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Abstract

Personalized federated learning (PFL) has recently gained
significant attention for its capability to address the poor con-
vergence performance on highly heterogeneous data and the
lack of personalized solutions of traditional federated learn-
ing (FL). Existing mainstream approaches either perform per-
sonalized aggregation based on a specific model architec-
ture to leverage global knowledge or achieve personalization
by exploiting client similarities. However, the former over-
looks the discrepancies in client data distributions by indis-
criminately aggregating all clients, while the latter lacks fine-
grained collaboration of classifiers relevant to local tasks. In
view of this challenge, we propose a Personalized Federated
learning method for Enhancing Collaboration among Similar
Classifiers (PFedCS), which aims at improving the client’s
accuracy on local tasks. Concretely, it is achieved by lever-
aging awareness of the client classifier similarities to address
the above problems. By iteratively measuring the distance of
the classifier parameters between clients and clustering with
each client as a cluster center, the central server adaptively
identifies the collaborating clients with similar data distribu-
tions. In addition, a distance-constrained aggregation method
is designed to generate customized collaborative classifiers to
guide local training. As a result, extensive experimental eval-
uations conducted on various datasets demonstrate that our
method achieves state-of-the-art performance.

Introduction
Federated learning (FL) is a distributed computing paradigm
that enables collaborative training across multiple dis-
tributed devices without requiring the upload of raw data,
which has experienced remarkable growth in various do-
mains such as healthcare (Wu et al. 2022; Guan et al. 2024),
multimedia (Zhang, Liu, and Liu 2023; Li et al. 2024),
Industrial Internet of Things (IIoT) (Boobalan et al. 2022;
Ding et al. 2022) and so on. Unfortunately, traditional FL
methods, such as FedAvg (McMahan et al. 2017), which
only train a single global model, exhibit suboptimal end-
of-training performance on severely non-independent and
non-identically distributed (Non-IID) data (Liao et al. 2023;
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Huang et al. 2021), making it challenging to meet the per-
sonalized requirements of each client. Taking the develop-
ment of tumor image detection in hospitals as an example
of the application of FL (Jiang, Wang, and Dou 2022), it is
evident that users of different demographic data, influenced
by subtle variations in regions and eating habits, are likely
to exhibit varying proportions of disease severity. Certain
cases may predominantly occur within specific groups. In
such scenarios, providing more personalized diagnostic pre-
dictions for each region becomes meaningful and necessary.

To tackle statistical heterogeneity and meet the personal-
ized needs of clients in FL, personalized Federated Learn-
ing (PFL) methods have been proposed. Unlike traditional
FL approaches that seek a globally optimal model with
strong generalization by training and collaborating across
distributed clients, PFL aims to train a set of personalized
models to mitigate the impact of Non-IID across different
clients. Recent studies in PFL fall into two main categories
based on their underlying motivations: (1) Architecture-
driven methods that aim to achieve personalization through
customized model designs tailored to each client, includ-
ing FedPer (Arivazhagan et al. 2019) and FedGH (Yi et al.
2023), (2) Similarity-based methods that focus on achieving
personalization by modeling client relationships, including
FedAMP (Huang et al. 2021) and FeSEM (Long et al. 2023).

The PFL methods in category (1) face challenges in deter-
mining the optimal architectural design. Furthermore, at the
private parameter level, there is no direct benefit from other
clients with similar data distribution, potentially overlooking
valuable information from them. Meanwhile, the PFL meth-
ods in category (2) still have shortcomings. On the one hand,
due to the modeling of user relationships, the personaliza-
tion models of clients are easily influenced by other clients,
making these methods sensitive to the poor data quality of
clients. On the other hand, these methods primarily focus on
client-level model aggregation, lacking fine-grained knowl-
edge sharing relevant to local tasks. In addition, this process
may introduce additional computational and communication
costs for clients (Ghosh et al. 2022), particularly detrimental
to edge devices with constrained resources.

Recent studies have revealed that the degradation in FL
predominantly stems from classifier biases in clients’ local
models induced by Non-IID data (Li et al. 2023; Luo et al.

