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Abstract

In recent years, personalized federated learning (PFL) has gained widespread attention for its robust performance in handling heterogeneous

data. However, most PFL methods require client models to share the same architecture, which is impractical in real-world scenarios. Therefore,

federated distillation learning is proposed, which allows clients to use different architecture models for FL training. Nevertheless, these

methods do not consider the importance of different distillation knowledge aggregated by the client knowledge, resulting in poor client

collaboration performance. In this paper, we propose a novel personalized federated learning method based on partial distillation (FedPD) that
assesses the relevance of the different distillation knowledge and ensemble knowledge for each client, thereby achieving selective knowledge
transfer. Specifically, FedPD contains two key modules. One is the partial knowledge transfer (PKT) which uses the partial distillation
coefficient to identify the importance of each distillation knowledge to select more valuable distillation knowledge. The other is the partial
knowledge ensemble (PKE), which maintains a server model for each client to extract distillation knowledge to guide the client. Extensive

experiments on real-world datasets in various experimental settings show that FedPD significantly improves client model performance

compared to state-of-the-art federated learning methods.
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H 1 Introduction

Federated learning (FL) jointly trains models based on the
collaboration of various clients while protecting the data privacy of
each client [1]. In FL, clients collaborate to train models without
sharing local private data. During FL training, participating clients
upload their model parameters trained on local data to the server,
which then aggregates client models. Currently, FL is widely used in
fields such as healthcare [2,3], smart city [4,5], and recommendation
systems [6—8].

Although FL has been successful in practical applications, it still
faces some challenges [8—14]. For example, considering the client’s
dataset is often non-independent and identically distributed (non-
IID), personalized federated learning (PFL) is proposed to train a
personalized local model for each client. The recent PFL works
mainly include the regularization-based methods [15-17] that add a
regularization term of the global model to improve the local model
performance, similarity-based methods [18,19] that reinforce the
collaboration between clients with similar data distributions, and
[20-22]
aggregation model parameters to improve local models. Despite the

model architecture-based methods that utilize partial

promising results achieved by these PFL methods, they require
assuming that client models have the same architecture, which is
impractical in the real world.

To break the constraints of the same architecture model, many
federated distillation methods have been proposed. The federated
distillation method uses the public database to achieve knowledge
transfer between heterogeneous client models, thereby addressing the
issue of model heterogeneity [23-28]. For example, FedMD [25]
utilizes the client model to generate soft predictions for public dataset
samples as local knowledge, then distills the average aggregated
global knowledge to the local model. KT-pFL [28] enhances
distillation by aggregating personalized global knowledge based on
the similarity of local knowledge for each client. FedHeNN [26]
takes the representations generated by distillation samples as local
knowledge from clients, achieving client collaboration by aligning
client knowledge with the averagely aggregated global knowledge.
However, these methods do not take into account the importance of
different distillation knowledge to the client, leading to inefficient
collaboration among client models.

We propose a novel personalized federated learning method based
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on partial distillation (FedPD), which uses partial distillation to
selectively transfer knowledge based on the client data distribution,
the
performance. FedPD tackles the challenges of model heterogeneity

thereby  enhancing heterogeneous  personalized model
with two key modules. First, we propose the partial knowledge
transfer (PKT) module which utilizes the partial distillation
coefficient to identify the importance of each distillation sample,
filtering global knowledge to benefit the client. Second, we propose
the partial knowledge ensemble (PKE) module which extracts
distillation knowledge for each client to improve client model

performance. The main contributions are summarized as follows:

® We propose a novel personalized federated learning method
called FedPD, which leverages partial distillation to achieve
selective knowledge transfer, thereby improving the
performance of client models.

o We propose the PKT module, which uses the partial
distillation coefficient to measure the importance of different
distillation knowledge, enabling more effective distillation for
clients.

o We propose the PKE module, which integrates distillation
knowledge for each client to guide their training, thereby
enhancing client model performance.

o We ecvaluate the FedPD on various datasets and settings.
Extensive experiments show that the proposed method

achieves the best performance.

M 2 Related work

Personalized federated learning has attracted much attention in
in FL. For
regularization-based methods improve client model performance by

addressing non-IID challenges example, some
adding regularization terms about the global model during local
training. Li et al. [15] proposed Ditto, which enhances client model
performance by adding regularization terms between the client model
and the global model. Dinh et al. [16] proposed pFedMe, which
optimizes both the local and global models by adding L, loss
between the client model and global model, thereby improving the
generalization performance of the client model. Some similarity-
based methods improve client model performance by encouraging
collaboration among clients with similar data distributions. Ghosh
et al. [29] proposed IFCA, which groups clients according to the
minimum loss of client data on each group model, and the clients in
the group share the model. Liu et al. [30] proposed PFA, which uses
the distance between the privacy representations of local data to build
a data similarity matrix for each client and groups clients according
to the similarity matrix. Huang et al. [18] proposed FedAMP, which
maintains a personalized cloud model based on similarity
aggregation for each client on the server and trains a personalized
model for each client based on these cloud models. Another type of
solution is architecture-based methods, which improve client model
performance by dividing the model into private and shared parts.
Collins et al. [20] proposed FedRep, which splits the client model
into a private classifier and a shared feature extractor, enhancing

client models by sharing the global feature representation. Sun et al.
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[31] proposed PartialFed, where each client uses only part of the

global model parameters, selected through an automatically
generated strategy, to boost performance. Zhang et al. [22] proposed
FedALA, which adaptively aggregates the global model and the local
model according to each client’s objective to initialize the local
model, thereby achieving better client model performance. However,
these approaches require all clients to use the same architecture
model.

