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Abstract 
Federated Learning (FL), which serves as a distributed learning model focused 
on privacy protection, has received widespread attention due to its ability to 
collaboratively train models without exchanging clients’ raw data. However, 
since each client independently collects its local dataset, a single client may 
contain data from multiple domains, which leads to the existence of an agnos-
tic distribution bias both intra-client and inter-client biases, and it is still a 
challenge to implement cross-domain generalization of the model in such an 
FL setting. In this paper, we propose a new stable federated adversarial domain 
generalization (Stable-FedADG) algorithm, which considers both intra-client 
and inter-client multi-domain distributions and through intra-client stable 
feature learning and inter-client domain adversarial alignment to learn do-
main-invariant features in federated scenarios. Experiments verify that the 
Stable-FedADG algorithm enhances the overall model performance across 
various federated environments. 
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1. Introduction 

In recent years, with the popularization of smart devices, the amount of global 
data has experienced explosive growth, and AI technology, as the core of intelli-
gent Internet technology, needs to mine useful information from massive datasets 
to help the Internet system to provide more accurate and broader services and 
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decisions [1]. However, due to the huge storage resources, computational over-
head and privacy protection, the traditional centralized training method is no 
longer feasible, so federated learning has received widespread attention as a new 
distributed learning paradigm with privacy protection [2] [3]. In the federated ar-
chitecture, data is stored in each client in a decentralized manner, and each client 
can collect data independently and has a certain computational capability. In 
every round of Federated Learning (FL), the client trains its local model using its 
own local data, leveraging the received global model as a foundation. Afterward, 
the client transmits the model updates back to the server. The server then aggre-
gates these updates and uses them to refine the global model. Once the global 
model is updated, it is sent back to each client for the subsequent round of model 
refinement. Throughout this process, clients are not required to share their raw 
datasets. 

FL is able to utilize datasets from various clients for collaborative model train-
ing, while safeguarding data privacy. FedAvg proposed in [4] is a classical FL par-
adigm, which mainly utilizes the weighted average of client updates to learn a 
global model, and is widely used for its ability to conduct several local updates on 
each client, thereby significantly minimizing communication costs. However, due 
to the different environments, data collection methods and user preferences of 
each client, the distribution of data stored in different clients may be significantly 
different and violate the traditional IID assumption, which is one of the main 
challenges of FL: the statistical heterogeneity problem [3] [5]. Although tradi-
tional FedAvg exhibits efficient performance in homogeneous scenarios, its con-
vergence and training speed are usually challenged when facing heterogeneous 
data [6]. There have been many works that study the statistical heterogeneity 
problem. FedProx in [7] adds a proximal term for FedAvg to limit the local update 
bias for reducing the dispersion of the local model; SCAFFOLD [8] solves the cli-
ents drift problem by designing control variables to correct the local update direc-
tion. To solve the data heterogeneity problem, another solution is to construct 
personalized models based on the local distribution [9] [10]. The studies men-
tioned above primarily aim to enhance the model’s performance within the par-
ticipating clients, typically assuming that the test data is a subset of the client’s 
dataset. However, they often overlook the issue of generalization to federated do-
mains that have not been encountered during training. In this paper, we aim to 
learn a global model that can be generalized to other unseen clients. 

