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ABSTRACT. Although federated learning inherently preserves data privacy, statistical het-
erogeneity across clients often undermines the global model’s generalization performance.
To address this limitation, we propose FedADW, an adaptive federated learning frame-
work featuring discrepancy weighted aggregation. At the client side, an adaptive local
aggregation module dynamically fuses the received global model with local updates accord-
ing to client specific objectives, thereby optimizing model initialization. Concurrently,
during server side aggregation, dual weights derived from categories distribution discrep-
ancy and data volume are applied to precisely capturing each client’s data characteristics
and effectively mitigating distributional gaps. Comprehensive experiments on four stan-
dard benchmark datasets demonstrate that FedADW consistently outperforms existing
baselines in accuracy, validating its enhanced effectiveness and robustness.

Keywords: Federated learning, Adaptive local aggregation, Discrepancy weight aggre-
gation, Category distribution discrepancy, Data volume

1. Introduction. Federated learning (FL), as a privacy preserving distributed machine
learning paradigm [1], demonstrates significant potential in scenarios such as mobile de-
vice intelligent input and cross institutional medical analysis through its collaborative
mechanism of client side local training and server side model aggregation. Its core prin-
ciple lies in clients sharing only model parameters rather than raw data, which not only
complies with privacy regulations but also overcomes data silo limitations [2].

In FL, the not independent and identically distributed (Non-IID) nature of client data
manifests in multiple dimensions [3]. Among these, heterogeneity in category distribution
is particularly critical, as such discrepancies lead to divergent local model optimization
directions, making it challenging for traditional data volume weighted averaging aggre-
gation strategies to converge to a robust global model. Theoretical analysis demonstrates
that when client class distributions significantly deviate from the globally assumed dis-
tribution, aggregation relying solely on data volume weighting causes substantial model
performance degradation.

Existing solutions primarily follow two approaches: local model adjustment at the client
side and global model optimization at the server side. Local model adjustment refers to the
process by which each client independently trains a model using its local data. Specifically,
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each client starts with the global model and performs several rounds of training using its
local data to update its own model. During training, clients typically employ gradient
descent methods to optimize the model by minimizing the loss function on the local data.
Upon completion of the local training, the clients send the updated models or gradients to
the server for global model optimization. Global model optimization involves aggregating
the model updates received from all clients. A common aggregation method is federated
averaging, in which the server computes a weighted average of the clients’ model updates
based on the volume of their data, thereby generating a new global model. This new model
is then redistributed to the clients as the starting point for the next training round. In
this way, federated learning enables the collaborative training of a global model across
multiple distributed devices while ensuring data privacy and local data security [4, 5].

This paper proposes an adaptive federated learning framework with discrepancy weight-
ed aggregation to improve efficiency and adaptability. The framework introduces two key
innovations: fine grained parameter fusion on the client side and an aggregation strategy
based on category distribution discrepancy. First, an adaptive local aggregation module
fuses global and local model parameters using an element wise weighted matrix, with
learnable parameter selection in higher level networks [6, 7]. This preserves generalizable
features while reducing interference. Second, a dual-weighting strategy leverages KL diver-
gence to quantify distribution shifts, assigning higher weights to well-balanced clients with
sufficient data. These modular enhancements strengthen the framework’s effectiveness.

This paper makes three key contributions. First, it establishes a theoretical link between
category distribution and aggregation weights, providing an interpretable basis for weight
allocation. Second, it introduces a dual level optimization mechanism with category-aware
aggregation, balancing model personalization and global convergence. Third, extensive ex-
periments demonstrate the effectiveness of the proposed approach in diverse heterogeneous
settings.

2. Related Work. Despite its advantages, FL faces two key challenges in practice: sta-
tistical heterogeneity and category imbalance [8]. Non-IID data distributions and class
imbalances across clients hinder both generalization and personalization in traditional FL
methods [9].