Recent research has started focusing on FL with different model
architectures. Federated distillation learning is proposed to transfer
knowledge by aligning local client knowledge with global
knowledge, enabling clients to share useful information and improve
model performance [32-34]. For example, Lin et al. [24] proposed
FedDF, which aggregates models with the same architecture and uses
average aggregated knowledge for distillation to update models with
the same architecture. Makhija et al. [26] proposed FedHeNN that
utilizes Centered Kernel Alignment (CKA) distance as the distillation
loss to perform distillation, aiming to align client representations
with the average aggregated global representations. Cho et al. [27]
proposed FedET that uses distillation to transfer knowledge from
multiple local models to a global model on an unlabeled proxy
dataset. He et al. [35] proposed FedGKT that uses knowledge
distillation to transfer client model knowledge to a large server
model. Zhang et al. [28] proposed KT-pFL, which utilizes the
knowledge collaboration matrix to aggregate personalized group
knowledge for each client on the server, using this personalized
global knowledge as guidance knowledge. Wang et al. [32] proposed
DaFKD, which optimizes the aggregation of client predictions
through a discriminator that identifies the correlation between
distillation samples and client models, aligning the client’s
predictions accordingly during distillation. Tan et al. [36] used the
average representation of local data samples as prototypes and
introduced a prototype regularization term in the local loss function.
He et al. [35] achieved knowledge transfer by minimizing the
predictions of the server model and the soft predictions of the client.
However, most existing federated distillation learning methods do
not consider the importance of different global knowledge in local
distillation, which may introduce redundant information for the
client. In this paper, we propose FedPD, which selects valuable
knowledge for distillation to adapt to local goals across different

clients, thereby improving client model performance.

B 3 Methodology

3.1 Preliminary

We aim to collaboratively train personalized models for N total
clients with different model architectures in FL. We consider each
client n can only access to its local dataset D,, = {x;,y;}, where x; is
the ith sample, with label y;. D = UnNlen is composed of all client
datasets, containing K classes. The goal of PFL is to learn a local
model for each client, minimizing the total empirical loss of the
dataset on the client. For the client n, we denote its personalized
objective as:

Frontiers of Computer Science | Issuc 3 | Volume 20 | March 2026 | 2003604-2



Front. Comput. Sci., 2026, 20(3): 2003604

Fn := By, yp~Di Ln(Xi,yis wp),

where L,(-) and wy, are the local loss function and model parameter
of client n. For all clients, their objective is:

{wy,...,oN} =argminG(F1,...,Fn),
where G is a function that aggregates the local objectives {Fp}yen
of each client.

We refer to the features extracted by client models from public
dataset samples as client knowledge, and the features extracted by the
server model as server knowledge. The public dataset J) is stored on
the server and each client as in the typical federated distillation
setting [25,28]. For the ith sample £; € [), the distillation knowledge
Zp,i and z‘;u. extracted by the client model w,, and the server model

w;, are defined as follows:
TSN |
zi’l,l - f(xlawn)’

z,; = HR;w,),
where f(-) is the feature extractor of client model w, with
parameters a)£ ; H(-) is output function of server model with
parameters ). Note that the server model consists of the feature
extractor part and output layer, without the classifier. The output of
the server model is the server knowledge. All server models have the
same architecture. The size of the last output layer corresponds to the
length of the specific client knowledge. The local knowledge of

ll.lz)ll. Similarly, the server model extracts the

s 1Dl
n,i}izl'

client n is Z, = {zn}

distillation knowledge to guide client n as Z;, = {z

3.2 FedPD

In this section, we introduce the proposed FedPD in detail. The
proposed FedPD consists of two key components: partial knowledge
transfer (PKT) and partial knowledge ensemble (PKE). Figure 1
shows the workflow of FedPD. First, clients extract features from
public dataset samples and upload them to the server. Second, the
server uses PKE to ensemble knowledge from various clients and
generate distilled knowledge for each client. Finally, each client uses
PKT to assess the importance of the received server knowledge and
update its local model parameters.

3.2.1 Partial knowledge transfer (PKT)

Global knowledge may contain useless information, such as missing
class samples from other clients. Therefore, clients need to
distinguish useful global knowledge based on its local model during
distillation, than aligning with global knowledge
indiscriminately. To address this, we propose the PKT module,
which identifies the importance of each piece of distillation
knowledge and only transfers partially useful distillation knowledge
to different clients.

rather

1) Partial distillation coefficient.

To identify the importance of different distilled knowledge, we
introduce a partial distillation coefficient @ into the distillation loss.
For client n, the partial distillation loss is defined as follows:

N
| Server
______ SR = — s.f e
I, ad ZFI w; < -:
T I
| wes Partial knowledge ensemble wes Partial knowledge ensemble
1 n
? Training Training Prediction 75
z L srodicton, b
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Fig. 1 The framework of FedPD. In each round, the client n selects distillation knowledge based on partial distillation coefficient @,. The

server model is trained based on the client knowledge of Z, and the global basic model @*/, and extracts the corresponding distillation

knowledge Z3 for the client n
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1D|
) 1 . f
nin Lp(wy,ay) =ﬁ ; @i Ly (f(Ri30p),2), ;)
T
+ 5l -1I7, (1)

where T is a regularization hyperparameter greater than 0; Li(-)
stands for L loss function. 1 is the vector of ones, where each
element equals 1; @, represents the partial distillation coefficient
vector for client 7 and |a,| = |D], indicating the importance of each
distillation knowledge. The regularization term ||a, — 1)? increases
generalization and prevents clients from assigning too high weight to
knowledge with large differences. The regularization term prevents
the
corresponding server models. It constrains the importance weights

client models from overfitting to knowledge of their
assigned by clients to different distillation knowledge to stay close to
1. Without this regularization term, clients tend to assign excessively
high weights to knowledge that differs significantly from their local

knowledge.