Federated Domain Generalization (FDG) is an extension of FL that combines 
FL and Domain Generalization (DG) techniques to collaboratively train a model 
using multiple source domains (multiple clients). FDG, the same as DG, is mainly 
studied for the case that the distribution of the test set and training set is non-IID, 
with the aim of enhancing the model’s predictive performance in the unseen do-
mains [11]. Many works have been developed in FDG. References [12] [13] stud-
ied the problems related to unsupervised domain adaptation in the FL paradigm, 
these methods usually need the data from target domain to adapt the model, but 
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the data from the target domain are usually agnostic in real scenarios. COPA [14] 
solves FDG by aggregating the weights of domain-invariant feature extractors 
while maintaining an ensemble of domain-specific classifiers, where there may be 
a privacy leakage problem. FedDG [15] adapts local learning to domain distribu-
tion changes by exchanging data distribution information among different clients 
and utilizing a boundary-oriented episodic learning paradigm based on the ob-
tained multi-source distributions. FedADG [16] uses a federated adversarial 
learning approach to learn domain-invariant features by aligning the distributions 
of different clients to a dynamic reference distribution. However, these methods 
typically treat each client as a source domain and align data distributions client by 
client, which only focuses on the inter-client domain distribution differences and 
ignores the multi-domain information that a single client might contain. When 
intra-client domain bias or unbalance also exists, merely considering inter-client 
domain distribution differences is insufficient for enhancing the model’s general-
ization performance. 

Stable Learning (SL) has been extensively studied in the field of out-of-distri-
bution generalization. Reference [17] presents a causal regularization learning 
framework to mitigate agnostic data selection bias and enhance the robustness of 
predictive models. Additionally, it introduces the Causal Regularization Logistic 
Regression (CRLR) algorithm, which integrates causal techniques into traditional 
logistic regression models. Kuang et al. [18] propose a generalized Decorrelated 
Weighting Regression (DWR) algorithm designed to handle both multicategorical 
and continuous features. Cui et al. [19] [20] provide a theoretical explanation for 
the effectiveness of Stable Learning (SL) in addressing covariate bias generaliza-
tion and its links to machine learning and causal inference, offering rigorous the-
oretical support. Zhang et al. [21] extend SL to deep learning models to better 
handle complex data types, introducing Deep Stable Learning (StableNet). Alt-
hough SL has been rapidly developed in the centralized context, it has not been 
studied in the federated context where data are scattered and stored in different 
clients and restricted by privacy protection. 

Based on the above approach, the main contribution of this paper is to propose 
a new federated domain generalization algorithm, which simultaneously focuses 
on the multi-domain distributions of intra-clients and inter-clients to further en-
hance the generalization capability of the global model. In this paper, the SL idea 
is introduced into the FL architecture to eliminate the agnostic distributional bias 
that exists intra-client by extracting stable features using a sample reweighting 
scheme. In addition, this paper combines the federated adversarial learning net-
work (FedALN) [16] to dynamically align the feature distributions of each client 
to the same reference distribution, which indirectly realizes the alignment of fea-
ture distributions between clients, and thus eliminates the differences of feature 
distributions between clients. This paper introduces the stable federated adversar-
ial domain generalization (Stable-FedADG) method only needs to pass model pa-
rameters during training which protects data privacy. 
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2. Preliminaries 
2.1. Problem Statement 

The aim of this paper is to develop a generalized federated domain generalization 
mechanism that takes into account both intra-client and inter-client domain dis-
tributions to collaboratively train a model with strong generalization performance 
using unshared data from different clients. Assume that there are K clients, each 
of which collects data independently to form its own local dataset, where the local 
dataset of the k-th client is denoted as ( ),k kX Y , k XN M

k
×⊂ X , k YN M

k
×⊂ Y , 

and ,i kX  and ,i kY  denote the i-th sample data of the k-th client, each client can 
train the model independently and can transmit the information with the server. 
Let XM⊂  , YM⊂   and ZM⊂   denote respectively the input space, 
the output space and the feature space. :F →   denotes the feature extractor, 

:C →   denotes the classifier, k ZN M
k

×⊂ Z  denotes the sample features of 
the k-th client extracted through the feature extractor ( )F ⋅ , ,:,k iZ  denotes the 
i-th feature variable in the feature space of the k-th client and kN  denotes the 
sample size of the k-th client. Since each client collects data independently, the 
problem of agnostic distribution bias may exist both intra-client and inter-client, 
so we would like to give a generalized federated domain generalization mecha-
nism that improves the generalization performance of model on unseen clients 
while observing federated learning privacy preservation. 