To address these challenges, researchers have recently proposed various personalized
federated learning (PFL) approaches [10]. The central innovation of these methods lies
in their client-centric designs that enhance local model adaptability through specialized
model generation strategies and personalized aggregation mechanisms. However, exist-
ing PFL methods exhibit a fundamental limitation: they primarily focus on personalized
optimization of local models while overlooking the necessity of personalized design in
the global model aggregation phase. Specifically, during global model updates, these ap-
proaches predominantly adopt simplistic category-agnostic weighted averaging strategies
based solely on client data volume, failing to incorporate category distribution character-
istics that better reflect intrinsic data patterns.

Since the introductory work of McMahan et al. [1] on FedAvg in 2017, federated learning
has been applied in numerous domains. However, prior empirical studies have revealed
limitations of standard aggregation schemes when faced with statistical heterogeneity. To
this end, several enhancements have been proposed. Yuan and Li [11] introduced FedProx,
which incorporates a proximal regularizer to stabilize local updates; Wang et al. [12]
developed FedMA, employing layer-wise matching to align and merge client models into
a global network. While these methods yield improvements under particular conditions,
they do not fully mitigate the adverse effects of Non-IID data.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.6, 2025 1571

In response, personalized federated learning techniques have emerged [13, 14], which can
be grouped into three main categories. First, fine-tuning approaches adapt a global model
locally (e.g., Per-FedAvg [15], and FedREP [16]). Second, client-specific model methods
train additional personal networks alongside the global model (e.g., pFedMe [17], and
Ditto [18]). Third, personalized aggregation strategies generate customized local models
by weighting or selecting client updates (e.g., FedAMP [19], FedPHP [20], FedFomo [21],
and APPLE [22]).

Concurrently, model adaptation on both client and server sides has been investigat-
ed to further alleviate distributional divergence. On the client side, dynamic regulariza-
tion (FedDyn [23]), gradient-correction mechanisms (FedDC [24]), and contrastive feature
alignment (MOON [25]) have been proposed. Although these methods refine objective
functions, they continue to employ aggregation weights based primarily on data volume
and do not adequately account for client-level distribution characteristics. On the serv-
er side, reweighting schemes such as FedNova [5], post-aggregation calibration (CCVR
[26]), momentum-enhanced updates (FedAvgM [27]), and knowledge-distillation-based re-
finement (FedDF [28]) have been introduced. Nevertheless, these approaches often incur
substantial computational overhead on the central server.

However, existing approaches demonstrate significant shortcomings in their weighting
methodologies, being constrained either by reliance on simplistic data volume measures or
by inadequate consideration of the fundamental distributional disparities between client
data and the global model. Our objective is to assign greater participation weights to those
clients whose category distributions deviate most substantially from the global distribu-
tion and thus contribute the highest information gain to the global model. The KL diver-
gence perfectly aligns with this requirement. It both quantifies distributional divergence
and inherently amplifies the influence of minority categories, thereby guiding server side
aggregation decisions with precision within the dual-weighting mechanism. In contrast,
alternative metrics — such as Euclidean distance, cosine similarity, or Jensen-Shannon
divergence — neglect distributional sparsity and information content, exhibit weaker dis-
criminative power for sparse distributions, incur higher computational complexity, and
provide less pronounced amplification of rare categories, making them less suitable than
KL divergence for this purpose.

Our proposed method adopts a dual level optimization strategy. At the client level,
customized local models are generated through personalized aggregation mechanisms; At
the server level, a hybrid weighting mechanism combines dataset size with KL diver-
gence. This mechanism continuously evaluates each client’s potential contribution to the
global model and preferentially schedules, in each round, those clients that best fill the
current global distributional gaps. Its hybrid weighting scheme ensures that large sample
clients are fully leveraged while minority category samples remain impactful, with weights
updated dynamically throughout training. Unlike personalized FL algorithms that focus
exclusively on server side global initialization, aggregate weights solely by sample size, or
impose regularization only at the client side. FedADW employs a dual level, adaptive,
distribution aware update strategy to significantly enhance global model performance.

