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Abstract
Non-IID problem by organizing clients into clusters for the

Federated clustering effectively addresses the

training of personalized models. However, current federated
clustering methods often cluster clients based on a single
dimension, and fail to simultaneously achieve low computa-
tional cost, high accuracy, and strong privacy preservation.
To address this problem, this manuscript proposes a novel
approach called Gravitational Clustering Federated Learning
(GCFL). GCFL treats each client as an object in a latent
space, where the position encodes the local model and the
mass encodes client importance. By simulating gravitational
interactions between clients, GCFL enables adaptive cluster-
ing. Extensive experiments on Non-IID datasets validate the
effectiveness of GCFL, and comparative analysis with state-
of-the-art methods demonstrates that the proposed approach
achieves more reasonable clustering and faster convergence.

Keywords Federated learning, Non-IID Problem, Adap-
tive Client Clustering, Personalized Models, Gravitational

Dynamics

1 Introduction

Data privacy is always a key requirement in machine learning.
In this background, Federated Learning (FL) has attracted
wide interest in mobile applications[ 21, healthcare ™1, and
finance -1,

FL is a privacy-preserving distributed learning paradigm. It
uses a central server to aggregate client updates, and multiple
clients can jointly train a global model without their private
data leaving the local devices. Concretely, in each training
round, the server selects a subset of clients and sends them
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the global model. Each client performs several local epochs
of stochastic gradient descent on its private dataset to produce
and return the model updates. The server then aggregates
updates to obtain the next global model. Throughout training,
raw data remain on local devices thereby reducing the risk of
leakage.

However, FL still struggles with several problems, and data
heterogeneity, also called Non-IID, is the primary one.!’”! The
Non-IID problem means that local data distributions are dif-
ferent across clients, for example, skewed label distributions,
unequal sample sizes, and varying class coverage. Non-1ID
will cause oscillations across training rounds and slow con-
vergence, ultimately resulting in a global model with weak
generalization and inconsistent performance across clients!".

Clustering Federated Learning (CFL) is a common solution
to solve the Non-IID problem ', Compared to FL, which
trains a single global model for all clients, CFL groups clients
with similar data distributions into clusters, and each cluster
will train a personalized model!''!. CFL improves model
accuracy by customizing personalized models for each cluster
and increases convergence speed since the data distributions
in each cluster are similar.

CFL follows three different paths: pre-training cluster-
ing, in-training clustering, and post-training clustering. Pre-
training clustering!'”~'*I refers to clustering clients based on
information collected before FL. Good pre-training clustering
can significantly improve convergence speed. However, since
it relies on additional information, it cannot guarantee both
privacy protection and clustering performance.!'”! In-training
clustering /%' refers to clustering clients during the itera-
tive process. It clusters clients based on gradients and model
parameters, thereby ensuring privacy. However, In-training
clustering usually requires pre-setting the number of clus-
ters or some specific threshold. These hyperparameters are
sensitive to changes in the final result. In-training clustering
cannot guarantee both convergence speed and clustering per-
formance. Post-training clustering!'“~"! refers to clustering
clients after FL, and then all clusters will do FL again to
personalize the models. Post-training clustering can typically
achieve perfect clustering results in one step. However, post-
training clustering is essentially a post-processing method,
meaning that the overall speed is much slower than regular
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FL. In summary, CFL struggles to simultaneously achieve
low computational cost, high accuracy, and strong privacy
preservation. Each approach has its own trade-offs.

To address these issues, this manuscript proposes an adap-
tive in-training federated clustering method called Gravita-
tional Clustering Federated Learning (GCFL). In GCFL, each
client is represented as an object, and GCFL simulates gravita-
tional interactions among objects to drive adaptive clustering
without predefining the number of clusters. Specifically, the
server anchors local models in a common, comparable em-
bedding space using a small probe set. It also encodes data
volume, model performance, and model stability into the
“mass” term. GCFL uses gravitational forces to encourage
proximate client objects to coalesce into clusters. Further-
more, GCFL introduces a gravitational shielding mechanism
that suppresses cross-cluster attraction to prevent gravitational
“collapse”.

GCFL has three key advantages. First, adaptive clustering
driven by gravitational dynamics removes sensitive hyper-
parameters, such as the number of clusters, leading to more
accurate FL results. Second, since GCFL performs clustering
during training, it increases convergence speed while pre-
serving the privacy guarantees. Third, clustering relies on
both “location” and “mass”, which represent the data volume,
probe set performance, and update stability. So GCFL inte-
grates complementary evidence and achieves more reasonable
clusters.

