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Abstract

Prototype-based personalized federated learning methods
have emerged as a promising strategy due to their ability
to represent client-specific class characteristics effectively
through learned class prototypes. These prototypes capture
salient features of client-local data, facilitating personalized
model adaptation. However, existing prototype-based aggre-
gation strategies predominantly rely on weighted averag-
ing, implicitly assuming prototype consistency across clients.
This assumption neglects the intrinsic heterogeneity and non-
independent and identically distributed (non-IID) nature of
client data, compelling diverse local prototypes to align to-
ward a singular global prototype and consequently caus-
ing significant aggregation bias. Motivated by observations
from intra-class feature saliency analysis, we identify that
clients inherently emphasize distinct feature regions even
for the same class. To leverage this intra-class diversity, we
introduce FedIC, a novel prototype clustering and collabo-
rative classifier optimization approach. Specifically, FedIC
first clusters prototypes based on intra-class similarity to
form intra-class prototype subspaces, ensuring that aggrega-
tion occurs exclusively within each cluster, thus eliminating
the bias stemming from forced global unification. To further
exploit the benefits of intra-cluster collaboration, we quan-
tify the combined predictive gains of classifiers from clients
within the same cluster as a function of classifier combi-
nation weights. This targeted aggregation and collaborative
optimization strategy effectively circumvents the bias intro-
duced by global alignment. Extensive experiments under var-
ious non-IID settings show that FedIC significantly outper-
forms existing Prototype-based and Clustered PFL Methods.

Introduction

Federated Learning (FL) is a distributed learning paradigm
that enables collaborative training of a global model across
multiple clients without sharing private data (Zuo et al.
2025; Qi et al. 2025a; Pu et al. 2025). In many Al appli-
cations such as computer vision(Zheng et al. 2025a,b), nat-
ural language processing(Belyi et al. 2023), and recommen-
dation systems(Zhang et al. 2023a), FL has emerged as a
critical component. However, the influx of massive non-1ID
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Figure 1: Illustrations of intra-class feature divergence and
the motivation for prototype clustering in PFL.

data generated by heterogeneous devices poses significant
challenges (Huang et al. 2023; Xiong et al. 2023; Yi et al.
2023, 2024; Meng et al. 2024). Traditional FL approaches
relying on a single global model often result in substan-
tial deviations from local data distributions across clients,
leading to slow convergence and suboptimal performance
(Huang et al. 2024). Personalized Federated Learning (PFL)
addresses this limitation by tailoring models to individual
client characteristics while still leveraging knowledge from
the federation, striking a balance between personalization
and collaborative learning benefits (Ye et al. 2023; Zhang
etal. 2023b; Song et al. 2025; Li et al. 2023; Zhu et al. 2023).

Prototype-based PFL methods have recently emerged as
powerful techniques due to their intuitive representation
of class-specific characteristics through learned prototypes,
such as FedPAC (Xu, Tong, and Huang 2023). These meth-
ods typically rely on learning class prototypes and aggregate
them using weighted averaging to form a global prototype
(Tan et al. 2022; Zhou and Wang 2024; Zhang et al. 2023c).



Although this approach facilitates personalized model adap-
tation, it implicitly assumes prototype consistency across
clients, overlooking the intrinsic heterogeneity in client data
distributions (Chen et al. 2024; Luo et al. 2023; Deng et al.
2024). In non-IID settings, where clients emphasize dif-
ferent feature regions even for the same class, forcing di-
verse local prototypes to align toward a singular global pro-
totype introduces significant aggregation bias (Cho, Wang,
and Joshi 2022). This bias interferes with the direction of
local parameter updates on the client side and ultimately di-
minishes the personalization capabilities of the model.