2) Optimization objective.

The objective of FedPD is to solve the joint optimization problem of
clients with data and model heterogeneity. FedPD achieves
collaboration among heterogeneous clients by introducing partial
distillation loss while minimizing the loss of local training. The
personalized loss function of client # is defined as follows:

2

where A is a distillation hyperparameter. Lcg(-) is the cross-entropy

n(})in L,(w,) = Lcgp(wy) + ALp(wp; @p),

loss function, defined as follows:

Leg(@) == ) logp(yilxiswn),
(xis.Vi)an
where p(yi|x;;wy) is the probability that the sample X; is predicted
to be y; by client model w,.

3) Update partial distillation coefficient.
Furthermore, to adaptively adjust the partial distillation coefficients
@, in each training round, we propose updating @, alternately with
model parameters. This allows computing «, for different
knowledge based on the model parameters. By adopting this
alternating optimization method, the local model can effectively
converge towards an optimal solution.

Specifically, we first fix w,, on the client n to calculate the partial
distillation coefficient &, . According to Eq. (5), the update of @, is

written as follows:

@y — &, —Nq,Va,Lp(w,, @), (3)

where 74, is the learning rate of @;,. After updating @, we fix @,
to solve the model parameter w,,.

4) Update client model.

Then the local model parameter w,, is updated during local private
data training and partial distillation. According to Eq. (6), the update
of client n local model parameters is written as following:

FedPD: personalized federated learning based on partial distillation

Wy < Wy —Nw, an L,(wy), “
where 7], is learning rate of w,. FedPD builds a positive feedback
loop that can adaptively select more valuable distillation knowledge
for the client model in each round and optimize local model

parameters to improve overall model performance.

3.2.2 Partial knowledge ensemble (PKE)

Considering the challenge of data heterogeneity, a single aggregated
global knowledge cannot meet the personalized needs of all clients,
and significant biases may exist in local knowledge, potentially
compromising the quality of linear aggregated global knowledge. As
a result, generating individual global knowledge for each client is
necessary. In this work, we propose the PKE module to partially
ensemble distillation knowledge and extract distillation knowledge
for each client to guide the client model training.

1) Server model.

First, we establish a corresponding server model for each client on
the server side. All server models have feature extractors with the
same architecture. The purpose of the server model is to extract
knowledge from the corresponding client model and convert
heterogeneous knowledge into a unified representation with the same
architecture.

Then, we utilize the client n knowledge Z, to train the server
model w;, transferring the representation knowledge from the client
model to the server model. Since the server models have the feature
extractor with the same architecture, we can use the server models to
achieve collaboration between heterogeneous client models. To
collaborate with different clients and retain certain client information,
a regularization term is introduced to the loss function. The loss
function of the server model w), is defined as follows:

1 D]
min L(w}) =— > Ly(H(%:©}), 2,)
@n DI =

+uLp(@ &%), Q)

where ( is a server regularization hyperparameter; w‘,‘;’f represents
the feature extractor parameters of the server model wy); @* is the
global basic model which contains the global representation
knowledge of all clients; Lg(+) is the loss function for server model
training, and we use L] loss as the loss function; Lg(+) is the server
regularization term used to achieve collaboration between a),sl’f and
@%/  which is defined as:

Lr(y, @) = lo) - |2,

2) Global basic model.
The global basic model is defined as follows:

1 N
(I)S’f = N Z (t),i’f

n=1

(6)

Based on previous work [20,37], the global basic model %
aggregated by all model feature extractors naturally contains the
global representation information of all clients. The regularization
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term Lg(-) allows the server model to retain personalized preferences
while approaching global representation knowledge and achieving
the ensemble of partial global knowledge.

3) Update server model.
According to Eq. (10), the update of server model @y, is as follows:

W, — W =Ty Ve L(wy), (7
where 7743 is learning rate.

After server models training, server model w; extracts partial
global knowledge Z; to guide the client n. Compared with the global
knowledge generated by the linear combination of local knowledge,
PKE captures more complex relationships between local knowledge
and makes full use of the rich information within client knowledge.

We summarize all the procedures of FedPD on the server and client
in Algorithm 1. Each client finally gets a personalized model after FL
training. In each training round, clients first extract local knowledge
for public distillation data (Line 4). Then the server partially
ensembles the client knowledge and extracts guiding knowledge for
each client (Line 5). Finally, the clients utilize local data to update
model parameters based on the server knowledge guidance (Line 6).
Partial distillation is implemented in two parts: first, the PKE module
partially ensembles knowledge for each client (Lines 11—-14), and
second, the PKT module achieves selective distillation based on
partial distillation coefficients (Lines 17—19). These two parts aim to

Algorithm 1 FedPD
Input: client model w;, ..., w,, server model

w7, ..., wy, communication round T

Output: personalized client models

Wy, .y Oy

1 forr=1,2,..,T do

2 Server randomly selects participating
clients

3 for each clientn = 1, ..., N in parallel
do

4 Z, — f))

5 7’ « ServerEnsemble(Z,, w!, @)

6 ClientUpdate(Z;, w,)

7 end

8 Calculate @*/ for next round by Eq. (12)

9 end

10 ServerEnsemble (Z,, w}, o*):

1 for each epoch do

12 Train server model w? using Z, and &*/
by Eq. (13)

13 end

1 Z} « F(w’; D)

15 return Z;

¢ ClientUpdate (Z;, w,) :

7 for each local epoch do

—

—

18 Calculate partial distillation coefficient
@, using Z; and w, by Eq. (8)
Update local model w, by Eq. (9)

—
e

20 end

filter valuable collaborative information for clients as much as
possible, thereby enhancing collaboration effectiveness.