The contributions of this manuscript are as follows:

This
manuscript introduces GCFL, an in-training cluster-

e Adaptive in-training federated clustering:
ing framework that models clients as bodies in a latent
space, removing the need to predefine the number of
clusters or tune sensitive thresholds;

* Mass & Location modeling: GCFL designs a probe set
anchoring pipeline to embed clients as the location”
and define a multi-factor “mass” term to represent client
importance;

* Collapse-prevention mechanisms: GCFL designs gravi-
tational shielding mechanism that decrease long-range
attraction, preventing “collapse” into a single cluster and
reducing cross-cluster interference.

» Extensive empirical validation: This manuscript con-
ducts extensive experiments on Non-IID datasets and
performs a comparative analysis with state-of-the-art
methods, showing that GCFL achieves higher accuracy
and faster convergence.

The remainder of the manuscript is divided as follows:

Section 2 introduces the prior work on federated clustering.
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Section 3 introduces the GCFL framework, which includes
overall architecture, latent-space anchoring, mass modeling,
gravitational clustering, and collapse-prevention mechanisms.
Section 4 introduces the experimental setup and results.
Section 5 summarizes the contributions and outlines directions
for future work.

2 Related Work

Clustering Federated Learning (CFL) augments federated
learning by partitioning clients into clusters with similar data
distributions or model behavior and then training a personal-
ized model per cluster. It is a common solution to solve the
Non-IID problem. Existing CFL methods often follow three
paths: pre-training clustering, which forms clusters before
training using additional information and can speed early con-
vergence but has privacy issues; in-training clustering, which
discovers and clusters clients during training using model
updates or gradients and preserves privacy but often depends
on sensitive hyperparameters; and post-training clustering,
which identifies clusters after FL and then retrains models
within clusters, achieving stable partitions at the cost of extra
training latency.

2.1 Pre-training Clustering

Side information in Pre-training clustering methods could be
severl signals send by client such as : meta-learned signals,
which either learning a clustering rule or a fast-adaptation
initialization!'>'"1; subspace summaries signals, which up-
loading a few truncated-SVD directions or feature finger-
prints[ 1. cross-client distances signals , which use MPC
to calculate and then clustering [221. and local-center signals,
where clients summarize data by local centroids and the server
clusters these in a single step**'1.

Beyond static, one-shot partitioning, recent pre-training
clustering can also combine with FL training process. Li et al.
(> propose a drift-aware clustered FL framework. It compares
label-distribution vectors to detect the drifted clients. This
method preserving inter-cluster homogeneity and improving
both accuracy and training time. Helcig et al.[**! proposed
FedCCL, a federated clustered continual learning framework,
FedCCL use DBSCAN “"! to cluster the client based on static
attributes, and then trains with a three-tier global-cluster-local
framework.

Pre-training clustering solves Non-IID problem before
training begins. It stabilizes early rounds, and speeds up overall
training time. Such one-shot partitioning is also modular,
and can plugged into standard FL pipelines with low warm-
up cost. However, it relies on side information, creating a
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privacy—utility trade-off and making performance sensitive
to the fidelity of those signals.

2.2 In-training Clustering

In-training clustering is the most widely approach in federated
clustering. In each round, the server estimates and updates
cluster identities, then redefine the cluster group for each
client before next FL round. This iteration continues until
FL stops, and at also the point that clustering has naturally
converged. The In-training clustering supports hard or soft
assignments, synchronous or asynchronous framework, and
can also combine with differential privacy or other privacy
mechanisms.

A representative In-training clustering is IFCA proposed
by Avishek et al.[”l. IFCA alternates between estimating
client—cluster identities from returned losses and minimizing
the loss of each cluster model; assignments and models are
updated each round until training ends. However, the stuides
show that IFCA is very sensitive to the early-round noise or
hyperparameters such as clusters numbers, and hard switch
can oscillate easily when clusters overlap or data drift.

To solve this problem, soft-assignment methods were in-
troduced. Yichen et al.!'"! propose FedSoft, which learn a
mixture weights that softly allocate each client across clusters
and jointly optimizes cluster and personalized components.
Othmane et al.!'”! propose FedEM, it casts CFL as a mixture-
of-experts problem with client-specific expert weights and
expert-wise aggregation on the server, so achieve soft clusters
in FL training round.

Concurrently, another line of In-training Clustering is to
change the FL scheduling. Long et al.”] propose a Multi-
center FL, which maintains several global centers and lets
each client attach to the nearest center by parameter or update
distance; Du et al.[*!] propose AICFL, which allows clusters
to split or merge over time so that structure adapts as train-
ing progresses; Liu et al.""l propose CASA, which couples
clustering with asynchronous aggregation, forming clusters
from the stream of arriving updates; Lin et al.'’'l propose
FedSPD, which groups clients by similarity of gradient or
sampling directions to balance accuracy with communication
efficiency; Kim et al. '’ propose a gradient-based partition-
ing, which accumulates gradients and clusters by gradient
similarity, with accompanying error bounds; Gu et al. !
propose LCFL, which defines a loss-based clustering metric
suited to nonconvex models.