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

21572



2021). In particular, it has been observed that the classifier
layer exhibits higher biases compared to other layers (Luo
et al. 2021). These classifier biases engender a vicious cycle,
in which biased classifiers and misaligned features across
clients reinforce each other (Zhou, Zhang, and Tsang 2023).
Fig.1 illustrates a toy example showing the distance matrix
of the classifier (a fully connected layer) parameters across
all clients. The distribution of Non-IID labels is generated
by pathological partitioning, where every four clients are as-
signed the same two classes of labels. It can be observed
that clients with similar data distributions tend to exhibit
lower pair-wise parameter distance (e.g., ℓ2-norm distance)
among clients’ classifiers in the Non-IID data setting. This
motivates us to exploit a more efficient mechanism to select
the collaborators calibrated to each client (the paired clients
corresponding to the dark region in Fig.1), without the need
for prior knowledge of the number of groups, as required
by most existing clustered federated learning methods (Ding
et al. 2022; Ghosh et al. 2022; Long et al. 2023).

In order to address the aforementioned problems and en-
hance collaborative learning among clients in PFL, we intro-
duce a novel PFL method called PFedCS. It adaptively per-
forms clustering with each client as a cluster center based
on the distances of classifier parameters between clients,
thereby identifying appropriate collaborating clients with
similar data distributions. Since the lower layers in deep
neural networks (DNN) focus more on universal informa-
tion compared to higher layers (Yu et al. 2018; Oh, Kim,
and Yun 2022), a distance-constrained aggregate weight is
designed for each client to generate customized classifiers
with the help of collaborative clients to guide local train-
ing in PFedCS, while the lower layers of all clients are ag-
gregated to extract global features. Subsequently, the cus-
tomized classifier, after undergoing several rounds of local
fine-tuning, serves as the teacher model to guide the train-
ing of the local classifier. Although the introduction of cus-
tomized classifiers requires a slight computational cost for
local fine-tuning, the search for collaborating clients and
the aggregation process both occur on the central server,
which has significantly greater computational resources than
the clients. As a result, PFedCS does not significantly in-
crease the computational and communication cost on the
client side. In this paper, we focus on the scenario of la-
bel distribution shift in the Non-IID data setting. Extensive
experimental results on various datasets have strongly val-
idated the effectiveness of our proposed method. Our main
contributions are summarized as follows:

• We observe that clients with similar data distributions in
Non-IID scenarios tend to exhibit a smaller pair-wise pa-
rameter distance of the classifier parameters. Based on
the insight and observation, the pair-wise distances of the
classifier parameters can be computed to be aware of the
similarity of their data distributions. This motivates us to
encourage collaboration among clients with similar clas-
sifiers to avoid the negative effect of Non-IID data.

• We propose a novel PFL method called PFedCS that
adaptively selects collaborators for each client based
on the distances of the classifier parameter. Moreover,

we design a distance-constrained aggregation method to
generate customized classifiers to guide local training.

• We conduct extensive experiments over various datasets
to validate the effectiveness of PFedCS, which outper-
forms twelve state-of-the-art methods by up to 4.07%
in test accuracy. In addition, we empirically show that
PFedCS exhibits superior performance with different
numbers of clients.

 

 

Figure 1: Motivation of PFedCS. It visualizes the normal-
ized classifier distance matrices D1 and D10 on CIFAR-10
across clients in different communication rounds.

Related Work
Federated Learning
Federated learning was first proposed by McMahan et
al. (McMahan et al. 2017), also known as FedAvg. This ap-
proach aims to train a generalized global model by lever-
aging the local models of all clients. In the current land-
scape where privacy concerns are receiving increasing at-
tention, the advantages of FL have become prominent. Con-
sequently, a substantial body of research efforts have been
dedicated to addressing the limitations of Federated Learn-
ing from diverse perspectives, including system heterogene-
ity (Xia et al. 2022; Wang et al. 2024), statistical heterogene-
ity (Qi et al. 2023; Mendieta et al. 2022), communication
efficiency (Cheng et al. 2023; Wang et al. 2023), as well as
security and privacy issues (Wu et al. 2021, 2023). Recently,
numerous studies have demonstrated that although FedAvg
performs well in the setting of independent and identically
distributed (IID) data, its performance is considerably sub-
optimal in Non-IID data scenarios, and may even be inferior
to the separate training performed by each client locally (Li
et al. 2022; Jiang and Lin 2023). To address this problem,
previous studies have attempted to enhance the robustness
of the global model (Li et al. 2020; Huang et al. 2023).
However, a single global model is challenging in meeting the
personalized requirements of each client and fails to system-
atically address the challenges posed by data heterogeneity.

Personalized Federated Learning
Compared to the strategy of training a robust global model,
Personalized Federated Learning emphasizes training mul-
tiple personalized models. From the perspective of learning
personalized models, there are two mainstream methods in
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PFL (Tan et al. 2022a; Huang et al. 2024): Personalized ag-
gregation based on customized model architectures and per-
sonalization based on client similarity modeling.