2.2. Federated Adversarial Learning Network (FedALN) 

FedALN is a network structure for aligning inter-client feature distributions in the 
federated context proposed in [16], which is mainly based on Adversarial Learn-
ing Networks (ALNs), by generating a dynamic reference distribution and align-
ing the feature distributions of each client to this reference distribution to reduce 
the inter-clients’ domain distribution differences and improve the generalization 
performance of the global model. Its effectiveness has been verified by a large 
number of experiments. Our proposed method also adopts FedALN to eliminate 
the impact of inter-client domain bias on model performance and below we pro-
vide a brief review of FedALN. 

FedALN consists of 3 main components: the feature extractor ( )F ⋅ , the distri-
bution generator ( )G ⋅  and the discriminator ( )D ⋅ . Among them, the feature 
extractor ( )F ⋅  is used to extract real data features Z  from the local raw data 
and the distribution generator ( )G ⋅  is used to generate the reference distribu-
tion and output the generated features ′Z , the discriminator ( )D ⋅  is employed 
to differentiate between the real data features Z  and the generated features ′Z . 

Specifically, each client has a local ALN and the data distribution differences 
between different clients are converted into feature distribution differences. Firstly, 
each client aligns the local feature distribution with the generated reference dis-
tribution by training the local ALNs, and then the model parameters of the local 
ALNs of all clients are passed to the server for model parameter aggregation to 
form a new FedALN to be passed to each client again. Through multiple interac-
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tions of the local clients and the server, the feature distributions of different clients 
will be aligned to the same reference distribution, thus indirectly realizing the 
alignment of the feature distributions between clients. 

Then we will describe specifically the three components of FedALN and the 
corresponding adversarial loss functions. 

Discriminator ( )D ⋅ : The discriminator ( )D ⋅  is primarily responsible for dis-
tinguishing between the true data features Z , which are obtained from the fea-
ture extractor ( )F ⋅ , and the false features ′Z , generated by the distribution gen-
erator ( )G ⋅ . To facilitate this task, one-hot encoded labels are used to ensure that 
the discriminator ( )D ⋅  can discriminate between true and false features accord-
ing to their respective categories. 

In the training process, the true data feature Z  is regarded as a negative sam-
ple and the false feature ′Z  is regarded as a positive sample, input data features 
(true data feature Z , false feature ′Z ) and one-hot encoded labels y , and out-
put the probability that the feature is judged as a positive sample, i.e., the proba-
bility that the feature comes from the distribution generator ( )G ⋅ . The corre-
sponding adversarial loss function is expressed as follows:  

 ( ) ( )( ) ( ) ( )( )2 2
_ ~ ~1 | | ,adv d p pD D′ ′

   ′= − − +    Z Z Z ZZ y Z y   (1) 

where ( )F=Z X  denotes the real data features extracted from the feature ex-
tractor, ( )G′ =Z ε  denotes the false features generated from the distribution 
generator and ε  is a random noise sample from a uniform distribution [ )0,1 , 
( )p Z  denotes the real feature distribution generated by the raw data X  through 

the feature extractor ( )F ⋅ , and ( )p ′Z  denotes the reference distribution gen-
erated by random noise ε  through the distribution generator ( )G ⋅ . This adver-
sarial loss function is mainly used to measure the ability of the discriminator to 
correctly discriminate. 