To better understand the root of prototype aggregation
bias, we analyze the problem from the perspective of intra-
class feature diversity, as illustrated in Fig. 1. The class ac-
tivation maps (Fig. 1(a)) highlight that different clients fo-
cus on different feature regions (head, body, bill) of the
same class (e.g., pelican). The intra-class feature similarity
graph (Fig. 1(b)) quantifies these differences with similar-
ity scores. Its root cause lies in the non-1ID distribution of
client-specific data (e.g., geographically influenced photo-
graphic preferences) that induce significant variations in re-
gion of interest attention for the same class (Bae, Noh, and
Kim 2020). The left of Fig. 1(c) further highlights that tradi-
tional global aggregation ignores these important local dif-
ferences, thus creating a biased global prototype. However,
cluster structures (right) can retain this intra-class feature di-
versity instead of homogenizing them during aggregation.

To mitigate the bias issue in global prototype aggrega-
tion, we propose a novel PFL framework (FedIC) based
on intra-class prototype clustering and collaborative classi-
fier optimization. FedIC initially clusters client prototypes
based on intra-class similarities, establishing intra-class sub-
spaces that retain local feature distinctions, thereby prevent-
ing bias introduced by enforced global alignment. Further-
more, to maximize the benefits of intra-cluster collabora-
tion, we quantify the predictive gains of classifiers from
clients within the same cluster and optimize their combina-
tion weights. Extensive experiments under various non-IID
settings demonstrate that FedIC significantly outperforms
existing Prototype-based and Clustered PFL methods. Our
contributions are summarized as follows:

* We identify the bias phenomenon in average prototype
aggregation for PFL, revealing its root cause lies in ig-
noring intra-class feature diversity.

* We effectively mitigate the bias introduced by global pro-

totype aggregation through an intra-class prototype clus-

tering approach, and introduce a collaborative classifier
optimization strategy to maximize the combinatorial pre-
dictive gain within each prototype cluster.

Extensive evaluations under diverse non-IID scenarios

demonstrate that FedIC consistently outperforms SOTA

Prototype-based and Clustered PFL methods.

Related Work
Prototype-based Personalized Federated Learning

Prototype-based PFL has emerged as a promising approach
to address data heterogeneity in FL by explicitly model-
ing class-wise feature representations through prototypes
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(Zhang et al. 2024; Oh, Kim, and Yun 2021). Instead of ag-
gregating entire model parameters, these methods focus on
learning representative prototypes for each class and client,
typically implemented as class centroids in the feature space
(Jia et al. 2024). For example, FedProto (Tan et al. 2022)
proposes a unified representation learning framework us-
ing semantic anchors to guide prototype alignment across
clients, aiming to improve consistency. Similarly, FedPAC
(Xu, Tong, and Huang 2023) regularize the Euclidean dis-
tance between local features and global anchors to align
clients’ feature spaces. Addressing data imbalance in the
cross-silo setting, FedFSA (Qi et al. 2025b) aligns client
feature spaces to enhance model generalization across dif-
ferently distributed silos. To handle feature shift, FedDP
(Fu et al. 2025) aligns both the representation and param-
eter spaces, enabling more robust and domain-independent
prototype learning. FedCCFA (Chen et al. 2024) introduces
classifier clustering and feature anchor alignment mecha-
nisms, adaptively adjusting feature space alignment weights
based on label distribution entropy to alleviate inconsisten-
cies between global and local prototypes.

Clustered Personalized Federated Learning

Clustered PFL aims to group clients with similar data dis-
tributions and train specialized models for each cluster to
better handle data heterogeneity (Long et al. 2023). CFL
(Sattler, Miiller, and Samek 2020) leverages dynamic bi-
partition clustering and identifies latent data distribution
clusters by measuring the cosine similarity of client gradi-
ents or parameter updates. IFCA (Ghosh et al. 2020) and
FeSEM (Long et al. 2023) rely on coarse-grained global
distribution similarity assumptions. IFCA alternately opti-
mizes client cluster identities and model parameters, com-
bining multi-task learning weight-sharing techniques to en-
hance convergence efficiency. FeSEM proposes a federated
stochastic expectation-maximization algorithm, jointly op-
timizing client clustering and global model training to re-
duce communication overhead. Fed-CAM (Ma et al. 2023)
superimposes global models with cluster residual models,
forcing cluster models to focus on differential features and
optimizing residual terms to avoid cluster collapse. FedDrift
(Jothimurugesan et al. 2023) creates new models based on
drift detection and adaptively merges models by hierarchi-
cal clustering to address distributed concept drift. CFL-GP
(Kim, Kim, and De Veciana 2024) periodically accumulates
client gradients and partitions similar groups based on spec-
tral clustering, incorporating Gaussian noise assumptions to
enhance clustering robustness.