Recently, in-training clustering have increased robustness
by using more advanced training signals. Kim et al. ] propose
CFL-GP, which accumulates client gradients and clusters

clients based on gradient similarity, enabling more stable
cluster estimation under heterogeneous data. Junbao et al.!*!
propose FedCCFA, which leverages client-side classifiers
to address distributed concept drift and uses the resulting
clusters to guide feature alignment during training.

Despite In-training Clustering has substantial progress, it
still share two core limitations. First, these method also rely
on some sensitive hyperparameters, thresholds, or stopping
rules. whose tuning is fully depends on data distrabute and
can induce unstable oscillations under early-round noise or
distribution drift. Second, most methods cluster on a single
signal, overlooking complementary factors like data volume,
update reliability, and temporal stability.

2.3 Post-training Clustering

The typical pipeline of post-training clustering is follows this
template: run FL to a stable point, extract features from each
client, compute distances in a common space, group clients
in a single shot, and then continue with per-cluster retrain-
ing or fine-tuning. Post-training clustering is easily extracts
the low-noise signals, therefore forming more reasonable
clusters compared with other methods. Post-training Cluster-
ing reduces cross-client heterogeneity, stabilizes subsequent
optimization, and improves personalization quality.

The most classical post-training method is CFL!'*l. CFL
first trains an model to their near-stationary point, and
computes cosine similarities between client gradients. It
then uses recursive bisection to split clients until within-
cluster consistency is reached. CFL is simple but follows a
“train—cluster—retrain” pipeline, which leading to high com-
munication and computation costs.

Besides CFL, recent research tries to improve the efficiency,
robustness, and deployability of post-training clustering:
Zhang et al.l""! propose a communication-efficient CFL,
which defines a new model distance and refines post-hoc
bisection. The communication-efficient CFL reduces per-
round communication, addressing the cost issue; Vardhan
et al.*! further strengthen the distance metric to achieve
more robust post-processing splits; Zuziak et al."’} propose
a one-shot CFL, which detects the earliest near-stationary
point; therefore, it has a lower cost; Xue et al.[¥] propose
DAG-ACFL, which combines CFL with an asynchronous
DAG pipeline; Briggs et al.!'”! propose FL+HC, which first
designs a hierarchical clustering pipeline for local updates;
Guo et al.*¥ propose HCFL, which analyzes hierarchical
grouping and merge—split strategies. HCFL also explores
similarity measures beyond cosine for more stable clustering;
Liu et al."*! propose a hierarchical layered CFL for multi-tier
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networks, which applies hierarchical clustering to reduce
latency; Jhunjhunwala et al."*"] propose FedFisher, which
leverages the Fisher information matrix—based knowledge
distillation to reduce retraining cost; Zhang et al.[*'1 propose
SoFL, which employs self-organizing maps to adapt the
number of clusters and decouples clustering from FL into
a two-stage pipeline. The post-training clustering achieve
high-quality cluster result, but its core scheme remains train-
cluster-retrain”. One-shot or hierarchical variants can only
reduce the clustering step but cannot remove the retrain stage.
Therefore, the latency, communication, and computational
complexity of post-training clustering are inevitably higher.

3 Methods

3.1 Problem Formulation

Federated clustering divides the client set C = {C4, C5, ...,
C,} into m disjoint and non-overlapping clusters G = {Gj,
Ga, ..., Gm}. For clients C,, C}, € G;, the data difference
satisfies A(Dg, Dy) < E&intrq. For clients C, € G; and
Cy € Gj, the data difference satisfies A(Dg, D) > &inters
with {inter > Cintra-

The goal of clustering is to learn a personalized model 6,
for each cluster G;, such that the model better fits the local
data of the clients. Specifically, for each client C, € G;, the
objective is to ensure that the expected loss of 6; is lower than
the expected loss of single global model 0410441, i.€.,

E[€(0:; Di)] < E[£(Ogiobar; Di)l, (D

where D, representing the data across all clients within the
cluster G;.

3.2 Gravitational Clustering Federated Learning
Framework

Gravitational Clustering Federated Learning (GCFL) is an
in-training clustered federated learning framework that forms
client clusters and performs per-cluster aggregation. Given
the client set C = {C71, ..
t the server maintains a dynamically evolving cluster set
g — (...

clusters m;. Therefore, the server aggregate and maintains a

., Cy, }, each communication round
., G}, } with an adaptively varying number of

personalized model set 0° = {6%,... 6t }.

» Y my

The overall framework of GCFL is shown in Fig. 1. Fig. 1(a)
shows how GCFL cold-starts, while Fig. 1(b) shows the full

federated training loop. For cold-starts, the server first initial-

0
global>

model 6%, ,,; at each early round ¢. Then , the client trains

izes a single model ¢ and server broadcasts the global

and then update the local model 7. The server aggregates
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the local models and updates the global model:

n Na
eSS ~ 0 @)
a=1
where N is all data volume, NN, is local data volume. Once
the global model becomes stable, GCFL will start clustering.
Specifically, GCFL check the following criterion:

1
||0;;robal - eglobal H2

||9;lobal ||2 +e

where € > 0 is a small constant to avoid division by zero.