4) Complexity analysis.

FedPD consists of two key modules: PKT and PKE. Assume that the
size of the public dataset is M, the number of client model parameters
is W, the number of server model parameters is P, and the feature
size of each sample is d. When all clients participate in training, in
the PKT module, the computational complexity for calculating the
is approximately O(dMN) and the
complexity of extracting client knowledge is about O(WMN). In the

importance coefficient «,

PKE module, the computational complexity for model training and
knowledge extraction is about O(PMN). Therefore, the total
computational complexity of FedPD is O((d + W + P)MN). In each
round, clients need to upload and download client knowledge and
server knowledge respectively. The communication cost for each
client in each communication round is about 2dM.

M 4 Experiments

4.1 Experimental setup

4.1.1 Datasets

We evaluate the effectiveness of the proposed method through image
classification tasks on these four datasets. The details are as follows:

e CIFAR-10 [38] dataset consists of 60, 000 32 x 32 images,
containing 10 classes, each with 6, 000 images. The training
set and test set have 50, 000 and 10, 000 images, respectively.

e CIFARI100 [38] is similar to CIFAR-10, but it has 100 classes.
There are 60, 000 images in total, and the size of each image
is 32 x 32 pixels. Each class contains 500 training images and
100 test images.

e EMNIST [39] is the handwritten character dataset derived
from NIST Special Database 19, comprising 62 classes. Each
image in the dataset represents a handwritten digit in a 28 x
28 format. There are 814, 255 images in total.

e Fashion-MNIST (FMNIST) [40] contains a training set of 60,
000 samples and a test set of 10, 000 samples. Each image is a
28 x 28 grayscale image containing 10 classes.

For each dataset, we randomly allocate data for each client.
Following [20,41], we use the data of the first 10 classes of
CIFAR100 and EMNIST. Since it is easy to collect various public
data samples in the real world, We select 100 samples from each
class as the public dataset samples. The public dataset samples do not
appear in the clients’ training or testing sets. Additionally, to evaluate
the impact of different public datasets on the proposed method, we
conduct experiments using samples from different classes of other
datasets as public dataset samples (Subsection 4.4).

4.1.2 Data segmentation

Following previous works [24,27,32,42], we Dirichlet

distribution to allocate data to each client. To verify the impact of

use

different data heterogeneity levels on model performance, we adopt
two non-IID experimental settings of S = 0.1 and 5 = 0.5. The size
of the Dirichlet distribution coefficient 8 controls the degree of data
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heterogeneity. As shown in Fig. 2, the smaller S is, the higher the
data heterogeneity is, and vice versa. Figure 2 illustrates the data
distribution of 20 clients on FMNIST, where each column represents
the number of samples of each class that the client has, and the size
of the points represents the number of samples.

4.1.3 Models

We set up models of different scales depending on the difficulty of
the client classification task. Following the settings of [28], for the
CIFAR10 and CIFARI100 dataset, select four different
architectures of models LeNet [43], ResNet-18 [44], MobileNetv2
[45], and ShuffleNetV2 [46] as client models. The server models use
ResNet-34 [44]. For the EMNIST and FMNIST datasets, we use four
types of models as client models, including two MLP models and

we

two CNN models, as in previous works [20,35,47]. And the server
model is a larger-scale CNN model. The four types of client models
are evenly assigned among the clients.

4.1.4 Comparison methods
We compare FedPD with six popular baseline methods that support
heterogeneous model, including:

e FedMD [25] averages the predictions of distillation samples
uploaded by the client as global knowledge and aligns local
knowledge with global knowledge during the distillation
process.

e FedDF [24] averages the model parameters of models with the
same model architecture and updates the average global

9_
8_
7_
a9
= 51
2 4
Q 34
2_
1_
O_
012345678 910111213141516171819
Client ID
(a)
9_
8.
7_
& 9
e
2 4
Q 34
2_
1_
0_
012345678 910111213141516171819
Client ID
(b)

Fig. 2 Non-IID data distributions of the 20 clients on FMNIST. (a) = 0.5;
(b)p=0.1
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model based on the predictions of all clients.

o KT-PFL [28] uses the similarity of client soft predictions to
aggregate other clients’ predictions as the client’s global
knowledge.

e FedHeNN [26] utilizes CKA distance to align local knowledge
with global knowledge based on the weighted average of local
knowledge.

e FedProto [36] uses the average representation generated by
each type of sample of local data as the prototype. The client
introduces the regularization term of the prototype in the local
update to update the model.

e FedHKD [42] aggregates each class’s prototype and soft
prediction as hyper-knowledge and adds hyper-knowledge
regularization terms to the local model update.

4.1.5 Implementation details

We evaluate FedPD under various experimental settings. For all
datasets, the number of clients is set to 20 and 50. Considering that
clients may not be able to participate in every training round in real-
world scenarios, we randomly select only 20% of the clients to
participate in FL training in each round. All experiments are
conducted on eight NVIDIA Tesla V100 GPUs with 32Gb memory.
The proposed FedPD is implemented on Pytorch 1.12 in Python 3.7
environment. All additional hyperparameters in the compared
methods use their original settings. We run all methods for 200
communication rounds. We execute five local epochs of SGD with
For the CIFARIO and
CIFAR100 datasets experiments, we set the client local model
learning rate 77,,, = 0.005 and batch size b = 40. For EMNIST and
FMNIST datasets, client model learning rate 7, = 0.01 and batch
size b = 20. In all experiments, for FedPD, the best performance is

momentum to train the local model.

obtained by setting the server model learning rate 7,3 = 0.001,
batch size b =40, and setting the partial distillation coefficient
learning rate 77o, = 0.05. Same as work [20,21], we evaluate all
methods by the average accuracy of the last 10 training epochs for all
clients on the local test set.