Despite these advances, existing prototype-based PFL
methods mainly focus on aligning global and local proto-
types, while overlooking the aggregation bias that arises
during global prototype aggregation. Specifically, the intra-
class bias caused by heterogeneous data distributions across
clients can lead to biased prototype representations that
compromise the effectiveness of personalized federated
learning. While clustered PFL approaches effectively par-
tition clients into homogeneous groups, they primarily oper-
ate at the client level and fail to capture fine-grained intra-
class heterogeneity within individual clusters, potentially



limiting their personalization capabilities.

Method
Preliminaries

We consider a standard PFL setup involving a central server
and N clients. Each client ¢ holds a private dataset D; drawn
from a local data distribution over the input-label space
X x Y, where Y = {1,...,C} denotes the set of class la-
bels. The data distributions are assumed to be heterogeneous
and non-IID, i.e., D; # D, for i # j. Each client learns a
local model composed of a feature extractor f(+;6;) and a
classifier head h;(-; ¢;), where 6; denotes the client’s local
feature extractor parameters and ¢; denotes its personalized
classifier parameters. After local training, the server aggre-
gates the local feature extractor parameters {6;}Y, to form

a globally shared encoder 6, = Zil w;0;. The overall goal
of PFL is to jointly learn a shared encoder 6, and person-
alized classifier heads {¢;}; that minimize the expected
personalized loss across all clients:

min Z i E(r y)~D; [E (hz(f(xa 9z)a ¢g)u y)] , (D)

6, {6},

where L(-,-) is a task-specific loss function (e.g., cross-
entropy), and w; denotes the aggregation weight of client
1 (e.g., proportional to its dataset size).

Prototype. In prototype-based PFL, a prototype is typi-
cally defined as the mean representation of all embedded
instances belonging to a specific class. For client ¢, the lo-
cal prototype P} of class c is computed as:

Z f(x:6,),

(Iﬂ/)EDC

@

where Dy denotes the set of local samples on client 7 with
label c. These local prototypes P;° summarize the semantic
representation of class c on client 7 and guide feature align-
ment across clients.

Prototype Aggregation. To enable cross-client knowledge
sharing, many prototype-based methods aggregate local pro-
totypes into global prototypes using a weighted average. The
global prototype P for class ¢ is typically computed as:

this aggregation scheme ensures that clients with more sam-
ples of a particular class have greater influence on the cor-
responding global prototype, leading to more representative
and robust global class representations.

Py =

3

Prototype Aggregation Bias

However, this general global averaging assumes that local
prototypes from different clients for the same class lie in
the same semantic subspace, which is often violated under
non-IID settings. Clients learn divergent prototypes for the
same class due to different local biases, leading to aggre-
gation bias and degraded model performance. As shown in
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Fig. 1, clients may focus on different feature regions (e.g.,
head, body, bill for pelican), leading to heterogeneous pro-
totypes. Consequently, the global prototype P may fail to
accurately represent the semantic characteristics of any in-
dividual client’s local data. The global aggregation bias for
client ¢ and class c can be quantified as:

E [P — Pgll] 4)

where [|Pf — P;|| measures the Euclidean distance be-
tween the local and global prototypes. The bias arises be-
cause client prototypes P} lie in different low-rank sub-
spaces due to non-IID data distributions. To better charac-
terize this bias, we assume the existence of true expected
feature pf = E(, )ope [f (2;0,)] for class ¢, where D¢
denotes the true data distribution and 6, is the ideal fea-
ture extractor. By applying the triangle inequality, we have
| Pe— Ps|| < I1Pf— psll + ||us — Pgl|. Let p¢ denote the
expected feature representation of class ¢ on client ¢, then
the aggregation bias admits the following upper bound:

Bias; =

g
EllEr =Rl = 5 + b ol
N—_—— Distribution Shift
Sampling Error
+ Z w; g —

\jl

Aggregation Error
&)

where o denotes the standard deviation of feature represen-
tations for class ¢, and wj represents the aggregation weight
proportional to the number of class ¢ samples at client ;5. The
sampling error term decreases with increasing sample size,
the distribution shift term captures the degree of non-IID be-
tween the local and true distributions, and the aggregation
error term quantifies the contribution of other clients’ biases

to the estimation of the current client’s prototype.

