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A B S T R A C T

Federated Learning (FL) allows a global model to be trained without sharing private raw data. The major
challenge in FL is client-wise data heterogeneity leading to different model convergence speed and accuracy.
Despite the recent progress of FL, most methods verify their accuracy on prior probability shift (label
distribution skew) dataset, while the concept drift problem (i.e., where each client has distinct styles of input
while sharing the same labels) has not been explored. In real scenarios, concept drift is of paramount concern
in FL since the client’s data is collected under extremely different conditions making FL optimization more
challenging. Significant differences in inputs among clients exacerbate the heterogeneity of clients’ parameters
compared to prior probability shift, ultimately resulting in failures for previous FL approaches. To address
the challenge of concept drift, we use Weight Normalization (WN) and Adaptive Group Normalization (AGN)
to alleviate conflicts during global model updates. WN re-parameterizes weights to have zero mean and unit
variance while AGN adaptively selects the optimal mean and standard deviation for feature normalization based
on the dataset. These two components significantly contribute to having consistent activations after global
model updates reducing heterogeneity in concept drift data. Comprehensive experiments on seven datasets
(with concept drift) demonstrate that our method outperforms five state-of-the-art FL methods and shows
faster convergence speed compared to the previous FL methods.
1. Introduction

Federated Learning (FL) [1] is an emerging distributed learning
paradigm that isolates client data to fulfill basic privacy require-
ments [2]. The pioneering work FedAvg [3] performs FL by averaging
the client’s parameters over multiple communication rounds to consider
privacy and communication constraints. During FL, only parameters
are sent from the client to the central server allowing the training of
models that represent all clients without exposing any private data.
Since each client has to be trained with respect to different data
distributions, the increase in heterogeneity between clients poses more
difficulties in global model training. Though FedAvg has achieved
notable empirical success, the variability in real-world FL scenarios [4]
ultimately degrades global model convergence and accuracy [5].

Recently, a series of FL models have been proposed, aiming to
achieve an accurate global model even when heterogeneous clients
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participate in training [6]. These methods use various regulariza-
tion [7] and gradient correction terms [8] to handle non-Independent
Identically Distributed (non-IID) FL problems. These optimization-
based approaches constrain each trained client parameter to be con-
sistent towards global optimum, ultimately mitigating heterogeneity
between clients and achieving a high-accuracy global model. However,
most of these studies focus on evaluating model performance under
prior probability shift e.g., Dirichlet distribution [9], where each client
has a different label distribution as shown in Fig. 1(a).

With prior probability shift, the non-IID in FL contains covariate shift,
concept drift, and concept shift [10]. Covariate shift exhibits marginal
distributional differences in visual features across clients e.g., stroke
variations in handwritten digits. Concept drift exhibits significant differ-
ences (e.g., in image styles) between clients e.g., large visual differences
between desert roads and snowfield roads. Concept shift involves clients
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Fig. 1. (a) Federated learning with prior probability shift clients where each client has
a different label distribution. (b) Federated learning with concept drift clients where
each client has different style images.

with the same data with different labels between clients e.g., the same
feature vectors in a training data can have different labels due to
personal preferences reflecting sentiment or next word predictors that
have personal and regional variation. Despite these distinctions, con-
cept drift has received less attention in FL research due to the focus on
evaluating performance under prior probability shift. However, concept
drift inevitably occurs in industrial and medical domains [11], where
each client collects data under extremely different conditions [12]. As
shown in Fig. 1(b), if we train a gender classification model with clients
around the world (e.g., Black, East Asian, Indian, Latino Hispanic,
Middle Eastern, Southeast Asian, and White [13]), the concept drift
problem is more apparent than the prior probability shift issue by
gender distribution.

Given the above extreme and challenging cases, previous works
do not consistently report high accuracy in concept drift FL experi-
ments. Notably, recent methods (e.g., FedDC [14]) have not exhibited
superior accuracy compared to the baseline FedAvg [3] on all datasets
(discussed in Section 5.1 with results in Table 4), indicating that the ef-
fectiveness of the FL methods on prior probability shift cannot be gener-
alized to all non-iid FL problems. Significant input differences between
clients emphasize the heterogeneity of the clients’ trained parameters
and intermediate features, thus failing to regularize each client model
towards the global optimum exacerbating the failure of previous FL
methods [5]. In prior probability shifts, though clients have imbalanced
label distributions, each client uses consistent style images for training.
This implies the front layer allows sharing of knowledge across clients
and heterogeneity primarily stems from parameters correlated to fre-
quent label samples. Nonetheless, concept drift introduces varied image
styles among clients, leading to significant changes in intermediary
feature mean and standard deviations. This results in an overall drift of
trained parameters across clients, leading to more severe heterogeneity.
Thus, a new FL method for concept drift clients is necessary.

Normalization methods have been proposed to achieve better gener-
alization and faster convergence [15] alongside optimization methods
and can be applied to the pre-activations [16] and weights [17] de-
pending on the objective. Unlike previous FL methods focusing on
optimization, we employ normalization for weights and intermediate
features to mitigate the significant heterogeneity in concept-drifted
clients. Specifically, we employ normalization to encourage consistent
activations and intermediate features by applying normalization to the
weights and calculating better mean and standard deviation. In this
paper, we propose FedNN that employs Weight Normalization (WN)
and Adaptive Group Normalization (AGN) to address concept drift
heterogeneity. Specifically, WN trains a model such that weights have
zero mean and unit variance properties via reparameterization. This
reduces client parameter variation when updating the global model via
averaging. Depending on the data, AGN adaptively selects the optimal
mean and standard deviation among data statistics or neighboring-
2

region statistics. In contrast with previous FL methods which restrict
the capability of each client using optimization-based methods, our
method does not impose such limitations. Consequently, our method
mitigates overall parameter drift in clients by ensuring consistency in
both weights and features using normalization, effectively tackling the
issue of concept drift. For evaluation, we construct seven datasets,
where each client only has access to different style (or metadata)
images during training. Our method obtains the best average accuracy
and fastest convergence speed across all datasets.

In summary, the main contributions are as follows:

• As one of the early works, we investigate FL with concept drift on
newly constructed public datasets and highlight the limitations of
existing FL methods.

• We employ weight normalization to reduce weight drift caused
by heterogeneous clients during global model updates.

• We propose adaptive group normalization to adaptively select
the optimal mean and standard deviation for feature normaliza-
tion. This enables robustness to various data shifts with different
characteristics.