Architecture-driven PFL methods aim to achieve per-
sonalization by providing custom model designs for each
client. A representative category of methods involves param-
eter decoupling, such as FedPer (Arivazhagan et al. 2019),
FedRep(Collins et al. 2021), FedBABU (Oh, Kim, and Yun
2022), FedPCL (Tan et al. 2022c) and FedGH (Yi et al.
2023), which decouple the local private model parameters
from the global FL model parameters. The private parame-
ters are retained on the client side. This type of method pro-
vides flexibility for each client’s architectural design. How-
ever, at the private parameter level, there is no direct bene-
fit from other clients with similar data distributions, poten-
tially overlooking valuable information from other clients.
Inspired by them, we have also adopted a design of model
parameter decoupling, with the distinction that we apply dif-
ferent personalized knowledge-sharing mechanisms to dif-
ferent components of the parameters.

Similarity-based PFL methods achieve personalization
by modeling relationships among clients, in which similar
clients collaborate to enhance the learning of similar mod-
els (T Dinh, Tran, and Nguyen 2020; Li et al. 2021). For
example, FedAMP (Huang et al. 2021) designs an attention-
based mechanism that enhances collaboration among FL
clients with similar data distributions. FedFomo (Zhang
et al. 2021) updates the personalized models by a weighted
combination of all clients’ models based on the loss similar-
ities. These methods focus mainly on pair-wise client rela-
tionships. There are also works that consider client relation-
ships at the group level (Sattler, Müller, and Samek 2020;
Long et al. 2023; Vahidian et al. 2023). However, determin-
ing the appropriate number of groups remains a challenging
problem in the absence of prior knowledge about the num-
ber of distinct categories. Furthermore, these approaches di-
rectly aggregate the global model and lack fine-grained col-
laboration with local task-specific classifiers. In this work,
we resort to the server to perform collaborative client selec-
tion and fine-grained collaboration without incurring addi-
tional communication costs.

Problem Settings
Following typical federated learning (McMahan et al. 2017;
Li et al. 2020), where K is the number of clients in the
federated learning system (indexed by k), Ct ⊆ C is the
subset of selected clients in round t ∈ [1, T ] and T is the
total federated rounds. In addition, each client k has a pri-
vate Non-IID dataset Dk =

{
xk
i , y

k
i

}Nk

i=1
, where k ∈ C and

Nk is the number of samples in Dk. We assume that these
private datasets share the same feature space, but have dif-
ferent sample spaces. The entire dataset across all clients is
denoted as D =

⋃K
k=1 {Dk}. For traditional FL, the objec-

tive of the whole federated system is to obtain an optimal
global model w∗ as follows:

w∗ = min
w

K∑
k=1

pkFk(w) (1)

where pk ≥ 0 is the weight of client k. Typically, in Fe-
dAvg (McMahan et al. 2017), pk is set to |Dk|/|D| and∑K

k=1 pk = 1. The local objective Fk(·) is often defined
as the expected error over local dataset Dk:

Fk(·) = E(xk
i ,y

k
i )∼Dk

[
Lk(w;x

k
i , y

k
i )
]

(2)

whereLk is the loss function for the k-th client. For the local
models, we can decompose them into two modules: A fea-
ture extractor f and a linear classifier g, i.e., w = {wf , wg}.
For a given sample (x, y), the feature extractor f : X → Z ,
parameterized by wf , encodes the input sample into a d-
dimension feature vector z = f(x,wf ) ∈ Rd. The linear
classifier g : Z → RC , parameterized by wg , aggregates the
information of the feature vector to produce a probability
distribution pwg = g(z, wg) as the prediction result.

Due to the Non-IID data distribution across clients, the
optimal global model obtained through training does not
guarantee the best generalization performance across all
clients. In this scenario, PFL allows for the coexistence of
multiple models, enabling each client k to learn an optimal
personalized model by aligning it with its local objectives:

{w(1)
∗ , . . . , w

(K)
∗ } = min

w
(1)
∗ ,...,w

(K)
∗

K∑
k=1

pkFk(w
(k)) (3)

The objective of the PFL system is to minimize the over-
all empirical loss by considering collaborative learning and
personalization to obtain the optimal local models {w(k)

∗ }.