< Oinits 3

For clustering training phase, the server first use gravita-
tional method to cluster all client. Therefor at round ¢, the
server holds a cluster G* = {G},..., G}, }. parameters are
then aggregated within each cluster to get personalized model

6!

o= 3 Negr 4

1 C;jf N v

where IVy, is local data volume of client (Y, and NN; is the

total data volume in cluster G!. The server then broadcasts

the personalized model 6! to all cluster members client. Each

client who get 6%, runs a few local SGD steps on local data to
obtain a local model 6% +1

0L =0t — VL, (6!), (5)

3

where VL, (6!) is the local gradient, 7 is learning rate.

3.3 Gravitational Clustering

To address the training oscillations, aggregation mismatch,
and hyperparameters sensitivity problem in traditional CFL,
GCFL introduces a gravity-based clustering method. The core
idea borrows from the mutual attraction in the physical world:
each client is modeled as a ”object ” in a latent space, where
the embedding of its local model serves as location”, and
the client importance is encoded as its “mass”. Intuitively,
more important clients exert stronger attraction on similar
neighbors and are less susceptible to perturbations from small,
dissimilar clients. Therefore the clients attract each other with
a force strength increases with mass and decays with distance.
Local attraction drives nearby clients to group up adaptively,
forming stable cluster during federated training.

3.3.1 Location Anchoring Phase

In location anchoring phase, server in GCFL first need a
small probe set P. In FL, the server theoretically knows the
label space. Therefor, P can be bulid as a tiny, label balanced
micro dataset covering all labels, it can be few public or
crowdsourced examples per label, or a synthetic set generated
from public sources. With this probe set, GCFL calculate
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Table 1 Annotation Table
Symbol Description
C Set of all clients.
n Total number of clients.
g Set of clusters formed over clients.
m Number of clusters.
t Communication round index in federated training.
D., Dy Local datasets of clients C, and C}.
A(Dg, D) A divergence measure between client datasets (smaller means more similar).
Gélobal Global model maintained by the server at round ¢.
Gf Cluster-personalized model for cluster G; at round .
VLa() Gradient of client C,’s local loss.
N Total data volume.
P Probe dataset
Ja,x(z) The k-th logit output by model 6, on sample .
qa(z,y) Softmax confidence of client C, on the true class y for sample (z, y).
Ta,k Average confidence of client C, on class k over Pj.
Za Location vector of client C',, in the latent space.
Va Data-volume factor indicating the relative size of client C',’s dataset.
Ka Reliability factor reflecting C,’s participation ratio in recent rounds.
Pa Confidence factor reflecting C,,’s average probe set confidence.
Ma Mass factor to client C,,.
dab Euclidean distance between clients a and b in the location space.
A Attraction strength between clients a and b.
Sa Total attraction of client a to all other clients.
Aap Symmetrically normalized attraction between clients a and b.
Model
/ Aggragate ‘\ Gravitational Server
Clustering ‘
Stcahlglcllty ‘ Server /
Send

¥
Cluster g; Cluster g,
Cluster g

Broadcast Send
Cllent Client

Local Modelc%g C%g C% c%j

(a) (b)

Local Model

Fig.1 Gravitational Clustering Federated Learning Framework
local model confidence. Specifically, for any client C, with ~ wise confidence

model parameters 6,, define the confidence as 1

> dalz,y) (7)

Tak = 757

5P (g0 (1)) © [P
Sy b (g k(1))

where (z,y) € P is a sample with ground-truth label y, |y|

, 9o, M (2)) is the logits
produced by the model 6, on data sample x.

Qa(xa y) =

is the number of classes, (gq,1(2), - -

GCFL then aggregate the confidence by class to get class-

(z,y)€ Pk

where Let Py is the probe subset with true label k. To
calculate the location of each client, GCFL stack all class-wise
confidence 74,1, ..., 74 0] as location vector r,. GCFL also
normalize this location vector to removes scale differences

while preserving the relative per-class pattern. Therefore the
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final location vector z, is calculate by
Ta

- ||ra‘|27

3.3.2 Mass Modeling Phase

®)

Za

In the mass modeling phase, GCFL assigns each client with
a non-negative scalar mass number. This mass encodes the
relative importance of the client. Specifically, mass reflects
the reliability and influence of each client. The client with
more data, high reliable, more confident predictions should
have a stronger attraction to other client. while client with
small and noisy data should have weaker attraction.
Formally, The first mass factor is data volume. Clients with
more samples are more representative. To reflect this, GCFL

define a normalized data volume factor as

N, ©)
Vg = 5
max N

where NV, is the data volume of client C,, and max NV is the

max data volume of all client.