• FedNN can be used as a module in existing FL methods since
weight and feature normalization of weights is used in any
optimization-based process. We demonstrate that FedNN dramat-
ically increases the performance of existing FL methods on seven
datasets.

2. Related work

2.1. Federated learning

Various FL methods have been proposed to address the challenges
of client heterogeneity stemming from non-IID data. Li et al. [7] pro-
posed FedProx that uses a proximal term that minimizes heterogeneity
between the client and global i.e., the squared norm of global and
client parameters is used as a regularization. This restricts significant
parameter changes during client training, reducing client heterogeneity
and resulting in a highly accurate global model. Karimireddy et al. [8]
proposed Scaffold, which employs a gradient correction during training
clients. The approximated optimal gradient is calculated by averaging
the multiple client gradients, and it is used to correct the client’s
gradient to become more globally optimal. Acar et al. [18] proposed
FedDyn to make the client optima asymptotically consistent with the
global optima. They trained the model with linear and quadratic terms
to modify the local loss dynamically. Since Scaffold and FedDyn ad-
just each clients’ loss to align with the global optimum, it reduces
the diversity of client parameters and enables improved global model
training. Gao et al. [14] proposed FedDC to limit large-scale updates
between clients by using a penalized term with a local drift variable.
The local drift variable represents the gap between the client and
the global models and approximates the global parameter during the
client’s update. The approximated global parameters not only maintain
consistency among client parameters but also reflect the overall status
of client updates, contributing to training an accurate global model.
These methods evaluate their superiority on the prior probability shift
client but are often limited when addressing concept drift FL. We pro-
pose a novel method to address the concept drift and prior probability
shift problems.

2.2. Normalization

Various methods including weight normalization [17] and centered
weight normalization [19] have been proposed to consider normaliza-
tion in terms of weights. Each method employs a different strategy
for normalization, such as dividing or subtracting different statistical
values to achieve specific properties. To be specific, Salimans et al. [17]
proposed weight normalization that reparameterizes weights by di-

viding their Euclidean norm of weights. Huang et al. [19] proposed
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Fig. 2. A schematic illustration of our proposed method for federated learning on concept drift data.  denotes the global model weight. 𝑘 and 𝐷𝑘 denote the 𝑘th client
model weight and training data, respectively. To address concept drift heterogeneity, weight normalization (WN) and adaptive group normalization (AGN) are employed. WN
reparameterizes the weight 𝜃 to have zero mean and unit variance properties i.e., 𝜃̂, a proxy weight used for a convolution operation. AGN uses 𝜋0 and 𝜋1 with Gumbel-Softmax
to choose the normalization statistics between BN (𝜇𝐵𝑁&𝜎𝐵𝑁 ) and GN (𝜇𝐺𝑁&𝜎𝐺𝑁 ).
centered weight normalization that reparameterizes the normalized
weight to have the zero-mean property. Similarly, Qiao et al. [20]
reparameterizes the centered weight by dividing the standard deviation
to have unit variance.

Besides, various methods such as batch normalization [16], filter
response normalization [21], representative batch normalization [21],
group normalization [22], layer normalization [23], instance normal-
ization [24], mode normalization [25], switchable normalization [26],
for normalizing features have been proposed. First, Ioffe et al. [16] pro-
posed batch normalization, which uses the batch-wise computed mean
and standard deviation to normalize the pre-activation, making the
optimization landscape smoother [15]. However, the performance of
batch normalization degrades significantly when training with a small
batch size [22]. Filter response normalization [21], and representative
batch normalization [27] have been proposed to mitigate train-test dis-
crepancy that stems from the bias of non-IID mini-batch statistics. Filter
response normalization [21] independently normalizes each feature
response, whereas representative batch normalization [27] employs
instance-specific statistics to calibrate the centering and scaling opera-
tions. Additionally, instead of using batch statistics, the testing discrep-
ancy can be avoided by employing statistics of the neighboring region
e.g., group normalization [22], layer normalization [23], and instance
normalization [28] where normalization values were calculated on a
per-group, per-layer, and per-instance basis, respectively. Moreover,
combinations that take advantage of different dimensions statistics
have been proposed e.g., mode normalization [25], and switchable
normalization [26]. In mode normalization [25], a gating network
categorizes samples into distinct modes and normalizes each sample
within its respective mode. Meanwhile, switchable normalization [26]
employs a set of weighting parameters to switch between three different
batch/layer/instance normalization statistics. These methods have been
demonstrated in centralized learning scenarios but not explored in the
FL setting. We propose appropriate normalizations in FL training to
address the heterogeneity between clients.

3. Method

Our objective is to train a global model ∗ that represents all 𝐾
client datasets 𝐷 without sharing private 𝑘th client data 𝐷𝑘. Formally,

∗ = 𝑎𝑟𝑔min


𝐿() =
𝐾
∑

𝑘=1
𝑝𝑘𝐿𝑘(), (1)

where 𝐿() and 𝐿𝑘() represents the empirical loss on the global and
𝑘th client, respectively. We set 𝑝𝑘 = 𝑛𝑘

∑

𝑘 𝑛𝑘
, where 𝑛𝑘 is the number of

samples available at 𝑘th client. In FedAvg [3], the client model weights,
trained on a local dataset, are sent to the server in each communication
3

round, then the server aggregates the 𝑘th client models 𝑘 to obtain a
global model  as follows:

 =
𝐾
∑

𝑘=1
𝑝𝑘𝑘. (2)

Afterward, the new global model parameter is distributed to the clients
and employed as an initial parameter for the next stage of local training,
as shown in the left side of Fig. 2.

However, if clients are distributed in different environments or
owned by diverse users, the data distribution inevitably varies between
clients. This causes sizeable intermediate feature differences, increasing
client parameter variability. The high variability of client parame-
ters exacerbates the convergence speed since the drifted parameters
are used as initial parameters for the next local training. To address
this issue, we employ weight normalization (WN) and adaptive group
normalization (AGN), as shown in Fig. 2. WN promotes consistent
activation after the global model update, while AGN contributes to
having a smoother optimization landscape by selecting the optimal
Lipschitz constraint [15] that considers the FL scenario. The following
sections describe each component in detail.