4.2 Experimental results and analysis

4.2.1 Performance comparison

Table 1 shows the average client model test accuracy (ACC),
Precision (PRE), Recall (REC), and AUC-ROC (AUC) of the
comparison methods and FedPD in low data heterogeneity (8 = 0.5)
settings on the CIFAR10, CIFAR100, EMNIST, and FMNIST
datasets. The best-performing method is marked in bold, and the
second-best method is underlined. When the number of clients is 20,
on the CIFARI10 dataset, FedPD outperforms the best baseline
method KT-pFL by 2.78% in the ACC metric and outperforms
FedHKD by 8.02% in the AUC metric. Additionally, our method
outperforms the best baseline FedHKD by 1.74% and 2.23% in ACC
and PRE metrics on the FMNIST dataset, respectively. When the
number of clients is 50, FedPD outperforms the best method,
FedHKD, by 6.93% and 4.57% in the ACC and REC metrics on the
CIFAR10, respectively, and by 1.61% and 1.82% on FMNIST. This
is because tasks on the CIFAR10 and CIFAR100 are more
challenging compared to other datasets, leading to greater
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Table 1

Test accuracy (ACC), Precision (PRE), Recall (REC), and AUC-ROC (AUC) (%) of FedPD and other baseline methods on

CIFAR10, CIFAR100, EMNSIT, and FMNIST datasets and various heterogeneous settings with 3=0.5

20 clients, f=0.5

CIFARI10 CIFAR100 EMNIST FMNIST

PRE REC PRE REC PRE REC PRE REC
FedMDyps10)[25]  41.24 25.90 4130 65.94 4589 23.90 3691 67.55 80.30 73.33 80.47 97.69 71.64 63.35 71.73 92.67
FedDF ipsao; [24] 46.44 34.10 42.88 6543 44.48 33.23 39.97 66.53 83.23 80.14 84.45 97.22 78.17 73.98 75.93 94.50
KT-pFLiipsarp [28]  47.03 2597 41.09 66.02 43.85 20.54 33.24 64.86 82.76 79.02 83.33 97.79 76.06 71.82 75.19 93.23
FedHeNNjcypp 001 [26] 45.07 32.04 45.07 68.91 4532 35.11 45.54 75.25 86.03 84.81 85.83 97.35 78.62 77.10 78.90 94.55
FedProtojsaa100) [36] 44.04 31.28 4135 68.25 47.76 35.36 39.96 69.40 76.85 65.04 73.45 93.17 71.46 59.67 69.04 89.77
FedHKDyjciro3 [42] 4432 31.15 44.19 69.34 46.72 25.86 37.44 68.97 86.30 85.00 85.96 97.53 79.15 77.86 79.53 95.01
49.81 40.37 50.20 77.36 49.01 38.12 47.88 77.11 88.04 87.06 87.55 97.84 80.89 80.09 80.86 95.63

FedPD(Our)

(2.781)(6.271)(5.131)(8.021) (1.251)(2.761)(2.341)(1.861) (1.741)(2.061)(1.591)(0.051) (1.741)(2.231)(1.331)(0.621)

50 clients, f=0.5

CIFAR10 CIFAR100 EMNIST FMNIST

PRE REC PRE REC PRE REC ACC PRE REC
FedMDypps1o1[25]  43.64 28.71 43.44 69.02 40.59 27.70 40.19 7030 84.03 79.61 84.03 97.57 73.76 67.52 73.57 93.93
FedDF ypsy0; [24] 43.57 33.71 44.07 7370 43.29 31.93 43.69 70.93 87.34 86.40 87.60 97.22 77.67 76.91 77.69 94.58
KT'pFL[NIPS2I][28] 42.73 33.27 43.87 73.05 44.80 34.17 45.18 74.78 85.52 83.69 85.20 97.66 76.60 75.78 77.29 94.34
FedHeNNj o\ 001 [26] 46.39 35.19 46.09 72.76 4231 31.14 42.13 71.25 86.93 85.91 86.28 97.59 78.07 76.82 77.57 93.46
FedProtojsaao0) [36] 46.40 3621 4525 72.45 4227 28.84 41.23 70.26 86.40 84.90 84.33 97.05 7843 77.76 78.25 94.95
FedHKDyjcrro3 [42]  46.72 36.97 47.50 73.73 42.38 29.63 41.68 70.81 87.35 87.39 87.67 97.68 78.79 78.90 79.20 95.47
FedPD(Our) 53.65 41.65 52.07 79.25 52.01 40.21 50.27 79.47 88.78 88.70 88.63 98.08 80.40 81.66 80.72 95.64
(6.931)(4.681)(4.571)(5.521) (7.211)(6.041)(5.091)(4.691) (1.431)(1.311)(0.961)(0.401) (1.611)(2.761)(1.821)(0.171)
improvements. and FedFed [50] on the FMNIST and EMNIST datasets with 20

Table 2 shows the results of the baseline methods and FedPD in
high data heterogeneity (8 = 0.1) settings on four datasets. When the
number of clients is 20, FedPD outperforms the best baseline,
FedHeNN, by 2.49% and 4.46% on CIFAR100, and surpasses
FedHKD by 2.16% and 3.86% on FMNIST in terms of ACC and
PRE, respectively. When the number of clients is 50, on the
CIFARI100 dataset, FedPD outperforms the best baseline FedHKD by
5.44% in the ACC and outperforms FedHeNN by 6.83% in the AUC
metric. FedPD consistently outperforms other methods in various
heterogeneous settings because it allows clients to select more
valuable knowledge during the distillation process, thereby
enhancing model performance.