Methodology
Solution Overview. Before starting, we introduce the
overview of the PFedCS method, which applies data dis-
tribution awareness and classifier collaboration to the fed-
erated scenario in detail. The overall framework of the pro-
posed PFedCS is illustrated in Fig.2. The yellow and gray
parts represent the global aggregation executed on the server
and the local training on the clients, respectively. We divide
the training process into 2 sub-stages. Assuming the stage
1 consists of β training rounds, in the t ∈ [1,min(β, T )]
round, each client k ∈ Ct uploads the complete model w(k),
while in the t ∈ [min(β, T ), T ] round of stage 2, clients re-
tain their classifier w(k)

g locally. We outline the workflow of
the federated training process in stage 1 as follows:

1. Each client k uploads the local model w
(k)
t−1 ={

w
(k)
f,t−1, w

(k)
g,t−1

}
to the central server in round t.

2. The server first measures the similarity of the data dis-
tribution by calculating the distance matrix Dt. Then the
server determines the collaborative clients Ct

k,c for each
client with a two-component GMM model and a dynamic
threshold τt,k. Finally, the server generates a set of cus-
tomized classifiers vkg,t with the help of Ct

k,c for each
client k and the same feature extractor wf,t for all clients
( orange part in Fig. 2 ).

3. Active clients download the global feature extractor wf,t,
customized classifier vkg,t from the server and replace the
local feature extractor with wf,t(step 1 in Fig. 2).
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Figure 2: The overview of PFedCS. The left part presents the inference process. The right part shows the detailed process of
local training for stage 1 of PFedCS. In stage 2, only the steps marked in blue in the left part are executed on the server.

4. Each client k freezes wf,t and fine-tunes vkg,t over local
data (step 2 in Fig. 2). After that, each client k unfreezes
the local feature extractor and updates w

(k)
t−1 under the

guidance of new vkg,t (step 3 in Fig. 2).

5. Each client k uploads the latest local model w(k)
t (step 4

in Fig. 2). The next round starts.
Different from stage 1, during stage 2, clients do not up-

load the classifier layer of their models to the server. Instead,
they retain and train the classifiers locally. In other words,
when the current round t ≥ β, PFedCS degrades into Fed-
Per(Arivazhagan et al. 2019) and only the blue steps in the
left part of Fig. 2 are executed on the server. Next, we delve
into in-depth discussions of stage 1 in PFedCS.

Adaptive Collaborator Selection Mechanism
During stage 1 of PFedCS, after receiving the latest lo-
cal models, the server begins to identify collaborators for
each client. At first, the server calculates pair-wise distances
based on the classifier layer parameters of the client mod-
els. We assume that the classifier w

(k)
g of client k is a

linear transformation with weight φk = [φk,1, . . . , φk,C ]
and bias, followed by Normalization and Softmax.
In each round t, we employ a square matrix Dt =

[(Dt
1,∗)

T
, . . . , (Dt

K,∗)
T
]
T
∈ RK×K to record the distance

between a pair of clients. For any clients i and j, the dis-
tance of classifier parameters between them is defined as
Dt

i,j =
∥φi,c−φj,c∥2

2

max(Dt
i,∗)

. Since the weights φk are typically
initialized randomly, as the number of training rounds in-
creases, this statistical information becomes more accurate.
In PFedCS, the server builds Dt in every round. Based on
Dt, each client k determines collaborative clients based on
its distance from all other clients, i.e., D̃t

k = Dt
k,∗ \Dt

k,k.
The current challenge lies in determining the collabo-

rative clients. To select similar clients adaptively, we pro-
pose the utilization of clustering algorithms to group D̃t

k.

The server computes a two-component Gaussian Mixture
Model (GMM) on D̃t

k for each client k. Then the set of
clients Ct − {k} is grouped into two subsets: Ct

k,c (can-
didate clients) and Ct

k,n (non-candidate clients). Note that
the group of clients with a lower mean distance serves as
candidate clients. In this way, clients exhibiting similar data
distributions are identified.