3.1. Weight normalization (WN)

In convolutional neural networks, a pre-activation 𝑥𝑙 ∈ R𝑐×ℎ×𝑤 of
the 𝑙th layer is fed into the convolution layer and applies a convolution
operation as follows:

𝑥𝑙+1𝑖 = 𝜃𝑖 ∗ 𝑥𝑙 , (3)

where 𝜃 ∈ R𝑜𝑢𝑡×𝑐×𝑘ℎ×𝑘𝑤. We abbreviate the batch and the bias term (set
to zero) for simplicity. 𝑖 represents the index of weight in the order of
(𝑜𝑢𝑡, 𝑐, 𝑘ℎ, 𝑘𝑤) where 𝑜𝑢𝑡, 𝑐, 𝑘ℎ, and 𝑘𝑤 is the size of the output channel,
input channel, kernel height, and kernel width i.e., 𝑖 = (𝑖𝑜𝑢𝑡, 𝑖𝑐 , 𝑖𝑘ℎ, 𝑖𝑘𝑤).
In WN, the weight 𝜃 is reparameterized to the proxy weight 𝜃̂ as follows:

𝑥𝑙+1𝑖 = 𝜃̂𝑖 ∗ 𝑥𝑙 , 𝜃̂𝑖 =
𝜃𝑖 − 𝜇𝑊𝑁

𝑖

𝜎𝑊𝑁
𝑖

, (4)

where

𝜇𝑊𝑁
𝑖 = 1

𝑚
∑

𝑗∈𝑆𝑖

𝜃𝑗 , 𝜎𝑊𝑁
𝑖 =

√

1
𝑚

∑

𝑗∈𝑆𝑖

(𝜃𝑗 − 𝜇𝑊𝑁
𝑖 )2 + 𝜖.

We define the set 𝑆𝑖 as {𝑗 ∣ 𝑗𝑜𝑢𝑡 = 𝑖𝑜𝑢𝑡}, and this indicates 𝜇𝑊𝑁
𝑖 and 𝜎𝑊𝑁

𝑖
are computed along the (𝑐, 𝑘ℎ, 𝑘𝑤) axes. 𝑚 is the number of elements in
𝑆𝑖, and 𝜖 denotes a small constant. During training, stochastic gradient
descent (SGD) optimizes 𝜃 using the proxy weight 𝜃̂ and the loss 𝐿.

In FL scenario, the client heterogeneity causes client parameter
drifts e.g., shift and scale. This high variability leads to inconsistent
activations after the global model update, as shown in Fig. 3(a). These
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𝑥

Fig. 3. We illustrate parameter drift when the global model is updated. (a) a
convolution example in FedAvg, and (b) a convolution example in FedAvg with
WN. C#1, C#2, and G represent the parameter for client #1, client #2, and global,
respectively. We set the client’s heterogeneity to shift(+ 2) and scaled(×3). WN shows
consistent activation after a global update.

inconsistencies can be resolved through WN, as shown in Fig. 3(b).
Since weight variations inevitably occur during FL training, consistent
activation leads to faster convergence and higher accuracy.

3.2. Adaptive Group Normalization (AGN)

Similarly, the normalization can be applied to features given as

̂ 𝑙𝑖 =
𝑥𝑙𝑖 − 𝜇𝑖

𝜎𝑖
, (5)

where

𝜇𝑖 =
1
𝑚

∑

𝑗∈𝑆𝑖

𝑥𝑙𝑗 , 𝜎𝑖 =
√

1
𝑚

∑

𝑗∈𝑆𝑖

(𝑥𝑙𝑗 − 𝜇𝑖)2 + 𝜖.

𝑥𝑙𝑖 is an input of the 𝑙th layer, and 𝑖 indicates the index of the feature
in the order of (𝑏, 𝑐, ℎ,𝑤) where 𝑏, 𝑐, ℎ, and 𝑤 denote the size of
batch, channel, height, and width, respectively, i.e., 𝑖 = (𝑖𝑏, 𝑖𝑐 , 𝑖ℎ, 𝑖𝑤).
In BN [16], the set 𝑆𝑖 for 𝜇𝐵𝑁

𝑖 and 𝜎𝐵𝑁𝑖 is defined as follows:

𝑆𝑖 = {𝑗 ∣ 𝑗𝑐 = 𝑖𝑐}. (6)

This indicates 𝜇𝐵𝑁
𝑖 and 𝜎𝐵𝑁𝑖 are computed along the (𝑛, ℎ,𝑤) axes. In

GN [22], 𝑆𝑖 for 𝜇𝐺𝑁
𝑖 and 𝜎𝐺𝑁

𝑖 is defined as follows:

𝑆𝑖 = {𝑗 ∣ 𝑗𝑏 = 𝑖𝑏,
⌊

𝑗𝑐
𝑐∕𝑔

⌋

=
⌊

𝑖𝑐
𝑐∕𝑔

⌋

}, (7)

where 𝑔 denotes the number of groups, and ⌊⋅⌋ is a floor operation. This
indicates 𝜇𝐺𝑁

𝑖 and 𝜎𝐺𝑁
𝑖 are computed along the (ℎ,𝑤) and 𝑐∕𝑔 channel

axes. Subsequently, a normalization module has a trainable scale and
shift parameters i.e., 𝛾 and 𝛽 to compensate for the representation
ability as follows:

𝑥𝑙+1𝑖 = 𝛾𝑥̂𝑙𝑖 + 𝛽. (8)

For simplicity, we omit an index (by 𝑖𝑐) in 𝛾.
Although normalization ensures that the activation of the layer

has zero mean and unit variance, the characteristics of normalization
vary from method to method. BN stands for data statistics than GN
since the 𝜇𝐵𝑁

𝑖 and 𝜎𝐵𝑁𝑖 are computed batch-wise. On the other hand,
GN is less dependent on the data distribution, thus leading to stable
training even with small batch sizes [22]. Especially in concept drift
FL, the differences between the client’s 𝜇𝐵𝑁

𝑖 &𝜎𝐵𝑁𝑖 and the global-
optimal 𝜇𝐵𝑁

𝑖 &𝜎𝐵𝑁𝑖 become greater, because the different sub-set is only
accessible during client training. From this perspective, GN can be
considered an appropriate normalization technique for FL. However,
from another perspective, data-dependent 𝜇𝐵𝑁

𝑖 and 𝜎𝐵𝑁𝑖 can often
provide more important statistical information for making a better
global model. Thus, we need to choose one of the methods that fits the
4

objective. However, selecting a suitable normalization method is non-
trivial and time-consuming. To address this issue, we propose adaptive
group normalization (AGN) that selects better normalization statistics
𝜇𝑖 and 𝜎𝑖 among BN and GN. To achieve this, AGN employs the Gumbel-
Softmax trick [29] that is fully differentiable and allows to learn a
discrete decision sampling as follows:

𝑠𝑟 =
exp((log(𝜋𝑟) + 𝑔𝑟)∕𝜏)

∑

𝑞∈{0,1} exp((log(𝜋𝑞) + 𝑔𝑞)∕𝜏)
, 𝑟 ∈ {0, 1}, (9)

where 𝑔𝑟 = − log(− log(𝑢)) with 𝑢 ∼ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 1) and 𝜏 denotes the
temperature of the softmax. 𝜋0 and 𝜋1 are learnable parameters denotes
the selection of BN and GN (𝑟 = 0 implies using BN and 𝑟 = 1 for GN)
and 𝑠0 and 𝑠1 are selected probabilities of BN and GN. Formally,

𝜇𝑖 = 𝑠0𝜇
𝐵𝑁
𝑖 + 𝑠1𝜇

𝐺𝑁
𝑖 , 𝜎𝑖 = 𝑠0𝜎

𝐵𝑁
𝑖 + 𝑠1𝜎

𝐺𝑁
𝑖 , (10)

is used instead of 𝜇𝐵𝑁
𝑖 &𝜎𝐵𝑁𝑖 and 𝜇𝐺𝑁

𝑖 &𝜎𝐺𝑁
𝑖 when normalization is

applied. Note that when 𝜏 approaches zero, the soft decision becomes
discrete. We initially set 𝜏 to 5 and gradually decreased it to zero during
training. Since the Gumbel-Softmax trick is differentiable, gradually
decreasing 𝜏 to zero allows AGN to make a discrete decision, selecting
better normalization statistics between BN and GN by optimizing 𝜋0 and
𝜋1. Besides, AGN eliminates the necessity to run multiple experiments
to choose a better normalization that varies among datasets, ultimately
contributing to efficient FL. Additionally, the computation overheads
of WN and AGN are marginal (less than 0.001 s for each training
step) compared to the regular convolution and normalization modules,
improving the applicability for practical use.

In prior probability shift, though each client has an imbalanced
label distribution, the consistent style images are fed to the model.
This implies that the front layer of the model facilitates sharing of
knowledge among clients, and client heterogeneity arises primarily
from the emphasis on parameters that are highly correlated to labels
with high-frequency. However, concept drift supplies varying image
styles into the model between clients. Consequently, they exhibit a shift
in the mean and standard deviation of intermediate features, leading to
overall changes in learned parameters among clients. Previous FL meth-
ods attempted to address this using optimization-based approaches,
however, these techniques exhibit drawbacks. They might restrict effi-
cient client model training and potentially deteriorate overall training
quality if the aggregated global model performs poorly. Therefore, the
focus of this study shifts towards incorporating normalization meth-
ods to achieve consistent intermediate features for both weights and
features. WN calibrates mean and standard deviation drifts in weights
from global model aggregation, facilitating consistent activation. Mean-
while, AGN offers the advantage of selecting appropriate normalization
statistics based on either the data distribution or neighboring-regions.
Ultimately, this selection significantly contributes to preserving consis-
tent features across different clients. By adopting these approaches, we
are able to effectively tackle the challenges stemming from significant
client heterogeneity compared to the conventional optimization-based
methods. In summary, we posit that concept drift introduces different
forms of heterogeneity, prompting the proposition of WN and AGN
methods. These methods facilitate feature consistency in FL scenarios,
ultimately leading to high accuracy.

4. Experiments

4.1. Evaluation scenarios

To show the superiority of FedNN, we compare our method against
the state-of-the-art FL methods on concept drift datasets (Section 5.1).
Since communication overhead is a major concern in FL, we show
convergence plots to highlight efficiency (Section 5.2) and visualize
global model features with/without FedNN to understand improvement
sources (Section 5.3). To evaluate the effect of our method on non-
concept drift datasets, we conduct experiments on a prior probability
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Fig. 4. The concept drift datasets. Each client’s image (i.e., 𝐷𝑘) is displayed in a different column. Since each client has different sources of acquisition, the styles of images vary
significantly.
shift dataset (Section 5.4). Additionally, we run experiments in per-
sonalized FL scenarios to show that FedNN is valid in various FL
scenarios (Section 5.5). Moreover, we run experiments on a larger num-
ber of clients( = 500) to verify the scalability of FedNN (Section 5.6).
By comparing FedNN with state-of-the-art normalization methods, we
demonstrate that using FedNN is a valid choice for FL (Section 5.7). Fi-
nally, we also report accuracy improvements over centralized learning
to show FedNN’s benefit (Section 5.8).

4.2. Datasets

We construct seven different datasets (Fig. 4) from public data to
evaluate our method on concept drift FL. Concept drift datasets have
significantly different style images between clients, but share the same
labels.

CIFAR10-C: CIFAR10-C [30] is a ten-object category dataset com-
prising 19 corrupted and perturbed images e.g., brightness, contrast,
defocus blur, etc. We select level-4 strength images for our experiments.
We construct a dataset such that each client has different corrupted and
perturbed images.

Digit: Digit consists of five different style images collected from
MNIST [31], MNIST-M [32], SVHN [33], SynthDigits [32], and USPS
[34]. We construct a dataset consisting of images of different styles per
client.

Fairface: Fairface [13] is an evenly distributed facial dataset with
multiple metadata i.e., age, gender, and race. We construct a gen-
der classification dataset consisting of seven clients where each client
has different race metadata images (Black, East Asian, Indian, Latino
Hispanic, Middle Eastern, Southeast Asian, and White).

Office-Home: Office-Home [35] has four different style images i.e.,
Art, Clipart, Product, and Real-World. This dataset has 65 categories
of objects e.g., Alarm clock, Backpack, Batteries, etc. We construct a
dataset such that each client has different styles of images.

PACS: PACS [36] consists of four different style images i.e., Photo,
Art painting, Cartoon, and Sketch. This dataset has seven common
categories i.e., dog, elephant, giraffe, guitar, horse, house, and person.
We construct a dataset such that each client has different styles of
images.

VLCS: VLCS [37] is a dataset that consists of images from PASCAL
VOC2007, LabelMe, Caltech-101, and SUN09. VLCS has five object
categories i.e., bird, car, chair, dog, and person. We construct a dataset
in which each client is collected from a different source.

DomainNet: DomainNet [38] consists of six different style images
i.e., clipart, real, sketch, infograph, painting, and quickdraw. This
dataset has 345 categories. We construct a dataset such that each client
has different styles of images. We employ DomainNet to validate the
accuracy of our method on larger amounts of data.