Feature extractor ( )F ⋅ : The feature extractor ( )F ⋅  is mainly used to extract 
real data features Z  from local raw data, and when it inputs local raw data X , 
it outputs extracted feature information Z . During the ALNs training, the fea-
ture distribution ( )p Z  extracted by the feature extractor ( )F ⋅  needs to be 
progressively aligned to the reference distribution ( )p ′Z , i.e., given a trained dis-
criminator ( )D ⋅  with fixed parameters, when the feature distribution ( )p Z  is 
closer to the reference distribution ( )p ′Z , the more likely the discriminator 
( )D ⋅  fails to correctly discriminate the real data features Z  from the feature 

distribution ( )p Z . At this point the discriminator ( )D ⋅  is used to measure the 
gap between the feature distribution ( )p Z  and the reference distribution ( )p ′Z . 
The corresponding adversarial loss function of the feature extractor _adv f  is ex-
pressed as follows:  

 ( ) ( )( )2
_ ~ 1 | ,adv f p D= − 

  Z Z Z y  (2) 

where the discriminator ( )D ⋅  outputs the probability that the features come 
from the generated distribution ( )p ′Z . This adversarial loss function indicates 

https://doi.org/10.4236/ojapps.2025.154067


X. Zhao, W. Ai 
 

 

DOI: 10.4236/ojapps.2025.154067 992 Open Journal of Applied Sciences 
 

that the more likely the discriminator fails to correctly discriminate the true fea-
tures Z  from the feature distribution ( )p Z , the closer the feature distribution 
( )p Z  is to the reference distribution ( )p ′Z . 
Distribution generator ( )G ⋅ : The distribution generator ( )G ⋅  is mainly used 

to generate the dynamic reference distribution ( )p ′Z  and the corresponding 
generated features ′Z  (also known as spurious features). It inputs random noise 
ε  and one-hot encoded true label y , and it outputs false feature ′Z  with the 
same dimension as the true feature Z . In the training process, given a trained 
discriminator ( )D ⋅  with fixed parameters, the _adv g  is primarily employed to 
adjust the parameters of the distribution generator ( )G ⋅ , and the specific distri-
bution generator adversarial loss function _adv g  is expressed as follows:  

 ( ) ( )( )2
_ ~ 1 | .adv g p D′ ′

 ′= − −  Z Z Z y  (3) 

The above three adversarial loss functions constitute the loss function of Fe-
dALN, which indirectly reduces the differences in feature distributions between 
clients by introducing reference distributions. Training federated prediction mod-
els on this basis will be beneficial to avoid the impact of inter-client domain dis-
tribution differences on model performance, the FedADG mechanism [16] is pro-
posed based on FedALN. This mechanism sets the classifier ( )C ⋅  for construct-
ing a complete prediction model. It inputs real data features Z , it outputs pre-
diction labels ( )C Z , and uses the traditional cross-entropy loss as the loss func-
tion of the classifier for model training. The specific FedADG objective function 
is expressed as follows:  

 FedADG _ _ 0 _ 1 ,adv d adv g adv f errλ λ= + + +      (4) 

where ( )( )( )1

1 ,rr
N

e i ii L C F X Y
N =

= ∑  denotes the classifier loss function, ( ),L ⋅ ⋅  

denotes the cross-entropy loss, 0 10 , 1λ λ< <  and 0 1 1λ λ+ = . 

3. Stable Federated Adversarial Domain Generalization  
(Stable-FedADG) 

In this section, we will further improve on FedADG and propose a Stable-Fe-
dADG method, which combines FedALN and stable prediction loss function to 
further improve the generalization performance of the model through intra-client 
stable feature learning and inter-client domain adversarial alignment. This section 
describes the model and algorithm of Stable-FedADG in detail. 

3.1. Stable-FedADG Model 

Now consider that there are K  clients, each of which collects its local data 
( ),k kX Y  independently, then the objective function of the above FedADG can 
be reformulated into the following form:  

 ( )FedADG _ _ 0 _ 1
1

,
k k k k

K
k

adv d adv g adv f err
k

N
N

λ λ
=

= + + +∑      (5) 
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where _ kadv d , _ kadv g , _ kadv f  denote the corresponding local ALNs adversarial 

losses, which can be obtained by using the client’s local data, and  

( )( )( ), ,1

1 ,k

k

N
err i k i ki

k

L C F X Y
N =

= ∑  denotes the local classifier loss function. 