Distance-constrained Classifier Aggregation
At the beginning of FL training, it is difficult to identify
clients with similar data distributions based on parameter
distance due to the rapid fluctuations. Therefore, a better
way is to aggregate the classifier parameters with more
clients during early training. As training progresses, further
refinement within candidate clients Ct

k,c becomes necessary.
To implement an effective refinement mechanism, we in-

troduce a dynamic threshold, with its value negatively cor-
related with the number of training rounds. In round t, the
server calculates a distance threshold for each client k:

τt,k = avg(D̃t
k) +

t

β
× (min(D̃t

k)− avg(D̃t
k)) (4)

where the avg(·) and min(·) function indicate the aver-
age and minimum value of the corresponding pair-wise dis-
tances within the set, respectively. As t increases, the thresh-
old τt,k decreases, leading to a reduced number of clients
selected for collaboration. Based on τt,k, the server selects
a subset of candidate clients from which we form the real
collaborative client set:

Ct

k,c =
{
i ∈ Ct

k,c|Dt
k,i ≤ τt,k

}
(5)

The server then leverages similar clients Ct

k,c to generate a
client-level customized classifier model for client k, which
will be broadcast to client k for download in round t :

v
(k)
g,t =

∑
pi,tw

(i)
g,t−1, i ∈

{
Ct

k,c ∪ k
}

(6)

21575



where v(k)g,t denotes the customized classifier downloaded by
client k in round t. A smaller parameter distance between
two clients indicates higher similarity in their data distri-
butions, consequently enabling more effective mutual assis-
tance during the aggregation. Therefore, it is necessary to in-
crease the clients’ weight with a smaller distance during the
aggregation. Formally, we propose the distance-constrained
classifier aggregation (DCA) and the weight is defined as:

pi,t = λ
Dmax −Dt

k,i

|Ct

k,c| · (Dmax −Davg)︸ ︷︷ ︸
Learn from more similar clients

+(1− λ)
Ni∑

j∈Ct
k,c

Nj︸ ︷︷ ︸
Learn from more data

(7)
Dmax = max(Dt

k,j), Davg = avg(Dt
k,j), j ∈ Ct

k,c (8)
where λ controls the importance of both similarity and the
local data size when aggregating personalized classifiers. Fi-
nally, the server aggregates the received feature extractor as
FedAvg, which helps all clients collaborate on facilitating
the extraction of more generalizable features.

Customized Classifiers Guide Training
After obtaining the customized classifier vg,t, a naive ap-
proach for clients to take advantage of its capabilities in-
volves directly replacing their local classifiers wg,t−1 with
the new classifier vg,t. However, the inference objectives of
the server-generated customized classifier and the local clas-
sifier may be inconsistent, leading to oscillations in loss dur-
ing local training, resulting in degraded performance.

Inspired by FedRod (Chen and Chao 2022), as a global
model with stronger generalization capabilities can achieve
a higher level of personalization after local adaptation, we
propose to fine-tune the customized classifier vg , familiar-
izing it with the local task and enabling personalization. In
round t, after receiving new wf,t and v

(k)
g,t from the server,

the client k first updates the local feature extractor w(k)
f,t−1

with wf,t. Then, the client k freezes w
(k)
f,t−1 and fine-tunes

v
(k)
g,t for ρ epochs via Stochastic Gradient Descent (SGD) :

v
(k)
g,t ← v

(k)
g,t − ηv∇v

(k)
g,t
LCE (pv; y) , (9)

pv = g(f(x,w
(k)
f,t−1, v

(k)
g,t ), (x, y) ∼ Dk (10)

where ηv is the learning rate for fine-tuning customized clas-
sifier and LCE is the cross-entropy loss between the output
logits pv and the true class label y. The objective of this step
is to promote alignment between the extracted features and
classifier vectors while enabling the biased classifiers to ab-
sorb prior knowledge from the local class distributions. Af-
ter local fine-tuning, the customized classifier is updated to
vkg,t, which is used to guide the training of the local model,
maximizing the benefits of the personalized classifier while
minimizing disruptions to the local training. Specially, the
client k unfreezes w

(k)
f,t−1 and freezes v

(k)
g,t , then performs

SGD to update w
(k)
t−1 =

{
w

(k)
f,t−1, w

(k)
g,t−1

}
:

w
(k)
t−1 ← w

(k)
t−1 − ηw∇w

(k)
t−1
LEN

(
w

(k)
t−1, v

(k)
g,t ;Dk

)
(11)

where ηw is the learning rate for local training. Our objec-
tive is to improve the performance on the local task, with the
guidance provided by the personalized classifier vkg,t. Fol-
lowing (Jin et al. 2023), we propose to use vkg,t as a teacher

to guide the local classifier w(k)
g,t in assimilating the ensem-

ble knowledge within the integrated classifier as follows:

LEN := LCE(p
w, y) +DKL(p

v||pw) (12)

where pw = g(f(x,w
(k)
f,t ), w

(k)
g,t ), (x, y) ∼ Dk (13)

where the term DKL(p
v||pw) represents the Kullback-

Leibler (KL) divergence between the output logits of wg and
vg , whose objective is to guide the local model in assimilat-
ing the ensemble knowledge in the teacher model.

