result, the seeds gradually adapt to
each other to reveal a proper number of clusters. Extensive
experiments demonstrate the efficacy of AFCL.

Code — https://github.com/Yunfan-Zhang/AFCL

Introduction

Federated Learning (FL) is common in implementing dis-
tributed machine learning while preserving privacy (Ban-
abilah et al. 2022; Zhang et al. 2021; Zhou et al. 2023). In
unsupervised FL tasks, Federated Clustering (FC) that par-
titions a dataset into compact object clusters demonstrates
great potential in mining data concepts and knowledge (Ma
et al. 2019; Nelus, Glitza, and Martin 2021; Chung, Lee, and
Ramchandran 2022). However, without label guidance, FC
faces significant challenges brought by the privacy protec-
tion requirements and non-IID of heterogeneous clients.
Most existing methods address FC by first letting clients
learn cluster distributions and then passing the privacy-
protected cluster knowledge to the server for global ag-
gregation (Ghosh et al. 2020; Kumar, Karthik, and Nair
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Figure 1: AFCL (ours) vs. typical FC. (a) Existing FC ap-
proaches typically assume that the clients are synchronous
and the optimal k£* is known by both the clients and server.
By contrast, (b) AFCL learns under a more realistic scenario
that the clients can upload distribution information of com-
pletely non-overlapping and non-uniform numbers of clus-
ters with unforeseen and imbalanced frequencies.

2020). For example, k-FED (Dennis, Li, and Smith 2021)
explores global cluster distributions with a higher security
level through one-shot aggregation of the non-IID distri-
butions learned by the clients. Two independent works, F-
FCM (Pedrycz 2022) and FFCM (Stallmann and Wilbik
2022), share similar names and principles, and adopt fuzzy-
c-means as their local clustering algorithm. Since the fuzzy
object-cluster affiliation can more finely reflect the partition
information of data objects, the information loss caused by
the privacy constraints of FL can be considerably offset.
Notably, most existing works overlook the common prob-
lem of client asynchrony' attributed to the divergence of
clients’ communication capabilities. Due to the lack of data

"The terms “asynchrony” and “asynchronous communication”
in this paper indicate the non-uniform participation rates of differ-
ent clients in each round of communication. Since the goal of FC
is to aggregate the distributions of clients at the server, the asyn-
chronous problem addressed in this work is conceptually different
from the model update asynchronous problem in supervised FL.



labels, such a problem can severely bias the learning towards
the clients that upload their distributions more frequently.
Accordingly, a recently proposed federated spectral cluster-
ing method (Qiao, Ding, and Fan 2024) copes with the asyn-
chronous scenario by aggregating intermediate variables to
construct a global similarity matrix, which is robust to the
communication frequency bias. However, it still relies on
the naive assumption that the true number of clusters k* is
known in advance, which limits the application domain of
FC in many real applications with unforeseen k*.

Automatic determination of the optimal £* has been an at-
tractive clustering research topic in recent decades. Silhou-
ette Coefficient (Rousseeuw 1987) determines £* by consid-
ering the intra-compactness and the inter-dispersion of clus-
ters. Density-based clustering (Schubert et al. 2017; Zhang
et al. 2025; Peng et al. 2025) performs cluster exploration by
considering the distribution connection of objects, and can
select k* according to the quality of cluster partition. More
advanced learning-based approaches (Ahalt et al. 1990; Che-
ung, Y.-m. 2005; Jia, Cheung, and Liu 2014; Cai et al. 2024;
Zou et al. 2024) have been proposed to learn k* by let-
ting seeds compete or cooperate to eliminate redundant low-
quality clusters. Recently, significance-based clustering (Hu
et al. 2022, 2025) has been proposed using gap statistics to
estimate k*. Nevertheless, their learning process depends on
detailed and sufficient data statistics, preventing them from
being utilized in FC. Therefore, the absence of k* brings
difficulties to FC due to the lack of clustering guidance,
and also incurs additional k£* learning objective, collectively
making asynchronous FC a challenging task.

A more detailed comparison of asynchronous FC and typ-
ical FC are illustrated in Figure. 1. Unlike typical FC where
the clients communicate synchronously with known k*, our
focused asynchronous FC poses the problem of learning
clusters and cluster numbers from the uploaded complex
distributions caused by the non-uniform communication of
clients. More specifically, the difficulties of asynchronous
FC lie in the cross-coupled k* learning and asynchronous
uploading of clients. That is, distributions learned at dif-
ferent clients are not associated with a uniform k*, while
the server struggles in the learning of £* due to the asyn-
chronously uploaded unreliable local distributions.