FedADG aligns the inter-client feature distributions based on FedALN, elimi-
nating the impact of inter-client feature distribution differences on model perfor-
mance, but this distribution alignment operation is performed on a client-by-cli-
ent basis and does not take into account the domain bias and imbalance problems 
that may also exist within a single client. Since a single client may contain multiple 
source domain data and there usually is no significant domain labels for intra-
client domain distribution alignment, we introduce the idea of SL [21] within a 
single client, which is used to extract stable features by removing spurious corre-
lations between feature variables. 

Specifically, in the k-th client, we use the stable predictive loss function 
kS  

instead of the traditional cross-entropy loss 
kerr  as the loss function of the local 

classifier ( )C ⋅ , and the specific expression of the stable predictive loss function 

kS  is as follows  

 
( )( )( )

,:, ,:,

*
, , ,

1

2*
;

1

1 , ,

ˆarg min ,

k

k

k m k h k
k N Zk

N

S i k i k i k
ik

k Fm h M

w L C F y
N =

∈∆ ≤ < ≤

=

= Σ

∑

∑ Z Z w
w

X

w


 (6) 

where { },1Δ | kk
k

NN
N k i k ki w N+ =
= ∈ =∑w  , ,i k kw ∈w  denotes the i -th sample 

weight of the k -th client, ( )F ⋅  is the feature extractor, ( )C ⋅  is the classifier, 
( ),L ⋅ ⋅  is the cross-entropy loss, ,:,k mZ  denotes the m -th feature variable in the 

feature space of the k -th client, and similarly, ,:,k hZ  denotes the h -th feature 
variable in the feature space of the k -th client, and 

,:, ,:, ;Σ̂
k m k h kZ Z w  denotes the 

weighted partial cross-covariance matrix of the feature variables ,:,k mZ  and ,:,k hZ , 
which is used to measure the independence between ,:,k mZ  and ,:,k hZ . The spe-
cific expression of 

,:, ,:, ;Σ̂
k m k h kZ Z w  is as follows:  

 
( ) ( )

( ) ( )

,:, ,:,

T

; , , , , , ,
1 1

, , , , , ,
1

1 1ˆ

1 ,

k k

k m k h k

k

N N

i k k i m j k k j m
i jk k

N

i k k j h j k k j h
jk

w Z w Z
N N

w Z w Z
N

= =

=

 
Σ = − 
 

 
× −  

 

∑ ∑

∑

Z Z w u u

v v

 (7) 

where  

( ) ( ) ( ) ( )( ) ( )1 2 RFF, , , , , ,
An ju u u u j⋅ = ⋅ ⋅ ⋅ ⋅ ∈ ∀u    

( ) ( ) ( ) ( )( ) ( )1 2 RFF, , , , , .
Bn jv v v v j⋅ = ⋅ ⋅ ⋅ ⋅ ∈ ∀v    

here, , ,k i mZ  denotes the i -th sample of the m -th feature variable from the k -
th client. The vectors u  and v  are the Random Fourier Features mapping 
functions from the Random Fourier Feature function space RFF , which is em-
ployed to capture the nonlinear dependence among the complex features, and the 
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Random Fourier Feature function space RFF  is expressed as follows:  

 ( ) ( ) ( ){ }RFF : 2 cos | ~ 0,1 , ~ Uniform 0,2 .h x x Nω φ ω φ= → + π  (8) 

The core of SL is to remove the dependency between features by sample re-
weighting, i.e., learning the sample weights kw  to make the weighted partial 
cross-covariance matrix 

,:, ,:, ;Σ̂
k m k h kZ Z w  converge to 0. And the Frobenius norm is 

used to construct the independence test statistic, i.e., when  

,:, ,:, ,:, ,:,

2

; ;Σ̂
k m k h k k m k h k F

I =Z Z w Z Z w  tends to 0, the feature variables ,:,k mZ  and ,:,k hZ  

tend to be independent. Within a single client, for all feature variables, we learn 
the optimal *

kw  by equation (0) to minimize the linear and nonlinear dependen-
cies of all features within the client, and learn the stable features to eliminate the 
impact of feature distribution bias of intra-client on the model performance. 