Experiments
This section presents the experiment setups, comparison
with SOTA methods and ablation studies.

Experiment Setup
Datasets and Models. Our experiments are conducted on
three public datasets: CIFAR-10 (Krizhevsky, Hinton et al.
2009), CIFAR-100 (Krizhevsky, Hinton et al. 2009), and
Tiny-ImageNet (Chrabaszcz, Loshchilov, and Hutter 2017).
All datasets are randomly divided into the training and
test sets following a 3:1 split. We use the data partition-
ing methods in (Li et al. 2022) to simulate different la-
bel skews. Specifically, we try two types of Non-IID par-
tition: (1) Pathological Non-IID (McMahan et al. 2017): we
sample C classes for CIFAR-10/CIFAR-100/Tiny-ImageNet
from 10/100/200 classes for each client, with disjoint data
and different numbers of data samples. (2) Practical Non-
IID (Zhang et al. 2023): We sample a proportion of sam-
ples of class j to client k with Dirichlet distribution, i.e.,
pj,k ∼ Dir(α) and smaller α leads to greater class imbal-
ance. Following (McMahan et al. 2017; Dai et al. 2023),
we consider a 4-layer CNN that consists of two convolu-
tional layers and two fully connected layers for CIFAR-10
and CIFAR-100, and ResNet-18 (He et al. 2016) for Tiny-
ImageNet, respectively. For all model decoupling methods,
we use a linear layer as the classifier, while considering the
remaining parts as the feature extractor. For each setting,
clients’ local training and test datasets are under the same
distribution.

Compared methods. We compare our PFedCS with
twelve state-of-the-art FL algorithms, including two tradi-
tional FL algorithms: The leading FedAvg (McMahan et al.
2017) and FedProx (Li et al. 2020), and ten PFL algorithms:
Per-FedAvg (Fallah, Mokhtari, and Ozdaglar 2020), Fed-
Per (Arivazhagan et al. 2019), FedBABU (Oh, Kim, and
Yun 2022), FedAMP (Huang et al. 2021), FedFomo (Zhang
et al. 2021), FedProto (Tan et al. 2022b), FedRod (Chen
and Chao 2022), FedGH (Yi et al. 2023), ClusterFL (Sat-
tler, Müller, and Samek 2020) and FeSEM (Long et al.
2023). Note that ClusterFL and FeSEM are specially de-
signed for clustered FL. Following FedAMP (Huang et al.
2021), we report the mean top-1 accuracy by averaging the
test accuracies over all clients with 3 trials.
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Method
CIFAR-10 CIFAR-100 Tiny-Imagenet

Average
C = 2 C = 3 C = 4 C = 10 C = 15 C = 20 C = 20 C = 30 C = 40

FedAvg 54.29 55.06 58.82 23.36 23.96 24.33 16.89 17.23 19.07 32.56
FedProx 54.25 55.00 58.67 23.39 24.05 24.20 16.74 17.53 18.73 32.51

Per-FedAvg 88.82 84.44 81.29 58.97 52.32 46.11 32.84 27.66 25.65 55.34
FedPer 90.06 84.66 80.75 60.85 53.29 46.38 41.21 35.29 32.51 58.33

FedBABU 88.37 83.53 80.39 60.55 53.90 46.72 42.86 37.39 36.04 58.86
FedAMP 89.25 83.18 78.13 60.80 52.10 44.61 39.54 32.37 28.97 56.55
FedFomo 90.48 85.15 81.80 60.55 54.13 48.35 36.51 31.05 30.14 57.57
FedProto 88.17 83.06 77.18 57.41 54.07 46.54 38.20 30.93 27.25 55.87
FedRod 90.24 85.12 81.12 57.73 51.73 46.44 38.87 33.71 31.70 57.41
FedGH 89.25 82.92 78.62 61.64 54.00 46.22 38.23 31.61 27.21 56.63

ClusterFL 89.72 83.96 80.94 62.01 56.06 47.85 38.07 37.36 36.19 59.13
FeSEM 89.29 83.14 78.10 60.91 52.21 44.73 39.32 32.58 28.75 56.56

PFedCS 90.60 85.49 82.06 63.29 56.15 50.00 46.93 41.36 38.92 61.64

Table 1: Comparison results in the pathological Non-IID setting on CIFAR-10, CIFAR-100, and Tiny-Imagenet.