FedIC: Intra-Class Prototype Clustering

Based on the empirical observations in Fig. 1 and the the-
oretical formulation of prototype aggregation bias, particu-
larly the distribution shift term and aggregation error term,
we identify that different clients tend to focus on distinct
feature regions even for the same class. This phenomenon
results in inconsistency among local prototypes, making di-
rect aggregation toward a global prototype problematic and
ultimately leading to significant aggregation bias. To address
this issue, we propose a fine-grained Intra-Class Prototype
Clustering mechanism. Specifically, for each class ¢, we col-
lect local prototypes P from all clients and perform clus-
tering within the class to form K prototype subspaces, i.e.,
G7,G5, ..., G%. Each cluster contains prototypes with sim-
ilar semantic representations, ensuring that aggregation is
only performed among semantically aligned prototypes. To
quantify the similarity between prototypes, we use cosine
similarity as the metric:

Py Py

TheTToeT? (6)
[libaral

Sim (Pf, Pf) =



by calculating the cosine distance, we can effectively evalu-
ate whether the features of the clients are highly similar in
the same class, and group clients accordingly.

Cluster-wise Prototype Aggregation. Once the intra-class
prototype clusters Gj; are formed, we perform cluster-wise
aggregation to obtain a refined representation for each
group. For each cluster G, the aggregated prototype Py is
computed as a weighted average of the member prototypes:
12

C

@)

where the cluster-level prototype 15,5 preserves the local se-
mantics shared among similar clients while avoiding dis-
tortion from prototypes that focus on different feature re-
gions. Compared to conventional global averaging, this de-
sign eliminates forced alignment across heterogeneous dis-
tributions and effectively reduces aggregation bias.
Bias-Aware Class Centroid. To further utilize the semantic
consistency provided by cluster-wise aggregation, we define
each aggregated prototype F{ as an anchor representing a
bias-reduced class-level reference in the embedding space.
This anchor plays a crucial role in aligning local represen-
tations across clients. After each round, client ¢ updates its
class alignment centroid A{ based on whether it holds sam-
ples of class c. If so, the centroid is set to the corresponding
cluster prototype Py; otherwise, it falls back to the global
prototype Py to ensure consistency across all classes:

{

where I(y = c) is an indicator function, equal to 1 if the
class y is ¢, otherwise 0. This formula indicates that if client
1 has data for class c, the class centroid will be updated to
the cluster center P, otherwise it will be completed with
the global class centroid P;.

Centroid-driven Alignment. Each centroid A$ represents
a class-specific anchor for client 7 and is used to align fea-
ture embeddings toward semantically consistent subspaces.
In addition to the standard supervised classification loss, we
introduce a centroid alignment regularization to encourage
the embedding of a sample to be close to its class centroid:

LS w0 — AP

Dl (z,y)€D;

Bty it Y en, Wy =¢) >0
Py, otherwise

A =

®

€))

['align =

the complete objective for client ¢ combines the standard
cross-entropy loss with our alignment regularization:

L; = Lce(fi(x;0:),y) + ALaiign

where A is a hyperparameter controlling the strength of
alignment regularization. By clustering prototypes within
each class, FedIC ensures that only semantically similar rep-
resentations are aggregated together. This approach natu-
rally reduces the distribution shift term in Eq. 5, as proto-
types in the same cluster share similar feature focuses, lead-
ing to more consistent aggregation.