In summary, our proposed Stable-FedADG approach consists of two main as-
pects. First, within a single client, we use the stable prediction loss function 

kS  
as the loss function of the local classifier ( )C ⋅  to learn stable features, and sec-
ond, we base our method on FedALN to adversarially align inter-client domain 
distributions. The method simultaneously eliminates the effects caused by intra-
client and inter-client domain distribution bias to learn domain-invariant features 
in the federated context and further improves the generalization performance of 
the model. The specific Stable-FedADG objective function is expressed as follows: 

 ( )Stable-FedADG _ _ 0 _ 1
1

.
k k k k

K
k

adv d adv g adv f S
k

N
N

λ λ
=

= + + +∑      (9) 

3.2. Stable-FedADG Algorithm 

The detailed training process of the Stable-FedADG method is shown in Algo-
rithm 1. The training process of Stable-FedADG consists of two main parts: server 
aggregation and client update. 
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Server aggregation: The server is mainly used to aggregate the model parame-
ters uploaded by each client and update the global model. Once the global model 
is updated, it is sent back to each client for the next round of model training. Each 
client is required to upload only three network components: the feature extractor 
( )F ⋅ , the classifier ( )C ⋅  and the distribution generator ( )G ⋅ , along with their 

respective model parameters { }, ,f c g=β β β β . Specifically, before training, the 
server first initializes the model parameters β  and passes them to each client. 
During the training process, the server receives the model parameters from each 
client and updates the global model with the received client parameters, and then 
passes the updated global model to each client, and after several server-client iter-
ations, the trained global model can be obtained, in which the feature extractor 
( )F ⋅  and classifier ( )C ⋅  constitute the prediction model that can be used for 

prediction of unknown clients. 
Client update: The client is mainly responsible for training local models using 

local data. In the training process, the client first receives the global model from 
the server, and then utilizes the local data and the local discriminator ( )D ⋅  to 
train the local model kβ . Specifically, the classifier ( )C ⋅  and the feature extrac-
tor ( )F ⋅  are trained using the stable prediction loss function 

kS , and the sav-
ing and reloading method proposed in [21] is used to learn the sample weights 
during the training process. Then aligning the feature distribution to the reference 
distribution, the loss 0 _ 1k kadv f Sλ λ+   is minimized by updating both the feature 
extractor ( )F ⋅  and the classifier ( )C ⋅ . Meanwhile, the losses _ kadv d  and _ kadv g  
are minimized by updating the discriminator ( )D ⋅  and the distribution genera-
tor ( )G ⋅ , respectively. At the end of local training, the client sends the local 
model parameters { }, ,

k k kk f c g=β β β β  to the server for model aggregation. 

4. Experiments 
4.1. Experimental Setup 

In this section, we conducted experiments on PACS and OfficeHome datasets, 
which are both widely used benchmark datasets in the field of DG. The PACS 
dataset contains 9991 image data from four different domains, the four domains 
are art paintings, cartoons, photographs and sketches, and each domain contains 
7 categories. And the OfficeHome dataset also contains images from four domains, 
Art, Clipart, Product and Real, each containing 65 categories and a total of 15,500 
images. 

In addition, to further validate the model performance of Stable-FedADG in 
various federated scenarios, we set up three types of experiments, namely, the 
leave-one-domain-out setting (LODO), the unbalanced setting and the mixed set-
ting. In all settings, one domain from the dataset is chosen as the target domain 
for model performance validation, while the remaining domains serve as source 
domains for model training. The detailed configurations are outlined as follows. 

LODO: LODO setting is a widely used validation strategy in FDG research, 
which treats each domain as a client, i.e., each client contains only data from the 
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same domain. This setting simulates the scenario of small intra-client data distri-
bution differences and large inter-client data distribution differences. 