For CIFAR10-C, we reserve 500 samples of each client’s images as
the test split. For Office-Home, PACS, and VLCS, we reserve 10% of
each client’s images as a test split. We use an image size of (3 × 32 × 32)
for CIFAR10-C and Digit, and (3 × 224 × 224) for Fairface, Office-
Home, PACS, VLCS, and DomainNet, respectively.

Additionally, we use CIFAR10 [39] for prior probability shift ex-
periments with different Dirichlet [9] distribution ratios (𝛽 = 0.3 and
𝛽 = 0.5) following FedDyn [18] and FedDC [14].
5

Table 1
Classification average accuracy of FL methods (FedAvg [3], FedProx [7], Scaffold [8],
FedDyn [18], and FedDC [14]) with and without normalization on CIFAR10-C and
Digit datasets. Black bold indicates the best accuracy within without normalization
(w/o), BN, and GN, respectively.

Method CIFAR10-C Digit

w/o BN GN w/o BN GN

FedAvg 58.99 61.95 61.65 77.77 81.02 81.8
FedProx 58.99 61.95 61.65 77.77 81.02 81.8
Scaffold 58.42 61.23 61.43 77.27 81.02 82.02
FedDyn 60.06 60.67 58.27 79.09 79.35 79.86
FedDC 59.13 60.01 62.23 73.92 79.13 78.9

4.3. Baseline

We compare our method against five FL methods for non-IID clients
i.e., FedAvg [3], FedProx [7], Scaffold [8], FedDyn [18], and FedDC
[14]. FedAvg, FedProx, and Scaffold are typical FL methods for non-
IID clients, thus, a comparison is essential. FedDyn and FedDC are
state-of-the-art FL methods for non-IID clients; these methods are used
to demonstrate the superiority of the proposed method. Addition-
ally, we employ FedBN [40] and LG-FedAvg [41] for personalized FL
comparison.

4.4. Models

We used LeNet [31] for CIFAR10-C and Digit experiments, and
ResNet18 [42] for Fairface, Office-Home, PACS, VLCS, and DomainNet
experiments. For LeNet with feature normalization, we place BN and
GN after each convolution layer. For LeNet with FedNN (i.e., WN and
AGN), we apply WN to all convolutional layers with subsequent AGN.
For ResNet18 [42] with GN, we replace BN with GN and set the number
of groups in GN to 2 following [18]. For ResNet18 with FedNN, we
apply WN to all convolutional layers with subsequent AGN.

4.5. Training details

We run experiments for 200 communication rounds and set the
device participation rate to 40%. In the local training phase, we set the
batch size to 50 and trained 5 epochs for each local training using SGD.
We set the initial learning rate to 0.1 and set the learning rate decay to
0.998. For the specific hyper-parameters of each method, we follow the
same settings as the prior work (FedAvg [3], FedProx [7], Scaffold [8],
FedDyn [18], and FedDC [14]). For prior probability shift experiments,
we set the number of clients to 100, and device participation rate to
15% following FedDyn [18] and FedDC [14]. We report all results
obtained by the global model.

During client training, data augmentations i.e., random-cropping
and horizontal flips with a probability of 0.5 were used on CIFAR10-C,
Office-Home, PACS, VLCS, and DomainNet following CIFAR10 train-
ing settings in FedDyn [18] and FedDC [14]. For Fairface, we ap-
ply random-affine translations (rotation, translation, and scale) and
horizontal flips with a probability of 0.5. In the case of Digit, no
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Table 2
Classification accuracy ours (i.e., FedNN) and ablation studies on six datasets. Red is the first and blue the second highest accuracy. We exclude
experiments without feature normalization (e.g., BN) for large-scale datasets, as ResNet18 requires feature normalization.

Method CIFAR10-C Digit Fairface Office-Home PACS VLCS Avg.

FedAvg 58.99 77.77 – – – – 68.38
FedAvg+Ours(w/o AGN) 53.4 70.76 – – – – 62.08
FedAvg(BN) 61.95 81.02 84.55 68.91 87.22 72.84 76.08
FedAvg(GN) 61.65 81.8 83.52 64.27 87.42 68.7 74.56
FedAvg(BN)+Ours(w/o AGN) 63.66 82.5 86.01 71.1 88.54 74.06 77.64
FedAvg(GN)+Ours(w/o AGN) 67.75 83.51 84.51 72.23 90.47 71.62 78.34
FedAvg+Ours 67.27 83.44 85.9 71.4 90.06 74.25 78.72
Table 3
Classification accuracy of FL methods with BN+Ours(w/o AGN) and GN+Ours(w/o AGN) on six datasets. Black bold indicates the higher accuracy between BN
and GN.

Method CIFAR10-C Digit Fairface Office-Home PACS VLCS Avg.

FedAvg(BN)+Ours(w/o AGN) 63.66 82.5 86.01 71.12 88.54 74.06 77.64
FedProx(BN)+Ours(w/o AGN) 63.66 82.5 86.01 71.88 88.54 74.06 77.64
Scaffold(BN)+Ours(w/o AGN) 64.22 82.23 85.76 72.23 88.74 74.62 77.96
FedDyn(BN)+Ours(w/o AGN) 62.51 81.03 84.57 58.73 77.89 66.17 71.81
FedDC(BN)+Ours(w/o AGN) 63.51 80.77 85.76 69.18 87.32 74.06 76.76

FedAvg(GN)+Ours(w/o AGN) 67.75 83.51 84.51 72.23 90.47 71.62 78.34
FedProx(GN)+Ours(w/o AGN) 67.75 83.51 84.51 71.12 90.47 71.62 78.34
Scaffold(GN)+Ours(w/o AGN) 68.26 83.21 84.14 70.43 90.87 72.74 78.27
FedDyn(GN)+Ours(w/o AGN) 64.24 82.24 68.48 51.18 73.33 54.51 65.66
FedDC(GN)+Ours(w/o AGN) 66.89 81.2 84.15 68.84 88.84 72.27 77.03
Table 4
Classification accuracy of ours (i.e., FedNN) and previous FL methods. Black bold indicates the best accuracy within each sub-row. ↑ indicates
improved accuracy compared to the accuracy of without ours.

Method CIFAR10-C Digit Fairface Office-Home PACS VLCS Avg.