Therefore, we propose the Asynchronous Federated Clus-
ter Learning (AFCL) method that can learn an optimal
number of clusters with the asynchronously communicated
clients in a self-adaptive way. It uniformly generates seed
points for the clients, and accumulates the distribution in-
formation of their surrounding objects indicated by the dif-
ference between the seed and objects within each client to
capture the clients’ own distributions. Then the accumu-
lated information is passed to the server to update the seeds
for client-to-seed distribution information fusion. To gain a
consensus among the clients, we let the neighboring seeds
share their update intensity to achieve seed-to-seed informa-
tion completion, as the non-IID clients may provide only a
partial global distribution. A balancing mechanism has also
been developed to evaluate and adjust the update intensity
accumulated from different clients, to relieve the potential
bias caused by their asynchronous participation. As a result,
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AFCL can automatically converge redundant neighboring
seeds to learn an appropriate number of clusters under the
challenging asynchronous federated scenario. Extensive ex-
periments demonstrate the effectiveness of AFCL. The main
contributions of this work are summarized into three points:

* We propose a new FC approach to learn a distribution
consensus from asynchronously communicated clients
without requiring the ‘true’ number of clusters. It serves
to enhance the robustness and universality of FL.

This paper first considers and attempts to solve a more
realistic but challenging non-IID case in FC, i.e., a
global cluster could be composed of completely non-
overlapping sub-clusters belonging to different clients.

A balancing mechanism is developed to allocate the con-
tribution of clients with heterogeneous communication
modes during the interactive learning on the server, even
if they participate in the learning by only one-shot.

Related Work
Federated Clustering

An one-shot FC approach called £-FED (Dennis, Li, and
Smith 2021) has been developed to relieve the leakage of
information during communication, while FedKKM (Zhou
and Wang 2022) has been proposed to improve communica-
tion efficiency by using a novel Lanczos algorithm in its dis-
tributed matrices. Meanwhile, F-FCM (Pedrycz 2022), and
FFCM (Stallmann and Wilbik 2022) utilized fuzzy cluster-
ing techniques to enhance privacy protection by only trans-
mitting object-cluster affiliation. Furthermore, A multi-view
FC approach (Hu et al. 2023) has been proposed to ex-
tend multi-view clustering into the federated scenario by
designing a strategy of consensus prototype learning. How-
ever, they employ clustering techniques under the assump-
tion that the true cluster numbers are known by the clients
and server in advance. Recently, an FC framework VKMC
(Huang et al. 2022) has been proposed to improve the verti-
cal FL based on coresets, while a density-based FC method
HFDPC (Ding et al. 2023) has been proposed for improving
the effectiveness of data partitioning by introducing a similar
density chain. Most recently, Federated Subspace Clustering
(Fed-SC) (Xie, Wu, and Liao 2023) and Federated Spectral
Clustering (FedSC) (Qiao, Ding, and Fan 2024) have been
proposed to address the FC of high-dimensional and noisy
data, respectively. Although some of the above-mentioned
FC methods have considered the non-IID or the asynchrony
issues of clients in FC, most of their solutions heavily de-
pend on the availability of the ‘true’ number of clusters k*,
which hinders their applications in real complex scenarios.

Clustering with Unknown Cluster Number

The more realistic unsupervised or weakly supervised learn-
ing has attracted much attention in recent years, especially
for some significant application domains (Cheung and Zeng
2009; Wu et al. 2019; Zhang, Cheung, and Tan 2020; Wang
et al. 2023). Clustering is a key unsupervised learning tech-
nique, where the traditional clustering methods determine
the optimal number of clusters k* manually (Rousseeuw
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Figure 2: Overview of the proposed AFCL framework. Initialized seed points accumulate update intensity from different clients
independently, then the server balances the update information to facilitate appropriate seeds interaction for fusing the clients’
distributions. The heat map represents the intensity of update information of seeds accumulated from asynchronous clients.