Unbalanced: Unbalanced setting proposed by [21] is employed to simulate the 
federated scenario with large intra-client distribution differences and small inter-
client distribution differences. Here, each client holds data from all source do-
mains, with different source domains having distinct proportions, while the same 
source domain in different clients have consistent proportion shares. 

Mixed: Mixed setting is employed to simulate a more complex federated sce-
nario with domain bias both within and between clients, we configured each client 
to hold only 2 source domains data, with one domain being dominant. Moreover, 
different clients contain distinct source domains. 
 
Table 1. Initial learning rate for different datasets. 

PACS 

 LODO unbalanced mixed 

flr  0.001 0.001 0.001 

glr  0.05 0.005 0.05 

dlr  0.05 0.005 0.05 

wlr  0.1 0.1 0.1 

OfficeHome 

 LODO unbalanced mixed 

flr  0.001 0.001 0.001 

lrg  0.005 0.005 0.05 

dlr  0.005 0.005 0.05 

wlr  0.1 0.1 0.1 

 
Each of the three settings above simulates a different federated scenario. Fol-

lowing [16], 70% of each client’s data is randomly chosen as the training set and 
30% as the validation set. The network architecture in this paper is the same as 
that in FedADG [16]. For the PACS dataset, the feature extractor is constructed 
using ImageNet pretrained AlexNet and the OfficeHome dataset used ResNet50, 
and both without its last layer. Additionally, the classifier, distribution generator, 
and discriminator are all composed of two fully-connected layers. The output 
layer of the discriminator is configured to have a size of 1. In all experiments, the 
number of local iterations is set as 0 3E =  and 1 5E =  with a batch size of 64. 
The communication occurs 30 times. The local model is updated via the SGD 
method, with 0 0.85λ =  and 1 0.15λ = . The specific initial learning rates are 
shown in Table 1, where flr  represents the learning rate of the feature extrac-
tor and the classifier, glr  and dlr  are for the distribution generator and dis-
criminator respectively, and wlr  is for learning sample weights within the cli-
ent. 
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4.2. Experimental Results 

In this paper, we present the experimental results of different algorithms in three 
settings, including the classic FL algorithms FedAvg [4], FedProx [7] and SCAF-
FOLD [8], and the existing FDG algorithms FedIIR [22], FedSR [23] and FedADG 
[16]. Among them, FedADG is a method that improves the generalization perfor-
mance of the model only by aligning the feature distributions among clients. 

Table 2 and Table 3 display the test accuracies of different models on the PACS 
dataset and OfficeHome dataset, respectively. Each result is the average of three 
repeats. Analysing Table 2 and Table 3, it can be seen that the test accuracies of 
Stable-FedADG and FedADG outperform FedAvg significantly in both the LODO 
setting and the mixed setting, indicating that when inter-client feature distribu-
tions vary greatly, adversarial aligning inter-client feature distributions are con-
ducive to the learning of domain-invariant features and boost model generaliza-
tion. Meanwhile, Stable-FedADG outperforms FedAvg and FedADG in all three 
settings, indicating that intra-client stable feature learning can further improve 
the FL global model’s generalization. Besides, Stable-FedADG also outperforms 
other FL and FDG algorithms in all three settings, indicating that considering sim-
ultaneously intra-client and inter-client domain distribution differences facilitates 
further improving the generalization performance of the model in various feder-
ated scenarios. 
 

Table 2. Experimental results of different algorithms on PACS dataset. 