3. Method.

3.1. Problem statement. In FL framework, multiple clients perform training in par-
allel. Each client iteratively updates its local model parameters through several training
iterations on its local data. These local parameter updates are then aggregated at the
server via a specific aggregation strategy [1]. Conventionally, most federated learning al-
gorithms employ a data volume weighted averaging mechanism to update the global model
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parameters. The standard aggregation strategy can be formalized as follows:

K -
0, = —0 1
t k=1 N W
0, denote the model parameters of the k client, n; the local sample size of client k£, N the
total sample size across all clients, and 6; the global model at the server.

The conventional strategy weights clients proportionally to their sample sizes, granting
clients with larger datasets greater influence in global model updates. While effective under
ITD data conditions where balanced client distributions enable efficient model fusion and
rapid convergence to global optima.

However, it exhibits critical limitations when handling Non-IID data: aggregation chal-
lenges in Non-IID environments, data distribution discrepancies, and client resource het-
erogeneity.

3.2. Overview of the FedDWA framework. To address the prevalent statistical het-
erogeneity issue in federated learning, where the Non-IID characteristics of client data dis-
tributions severely constrain the generalization performance of global models on clients,
we propose a category distribution driven adaptive federated learning mechanism.

As illustrated in Figure 1, the FL iterative process commences with the server dis-
tributing current global model parameters to participating clients. Subsequently, each
client performs local training based on its private data to generate model parameter up-
dates while simultaneously computing a category discrepancy metric dj that reflects data
distribution characteristics both of which are transmitted back to the server. During this
process, as depicted in Figure 2, each client generates a weighting coefficient matrix W;
through local training, which adaptively integrates local features with global knowledge
by operating on the global model parameters through Hadamard product. Ultimately,
the server employs a discrepancy weighting aggregation strategy based on dj to perform
weighted aggregation of the integrated local models, thereby generating an updated global
model to initiate subsequent iterations.

Server
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Ficure 1. Workflow of the adaptive federated learning framework with
discrepancy weighted aggregation
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F1GURE 2. Model parameter aggregation process under adaptive fusion and
discrepancy weighted aggregation mechanisms
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3.3. Theoretical analysis. Motivated by the degradation of FL performance under Non-
IID heterogeneity, we introduce an adaptive aggregation framework that weights each
client by both its relative sample size and its distributional discrepancy. By down weight-
ing clients whose category distribution deviates substantially from the global distribution,
our method attenuates the skew induced bias present in conventional FL.

Under the standard FL assumptions including L-smoothness of the objective function,
bounded gradients, unbiased stochastic gradients, and bounded dissimilarity, we extend
the existing theory by introducing a bounded distributional discrepancy hypothesis. Here,
ny denotes the fraction of samples at client k, p, represents its aggregation weight, and dj,
measures the divergence between client k£ label distribution and the global distribution.
In the multi-round local update analysis, the following major error components can be
identified.

Local update drift (Sp): When each client performs 7 local SGD steps with learning
rate 7, the parameters drift cumulatively from the global optimum. Algebraically, this
drift aggregates to T' = 27(7 — 1)n*L? which behaves like an “error budget” reducing the
ideal descent factor of unity to

So=1-3T—Pp(1-T) (2)

Larger 7 or n amplifies drift, shrinking the headroom S; for true descent. If clients each
run 10 steps instead of 1, then T increases roughly by factor 72, so the global model may
“overshoot” the optimal direction.

Global descent budget (S7): Given an initial optimality gap Ag = F (w(®9) — F> the
effective descent is scaled by (1 — T"). Thus,

2(1 — T)Ag

S, =
! ™T

(3)

This term quantifies how much of the original “budget” A, remains after drift 7. With
small 7', Sy ~ 2Aq/(mnT"), so more local steps (large 7) actually slow convergence.
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Distribution induced bias (Ss): A mismatch between sample weights n; and aggrega-
tion weights py injects bias. Defining Pp = QZle(nk — pi)?, and combining with the
discrepancy bound B, we obtain

Sy=(1-T)PpBY dy (4)

When p;. deviates from the true data proportion n; skewed clients pull the global model
off course in proportion to their distributional gap dy. If one client holds 50% of data
but is weighted only 10%, then its strong influence on certain labels is under represented,
raising Ss.