1987; Thorndike 1953). To realize automated k* selection,
density-based clustering (Ester et al. 1996; Zhang et al.
2025; Peng et al. 2025) have been proposed to automati-
cally determine k* at a “knee point” during their cluster
exploration. Recently, more advanced learning-based ap-
proaches (Cheung 2004; Cheung and Jia 2013; Cai et al.
2024) introduce a cooperative or competitive mechanism
to excessive cluster centers. They simultaneously ensure
the comprehensive representation of object distributions and
make the elimination of redundant cluster centers learnable,
thus achieving satisfactory clustering performance. Most re-
cently, significance-based approaches (Hu et al. 2022, 2025)
have been proposed to rigorously judge the significance of
cluster distributions under the current k. Nevertheless, all the
above-mentioned solutions require detailed statistics of the
entire dataset, which hamper their applicability in FC.

Proposed Method

In this section, we first define the asynchronous FC problem,
and then present the proposed AFCL algorithm composed of
two key technical components: 1) CSUA: Client-Side Up-
date Accumulation, and 2) SSSI: Server-Side Seeds Interac-
tion. Frequently used notations are summarized in Table 1,
and the overview of AFCL is shown in Figure. 2.

Problem Formulation

Assuming a federated network with p clients divid-
ing the entire dataset X into the corresponding subsets

(xth x| xtel | X{P}) where the subset of g-
th client X{9} has n{9} objects {x\" x{*} ffg}}
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Notations \ Explanations

X Global dataset

X {g} Dataset of g-th client

Mo} Seed points of g-th client

my [-th global seed point

Qldl Object-cluster affiliation matrix corre-

sponding to g-th client

Bld} Cluster center set of g-th client

Ri{g } Update intensity of [-th seed on g-th client

k* The ‘true’ global cluster number of X

Table 1: Summary of notations.

with Zp nl9l = n, and each object x;-{g} =
[z l{({}, f%}, e xi{il}]T is a d-dimensional vector. We use a

matrix Q € R™*k to indicate the object-cluster affiliation,
and the conventional clustering objective is to minimize the
overall intra-cluster dissimilarity between the objects and
the cluster center (also called seed point or seed interchange-
ably hereinafter), which can be written as:

n k
:qull(b Xz;ml

i=1 [=1

(1)

where ®(x;, m;) denotes the Euclidean distance between -
th object x; and [-th seed m;. All the k£ seeds can be orga-
nized as a matrix M € R4*¥ and ¢, ; is the (i,1)-th entry of

Q satisfying Zle giy = land ¢;; € {0,1}. For federated



clustering, each g-th client can perform the above clustering
locally on X 19}, and the ultimate goal is to minimize the ob-
jective function at the server with the entire dataset X and
the consensus seed points M learned across all the clients.

CSUA: Client-Side Update Accumulation

To protect the privacy of clients while transmitting their
distribution information to the server for global clustering,
some intermediate quantities, e.g., update intensity of seeds,
clustering center, and intra-cluster dissimilarity will be ex-
tracted by performing local clustering on each client and

then uploaded to the server for seeds interaction.

For each object x{g}

determined by:

qil = {

where m{% is the r-th seed in M{9}, and 7{%" is the weight
{g}

in g-th client, its belonging cluster is

{9}

if| = argmin~y, || x;
-

1 H&g}HQ

)

0,

@

otherwise,

of m,;”’ computed by:
{g}
{9y = _ °r
Vr ROk )
1=1951

Here, s{g } denotes the winning time of m{g }

iteration, which is updated by:

within a single

Sig} ::5i9}4+ 17

foreach ¢; . = 1,i € {1,2,...,nt9}}.
To facilitate the interaction of seeds across clients, we also
compute the update intensity of seeds locally, but suspend

the update until they are uploaded to the server. For the win-
{9} { 9}

“

ner seed m¢
{9} :

, its update intensity r_>’ contributed by the

object x;*’ is computed by:

{9} {9} _

&)

€ Rig }and 7 is the learning rate. By computing

=n(x” —m{?),

{9}
where r

the update intensity of k seeds provided by all the n{9} ob-

jects, we obtain R{#} = (R R{Z, .. R} to upload
to the server.