Table 3 shows the performance of FedPD under different non-1ID
settings. It can be seen that FedPD outperforms the best baseline
methods by 2.78%, 2.05%, 3.30%, and 2.23% respectively under
£=0.5, 0.1, 0.05, and 0.01. FedPD

improvements across various experimental settings, demonstrating its

consistently achieved
effectiveness in addressing non-IID data challenges.

In addition to the client model heterogeneous setting, we also
explore the performance of FedPD in the homogeneous model
setting. We compare the performance of Scaffold [48], FedDC [49],

clients. The results are shown in Table 4. It can be observed that
FedPD outperforms other baseline methods in terms of the ACC
metric and achieves better performance in most cases on other
metrics, such as PRE, REC, and AUC.

4.2.2 Convergence evaluation

Figure 3 shows the average test accuracy curves during training on
four datasets with high data heterogeneity (8 =0.1) and 20 clients,
including all baseline methods and FedPD. The horizontal axis
represents the communication rounds, and the vertical axis represents
the test accuracy. As shown in Fig. 3(b), FedHeNN is the best
baseline, but our method reaches a higher accuracy of 68.14%. As
shown in Fig. 3(c), FedPD still surpasses the best baseline method
FedHKD. This indicates that our method not only performs better but
also converges faster. The reason is that FedPD adaptively selects
distilled knowledge to adjust local models, alleviating the negative
effects during the distillation process.

4.2.3 Impact of public dataset

Table 5 shows the impact of using different public datasets on FedPD
performance. We compare the test accuracy of FedPD using different
datasets as the public dataset. Note that even though the task dataset
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Table 2 Test accuracy (ACC), Precision (PRE), Recall (REC), and AUC-ROC (AUC) (%) of FedPD and other baseline methods on
CIFAR10, CIFAR100, EMNSIT, and FMNIST datasets and various heterogeneous settings with 8=0.1

20 clients, =0.1

CIFAR10 CIFAR100 FMNIST
PRE REC PRE REC PRE REC

FedMD ypg10)[25]  66.91 53.06 66.58 76.86 63.15 50.96 63.58 79.98 89.85 86.33 90.48 98.54 85.47 79.28 8528 96.16
FedDF ypsp0 [24] 6715 55.79 60.00 7491 63.61 51.70 5823 77.01 90.67 89.23 88.43 9847 82.07 80.50 80.20 94.83
KT-pFLyypsyi [28]  67.80 53.02 65.56 74.25 62.37 4828 61.75 74.46 91.59 88.91 91.64 98.80 87.56 83.59 87.02 96.33
FedHeNN oy 50 [26] 67.89 58.62 67.62 76.70 65.65 53.68 6336 78.97 92.26 90.90 9234 98.59 87.73 83.51 86.78 96.45
FedProtojs s o120 [36] 66.97 56.83 66.75 7547 63.61 51.01 61.48 76.34 87.45 80.59 8597 96.51 83.56 75.77 83.28 93.53
FedHKDjjc; 3 [42] 67.15 58.01 67.58 76.16 64.85 51.41 6395 78.92 93.01 9132 92.75 98.69 87.82 86.00 88.13 96.57

69.94 62.75 69.72 79.45 68.14 58.14 69.06 83.68 94.21 93.74 94.15 98.91 89.98 89.86 90.32 97.02

FedPD(Our)

(2.051)(4.131)(2.101)(2.591) (2.491) (4.461) (5.111)(3.781) (1.201)(2.421)(1.401)(0.111) (2.161)(3.861)(2.191)(0.451)

50 clients, =0.1

CIFARI0 CIFAR100 EMNIST FMNIST
PRE REC PRE REC PRE REC PRE REC

FedMDyps;0)[25]  68.69 57.42 68.86 73.99 67.32 54.87 66.67 7447 90.86 87.47 90.83 97.96 87.14 8322 87.34 95.35
FedDFypoy; [24]  52.78 5731 5230 78.62 51.84 5493 5138 77.44 90.54 90.68 90.61 97.70 79.54 86.10 77.25 95.43
KT-pFLipso [28]  69.53 59.55 69.43 7132 66.01 55.62 6598 70.18 92.04 9021 91.99 9837 88.30 85.79 8835 95.89
FedHeNN |55 [26] 72.10 64.08 71.77 7729 68.17 58.19 6823 77.47 92.54 90.73 92.56 97.87 88.72 87.12 88.77 95.82
FedProtojs s o1 [36] 71.81 63.68 71.95 7648 68.18 59.44 68.71 77.24 87.16 89.94 91.93 97.04 88.76 88.01 88.42 95.90
FedHKDyc po5 [42] 71.69 63.79 71.85 77.03 68.74 59.49 69.11 77.18 93.10 91.41 93.11 97.97 89.34 88.26 89.56 96.15

74.46 69.65 74.52 82.58 74.18 69.60 73.06 84.30 94.20 93.83 94.45 98.27 90.53 90.62 90.70 96.42

FedPD(Our)

(2.361)(5.571)(2.571)(3.961) (5.441)(10.111)(3.951)(6.831) (1.101)(2.421)(1.341)(0.307) (1.191)(2.361)(1.141)(0.271)

Table 3 Test accuracy (%) of FedPD and other baseline methods
on CIFAR10 datasets and various non-IID settings