Method
CIFAR-10 CIFAR-100 Tiny-Imagenet

Average
α = 0.01 α = 0.05 α = 0.1 α = 0.01 α = 0.05 α = 0.1 α = 0.01 α = 0.05 α = 0.1

FedAvg 39.53 44.69 50.17 22.30 25.85 27.37 13.86 14.89 15.23 28.21
FedProx 39.58 44.69 50.15 22.22 25.77 27.40 13.99 14.42 14.50 28.08

Per-FedAvg 96.60 92.04 88.61 65.75 53.54 46.97 46.88 36.56 29.67 61.85
FedPer 97.17 93.52 91.05 68.03 56.49 47.44 54.90 45.16 39.47 65.91

FedBABU 96.59 92.70 90.00 65.92 56.30 48.69 57.47 46.44 39.06 65.91
FedAMP 97.28 93.76 90.55 69.70 56.78 47.38 52.76 42.62 34.54 65.04
FedFomo 97.27 93.20 89.86 68.32 54.13 44.80 49.78 38.08 31.92 63.04
FedProto 96.29 92.84 87.98 66.00 54.34 45.67 49.63 39.82 32.62 62.80
FedRod 97.14 93.21 90.89 64.74 56.02 48.52 49.58 43.95 36.84 64.54
FedGH 96.11 83.92 89.32 69.47 56.60 47.78 54.57 40.68 30.22 63.19

ClusterFL 95.22 88.44 83.45 56.59 47.86 41.77 45.72 36.38 31.20 58.51
FeSEM 97.28 93.73 90.54 69.84 56.68 47.39 52.37 42.34 33.90 64.90

PFedCS 97.30 93.58 91.56 70.20 59.39 50.60 60.26 49.55 43.22 68.41

Table 2: Comparison results in the practical Non-IID setting on CIFAR-10, CIFAR-100, and Tiny-Imagenet.

Implementation details. We run the baselines in the set-
tings suggested in the original papers. We adopt SGD op-
timizer and set the batch size to 100. Regarding the local
learning rate ηw, we set ηw = 0.005 for 4-layer CNN and
ηw = 0.1 for ResNet-18. Note that PFedCS introduces an
additional learning rate ηv for fine-tuning customized clas-
sifier, we set ηv = ηw by default. We run 200 federated
rounds and set the number of local epochs to 5 to guaran-
tee convergence. The number of clients is set to 20 and the
client joining ratio is set to 1 by default. Unless specifically
stated, the settings are shared for all experiments.

Comparisons with State-of-the-arts
Pathological Skew Settings. We report the test accuracy
results in the pathological Non-IID data setting in Table 1.
For the CIFAR-10, CIFAR-100 and Tiny-ImageNet datasets,
we sample C = {2, 3, 4}/{10, 15, 20}/{20, 30, 40} classes
for each client, respectively. The optimal results are indi-
cated in bold and the sub-optimal results are underlined.
It is obvious that PFedCS performs best on three datasets

and outperforms the best baseline by an average of 2.51%.
Among the baselines, the traditional FL algorithms (FedAvg
and FedProx) perform poorly because they only train a sin-
gle global model for all clients, failing to meet the person-
alized requirements of different clients. The superiority of
PFedCS can be attributed to the ability to adaptively iden-
tify clients with similar data distributions through the dis-
tance between their classifier parameters. It leverages the
ensemble knowledge from collaborative clients to guide lo-
cal model learning, thereby achieving superior performance
across all datasets.

Practical Skew Settings. We also report the test accu-
racy results under the Dirichlet Non-IID data setting in
Table 2, with α values of {0.01, 0.05, 0.1} for all three
datasets. Compared to baselines, PFedCS obtains the best
performance in all conditions except that on CIFAR-10 with
α = 0.05, which is slightly inferior to FedAMP. We attribute
the superior performance of FedAMP to simpler datasets.
Moreover, PFedCS exhibits outstanding performance on the
Tiny-ImageNet dataset, surpassing the sub-optimal method
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Figure 3: Results on CIFAR-100 versus numbers of clients.

by 2.50% in average accuracy across three different settings
of α. This result demonstrates the effectiveness of PFedCS
in adapting to Non-IID scenarios of varying complexity.