The second factor is Client reliability, which reflects
whether this client participates in federated learning. Specifi-
cally, reliability factor define as

(10)

Kg = —.

T
where T, denote the number of rounds in which client C,

successfully uploads updates within a recent sliding window
of length T'.

The third factor is confidence, which evaluates accuracy of
model performance for each client, Specifically, confidence
factor define as

1
pu = Thy > qalzy), (11)
(z,y)EP
where ¢, (z,y) is the softmax score of client C,, on sample
(2,y).
Therefore, the mass of client C,, is calculated as

Ma = Qg + BKa + VPa. (12)

3.3.3 Gravitational Phase

In gravitational phase, GCFL adaptive cluster each client
based on their mass—location representation (z,, m, ). Specif-
ically, GCFL calculates the mutual force of each client and
then takes the strong force to group as clusters. To prevent
the collapse, GCFL uses distance scale to suppress the long-
range attraction, and use the symmetric degree normalization
to down-weight global hubs. Therefore, GCFL achieve a
stable clusters without presetting the number of clusters or
hand-tuning thresholds.

The above section has calculate the location z, € R and
the mass m,, for each client C,, GCFL first define distances

k2
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of client @ and b as

dab == ”Za - ZbHQ (13)

According to the gravitational principle in natural world,
the force between two objects should be proportional to their
masses and inversely proportional to their distance. In this
case, any attraction force between client pair (C,, C) in FL

can be calculate as
megmy
Ay = , 14
Al c (14)

where ¢ > 0 is a small stabilizer set to prevents the force

blow-ups when d,;, is very small.

To suppress the attraction force between high-mass and
long-range clients, GCFL introduce a shielding factor to
calculate the attraction as:

MaMp —(dar)?
Agp = dab+<exp x )
Where ) is a data-driven distance scale, which is the median

(15)

of all distances.
To further suppress the client in a dense region to link
almost all others, GCFL applies symmetric normalization as:

T Aab
Sa = Aq ; Agp = oo
;l b b 5.5,

Where, S, is the total attraction of node a. This normalization

(16)

preserves symmetry where gab = Zba, and down-weights
the hub effects.

Then GCFL will calculate a Otsu thresholding 7" to
separate strong from weak attractions, and if Xab > 1, then
group (Cy, Cy), the algorithm of Gravitational cluster is
shown as Algorithm 1

4 Experimental
4.1 Datasets

Experiments are conducted on the CIFAR-10 and MNIST
datasets. CIFAR-10 contains 60000 32 by 32 RGB images
from 10 classes. MNIST contains 70000 28 by 28 grayscale
digit images from 10 classes. For both datasets, a small probe
set P is randomly sampled before training. In this experi-
ment, the probe set is constructed by uniformly sampling
50 instances per class, resulting in a probe set of 500 sam-
ples for both CIFAR-10 and MNIST. To preserve privacy,
the probe set is held exclusively by the server and is never
assigned to any client. It is only used to compute class-wise
confidence and mass modeling. After removing the probe set,
the remaining data are partitioned across clients under three
data-distribution settings:

» IID. Samples are evenly split to each clients, therefore

each client receives a balanced subset.
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Algorithm 1 GCFL: Gravitational Clustering

Input: client set C = {C4, ..., C,}; locations
{24 € RM 1 ||z4]l2 = 1}; masses {m, > 0};
stabilizer ¢ > 0.
Output: clusters G = {G1,...,Gn }-
Compute pairwise distances dqp = ||z — 25]|2 for all
a < b;
Set shielding length A + median({das : a < b});

foreach pairs (a, b) with a < b do
Mg My

den )2 .
Agp doy 1 C exp<_( /\b) ),
S~a — Z}wga Aap;
Aab — Aab/v SaSb;

end foreach

Calculate Otsu!*’] thresholding T;
foreach pairs (a,b) witha < b do
if Zab > 7 then
union(a, b);
end if
end foreach
return G;

* Non-IID with Equal Size (Non-IID-ES). Each client
only has a limited subset of labels. However, the data
volume per client is equal.

¢ Non-IID. Both label and data volume are different across
clients. This dataset reflects more realistic conditions.

4.2 Experiment Setting

Experiments are conducted on 4 NVIDIA GeForce RTX
4090 GPUs. Local training on each client is 5 epochs per
communication round, and use SGD with an initial learning
rate of 0.01, decaying by a factor of 0.5 every 20 rounds. The
5 random seeds are used for the experiments, and the average
results is the average with standard deviations. For MNIST
data, GCFL use a CNN with two convolutional layers (32 and
64 filters) followed by a fully connected layer. For CIFAR-10
data, GCFL use a CNN includes two convolutional layers (64
and 128 filters) and two fully connected layers with 256 and
128 units.