(10)
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Intra-Cluster Classifier Collaboration

Inspired by FedPAC (Xu, Tong, and Huang 2023), our work
focuses on classifier collaboration within prototype sub-
spaces. In addition to improving feature extractors through
prototype alignment, we argue that merging classifiers from
clients with similar semantic representations can offer ad-
ditional performance gains. Within each prototype clus-
ter Gi, clients share similar semantic focuses for class c,
indicating that their locally trained classifiers likely cap-
ture complementary decision boundaries that are transfer-
able among cluster members. By restricting collaboration to
within-cluster clients, we can leverage the semantic consis-
tency established by our prototype clustering while avoiding
harmful interference from heterogeneous representations.
Intra-cluster Collaboration. For each client 7 belonging to
cluster Gy, we perform a weighted combination of classi-
fiers from all clients within the same cluster. The enhanced
classifier ¢; is computed as:

(Zgi = Z Bijdj, st Z Bij =1

jEGE JEGE

Y

where ¢; represents the classifier parameters of client j, and
Bij > 0 are the collaboration coefficients that determine the
contribution of each cluster member.

Adaptive Weight Learning. To determine the optimal col-
laboration coefficients 3;;, we formulate an optimization
problem that minimizes the expected testing loss on client
1’s local validation set:

5: = arg Héi_n]E(Ly)NDz [, 97 Z Bij(bj;xvy (12)

JEGS

this optimization ensures that the collaboration weights are
adaptive to each client’s specific data characteristics while
being constrained within the semantically consistent clus-
ter. Unlike global classifier averaging approaches, our intra-
cluster collaboration maintains semantic consistency by re-
stricting knowledge transfer to clients with aligned proto-
type representations.

Experiment
Experimental Setup

Datasets. We evaluated FedIC on four public datasets:
Fashion-MNIST (FMNIST) (Xiao, Rasul, and Vollgraf
2017), CIFAR10 (Krizhevsky, Hinton et al. 2009), CI-
FAR100 (Krizhevsky, Hinton et al. 2009) , and TinyIma-
genet (Chrabaszcz, Loshchilov, and Hutter 2017). All data
distributions across clients are non-IID, simulating two com-
monly used non-IID scenarios: the Practical Heterogeneous
Setting (Pra) (Li, He, and Song 2021) and the Pathological
Heterogeneous Setting (Pat) (Shamsian et al. 2021).
Baselines. We compare our proposed FedIC against sev-
eral advanced Prototype-based and Clustered PFL methods:
FedProto (Tan et al. 2022), FedPAC (Xu, Tong, and Huang
2023), FedCCFA (Chen et al. 2024), IFCA (Ghosh et al.
2020), FeSEM (Long et al. 2023), Fed-CAM (Ma et al.
2023), and CFL-GP (Kim, Kim, and De Veciana 2024).



Methods Pathological heterogeneous setting Practical heterogeneous setting Computation Communication
FMNIST CIFARI0 CIFAR100 FMNIST CIFARI0 CIFAR100 Time/Iter. Param./Iter.
IFCA 98.93 92.93 67.82 97.72 90.88 51.89 71.07 s 158.77 MB
FeSEM 99.12 92.52 68.09 97.64 90.54 52.91 62.12s 158.77 MB
IFCA-CAM 99.10 91.43 65.12 96.77 90.01 47.22 92.12s 161.97 MB
FeSEM-CAM 98.82 90.20 64.87 96.67 90.16 49.57 87.43 s 161.97 MB
CFL-GP 99.36 93.20 67.22 97.78 91.47 55.89 88.29 s 159.91 MB
FedProto 99.16 92.25 67.31 97.16 90.68 60.39 56.90 s 151.52 MB
FedPAC 99.28 93.32 72.10 97.79 91.13 61.74 110.67 s 160.01 MB
FedCCFA 99.20 93.38 67.93 97.86 91.65 56.72 95.51s 156.50 MB
FedIC (Ours) 99.42 93.97 75.50 98.10 92.32 65.89 125425 156.92 MB
Improvement (%)  0.06 1 0.59 1 3401 0.24 1 0.67 41571 — —

Table 1: The performance comparisons of FedIC with SOTA Clustered and Prototype-based PFL methods in the Pat and Pra
setting (Computation: 20-client iteration time; Communication: parameter size transmitted per iteration, on CIFAR100).