FedMDyypsio) [25] 4124 6691 76.25 90.25
FedDFpypso [24] 4644 67.15 76.41 89.66
KT-pFLoypsoy 28] 47.03 6780  77.41 91.25
F;%HGNNUCMLDI 45.07 67.89 77.65 92.51
[F;gi]Proto[AAAIzz] 44.04 66.97 78.64 91.65
Ffz‘i]HKD[ICLR23J 4432 67.15 79.65 92.12
49.81 69.94 8295 9474
FedPD(Our) @781 (2051)  (3301)  (2.231)

and the public dataset are the same, the samples used for distillation
do not appear in the client’s private dataset. From Table 5, it is
observed that replacing the public dataset in FedPD does not result in
significant accuracy changes, with a specific decrease of 0.06% on
EMNIST and 1.1% on FMNIST. This shows that FedPD does not

rely heavily on unbiased public datasets and is robust to the setting of

public datasets. But the performance increases by 0.81% on
CIFAR100. The reason is that the partial distillation coefficient can
to different
distillation knowledge, even if the public dataset samples differ

adaptively assign different importance weights

significantly from local data.

4.2.4 Ablation study

To verify the effect of the PKT and PKE, we conduct the ablation
experiments as shown in Table 6. The replacement of PKT is to set
the same importance for all global knowledge, while the replacement
of PKE is to averagely aggregate all client knowledge to obtain
global knowledge. From Table 6, it can be observed that the accuracy
of FedPD_y,,, which does not use both components, is the lowest at
only 82.81%. FedPD_y, using only PKT, shows a 3.14% increase
compared to baseline FedPD ,, while using only PKE increases
accuracy by 2.52%. FedPD can increase the performance by 10%
the
simultaneously. This indicates that: 1) the effectiveness of PKT in
different
knowledge; 2) the effectiveness of PKE in ensemble knowledge for

compared to baseline by utilizing both components

generating importance coefficients for distillation

clients. FedPD using both components simultaneously can achieve

greater improvements.
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Table 4 Test accuracy (ACC), Precision (Pre), Recall (REC), and AUC-ROC (AUC) (%) of FedPD and other baseline methods on
EMNSIT, and FMNIST datasets and various homogeneous model settings

EMNIST FMNIST EMNIST FMNIST

PRE REC ; PRE REC ; PRE REC PRE REC

Scaffold 8550 88.70 85.26 99.16 74.10 72.83 74.11 95.56 8935 88.45 89.64 98.95 82.77 78.71 82.10 92.55
FedDC 87.96 88.12 87.94 9845 7893 77.56 79.01 9536 9453 94.57 9433 99.15 88.14 86.70 88.51 96.98
FedFed  88.66 90.96 90.08 98.64 76.05 73.78 75.80 9533 9336 93.19 93.65 99.08 86.99 8532 87.57 96.23
FedPD 89.07 8842 89.01 9854 80.58 80.23 80.35 95.76 94.78 94.85 9491 99.31 88.44 88.02 88.44 88.70

691

691 66

661
s = 9
3 631 = 60!
g —=—FedPD 260 —=— FedPD
3 601 —+—FedMD 3 571 —e— FedMD
= —e—FedDF B —e— FedDF
E 574 —&— FedHKD g 544 —4— FedHKD
= 54 —¥— FedProto = 514 —¥— FedProto

—*— FedHeNN —+—FedHeNN
514 — KT-pFL 481 KT-pFL
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Communication rounds Communication rounds
(@) (b)

954 901

90+ 87
X X gl
> 851 <, 84
3 —=—FedPD 3
E —o— FedMD § 81+ —#— FedPD
] 80+ —e— FedDF 3 - —#— FedMD
2 —— FedHKD 7 R
= 751 s F'edProto = 751 = TedPioio

—*— FedHeNN —+— FedHeNN
70 KT-pFL 721 KT-pFL
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Communication rounds Communication rounds

(© (d)

Fig. 3 Performance comparison in the accuracy of methods on different datasets, with 20 clients and 8 =0.1. (a) CIFAR10; (b) CIFARI100;
(c) EMNIST; (d) FMNIST

Table 5 Performance of FedPD under different settings of the Table 6 Ablation Study of FedPD in EMNIST dataset with 20

public dataset clients, imbalanced degree 8 = 0.5
Task dataset Public dataset Test accuracy/% Method PKT PKE Test accuracy/%
CIFARI10 49.81 FedPD x x 82.81
CIFARI10
CIFAR100 47.16 FedPD , v X 85.95
CIFAR100 49.01 FedPD y, x v 85.33
CIFAR100
CIFAR10 49.82 FedPD v v 88.04
EMNIST 87.98
EMNIST 4.2.5 Impact of hyperparameters
FMNIST 88.04 To evaluate the impact of hyperparameters on FedPD training, we
FMNIST 80.89 conduct multiple experiments on four datasets.
FMNIST s .
EMNIST 79.79 Regularization parameter 7. As shown in Eq. (5), 7T

compromises the client model’s personalization and generalization
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capabilities. When 7 increases, the partial distillation coefficients
will approach 1, making the predictions closer to the server model’s
predictions. Table 7 shows the FedPD results for different T values.
The results indicate that an appropriate 7 value needs to be selected
to achieve better FedPD performance.

Server epoch e. The server model requires multiple epochs to
learn client knowledge and perform partial knowledge ensemble to
facilitate collaboration between clients. Therefore, we use various
epoch settings to evaluate the impact of server epochs, with results
shown in Table 8. The results show that a larger e is beneficial to the
knowledge ensemble, but too large e is likely to damage FedPD
performance.

Server regularization parameter u. In Eq. (10), the server
model’s predictions are directly related to the server regularization
parameter (. The larger the i, the more the knowledge extracted by
the server model tends to average global knowledge, and vice versa.
Table 9 shows the FedPD results under different u settings. The
results show that a larger u does not bring better performance
improvement, which means that a trade-oft between local and global
knowledge is needed to achieve the best performance.