4.3 Accuracy Results

To comprehensively evaluate model accuracy under different
federation scales, this experiment consider three training
settings:
* Small-scale: 50 total clients participate in FL, with full
participation in each round.

* Medium-scale: 200 total clients participate in FL, with
25% of clients sampled per round.
» Large-scale: 500 total clients participate in FL, with
10% of clients sampled per round.
The Baseline model include non-clustering model (Fe-
dAvg!"1, FedProx!""), post-training clustering (CFL!,
FL+HC!'""), and in-training clustering (IFCAU!, Au-
toCFL", MTCFL!"*!, FedSoft!'®!, FedEM!'"1, CFL-GP**!,
FedCCFA '),

When finish the training, each client evaluates the model it
receives (global or cluster-personalized) on their own dataset;
the framework’s accuracy is computed as the average across
all clients. Table 2 reports the test accuracy under the small-
scale setting. Overall, GCFL achieve the best result in all
NON-IID settings.

On the most challenging setting CIFAR-10/Non-1ID, GCFL
achieves 71.54%, which improves over the second-best model
FL+HC by 1.18%. This result shows that, even under the
extreme heterogeneity data environment, GCFL can also
train several personalized models to effectively suppress the
Non-IID problem.

Compared with the SOTA in-training clustering baseline
FedCCFA on CIFAR-10, GCFL also improves 1.13% under
Non-IID-ES, and 2.66% under Non-IID. This accuracy gain
grows with heterogeneity, which shows that GCFL has bet-
ter performance in more heterogeneous environments. This
is because GCFL’s gravitational clustering performs well,
so clients with similar data are grouped into clusters with
smaller intra-cluster distances and reduced inter-cluster noise.
Therefore, it enhances personalization and achieves stronger
models under Non-IID conditions.

It is also worth noting that under the IID setting, data are
randomly partitioned across clients. The local objectives are
nearly equal to the global objective. Therefore, in GCFL,
clients naturally group into one or a few near-identical clus-
ters, which limits the potential benefit of personalization.
In this case, GCFL effectively behaves as a single global
model, which explains why its accuracy is similar to the other
baselines.

Also, the result shows that Post-training clustering typically
outperforms in-training clustering. This is because post-
training clustering methods group client after the initial FL.
run, and client models are closer to stationarity with less noise,
thereby avoiding identity oscillations. However, the cost for
this is the extra training time. Even under these favorable
conditions, GCFL still achieves the highest accuracy in most
cases, demonstrating a good balance between accuracy and
complexity.

i | Sci@pen
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Table 2 Model accuracy of each method for Small-scale setting