Remark 1. Privacy Protection w.r.t. R19}: AFCL uploads
R19}s to the server to facilitate the interaction among seeds
for the fusion of clients’ information. Since the update inten-
sity of a r-th seed provided by each of the objects treating it

as a winner (i.e., Rig } ) will be uploaded, the risk of objects
recovery and privacy leakage will be increased. Therefore,
existing privacy-preserving techniques such as holomorphic
encryption (Acar et al. 2018) and differential privacy (Wei
et al. 2020; Li et al. 2023) can be incorporated in some sce-
narios with high privacy protection requirements. Specifi-
cally, these techniques can be utilized to perturb the update
intensity provided by each object in R19} while ensuring that
the radius of cooperative seeds selection in Eq. (13) and the
overall update of seeds in Eq. (14) unchanged. Note that this
paper focuses on more robust FC, rather than improving its
privacy protection level.
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To judge convergence at the server, we also compute the

centers B9} = {big}7 bég}, o b,Eg}} of the k clusters par-
titioned by the seeds by:

nla}

big} (6)

{g}

’I"

qi, r)({ 9}
=1

{9} ;

where o;”’ is the number of objects in the r-th cluster cor-

responding to mig }. Based on Bt9 }, the contribution of the
r-th cluster to the global objective Z can be computed by:

nla}

> dir|IbI —x

i=1

2t = e,

)

and the contributions from all the seeds in g-th client can be
collectively denoted as z{9} = [zi{g}, zég}, . zlgg}]T.
Remark 2. Necessity of Intermediate B9} and z19} : Since
the trajectories of seeds M is usually complex as shown
in Figure. 3(d), directly calculating the objective function
based on seeds may lead to constant fluctuations in the ob-
jective function value. Therefore, intermediate values B19}
and z%9} computed locally on each client are relatively sta-
ble and can timely reflect the goodness of current seeds in
terms of each client, which are helpful to obtain a smooth
and more approximate overall objective function value Z.

SSSI: Server-Side Seeds Interaction

During the learning, communication frequencies of each
client should be recorded as ® = [9{1} {2} olr}hT,
Accordingly, weights w = [wil} w{?} . wiP}T for bal-
ancing the seeds update bias caused by the asynchronous
communication should be maintained. For g-th participating
client, its balance weight is computed by:

§

o{g}
£ + E: 9(7}

wldt =

®)

i

where ¢ is a hyper-parameter controlling the sensitivity of
balance weight w.r.t. the communication frequencies ©. In-
tuitively, a larger £ makes the balance weight less sensitive
to the frequency, and a client with a higher frequency will
have a lower weight to weaken its contribution.

Upon receiving the uploading from clients, the server ini-
tially aggregates the cluster centers and their objective con-
tributions with the balance weights by:

zﬁ:w

j=1

{j} {J}b{J} p wlitol {7} {J‘}

{J}’ZT:Z {3}

j=1 j= 1 0r

9)

)

p

where p denotes the number of participating clients. B =

{by,bs,...,by} and z = [z1, 29, ..., 2] | represent the ag-

gregated centers and contributions to the objective Z from

the server perspective. Accordingly, an approximation of the
objective on the server can be derived from Eq. (1) as:

k

1 21+ zr )

Z(B,z) =+ , (10)

- (e



which is in the form of the DBI index (Ros, Riad, and Guil-
laume 2023) that simultaneously reflects cluster compact-
ness (numerator) and clusters’ dispersion (denominator).
To ensure that the seeds learned from data can consensu-
ally minimize Z, a cooperative set:
2y an
is identified for each seed m,., and we let all the seeds in C'.
collectively receive the updates from the samples as:

Cr = {my ||| m, —my HQSH my —

m, = m, + n(x*} —m,), (12)
where m,, € C,.. However, since original samples are un-
available at the server due to privacy constraints, we com-

pute Egs. (11) and (12) alternatively based on the update
intensity ri,gi} that has been uploaded to the server as:

2 w{g}riz} 2
Cp = {my ||| m, —my < - 17y a3
and
m, = m, + w{g}riz} + wl9p(m, — m,) (14)

respectively, where w19} is used to mitigate the bias of seeds
update caused by the asynchronous uploading. Intuitively, a
smaller wi9} corresponds to a client that uploads frequently.
Thus its neighbor identifying radius || w{g}rig}/n |? in
Eq. (13) will be smaller to avoid over-update of the seeds in
C,.In Eq. (14), rig} from Eq. (5) is already with the learn-
ing rate n, and thus its latter two terms are with the same

coefficients w9}y, equivalent to update m.,, by a small step
{g}

[

towards the data object that yields the update intensity r

Remark 3. Interaction of Seeds: According to Egs. (13)
and (14), all seeds in C,. will move closer to the cluster dis-
tribution represented by m,. according to the distribution in-
formation accumulated on different clients, which facilitates
the distribution completion across different clients.