Table 7 Comparison of test accuracy (%) under different
regularization parameter 7

Regularization parameter ¢

Dataset

0.3 0.5
CIFARI10 47.02 48.35 49.81 48.61
CIFAR100 46.30 48.99 49.01 48.21
EMNIST 86.81 87.32 88.04 87.70
FMNIST 79.02 79.31 80.89 80.91

FedPD: personalized federated learning based on partial distillation

Model learning rates. As the learning rate directly influences the
model’s training performance, we evaluate the performance of the
client and server models using multiple learning rates 7, and 77,3
in Egs. (9) and (13). Table 10 shows the performance of FedPD
under different server model learning rates. It can be seen that a
smaller server model learning rate will significantly affect the
performance of FedPD. Table 11 shows the performance of FedPD
under different client learning rates. It can be seen that an appropriate
client model learning rate can achieve the best performance, and a
lower or too high learning rate will damage the model performance.

Partial distillation coefficient learning rates 1,,. We evaluate
the performance of FedPD under different partial distillation
coefficient @, learning rate 74, in Eq. (8), as shown in Table 12. It
can be observed that the proposed method is insensitive to the
learning rate of the partial distillation coefficient. We select 0.05 as
the learning rate for the partial distillation coefficient.

4.2.6 Case study

To demonstrate the effectiveness of FedPD, we conduct a case study
as shown in Fig. 4. The separability of features extracted from each
class is a key metric for evaluating the classification model. For

Table 10 Comparison of test accuracy (%) under different server
model learning rates

Server learning rates 77,3

Dataset

0.005 0.001
CIFARI0 48.21 49.37 49.81 49.55
CIFAR100 47.99 48.57 49.01 46.86
EMNIST 87.30 87.32 88.04 76.63
FMNIST 80.40 81.00 80.89 80.80

Table 8 Comparison of test accuracy (%) under different server

epochs e

Server epoch e
Dataset

40

CIFAR10 49.31 49.81 49.73 48.39
CIFAR100 47.96 49.01 48.95 48.40
EMNIST 87.83 87.98 88.04 87.65
FMNIST 78.42 79.89 80.89 78.20

Table 11 Comparison of test accuracy (%) under different client
model learning rates

Client learning rates 7,

Dataset

0.01 0.005
CIFARI0 48.92 49.19 49.81 45.37
CIFAR100 48.57 48.58 49.01 41.19
EMNIST 84.48 88.04 86.54 81.42
FMNIST 80.72 80.89 80.31 75.25

Table 9 Comparison of test accuracy (%) under different server
regularization parameters u

Server regularization parameter u

Dataset

0.4 0.5 0.6 0.7
CIFARI10 48.79 49.35 49.81 48.68
CIFAR100 47.72 47.93 49.01 48.77
EMNIST 87.74 87.78 88.04 87.72
FMNIST 78.76 79.14 80.89 80.51

Table 12 Comparison of test accuracy (%) under different partial
distillation coefficient learning rates 7q,,

ay learning rates 7q,,

Dataset

0.05 0.01
CIFARI0 49.57 49.81 48.78 47.65
CIFAR100 47.62 49.01 47.55 47.21
EMNIST 87.29 88.04 87.59 87.79
FMNIST 80.35 80.89 80.55 80.67
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client models, extracting more separable features benefits subsequent
classification tasks. We show the features extracted from clients
trained locally in Fig. 4(a). Features extracted from client models
trained with averaged knowledge without FedPD are shown in
Fig. 4(b). Features extracted from FedPD training are shown in
Fig. 4(c). It can be seen that the features extracted by the client
trained with FedPD are more distinguishable. The results also
confirm the effectiveness of FedPD.

4.2.7 Scalability analysis

In this experiment, we evaluat the performance of FedPD under
different client scales. Figure 5 shows the results on the FEMNIST
and EMNIST datasets with 8 = 0.1 when the number of clients is 5,
20, 35, and 50. It can be observed that as the number of clients
increases, the accuracy of FedPD improves and stabilizes. While
computational costs rise with the number of clients, the accuracy

Fig.4 t-SNE visualization of samples with (without) FedPD. (a) The
features extracted from the 5th client model on the FEMNIST dataset with
B=0.5. (b) The features extracted by training client models with averaged
client knowledge, without FedPD. (c) The features extracted with the FedPD

55.0
== CIFARI0 53.65
52.5 == CIFAR100 51.05 52.01
4981 50.08
< 500 49.01
? 475
g 45.0
o 4257 4184
L
& 40043961
37.51

5 20 35 50
Number of clients

Fig.5 Scalability study of FedPD with scales of clients on CIFAR10 and
CIFAR100 datasets

improvement gradually slows. This is because the proportion of
clients participating in each round of training remains unchanged,
and the number of inactive clients increases in scenarios with more
clients. These results effectively demonstrate the scalability and
adaptability of FedPD to varying client scales in FL training.

B 5 Conclusion

In this paper, we proposed a novel FL method named personalized
federated learning method based on partial distillation (FedPD) to
the
heterogeneity. In FedPD, we design two key modules, namely the

address challenges of data heterogeneity and model
partial knowledgetransfer (PKT) and partial knowledge ensemble
(PKE), to collaborate and improve client model performance. PKT
assigns different importance to distillation samples to improve
PKE

knowledge for each client based on client knowledge. Furthermore,

distillation  performance. extracts personalized global
FedPD allows clients to utilize completely different architectural
models without further constraints. Extensive experiments conducted
on multiple datasets indicate that, compared to existing FL methods,
FedPD consistently achieves higher accuracy in various settings

involving multiple models and data heterogeneity.
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