FedProx(GN) 61.65 81.8 83.39 64.27 86.31 68.7 74.35
Scaffold(GN) 61.43 82.02 83.43 60.6 83.27 68.42 73.19
FedDyn(GN) 58.27 79.86 58.45 10.25 27.69 50.85 47.56
FedDC(GN) 62.23 78.9 80.49 62.6 83.06 68.8 72.68

FedProx+Ours 67.27 83.44 85.9 71.4 90.06 74.25 78.72 (4.37↑)
Scaffold+Ours 66.45 83.27 85.74 71.95 90.06 74.15 78.6 (5.41↑)
FedDyn+Ours 64.77 81.36 83.48 52.56 76.77 67.29 71.03 (23.47↑)
FedDC+Ours 64.65 81.95 85.42 67.31 86.21 71.9 76.24 (3.56↑)
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augmentations were used following FedDyn [18] and FedDC [14]. For
DomainNet, we run experiments for 100 communication rounds. In all
experiments, we fixed the random seed for reproducibility similar to
prior works FedDyn [18] and FedDC [14].

4.6. Implementation details

All methods are implemented with Pytorch [43]. For comparison
methods, we prioritize using the author’s implementation. In particular,
methods FedDyn1 [18] and FedDC2 [14] follow author implemen-
tations. For FedAvg [3], FedProx [7], and Scaffold [8], we follow
FedDC’s implementation. As for FedBN [40], we integrate the author’s
implementation3 in our code, and for LG-FedAvg [41], we follow the
author’s implementation.4 For prior probability shift experiments, we
only integrate our method as a module in FedDC without modifying
default experimental settings.

5. Results

We demonstrate the superiority of FedNN in model accuracy and
convergence speed, including t-Stochastic Neighbor Embedding (t-SNE)
visualization.

1 https://github.com/alpemreacar/FedDyn
2 https://github.com/gaoliang13/FedDC
3 https://github.com/med-air/FedBN
4
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https://github.com/pliang279/LG-FedAvg n
5.1. Comparison against previous FL methods

Table 2 shows the accuracy of FedNN (i.e., WN with AGN) and
its ablations. FedNN reports higher accuracy among GN and BN, and
achieves the best average accuracy across all datasets. This implies that
both normalizations are greatly beneficial for concept drift FL. AGN
contributes to finding better statistics of normalization using Gumbel-
Softmax during training. Whereas WN reduces client heterogeneity by
alleviating conflicts during global model updates.

Next, we analyze the impact of each module i.e., WN and AGN.
omparisons with/without feature normalization (i.e., BN or GN) im-
ly that both normalizations are still beneficial for concept drift FL.
lthough, recent FL methods argue BN can be problematic in FL [18],

his finding is valid for other FL algorithms as the models with normal-
zation outperform those without normalization, as shown in Table 1.
dditionally, WN considerably improves accuracy when applied to

eature normalization. These improvements demonstrate that WN is
dvantageous on concept drift FL. Note that the accuracy of the feature
ormalization varies from dataset to dataset. In CIFAR10-C, Digit,
ffice-Home, and PACS, GN shows the best accuracy, while BN takes

econd place. On the other hand, BN obtains the best accuracy on
airface and VLCS, and BN (without WN) places second. Similar ob-
ervations can be found in other FL algorithms, as shown in Table 3.
lthough one of the normalizations can improve the FL performance
ignificantly, finding the optimal normalization is time-consuming and
on-trivial. Overall, an adaptive way of finding the best statistic for

ormalization contributes to performing FL more effectively.

https://github.com/alpemreacar/FedDyn
https://github.com/gaoliang13/FedDC
https://github.com/med-air/FedBN
https://github.com/pliang279/LG-FedAvg
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Fig. 5. Convergence plots of ours (i.e., FedNN with FedAvg) and previous FL methods (with GN) on six concept drift datasets. Our method shows the fastest convergence speed.
Table 5
Classification accuracy of previous FL methods with WN with/without feature
normalization on CIFAR10-C and Digit datasets.

Method CIFAR10-C Digit

w/o GN w/o GN

FedAvg 53.4 61.65 70.76 81.8
FedProx 53.4 61.65 70.76 81.8
Scaffold 48.46 61.43 69.68 82.02
FedDyn 46.48 58.27 15.02 79.86
FedDC 19.24 62.23 12.44 78.9

In Table 4, we show the accuracy of previous FL methods. None of
the methods obtain the best accuracy on all six datasets. We empiri-
cally demonstrate that the previous state-of-the-art FL methods cannot
resolve concept drift FL adequately. For all cases, the baseline FL
algorithm FedAvg with ours in Table 2 outperforms other methods.
Prior FL methods aim to regularize the client model towards the global
optimum that leads to inconsistent activations after global updates and
results in high accuracy. However, due to the challenge of predicting
the global optimum in concept drift, previous optimization-based FL
approaches fail to address heterogeneity in concept drift data. In con-
trast, FedNN is a simple and effective solution for concept drift datasets.
WN minimizes parameter drift during global model updates leading to
consistent activations. At the same time, feature normalization (e.g.,
BN, GN) improves stable client training and enables a robust global
model, ultimately resulting in higher accuracy. Additionally, the pro-
posed method is independent of the optimization-based FL methods.
Hence, it can be integrated as a module into any FL method. FedNN
(+Ours in Table 4) significantly improves accuracy compared to the
algorithms without FedNN. This shows that our proposal is valid and
beneficial regardless of FL algorithms.

Besides, we report the accuracy of prior FL methods using WN with-
out feature normalization in Table 5. WN without feature normalization
shows significantly lower accuracy compared to methods with GN,
suggesting that feature normalization is essential for WN. Additionally,
the proximal term effects are marginal when the concept drift dataset
is used for FL training (we set hyper-parameter 𝜇 to 0.001 following
7

FedDyn [18] and FedDC [14]). Thus, FedAvg and FedProx show similar
accuracy in a deterministic training setup.

In Table 6, we show the accuracy of FL methods (FedAvg [3],
FedProx [7], Scaffold [8], FedDyn [18], and FedDC [14] with GN)
and FedNN on DomainNet dataset. Overall, our method outperforms all
competitors similar to previous experiments (e.g., Table 2). Addition-
ally, this demonstrates the effectiveness of our method on large-scale
data and also suggests that success in small-scale data (e.g., PACS)
represents its applicability in large-scale data (e.g., DomainNet). Be-
sides, similar to Office-Home and PACS in Table 4, substantial image
style differences among clients have a detrimental impact on FedDyn
accuracy. In FedDyn, the evaluation (with ResNet18) was limited to the
IID FL setting and they noted that employing networks with feature
normalization (e.g., BN) is problematic to use with FedDyn. Despite
the challenges posed by severe heterogeneity, our method consistently
shows superior accuracy compared to the previous FL methods.