CIFAR-10(Acc %) MNIST(Acc %)
Category Method
11D Non-IID-ES Non-IID 11D Non-IID-ES Non-1ID
No FedAvg 7123 +£0.25 5921 £051 5254 +1.68 96314026 91.88+0.44 90.29 4+ 1.33
Clustering FedProx 7412+ 022 5842 +£048 5333+1.55 96574022 91.71 £0.45 90.76 = 0.97
Post-training  CFL 77.64 +£0.28 70.65£055 68.10+1.22 9844 4+028 9570+ 0.38 95.07 £0.95
Clustering FL+HC 7821 +035 7358+140 7036+ 1.85 9859+034 96.11+045 95.82+1.13
IFCA 76.33 +£0.32 68.02£060 6225+1.20 9721 4£0.18 95.18+£0.32 94.18 4+ 0.69
AutoCFL 7545 4+026 6723 +£056 61394152 97.11 £0.23 9481 +0.31 94.21 £0.61
In-trainin MTCFL 7721 £024 6854 +£091 6332+1.94 98.07 4021 9509 +0.77 94.41 4+ 1.09
Clustering FedSoft 7719+ 024 6868 £052 6533+1.60 97904025 95.10+0.33 95.01 +0.66
FedEM 76.70 £ 0.23 7043 +£045 6744+141 97.07+024 96.20+0.30 95.31 +£0.58
CFL-GP 78.05+ 024 7147+043 6834 +1.26 98.744+0.17 96.55+0.25 95.60 £ 0.50
FedCCFA 78.13 £0.26 72.524+041 68.88+1.22 98.78+0.16 96.48 +£0.24 95.56 + 0.47
Ours GCFL 77.55+0.22 73.65+040 71.54+1.55 98.65+020 96.69 +0.26 96.02 & 0.55
Table 3 Model accuracy of each method for Medium and Large scale settings.
CIFAR-10 (Acc %) MNIST (Acc %)
Category Method Medium-scale Large-scale Medium-scale Large-scale
i) Non-IID-ES  Non-IID 11D Non-IID-ES  Non-IID 1D Non-IID-ES  Non-IID i) Non-IID-ES  Non-IID
No FedAvg ~ 68.21 +0.44 53.94 097 44.63+£2.86 6547 +0.56 49.88 4+ 112 40.52 £ 321 9542+ 036 89.97+0.74 8641 £2.12 94.86+ 041 8891 +0.83 84.92+236
Clustering  Fodprox  70.63 £ 0.41 53.42 4094 45124263 67.88+0.53 49.41 £ 1.08 41.06+2.98 9561 +0.33 89.83 +0.76 86.92 + 1.86 95.03 039 88.74 + 0.85 85.34 £ 2.07
Post-training  CFL 7498 £ 049 68.94 + 1.06 64.82+£222 7392+ 058 68424 118 63.71 £2.44 97.03 £026 9488 +0.6]1 9341+ 1.22 97.42 030 93.94+0.68 92.28 + 1.31
Clustering ~ FL+HC 7608+ 0.51 71.02 4 1.36 66.71 = 2.38 74.65+ 0.60 69.84 + 147 64.61 £2.57 98.11 £ 023 9554 +0.65 94.68 + 1.24 97.63 + 0.28 94.92 £ 0.71 93.55 + 1.33
IFCA 7298 £058 6291 + 126 5421 £2.97 69.82+0.69 58.04+ 144 4892 +334 9632+ 035 92.88 £0.69 90.74 + 1.41 9544+ 040 91.72 + 0.80 88.96 + 1.60
AutoCFL 7244 £0.56 6227+ 122 53.66+3.06 69.21 +0.67 57.36 = 1.41 4831+ 345 9621 +0.36 92.64 +0.71 90.81 £ 1.38 9531 041 91.53 +0.82 89.02 & 1.58
inisaining MTCFL 73614053 6344 141 5492+3.18 70.44+0.64 5873+ 1.60 49.63+3.56 97284028 92934105 91114163 9646+ 033 9184+ 118 89.22+ 1.84
gl:lf;'r':;f FedSoft 7374 +0.54 63.88 + 1.13 57.12£276 70.61 +0.65 59.33 4+ 1.31 51.86 £3.09 97.11 £ 030 93.07+0.73 91.92 4+ 1.46 96.32 4035 92.11 £ 0.85 90.03 + 1.66
FedEM 73.48 £ 0.55 66.21 +1.02 61.72 £2.59 70.38 £ 0.66 63.02 £+ 1.21 57.944+291 96.02 +0.38 94.41 +0.62 93.86 4+ 1.22 9521 +£0.43 94.55 +0.70 93.10 + 1.36
CFL-GP 7579 +0.52 69.62 +0.97 65224228 7396+ 0.62 68.88 + 1.14 62.84 £2.55 98324022 9562+ 047 9440+ 1.10 97.98 £ 0.27 9432 +0.56 9273 + 1.25
FedCCFA 7561 +0.53 70.68 +0.96 66.93 £2.24 74.08 £0.63 69.05+ 1.13 64.12 +2.52 98.36 + 0.21 9549 £0.49 9433+ 1.09 97.82 +0.26 94.28 + 0.57 92.64 & 1.26
Ours GCFL 7573 £ 0.50 71.36 £ 0.94 67.41 231 7422+ 0.60 69.31 &+ 110 64.82 £ 2.61 9829 £ 021 9586+ 0.43 9491+ 1.04 97.86 £ 0.26 94.46 £ 0.54 93.72 + 1.20
To test the scalability of GCFL, results with the medium  participation.

and large scale setting under partial participation are reported
in Table 3. On CIFAR-10 with non-IID data, FedAvg drops
by 12.02%, indicating that partial participation can further
exacerbate the non-IID issue. GCFL drops by only 6.72% on
CIFAR-10 and 2.30% on MNIST, while still achieving the
best performance under non-IID distributions. These results
suggest that client clustering reduces cross-client interference
by promoting more homogeneous updates within clusters,
thereby improving robustness and scalability even under high
client heterogeneity.

Moreover, as the federated learning setting scales up
with partial participation, training becomes less stable, and
this instability is exacerbated under non-IID data distribu-
tions. For instance, FedAvg exhibits a standard deviation of
3.21%, whereas GCFL achieves a lower standard deviation
of 2.61%. This is because clustering reduces update conflicts
and sampling-induced noise under non-IID data and partial

(&) %2 %ww | Sci@pen
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4.3.1 Convergence Speed

Then convergence speed is compared between GCFL and
baselines. To ensure a fair comparison, all pre-training set-
ting is removed (GCFL start clustering from round 0) and
post-training methods are excluded because their additional
retraining stage changes the round/time budget. As shown in
Figure 2, accuracy is plotted against communication rounds
under IID, Non-IID-ES, and Non-IID for CIFAR-10 and
MNIST. GCFL’s accuracy rises more quickly in the early
rounds, and show fewer oscillations. This advantage is most
evident in Non-IID data conditions, where baselines improve
more slowly and GCFL stabilizes earlier.