Overall AFCL Algorithm

In the AFCL algorithm, after the global initialization of the
seed points and local update accumulation on all the clients,
sufficient interaction among the clients through the server
is iteratively performed until the convergence of Z. In this
process (summarized as Algorithm 1), the client-side (indi-
cated by pink color) mainly implements cluster distribution
learning, and the server-side (indicated by blue color) is re-
sponsible for privacy-protected distribution information fu-
sion. For each learning iteration of the AFCL algorithm, the
time complexity is O(kn{9tdp + nl9}k2d), which is effi-
cient compared to the state-of-the-art FC methods. A more
detailed analysis can be found in the Appendix.

Appendix — https://github.com/Yunfan-Zhang/AFCL
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Algorithm 1: AFCL: Asynchronous Federated Clustering.

Input: X1} X2} X1} k¢, .
1: for all clients in parallel do

2 Initialize £ seeds using k-means++;
3 Transfer initialized seeds to the server;
4: end for
5: Initialize k global seeds M using k-means++ according
to the seeds received from all clients;
6: repeat
7: Transfer global seeds M to participating clients;
8: for g-th participating client in parallel do
9: Update A9} = glot 4 1;
10: Compute QU9}, RUs} Big} 219} by Egs. (2),
(5), (6), and (7), respectively;
11: Upload Q9}, R{9} Big} 219} to the server;
12: end for
13: Compute M, Z using Egs. (14) and (10);
14: Update w by Eq. (8);
15: until Convergence
Output: M, Q.
No. | Datasets Abbrev. | n d k¥
1 Synthetic Dataset 1 SD1 2300 2 4
2 | Synthetic Dataset 2 SD2 2900 2 5
3 Seeds SE 210 7 3
4 Iris IR 150 4 3
5 Avila AL 10430 10 12
6 Abalone AB 4177 7 29
7 Breast Cancer CcC 569 30 2
8 Accent AC 329 12 6
9 Segment SG 2100 19 7
10 Live LI 7051 9 2
11 Parkinson PA 197 22 2
12 Audit AU 776 24 2
13 Transfusion TF 748 4 2

Table 2: Statistics of experimental datasets.

Experiments

Experimental Setup

Six experiments have been conducted: (1) Visualization: In-
tuitive demonstration of the learning process of the proposed
AFCL; (2) Convergence Evaluation: Objective function val-
ues at each learning iteration are recorded to illustrate the
convergence and efficiency of AFCL; (3) Clustering Per-
formance Evaluation: We compare AFCL with the conven-
tional and state-of-the-art counterparts to demonstrate the
superiority of AFCL; Due to space limitation, the remain-
der three experiments, i.e., significance test, ablation study,
execution time evaluation, and more detailed experimental
settings, are provided in the online appendix.

Six counterparts are compared: DK++ (Bahmani et al.
2012) is a conventional distributed learning approach that
conforms to the settings of FL. Five state-of-the-art methods,
i.e., the iterative learning approaches FFCM-avgl, FFCM-
avg2 (Stallmann and Wilbik 2022), and FedSC (Qiao, Ding,
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Figure 3: Seed points and their trajectories on the server dur-
ing the learning of AFCL. Black and red dots indicate the
initial and final positions of the seed points, respectively.

and Fan 2024), and the one-shot learning approaches k-FED
(Dennis, Li, and Smith 2021) and Fed-SC (Xie, Wu, and
Liao 2023), are compared. All their hyper-parameters (if
any) are set according to the corresponding source papers.

13 datasets, including two Gaussian spherical synthetic
datasets, and 11 public real datasets collected from the
UCI machine learning repository (Asuncion and Newman
2007), are utilized for the experiments, and their statistics
are shown in Table 2. All the real datasets are pre-processed
by omitting the objects with missing values and normalized.

Three validity indices including the Silhouette Coef-
ficient index (SC) (Rousseeuw 1987), Calinski-Harabasz
index (CH) (Calinski and Harabasz 1974), and Bonfer-
roni—-Dunn (BD) test (Demsar 2006) are chosen for perfor-
mance evaluation. Values of SC and CH are in the intervals
[-1,1] and (0,400), respectively, with a higher value indi-
cating a better clustering performance. These two internal
indices are insensitive to the number of clusters, thus facili-
tating a fair comparison of AFCL that learns its own k and
the counterparts with a pre-set k* as shown in Table 2. BD
test is conducted on the performance ranks of the counter-
parts to validate if AFCL performs significantly better.