In Table 7, we show the accuracy of FedNN with different initial 𝜏
values of AGN on CIFAR10-C and Digit datasets. Though our setting
(𝜏 = 5) shows the best-averaged accuracy, there are no significant
differences among different initial 𝜏 values. This suggests that adjusting
the initial value of 𝜏 has a marginal effect on the final accuracy,
indicating that AGN is robust to hyper-parameter changes.

5.2. Fast convergence of FedNN

Reducing communication overhead is one of the major concerns
in distributed training. Fast model convergence allows a global model
to be trained within a few communication rounds, improving FL ef-
ficiency. Fig. 5 shows convergence plots of FedNN and the previous
FL methods. Our method shows the fastest convergence speed across
all datasets. This highlights that FedNN is a valid choice for FL train-
ing since it significantly reduces communication overheads. Note that
parameter drift occurs due to the high variability in client param-
eters, thus significantly reducing convergence speed. This indicates
that optimization-based FL methods fail to regularize client gradients
towards the global optimum resulting in slow convergence. Rather than
regularizing each client’s training to reduce inconsistent activations and
global updates, FedNN offers a simple yet effective approach to address

FL heterogeneity.
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Fig. 6. t-SNE visualization of global and client(#1) model’s features at 10 communication rounds for (a) FedAvg and (b) FedAvg+Ours on the same Digit test dataset. Red and
cyan dots indicate the global and client features, respectively. Gray indicates the overlapping of red and cyan dots. Our method shows a more similar distribution between the
global and client features. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 7. t-SNE visualization of the features extracted by the global model for (a) FedAvg and (b) FedAvg+Ours on the Digit test dataset. In the top row, each color represents each
client, and the clustered distribution by clients indicates robust features. In the bottom row, each color represents a classification label (zero to nine), and the clustered distribution
by labels indicates discriminative features. Our method extracts more robust and discriminative features. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
Table 6
Classification accuracy of ours (i.e., FedNN) and previous FL methods on DomainNet dataset.

FedAvg FedProx Scaffold FedDyn FedDC FedAvg+Ours

Avg. 29.62 30.15 31.84 1.08 31.55 35.67
i
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Table 7
Classification accuracy of ours (i.e., FedNN) with different initial 𝜏 values of AGN on
CIFAR10-C and Digit datasets.

𝜏 = 3 𝜏 = 4 𝜏 = 5 𝜏 = 6 𝜏 = 7

CIFAR10-C 67.68 67.44 67.27 66.53 67.09
Digit 82.83 83.14 83.44 83.36 83.41

Avg. 75.25 75.29 75.35 74.94 75.25

5.3. t-SNE visualization analysis

To understand the superiority of our method, we visualize the
features of the global and client models in Fig. 6. Compared to FedAvg,
where feature distribution drift is observed, FedNN shows consistent
feature distribution after the global model update. Consistent activa-
tions accelerate global model convergence, as the next client initializa-
tion utilizes a less shifted global model. This represents that more stable
FL training can be achieved through FedNN. In Fig. 7, we visualize the
features of the global model. FedNN shows more discrete and client-
invariant feature distributions compared to FedAvg. Client models close
to the global optimum are robust and reduce variability, resulting in
8

t

Table 8
Classification accuracy with and without ours (i.e., FedNN) on a prior probability shift
dataset (i.e., CIFAR10). D-0.3 and D-0.6 denote a dataset of 0.3 and 0.6 Dirichlet
distributions. Black bold indicates the best accuracy. ↑ indicates improved accuracy
compared to the accuracy without FedNN.

Method CIFAR10 D-0.3 CIFAR10 D-0.6

w/o +Ours w/o +Ours

FedAvg 75.97 81.8(5.83↑) 77.34 82.31(4.97↑)
FedProx 76.36 81.55(5.19↑) 77.52 82.26(4.74↑)
Scaffold 78.97 81.23(2.26↑) 80.36 82.14(1.78↑)
FedDyn 79.61 71.65(7.96↓) 80.7 74.48(6.22↓)
FedDC 80.6 82.83(2.23↑) 82.29 83.11(0.82↑)

mproved performance. This shows the viability and benefit of our
ethod on concept drift FL.

.4. Experiments on prior probability shift

We further conduct experiments on prior probability shift FL dataset
o confirm that FedNN can still be useful on other non-IID data. We run
xperiments on CIFAR10 dataset with 0.3 and 0.6 Dirichlet distribu-
ions. The results are shown in Table 8. The state-of-the-art method i.e.,



Pattern Recognition 149 (2024) 110230M. Kang et al.
Fig. 8. Convergence plots of FedAvg and FedDC with ours (i.e., FedNN) on prior probability shift dataset. Our method contributes to faster convergence.
Table 9
Classification average accuracy of FedBN [40], LG-FedAvg [41], and ours (i.e., FedNN) on six datasets.
Average accuracy is calculated by averaging the accuracy of each personalized test set. Black bold indicates
the best accuracy.

Method CIFAR10-C Digit Fairface Office-Home PACS VLCS

FedBN 62.26 85.55 80.39 57.06 87.21 74.75
LG-FedAvg 45.25 81.88 73.31 51.38 80.06 73.3
Ours 64.71 86.41 82.89 64.13 87.59 78.67
FedDC obtains the best performance against all FL methods. However,
as shown in Table 8 +Ours, FedNN significantly improves the accuracy
of most FL methods (except FedDyn) when integrated into a module.
Note that the FedAvg+Ours outperforms FedDC(w/o) in 0.3 and 0.6
Dirichlet distribution experiments. This indicates that simple normal-
izations can beat a complex state-of-the-art FL algorithm. Interestingly,
the improvement is greater when the non-IID becomes severe (0.3 is
more challenging). Our method reduces the performance of FedDyn.
In FedDyn [18], they state that BN is problematic to use with FedDyn,
and we obtained similar results in prior probability shift data. In Fig. 8,
we show convergence plots for two FL methods with and without
FedNN. Although FedDC achieves faster convergence than FedAvg, our
method further improves the convergence speed of both FedAvg and
FedDC methods. Consequently, the effectiveness of our method has
been demonstrated in prior probability shift non-IID problems.