Methods CIFARI10 CIFAR100
CNN ResNet4 ResNetl0 ResNetl8 ResNet34 CNN ResNet4 ResNetl0) ResNetl8 ResNet34

IFCA 90.88 91.37 91.72 91.49 91.23 51.89 61.92 56.31 54.87 53.62
FeSEM 90.54 91.15 91.58 91.27 90.98 52.91 63.74 57.86 56.03 54.89
IFCA-CAM 90.01 90.72 91.19 90.85 90.61 47.22 58.16 53.42 51.78 50.25
FeSEM-CAM 90.16 90.88 91.34 91.02 90.67 49.57 60.33 55.09 53.64 52.13
CFL-GP 91.65 92.09 92.61 92.27 91.92 55.89 66.82 61.37 59.93 58.44
FedProto 90.61 91.24 90.20 89.89 89.71 51.47 59.67 59.69 56.67 55.64
FedPAC 91.13 89.41 90.66 89.40 87.57 61.74 60.13 62.32 59.75 56.76
FedCCFA 91.47 92.31 92.84 92.89 92.16 56.72 65.13 62.75 61.28 59.87
FedIC (Ours) 92.32 92.97 93.49 92.83 92.81 65.89 75.91 72.54 72.12 69.83
Improvement (%) 0.67 1 0.66 1 0.65 1 0.06 | 0.65 1 4151 9.09 1 10.79 10.84 1 9.96 1

Table 2: Performance of FedIC and baselines under varying backbone depths on CIFAR10 and CIFAR 100 under the Pra Setting.

Training Details. To ensure a fair comparison, we adopt the
same training settings as baseline methods. For all methods,
we employ the SGD optimizer with a learning rate of 0.005.
Across all datasets, the batch size is set to 10, the global
communication rounds are set to 7" = 800, and local training
epochs to £ = 1, continuing until all methods empirically
converge. The default number of clients is 20 with a 100%
client participation rate.

Performance Evaluation with the SOTA

FedIC achieves superior performance across all datasets.
As shown in Tab. 1, FedIC outperforms all Clustered and
Prototype-based baselines under both pathological and prac-
tical heterogeneous settings. In the Pat case, it achieves ac-
curacies of 99.42%, 93.97%, and 75.50% in three datasets,
respectively, surpassing the best baselines by up to 3.40%.
The largest improvement occurs on CIFAR100, highlight-
ing FedIC’s robustness in complex label spaces and severe
non-IID scenarios. Under the Pra setting, FedIC outperforms
FedCCFA by 4.15% on CIFAR100. These gains validate the
effectiveness of FedIC, which mitigates aggregation bias by
modeling intra-class feature divergence and restricting pro-
totype aggregation to semantically aligned clusters.

The overall overhead of FedIC is acceptable. Tab. 1 also
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report the communication and computation overhead of each
method on CIFAR100 under the Pat setting. FedIC incurs a
moderate increase in iteration time (125.42 s) compared to
FedPAC (110.67 s), while maintaining a comparable com-
munication cost (156.92 MB vs. 160.01 MB). The additional
computation is primarily attributed to server-side operations,
including intra-class similarity computation and subspace-
level collaborative optimization, and does not impose any
extra burden on clients. Considering the 3.40% accuracy
gain over FedPAC, the 13% increase in iteration time is an
acceptable trade-off for FedIC.