To quantify this convergence speed, Experiment also design
two metrics to evaluate. T g5 is the number of rounds each
model required to reach 95% of their own final accuracy; and
AU Cjy is the mean accuracy over the first 50 rounds, where

50
AUC{,() = % ;):1 ACCt.
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Fig.2 Accuracy-round curves comparing GCFL and baselines on CIFAR-10 and MNIST

Table 4 Convergence Speed for In-training clusters

CIFAR-10 (Non-IID-ES)

CIFAR-10 (Non-IID)

MNIST (Non-IID-ES)  MNIST (Non-IID)

Method

To.954 AUCs0 1 To.osd AUCs0t Toosd  AUCs0T  Toosl AUCso?t
GCFL 44 41.31 52 37.15 12 79.25 14 76.20
FedEM 58 34.11 68 28.62 15 75.53 18 72.12
FedSoft 63 31.12 74 26.65 17 73.43 20 69.84
MTCFL 60 31.43 71 27.51 16 74.11 19 70.55
IFCA 68 29.89 82 25.41 18 71.32 22 68.73

Table 4 shows that GCFL achieves the fastest convergence
in all data settings. On CIFAR-10, GCFL reaches a stable
accuracy roughly 10 rounds earlier than the second best
methods; on MNIST, where all methods converge quickly,
GCFL still maintains higher early round accuracy. These
results double check the curve-level observations, confirming
that GCFL converges faster and have better training accuracy.

4.4 Ablation Studies

To verify the function of GCFL component, the ablation

studies is conducted. Specifically, GCFL ablate five core

components as follow:

eMassless: Set all client masses to 1, remove mass modeling
as a whole without tuning its sub-terms;

eParam-space clusteringl.: Remove the probe set in server, and

calculate the distance by there parameter-space distances;
ew/0 shielding: Remove gravitational shielding;
ew/0 symmetric normalization: Remove symmetric normal-
ization;
oNO ;44 Start clustering from round 0.

Table 5 shows the results, which have two metrics in-
cluding model accuracy and average number of clusters.
The full GCFL gets the highest accuracy across all datasets,
which indicates that each component is indispensable in this
framework. The most essential part is gravitational shielding.
Removing it produces the largest degradation. On CIFAR-10,
the accuracy drops by 10.49% and 9.73% and the average
cluster number decreases to 2.1 under Non-IID-ES and 2.4
under Non-IID. This result indicates that, clients tend to merge

into a single cluster, thereby losing personalization. Massless

(&) %« 7 wmt | Sci@pen
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Table 5 Ablation of GCFL Components on CIFAR-10 and MNIST

CIFAR-10 (Non-IID-ES) CIFAR-10 (Non-1ID) MNIST (Non-IID-ES) MNIST (Non-IID)

Variant

Acc % Avg. m Acc % Avg.m Acc % Avg. m Acc % Avg. m
GCFL (full) 73.65 £ 0.40 43 71.54 £ 1.55 5.1 96.69 + 0.26 39 96.02 + 0.55 4.5
Massless 68.31 £ 0.65 3.6 6491 £ 1.85 3.7 95.32 £ 0.40 3.1 94.12 £ 0.60 33
Param-space 70.31 £ 0.62 45 68.12 £ 1.78 6.2 96.21 £ 0.42 4.1 95.54 £0.58 4.7

63.16 £ 0.70 2.1
72.05 £ 0.85 35
71.61 £ 0.75 44

61.81 £ 1.90 2.4
69.70 £ 1.95 39
69.15 £ 1.95 53

9342 +£0.45 1.8
95.95 +0.48 34
96.31 +0.38 4.1

94.21 £ 0.62 2.0
95.10 £ 0.65 39
95.84 + 0.60 4.5

w/o shielding
w/o symmetric normalization
No init

also decreases accuracy and results in fewer clusters. These
results indicate that the “mass” accurately represents client
importance and reduces intra-cluster distance. Also, using
raw parameters to compute distances gives worse results,
which confirms that a small, label-balanced probe set is more
accurate at localizing models. Starting clustering from round
0 will make a small decrease in accuracy; the overall effect is
not large, but deferring clustering until a initial global model
remains preferable.

5 Conclusions

This manuscript presents GCFL, an adaptive in-training fed-
erated clustering framework. GCFL treats clients as bodies
in a latent space, whose locations are is their local models
and masses represent the client importance. GCFL employs a
gravitational clustering algorithm that forms stable clusters
without predefining a large number of sensitive hyperparame-
ters, thereby achieving higher accuracy and faster convergence
under Non-IID conditions.

The future work will strengthen the gravitational clustering
by moving from a static attraction matrix to a force-driven,
dynamic update of client locations: in each round, the server
will integrate the resultant forces with velocity to update each
client’s position, allowing clients to drift smoothly toward
nearby groups and further improving stability and convergence
speed.
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