5.5. Comparison against personalized FL

As personalized FL is gaining attention in addition to general FL,
we also validate our method in a personalized FL setting [44] against
FedBN [40] and LG-FedAvg [41] in Table 9. In contrast to general FL,
which evaluates the global model using a global test set, personalized
FL evaluates each client model using its respective client test set. Per-
sonalized FL achieves higher accuracy by keeping its unique layers in
the client. FedBN enhances the representation of each client by skipping
the synchronization of the BN layers during global model updates. On
the other hand, LG-FedAvg divides the network into a local model
consisting of forward layers, and a global model consisting of backward
layers. During global model aggregation, LG-FedAvg transmits a global
model to the central server while retaining a local model within each
client. This enables each client to possess a unique representation. Our
method outperforms FedBN and LG-FedAvg on all datasets, showing
it is also valid for personalized FL. Note that our method differs from
FedBN and LG-FedAvg since these methods do not consider global
model training and have unique normalization statistics for each client.
Also, the objective of our AGN is not to improve the performance of
each client, but rather to choose normalization statistics from BN or GN
that have a less adverse effect. Additionally, whereas FedBN and LG-
FedAvg aim to perform well on each individual client in personalized
FL scenarios, our approach aims to obtain a robust global model in FL
scenarios.
9

Table 10
Classification accuracy with and without ours (i.e., FedNN) on a prior probability shift
dataset (i.e., CIFAR10). D-0.3 and D-0.6 denote a dataset of 0.3 and 0.6 Dirichlet
distributions. Clients indicate the number of clients participating in FL. ↑ indicates
improved accuracy compared to the accuracy without FedNN.

Clients Method CIFAR10 D-0.3 CIFAR10 D-0.6

w/o +Ours w/o +Ours

100 FedAvg 75.97 81.8(5.83↑) 77.34 82.31(4.97↑)
FedDC 80.6 82.83(2.23↑) 82.29 83.11(0.82↑)

500 FedAvg 61.54 74(12.46↑) 66.94 77.11(10.17↑)
FedDC 62.59 75.69(13.1↑) 69.11 76.18(7.07↑)

Table 11
Classification accuracy of recent normalization methods with FedAvg on six datasets.
Black bold indicates the best accuracy.

Dataset FRN [21] RBN [27] SN [26] Ours

CIFAR10-C 62.49 62.58 62.84 67.27
Digit 80.79 80.87 82.47 83.44
Fairface 83.42 85.72 85.61 85.9
Office-Home 62.67 68.28 67.94 71.4
PACS 87.42 89.15 87.93 90.06
VLCS 67.2 72.27 68.98 74.25

Avg. 73.99 76.47 75.96 78.72

5.6. Comparison against a larger number of clients

To evaluate the scalability of the proposed method, we increase the
number of clients to 500. We conduct experiments on the CIFAR10
dataset with 0.3 and 0.6 Dirichlet distributions. The results are shown
in Table 10. Though increasing the number of clients slightly degrades
the overall accuracy, our method exhibited lower accuracy drops com-
pared to those without FedNN. This indicates that our method is more
robust for a larger number of clients, thereby mitigating potential
scalability concerns.

5.7. Comparison against other feature normalization

We compare our method against recent feature normalization meth-
ods (e.g., filter response normalization (FRN) [21] and representative
batch normalization (RBN) [27]) that address training-test discrepan-
cies caused by small-batch training. Additionally, we further compare
our method against switchable normalization (SN) [26] that adaptively
combines multiple normalizations using softmax (not discrete) to be
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Table 12
Classification accuracy with/without ours in CL and FL(FedAvg) on CIFAR10-C, Digit, Fairface, Office-Home, PACS, and VLCS datasets. GN is used as a feature normalization of
ResNet18 for w/o. ↑ indicates improved accuracy compared to the accuracy without ours.

CIFAR10-C Digit Fairface Office-Home PACS VLCS

w/o +Ours w/o +Ours w/o +Ours w/o +Ours w/o +Ours w/o +Ours

CL 62.43 68.71 (6.28↑) 78.42 82.15 (3.73↑) 85.59 86.48 (0.89↑) 64.2 71.81 (7.6↑) 90.26 89.86 (0.4↓) 72.18 72.18 (0↑)
FL 58.99 67.27 (8.28↑) 77.52 83.44 (5.67↑) 83.52 85.9 (2.38↑) 64.27 71.4 (7.13↑) 87.42 90.06 (2.64↑) 68.7 74.25 (5.55↑)
robust for a wide range of batch sizes and tasks. The results are shown
in Table 11. Although the recent normalization methods outperform
BN (or GN) in centralized scenarios, these methods do not achieve
significant accuracy in FL scenarios (compared to BN in Table 2). On
the other hand, our method outperforms recent normalization methods.
To the best of our knowledge, FedNN is the first FL approach to use
normalization on weights. FedNN is valid for concept drift FL resulting
in improved accuracy and stability.

5.8. Fednn on centralized learning

In Table 12, we report accuracy (with/without ours) on six datasets
for the Centralized Learning (CL) scenario to show the effectiveness of
our proposed method. First, we observed that FedAvg had significant
and comparable improvements over CL when using WN and AGN across
all datasets. WN alleviates conflicts that occur during global model
updates, and AGN contributes to finding better normalization statistics
during training. Both components greatly reduce client heterogeneity
resulting in stable training and high accuracy. Note that compared
to CL experiments on prior probability shift data where the non-
IID is completely resolved, CL experiments on concept drift data still
remain non-IID since a subset of the training dataset is only accessible
due to mini-batch training. Thus, our method improves accuracy on
some datasets (e.g., CIFAR10-C, Digit, Fairface, and Office-Home) in CL
cenarios.

. Conclusion

Existing FL methods are challenged when the client’s data has
oncept drift, resulting in unstable and slow convergence. We employ
eight and adaptive group normalization to mitigate adverse effects
uring global model updates. To validate our method, we conduct
xperiments on seven concept drift datasets. Whereas previous state-
f-the-art FL methods do not obtain consistent results, normalizing
eights and features considerably improves accuracy and convergence

peeds. Our success can be attributed to employing tailored normaliza-
ion in terms of both features and weights that contribute to consistent
ntermediate activation at all levels, even after global model aggrega-
ion. Additionally, we analyze the features of global and client models
nd confirm our method can learn more consistent and robust features
uring FL training, with equally good results on prior probability shift
atasets and personalized FL scenarios. However, it is worth noting
hat our method has a limitation; while AGN contributes to preventing
ccuracy degradation, it does not ultimately improve model accuracy.
urther improving accuracy for concept drift scenarios is left as a
opic of future research. As one of the early works addressing concept
rift FL, this study may inspire the FL research community to test
heir methods on a wider range of heterogeneity and enhance the
racticality of future FL methods. We hope that these findings spur
olving real-world non-IID FL problems.
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