  Art Cartoon Photo Sketch Avg 

*LODO 

FedAvg 62.52 59.09 91.98 62.85 69.11 

FedProx 63.04 59.43 91.26 62.91 69.16 

SCAFFOLD 63.15 59.45 92.09 62.97 69.42 

FedIIR 63.64 59.52 92.85 64.62 70.16 

FedSR 61.58 58.96 90.83 62.52 68.47 

FedADG 64.84 59.81 93.17 68.28 71.53 

Stable-FedADG 67.63 61.05 93.65 70.81 73.29 

*Unbalanced 

FedAvg 68.95 63.44 88.26 61.95 70.65 

FedProx 68.71 62.81 88.23 61.42 70.29 

SCAFFOLD 69.38 62.67 88.38 62.64 70.77 

FedIIR 70.09 63.53 89.13 67.46 72.55 

FedSR 71.39 61.82 86.22 63.73 70.79 

FedADG 70.02 63.78 88.82 64.57 71.8 

Stable-FedADG 73.73 64.29 91.87 65.49 73.85 

*Mixed 

FedAvg 65.58 61.73 91.42 64.88 70.9 

FedProx 67.86 60.58 92.56 65.49 71.62 

SCAFFOLD 67.97 60.19 92.75 66.15 71.77 
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Continued 

 

FedIIR 68.89 61.69 92.38 67.12 72.52 

FedSR 65.43 60.29 90.49 62.95 69.79 

FedADG 68.05 63.78 92.92 63.04 71.95 

Stable-FedADG 70.19 63.94 92.97 66.58 73.42 

 
Table 3. Experimental results of different algorithms on OfficeHome dataset. 

  Art Clipart Product Real Avg 

*LODO 

FedAvg 65.42 45.36 75.74 78.93 66.36 

FedProx 65.59 46.67 76.32 78.74 66.83 

SCAFFOLD 65.34 47.09 75.89 78.97 66.82 

FedIIR 66.87 46.71 75.94 79.38 67.23 

FedSR 65.05 45.98 74.75 79.06 66.21 

FedADG 67.16 46.6 76.55 79.21 67.38 

Stable-FedADG 68.23 49.42 76.59 79.52 68.44 

*Unbalanced 

FedAvg 64.57 45.52 76.62 77.64 66.09 

FedProx 63.89 45.56 76.79 77.61 65.96 

SCAFFOLD 64.52 45.69 77.38 77.53 66.28 

FedIIR 64.68 45.72 77.79 77.68 66.47 

FedSR 63.92 44.78 76.95 77.23 65.72 

FedADG 64.32 45.04 77.61 77.29 66.07 

Stable-FedADG 65.51 46.37 77.87 77.79 66.89 

*Mixed 

FedAvg 64.94 47.93 75.63 78.91 66.85 

FedProx 65.29 47.03 75.95 79.02 66.82 

SCAFFOLD 65.98 47.83 75.71 79.32 67.21 

FedIIR 66.74 47.51 76.35 79.52 67.53 

FedSR 66.17 46.99 75.59 78.97 66.93 

FedADG 66.96 47.19 77.09 79.64 67.72 

Stable-FedADG 67.86 48.41 76.89 80.1 68.32 

5. Conclusion 

In this paper, we give a generalized federated domain generalization algorithm for 
agnostic distribution bias called Stable-FedADG. This algorithm focuses on both 
intra-client and inter-client multidomain distributions, and eliminates the intra-
client feature bias by intra-client stable feature learning, meanwhile, the algorithm 
incorporates FedALN to adversarially align the inter-client feature distribution. 
The experimental results show that the Stable-FedADG algorithm outperforms 
both the traditional FL algorithm and the FedADG algorithm in different feder-
ated scenarios, and can further improve the generalization performance of the 

https://doi.org/10.4236/ojapps.2025.154067


X. Zhao, W. Ai 
 

 

DOI: 10.4236/ojapps.2025.154067 999 Open Journal of Applied Sciences 
 

model. In addition, the proposed algorithm still has some limitations, firstly, the 
proposed algorithm is mainly for feature drift, i.e., each client is required to con-
tain the same label categories, and future work can be developed on the basis of 
label drift. Second, the proposed algorithm is an FDG algorithm that requires a 
centralized server, and future work considers investigating decentralized FDG al-
gorithms. 
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