FedIC achieves greater performance gains with deeper
backbones. As shown in Tab. 2, the performance advantage
of FedIC becomes increasingly pronounced as the model
depth increases. On CIFAR100, for example, FedIC out-
performs the best baseline by 4.15% with a shallow CNN,
but the improvement rises to 10.84% and 10.79% with
ResNetl18 and ResNetl0, respectively. This performance
trend can be attributed to the higher representational ca-
pacity of deeper networks, which tend to amplify the intra-
class feature divergence across clients under non-IID condi-
tions. In such cases, global prototype aggregation becomes
more vulnerable to semantic misalignment, leading to de-
graded performance. However, our fine-grained intra-class



40 Clients 60 Clients
Methods Pathological Practical Pathological Practical
CIFARI0O CIFARIO0 CIFAR10 CIFAR100 CIFARIO CIFARIO0 CIFAR10 CIFAR100

IFCA 89.50 61.13 87.85 53.69 88.37 59.16 86.45 50.82
FeSEM 88.74 62.58 87.59 55.55 87.54 60.70 86.43 53.00
IFCA-CAM 88.12 58.01 86.98 48.67 87.12 56.83 85.55 46.50
FeSEM-CAM 88.75 59.55 87.01 54.74 87.45 58.04 86.23 48.33
CFL-GP 90.35 65.22 88.51 55.72 89.15 63.94 87.43 54.53
FedCCFA 89.95 65.93 89.15 55.92 89.85 62.95 88.03 55.63
FedIC (Ours) 91.40 73.50 90.96 65.89 90.77 70.20 89.16 65.36
Improvement (%) 1.051 7.571 1.811 9.97 1 0921 6.26 1 1.13 1 9.73 1

Table 3: The performance comparison of FedIC with SOTA PFL methods under varying client scales and non-IID settings.

Methods =001 =01 =05
IFCA 42.17 51.89 55.24
FeSEM 43.85 5291 57.36
IFCA-CAM 38.94 47.22 50.87
FeSEM-CAM 40.62 49.57 53.15
CFL-GP 47.25 55.89 60.17
FedCCFA 48.03 56.72 62.85
FedIC (Ours) 59.82 65.89 71.43
Improvement 11.79 ¢ 9.17 1 8.58 T

Table 4: Performance under different 3 on CIFAR100.

clustering and collaborative classifier optimization mitigate
the negative effects of this variability, aligning semantically
consistent prototypes and reducing aggregation bias.

FedIC is scalable across different client amounts. Tab. 3
illustrates the performance of FedIC and other SOTA PFL
methods under two different client scales (40 and 60 clients),
across both Pat and Pra heterogeneous settings. FedIC con-
sistently outperforms all baselines regardless of the number
of participating clients. Notably, as the number of clients
increases, the performance of most baselines degrades sub-
stantially, especially on CIFAR100, due to intensified client
heterogeneity and exacerbated intra-class variation. In con-
trast, FedIC remains robust: on CIFAR100 under the practi-
cal setting, it achieves 65.89% with 40 clients and 65.36%
with 60 clients, demonstrating a minimal 0.53% drop, while
still outperforming the second-best method by 9.73%. This
robustness stems from FedIC’s intra-class clustering strat-
egy, which effectively mitigates the impact of client-specific
biases by isolating and aggregating semantically consistent
prototypes, even under large-scale federated deployments.
FedIC maintains stable performance across different lev-
els of data heterogeneity. Tab. 4 presents the performance
of FedIC and baseline methods on CIFAR100 under the
practical heterogeneous setting, with varying non-IID levels
controlled by the Dirichlet parameter 8. A smaller 3 indi-
cates more severe label distribution skew across clients. As
[ decreases from 0.5 to 0.01, all baseline methods experi-
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Methods Pathological Practical
IFCA 48.12 44.72
FeSEM 49.36 45.58
IFCA-CAM 49.75 45.01
FeSEM-CAM 49.77 45.23
CFL-GP 52.49 48.89
FedCCFA 53.19 49.51
FedIC (Ours) 57.12 53.23
Improvement(%) 3931 3721

Table 5: The test accuracy(%) comparison on Tinylmagenet.

ence notable performance degradation, with accuracy drop-
ping by over 10% in most cases. In contrast, FedIC con-
sistently achieves the best performance across all levels of
heterogeneity. Notably, under the most challenging case of
B = 0.01, FedIC improves over the second-best method
by 11.79%. These results suggest that FedIC can still ex-
tract useful representations even when client data distribu-
tions have little overlap. This is because the adaptive clas-
sifier collaboration ensures that the model can still leverage
informative local classifiers despite increased statistical het-
erogeneity. The performance improvements become smaller
as (8 increases, but FedIC still outperforms all baselines by a
clear margin (e.g., 8.58% at 5 = 0.5), indicating the robust-
ness of its design under varying non-IID conditions.