Varying Numbers of Clients. Following MOON (Li,
He, and Song 2021), we split the CIFAR-100 dataset into
{10, 20, 30, 50, 100} sub-datasets to form the corresponding
number of clients to present the effectiveness of PFedCS
with different numbers of clients. The results of PFedCS
and the other ten PFL baselines are shown in Fig.3. Unfortu-
nately, as the number of clients increases, the average num-
ber of samples assigned to each client decreases, which leads
to a performance drop across all methods. It can be found
that PFedCS consistently outperforms other baselines with
different numbers of clients, demonstrating the adaptability
and scalability of PFedCS in heterogeneous data scenarios.

Methods/Non-IID C = 10 C = 15 C = 20

FedPer 60.85 53.29 46.38

Select None 60.51 53.35 46.60
Select All 61.57 54.00 48.28

Random Selection 61.41 54.34 48.30

Adaptive Selection (Ours) 63.29 56.15 50.00

Table 3: The test accuracy (%) of PFedCS and its collabora-
tor selection mechanism variants on CIFAR-100.

Ablation Studies
Effectiveness of Adaptive Selection Mechanism. Table 3
compares our adaptive selection mechanism (ASM) with
other selection mechanisms on CIFAR-100 in the patho-
logical Non-IID setting. To be specific, we introduce three
collaborator selection mechanisms: (1) Select None: Each
client forms a separate group, with only the feature extrac-
tor uploaded and aggregated on the server, thus degrading
to FedPer (Arivazhagan et al. 2019); (2) Select All: Each
client selects all other clients as collaborators; (3) Random
Selection: Each client randomly selects a fixed number of
clients as a group and we set it to 3. The results show that
applying our adaptive selection mechanism improves per-
formance across Non-IID scenarios by an average of 1.74%.
This indicates collaboration among clients with similar clas-
sifier parameters can yield significant performance benefits.
The results demonstrate that better model performance can

be achieved by measuring the distance between client clas-
sifier parameters to select clients with similar distributions
for collaboration.

Dataset KM HIER FIX PFedCS

CIFAR-10 90.50 90.51 90.48 90.60
CIFAR-100 62.65 62.67 61.49 63.29

Tiny-ImageNet 46.28 46.68 40.23 46.93

Table 4: The test accuracy (%) of PFedCS and its clustering
method variants in the pathological Non-IID setting.

Different Grouping Strategies in ASM. To explore the
effects of clustering methods in dividing Ct

k,c from Ct, we
replace the GMM with K-Means and hierarchical clustering,
denoted by “KM” and “HIER”. In addition, we set a fixed
threshold (set to 0.5) to replace the clustering algorithm, de-
noted by “FIX”. As Table 4 shows, the performance differ-
ences when using different clustering methods are small, but
the results obtained with the fixed threshold perform poorly,
which decrease by 6.70% on Tiny-ImageNet. It’s clear that
using clustering methods in PFedCS is effective and PFedCS
shows robustness to the clustering algorithm chosen.

ρ = 0 ρ = 1 ρ = 2 ρ = 3 ρ = 5 ρ = 10

Acc. 53.58 59.39 59.51 59.41 59.46 59.16

Table 5: The test accuracy (%) on CIFAR-100 in the practi-
cal setting (α = 0.05) with different fine-tuning epochs ρ.

Effects of Fine-tuning Epochs ρ. Here, we study the ef-
fects of ρ on test accuracy. The results of PFedCS by varying
ρ are shown in Table 5. It can be seen that the accuracy first
increases from ρ = 0 to ρ = 1, then the accuracy maintains
stable from ρ = 1 to ρ = 5 but decreases from ρ = 5 to
ρ = 10. A larger ρ leads to better global knowledge absorp-
tion, but it also incurs higher computational costs and may
result in the catastrophic forgetting problem (Shenaj et al.
2023; Huang, Ye, and Du 2022) in neural networks. There-
fore, we adopt ρ = 1 by default to achieve a trade-off be-
tween computational cost and performance.

Conclusion
In this work, we propose a novel PFL method dubbed
PFedCS, to address the limitation of existing FL methods in
lacking fine-grained collaboration among clients with simi-
lar classifiers in data heterogeneous scenarios. The key in-
sight is to leverage the distances between classifier parame-
ters of clients to perceive the similarities in data distributions
and promote collaboration among similar clients. Through
iterative distance measurement, collaborator selection, and
distance-constrained aggregation, PFedCS can adaptively
identify clients with similar data distributions and gener-
ate customized classifiers to guide local training. Extensive
experiments on various datasets demonstrate that PFedCS
achieves state-of-the-art performance.
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