Stochastic noise amplification (S3): Local SGD at each client introduces gradient noise
variance o2, which upon aggregation yields

K
S3 = 2(1 — T)Lno? Zpi (5)
k=1

higher learning rates 17 and uneven p; magnify sampling noise in the global update. If one
client’s weight p; doubles, its noise contribution quadruples, slowing convergence.

Accumulated local noise (S;): Within each local trajectory of 7 SGD steps, noise accu-
mulates approximately as

Sy =2(r —1)c?L*n? (6)

More local iterations permit greater stochastic fluctuation before synchronization. Dou-
bling 7 roughly doubles S4, adding bias to the global solution.

Category imbalance scaling (S5): Even with balanced sample sizes, label distribution
heterogeneity distorts gradient estimation. We derive

K
Ss; =2TB Zpkdk (7)
k=1

Clients whose labels are over or under represented (large di) should be down weighted
(pr smaller) to reduce this term. If a client’s class distribution is orthogonal to the global
one (dy maximal), setting p, = 0 eliminates its adverse influence.

Putting these together, the expected squared norm of the global gradient obeys

S1+ 82+ S5+ 5S4+ Ss ®)
So

This bound makes explicit how local update drift (T"), sampling noise (¢?), and distribu-
tional discrepancy (dy) interact through the aggregation weights py. Increasing dj without
adjusting pr simultaneously lowers Sy and raises Sy and S5, worsening the bound. Con-
versely, choosing py. negatively correlated with dj (down weighting skewed clients) directly
reduces the dominant error terms Ss and Ss.

min [E HVF (w(t’o)) ||2 <

3.4. Adaptive local aggregation and discrepancy weight design. Client: When
the central server distributes the global model to clients, rather than simply overwriting
the previous local model with the global model as in conventional federated learning,
it performs element-wise aggregation between the global and local models. This client-
specific adaptive aggregation is achieved through a weighted Hadamard product, formu-
lated as

Qf =Q ' OWi + Q" O Wiy 9)
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In FL, handling such constrained weighting coefficient matrices is challenging. Since gra-
dient descent is employed during training, constrained optimization problems typically
encounter non-smoothness issues and constraint enforcement difficulties. The constraints
may render the objective function non-smooth as they enforce specific relationships among
parameters, potentially causing gradient updates to become unstable or discontinuous
at these boundaries. Directly updating the weighting coefficients may prevent effective
weight adjustment under constraints. Therefore, more sophisticated mechanisms must be
designed to ensure weight updates comply with constraints. Consequently, the aggrega-
tion process is reformulated as

Q=+ (@ - oW (10)
All elements of the weight matrix W/ for client ¢ are first initialized to one. At each
communication round ¢, the client randomly samples s% of its local dataset D, denoted
D; ' Holding both the global model parameters Q*~! and the current local model Q! fixed,

it computes the gradient of the loss with respect to W} Vy»L ( Aﬁ,Df’t;Qt*). The
weight matrix is then updated by a gradient descent step with learning rate n: W7’ «+

(2
W —=nVyr L < )t D> Qt*1>. Subsequently, each entry of W} is clipped to lie in [0, 1],
and a projection operator is applied to enforcing the element-wise constraint w{ + w3 =
1. Throughout this procedure, all other trainable parameters — namely, the global model
and the local model parameters — remain frozen. Finally, client ¢ performs 7 steps of local
SGD on its full dataset D;, to update Q.

Furthermore, each client needs to perform a discrepancy calculation by evaluating the
difference between its local category distribution and the assumed global category dis-
tribution. To promote fairness across categories and enhance the generalization ability
of the global model, we assume that the global category distribution follows a uniform
distribution. Under this assumption, clients can independently compute the discrepancy
without sharing additional data, effectively preventing the leakage of category distribution
information. Let the local category distribution be C} and the global category distribution
be I. Each client can determine its discrepancy dj based on the difference between these
distributions. We use KL divergence as the measurement function, and the formula for
computing category distribution discrepancy is

S
dp =) Chlog (11)
s=1

Ck,s

Weight Update: The aggregation weights for clients are determined by their dj and
ng. In the discrepancy weighting mechanism, each client achieves more effective weight
allocation for local model aggregation based on both its local data size and dj. The

formulation is derived as follows:
T

o D jes M
ny is the data size of client k, S is the set of clients participating in training during
the current communication round, and » jes My 1s the total data size of all participating
clients. z and y are hyperparameters used to adjust the aggregation weights.