FedIC also performs superiorly on the TinyIlmageNet
dataset. Tab. 5 reports the performance comparison on Tiny-
ImageNet, a more challenging dataset with higher class
granularity and larger feature diversity. Under both patho-
logical and practical heterogeneous settings, FedIC con-
sistently outperforms all baselines. Specifically, it achieves
57.12% accuracy under the pathological setting, surpassing
the second-best method by 3.93%, and 53.23% accuracy un-
der the practical setting, with a 3.72% improvement. These
results confirm that FedIC remains effective even when fac-
ing high-dimensional, fine-grained data distributions.
FedIC captures semantic structures across clients and
enables localized aggregation and collaboration. As
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Figure 2: Effect of cluster number on accuracy across FMNIST, CIFAR10, and CIFAR100.

shown in Fig. 3(a), we visualize the pairwise distances
among class-0 prototypes from 20 clients on CIFAR100 af-
ter convergence. The heatmap on the left corresponds to
the global prototype averaging baseline, where distances
between prototypes are uniformly low. This indicates that
client prototypes are forced to align in a single direction,
suppressing their inherent diversity and causing aggrega-
tion bias. In contrast, the FedIC-generated heatmap (right)
clearly reveals multiple prototype clusters with higher inter-
cluster dissimilarity. Fig. 3(b) shows that classifier collabo-
ration is also restricted within clusters, where clients primar-
ily interact with semantically aligned peers. These patterns
demonstrate that FedIC effectively supports fine-grained
personalization by restricting both prototype aggregation
and classifier fusion to meaningful client groups.

Effect of the cluster number K. As shown in Fig. 2, the
relationship between the number of clusters and test accu-
racy is non-monotonic, with performance peaking at an op-
timal cluster count. Beyond this point, further partitioning
leads to reduced accuracy, as excessively fine-grained clus-
tering weakens the statistical reliability of each sub-cluster
and lowers the effectiveness of collaborative learning. In our
experiments, conducted with 20 clients, the use of 3 clusters
yielded the highest performance on FMNIST and CIFARI10,
while 5 clusters achieved optimal results on CIFAR100.
Ablation study of core components. Fig. 4 shows that both
prototype-based clustering and classifier collaboration sig-
nificantly contribute to the overall performance of FedIC.
Compared with the baseline using global prototype aggre-
gation, adding only the clustering module yields a notable
improvement in early convergence and final accuracy. In-
corporating classifier collaboration alone achieves even bet-
ter results by progressively refining client-specific decision
boundaries. When combined, the two components yield the
highest accuracy and most stable convergence, demonstrat-
ing their complementary benefits in mitigating prototype
misalignment and enhancing personalized prediction.

Conclusion

This work tackles the prototype aggregation bias in PFL
by analyzing the underlying intra-class feature divergence
across clients. We observe that, due to statistical heterogene-
ity, clients often extract semantically distinct features for the
same class, which makes global prototype alignment sub-
optimal and leads to performance degradation. To address
this, we propose the FedIC, which clusters client prototypes
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Figure 3: Visualization of prototype similarity and intra-
cluster classifier collaboration patterns.
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Figure 4: Ablation study of core components on CIFAR100.

based on intra-class similarity to form semantically coher-
ent subspaces. Within each subspace, FedIC performs lo-
calized aggregation and adaptive classifier collaboration, ef-
fectively mitigating semantic conflicts and preserving mean-
ingful client-specific representations. Extensive experiments
across diverse datasets and non-IID settings demonstrate
that FedIC consistently outperforms SOTA methods, par-
ticularly in scenarios with severe distribution shifts. Future
work will explore more fine-grained and dynamic subspace
partitioning to further enhance model personalization.
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