Visualization

To intuitively validate the effectiveness of AFCL, we split
SD1 into three subsets for creating three extremely non-1ID
clients as shown in Figure. 3(a) - (c¢). Figure. 3(d) shows
the global data distributions and update trajectories of the
seeds on the server. It can be observed that even though the
three clients have completely non-overlapping distributions,
AFCL can still appropriately learn a set of seeds to represent
the global cluster distributions. The trajectories also demon-
strate that the seeds updating mechanism of AFCL can ef-
fectively facilitate interaction among the seeds with imbal-
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anced update information uploaded by the asynchronous
clients. After a certain number of learning iterations, redun-
dant seeds are homogenized, i.e., overlapped at the center of
several prominent clusters. This intuitively demonstrates the
autonomous cluster number selection ability of AFCL.

To demonstrate the convergence efficiency of AFCL, we
plot its objective function values on four datasets in Fig-
ure. 4. It can be observed that AFCL converges quickly with
around 10 iterations in most cases. Moreover, the objec-
tive function always experiences a steep decline after the
server updates, confirming that the designed seeds interac-
tion mechanism is highly effective. It is also noteworthy that,
since only limited statistics are permitted to be communi-
cated between clients and server, a strict gradient descent
cannot be guaranteed and thus the convergence curve in Fig-
ure. 4 is not monotonically decreasing. Such an effect is ra-
tional for FC because the clustering objective can be viewed
as heterogeneous at different clients and server.

Clustering Performance Evaluation

The clustering performance of AFCL and the existing FC
approaches are compared under the non-IID and asyn-
chronous scenarios. For each dataset, we implement clus-
tering by using each compared method by 20 times and
report the average performance. For each of the 20 trails,
we first implement k-means with & = 5, to divide the
whole dataset into five clients to simulate the extreme non-
overlapping distributions of non-IID clients. Then to simu-
late the asynchronous participation of clients, we randomly
set each client with a different participation probability for
controlling their upload in each iteration during the learn-
ing. As AFCL does not require k£*, the initial number of seed
points & is randomly selected from the range [k*, 2k*]. The
clustering performance in terms of SC and CH obtained un-



Dataset | DK++ k-FED FFCM-avgl FFCM-avg2 Fed-SC FedSC AFCL
SD1 0.5986+0.18  0.8494+0.00 0.5063+0.02 0.5036+0.02 0.8261+0.09 0.8539+0.00 0.9714+0.00
SD2 0.6127+0.11  0.7699+0.00 0.4773+0.03 0.4679+0.03 0.6005+0.14 0.7477+0.00 0.8571%0.00

SE 0.3229+0.00 0.3754+0.04 0.4323+0.05 0.4323+0.05 0.3619+0.00 0.3774+0.00 0.5033%0.09
IR 0.4955+0.01 0.4818+0.02 0.5672+0.02 0.6119+0.21 0.5384+0.04 0.5719+0.00 0.6386+0.06
AL 0.2096£0.02 0.0979+0.03 0.2721+x0.09 0.2761+0.07 0.44224+0.05 0.3187£0.00 0.6138+0.38
AB 0.23144£0.02  0.1853+0.01 0.3664+0.34 0.4863+0.26 0.3009£0.03 0.3865+0.06 0.5005+0.11
CC 0.3778+0.00 0.3809+0.02 0.2873+0.05 0.3051+£0.04 0.3672+0.04 0.3747+£0.00 0.5916+0.04
AC 0.1831+0.02  0.0992+0.01 0.2656+0.13 0.2358+0.13  0.1376+0.02 0.1922+0.00 0.4851%0.26
SG 0.3197+0.02 0.3117+0.00 0.3819+0.11 0.3865+0.10 0.2677+0.04 0.2935+0.00 0.6086x0.12
LI 0.8241+0.00 0.8256+0.01 0.4805+0.16 0.4239+0.23 0.7980+0.10 0.8252+0.00 0.8967+0.01
PA 0.2763£0.00 0.4517+£0.03 0.4419+0.15 0.4419+0.15 0.2443£0.00 0.5138+0.00 0.4903+0.11
AU 0.4046£0.05 0.3601+£0.04 0.1440+0.08 0.2239+0.02 0.3411£0.07 0.4296+0.00 0.5191+0.07
TF 0.4935+0.00 0.5269+0.01 0.6402+0.16 0.6402+0.16 0.5172+0.25 0.5390+0.00 0.6813%0.03
ANe.Rank‘ 4.6154 4.2308 44231 4.1923 5.4615 4.0000 1.0769
Table 3: Clustering performance evaluated by SC on all the 13 datasets.