Central Server: The central server aggregates the local model parameters uploaded

by clients, assigning specific weights to each client during aggregation. Using a category
distribution weighting mechanism, the global model aggregation is formulated as follows:

—z-dp+y (12)
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K
QY — ZkaZ (13)
k=1

Algorithm 1 Fed ADW

Input: N clients, p (client joining ratio), L (loss function), Q° (initial global model), 7
(learning rate), s% (the percent of local data), = (balancing dataset size and discrep-
ancy across clients), y (adjusting the aggregation weight)

Output: Reasonable local models @y, ...,Qn

1: Server sends QY to all clients to initialize local models.

2: Clients initialize W} <= W} —nVy» L ( ) D Qt*1>, Vi € [N], to ones.
3: fort=1,...,7T do

4:  Server samples a subset L! of clients according to p.

5:  Server sends Q' ! to each client in L.

6: for each client ¢ € L' in parallel do

7: Client 7 samples s% of its local data.
8: if t =2 then

9: while W/ does not converge do

10: Client ¢ trains W7

11: end while

12: else

13: Client i trains W7

14: end if A

15: Client i obtains Q.

16: Qf — Qf - aVQiL <Q§, Dy; Qt_1>.

17: Client 7 calculates the local discrepancy d using Equation (11).
18: Client ¢ sends Q! and dj, to the server.

19:  end for

20:  Server calculates the aggregation weights using Equation (12).
21:  Server obtains Q" using Equation (13).

22: end for R

23: return @,...,Qn.

4. Experiments.

4.1. Experimental setup. In our experiments, we selected four datasets: CIFAR-10,
Fashion-MNIST, TINY, and AG News, which were distributed across N = 20 clients. All
methods were implemented in PyTorch 1.8 and executed on an NVIDIA GTX 1050 GPU.
Each experiment was run for 1500 iterations to ensure that all approaches empirically
reached convergence.

We designed two heterogeneous data distribution scenarios for dataset configuration:
pathological label skew setting and practical label skew setting. The pathological label
skew setting simulates the most severe Non-IID scenario with maximum distribution di-
vergence among clients. The practical label skew setting better reflects real world data
distribution characteristics, where clients exhibit moderate but non-extreme distribution
differences. Specifically, the practical label skew setting employs Dirichlet distribution
(8 = 0.1) for data partitioning [28].
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As shown in Table 1, different model architectures were chosen for different datasets:
a 4-layer CNN was used for FMNIST, CIFAR-10, and TINY [1], while FastText was
adopted for AG News [29, 30, 31, 32]. To further validate the method’s effectiveness,
we additionally introduced ResNetl18 for comparative experiments on TINY* [21]. The
personalization layer depth was set to p = 2, allowing the model to start personalization
from relatively deep (but not the deepest) layers, thereby maintaining global information
while enabling local adaptation at clients. We randomly selected 80% of the data (s = 80)
for training, with a batch size of 10 and local training epochs set to 1.

TABLE 1. Parameter configuration for experiments

N | B Model |p| s | batch_size | local steps | = | y | local learning rate
201 0.1 CNN 2180 10 1 0.5]0.1 0.005

20 | 0.1 | ResNet18 | 2 | 80 10 1 0.5]0.1 0.1

20| 0.1 | FastText | 2 | 80 10 1 0.5]0.1 0.1

4.2. Main results. Through optimization of the global aggregation phase, we have mit-
igated the challenges posed by Non-IID data distribution and data imbalance. In the
local training phase, an adaptive strategy is employed, enabling each client to make ef-
fective adjustments according to its data characteristics, thereby enhancing the model’s
fitting capability on local data. The models generated by individual clients not only bet-
ter align with their respective data distributions but also demonstrate improved quality
when facing significant data distribution biases, providing high-quality updates for global
aggregation. Simultaneously, we introduce category distribution discrepancy in the global
aggregation phase, calculating aggregation weights for each client to balance both data
quantity and distribution consistency. This combined approach makes the global aggre-
gation process preferentially incorporate client models that possess both sufficient data
volume and reasonable data distribution. Consequently, the overall model achieves signif-
icant improvements in both accuracy and generalization capability, as demonstrated in
Table 2.