Dataset \ DK++ k-FED FFCM-avgl FFCM-avg2 Fed-SC FedSC AFCL
SD1 13933.3423 18933.7121 3136.2342 3140.0656 18901.0798 18958.6529 19482.8610
SD2 13187.1700 16936.0195 1462.2227 1474.5426 1575.4188 16913.4103 17200.3823
SE 192.6124 251.1952 83.3635 83.3635 193.6615 206.0449 230.9555
IR 315.2151 232.9987 65.6174 66.3026 211.5583 232.9386 310.7035
AL 1524.2576 1559.4321 1607.4565 1809.4353 2260.6359 1524.2576 4880.6220
AB 3756.1887 3791.0247 3821.2626 3890.4190 3072.4473 3244.3141 5906.3378
CcC 202.4573 290.0258 104.0924 107.4325 222.6533 231.4785 231.5775
AC 112.3225 80.9425 82.4193 77.3857 73.2801 99.9817 140.7156
SG 973.7952 1121.9421 765.2036 1278.2297 781.12178 1057.1972 1541.6809
LI 5013.7432 5526.4145 1050.4084 806.5331 4075.7079 3608.0879 6090.9982
PA 40.2442 68.3886 79.5121 79.5121 56.2801 83.3207 78.1141
AU 304.9842 251.1567 65.7637 107.1965 201.6834 433.3965 306.7529
TF 393.1126 540.1820 436.6372 436.6372 420.2884 518.4788 651.6017

Ave. Rank | 4.5000 3.0769 5.5769 4.8846 5.0000 3.4231 1.5385

Table 4: Clustering performance evaluated by CH on all the 13 datasets.

der the above settings is shown in Tables 3 and 4. The best
and the second-best results are highlighted using boldface
and underline, respectively. The ‘Ave. Rank’ rows report the
average rank of different approaches across all datasets.

It can be observed that AFCL outperforms all its counter-
parts in general, indicating its superiority in asynchronous
FC. Specifically, AFCL performs the best on almost all
datasets w.r.t. the SC index, except on the PA dataset where
AFCL still performs the second best. This is because AFCL
can effectively minimize the intra-cluster dissimilarity and
maximize the inter-cluster dispersion to search for the global
optimal seeds. For the CH index, although AFCL performs
the second-best on some datasets, i.e., SE, IR, CC, and AU,
the best counterparts differ on these datasets while AFCL re-
mains competitive in most cases. More specifically, for the
cases where AFCL does not perform the best, the perfor-
mance gap between AFCL and the best-performing coun-
terpart is usually tiny, which demonstrates the effectiveness
and robustness of AFCL on different datasets.

Concluding Remarks

This paper proposes a new FC approach called AFCL for
mining global cluster distributions upon heterogeneous data
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distributions of asynchronously communicated clients. It
advances FC to a more challenging but realistic scenario,
i.e., clients can participate in the client-to-server uploading
asynchronously, and all the clients and server can be ex-
tremely non-IID without knowing the ‘true’ number of clus-
ters. AFCL achieves this by adopting a client-to-seed infor-
mation fusion framework, which lets the seed points coop-
erate on the server to complete the non-IID distributions of
clients and automatically learns to eliminate redundant seeds
as well. A balance mechanism is also designed to relieve
the non-uniform of the update information uploaded by the
asynchronously participated clients. As a result, AFCL can
effectively outline the global cluster distributions upon the
seeds learned by the aggregated update intensity received
from clients, even if the communication is extremely asyn-
chronous and the distributions of clients are completely di-
vergent. Comprehensive experiments have illustrated the ef-
ficacy of AFCL. Despite the superiority of AFCL, there are
still some noteworthy potential limitations. That is, we as-
sume FC on pure numerical data and the number of clients
is relatively small. The next promising avenue would be the
FC of datasets comprising both numerical and categorical
attributes distributed on a large number of clients.
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