TABLE 2. The test accuracy of the adaptive federated learning framework
with discrepancy weighted aggregation under two heterogeneous settings

Pathological label skew setting Practical label skew setting

Method

FMNIST

CIFAR-10

TINY

FMNIST

CIFAR-10

TINY

TINY*

AG News

FedAvg
FedProx
FedTGP
FedDual
FedFomo
pFedMe
APPLE
FedAMP

80.41 £0.08
78.08 £0.15
90.18 £ 0.06
83.21 £0.07
99.46 £ 0.01
99.35 £0.14
99.30 £0.01
99.42 +£0.03

55.09 £ 0.83
55.06 £ 0.75
90.02 £0.10
50.13+£0.11
91.85 £ 0.02
90.11 £0.10
90.97 £ 0.05
90.79 £ 0.16

14.20 4 0.47
13.85 4+ 0.25
34.56 £ 0.42
30.09 £0.44
36.55 £ 0.50
27.71 +£0.40
36.22 £0.40
36.12 £0.30

85.85 £0.19
85.63 £0.57
87.78 £0.10
81.99 £0.17
97.21 £0.02
97.25 £0.17
97.06 £0.07
97.20 £ 0.06

59.16 £ 0.47
59.21 £0.40
88.15 £ 0.05
48.70 £0.05
88.06 £ 0.02
88.09 £ 0.32
89.37 £0.11
88.70 £0.18

19.46 £ 0.20
19.37 £ 0.22
27.37+£0.19
28.46 £0.21
26.33 £0.22
26.93 £0.19
35.04 £0.47
2799 £0.11

19.454+0.13
19.27 £ 0.23
28.92 +£0.32
29.15+£0.25
26.84 £0.11
33.44+£043
39.93 £0.52
29.11£0.15

79.57£0.17
79.35+£0.23
88.45 £0.25
81.78 £0.22
95.84 £0.15
91.41 £0.22
95.63 £ 0.21
94.18 £ 0.09

FedADW |99.57 + 0.01 91.32 &£ 0.02 41.02 £ 0.30(97.74 &+ 0.02 90.83 &£ 0.03 44.09 £ 0.02 45.49 4+ 0.05 97.13 &+ 0.08

4.3. The impact of aggregation mechanisms and adaptability on the frame-
work.

4.3.1. The impact of adaptability on the framework. This study examines the impact of
adaptive mechanisms on federated learning performance by comparing adaptive aggre-
gation, which dynamically adjusts the aggregation strategy based on real-time model
performance, and static aggregation, which follows a fixed preset rule. Experiments on
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FMNIST, CIFAR-10, and TINY maintained identical network architectures and hyper-
parameters, with only the adaptability of the aggregation strategy varied. As shown in
Figure 3, results indicate that adaptive aggregation achieves higher accuracy than the
static approach.

4.3.2. The impact of aggregation mechanisms on the framework. This study compares
category distribution based aggregation, which adjusts weights based on client category
distribution differences, and data size based aggregation, which assigns weights by data
volume. Experiments on FMNIST, CIFAR-10, and TINY controlled all conditions except
the aggregation strategy. As shown in Figure 4, the category distribution based method
consistently outperforms conventional approaches.

4.4. Effect of hyperparameters. The parameter x controls the penalty on clients with
deviating data distributions. When z is too low, weak penalties allow highly divergent
clients to retain high weights, reducing accuracy. When x is too high, excessive penalties
diminish their contributions, also lowering accuracy. The optimal balance occurs at = =
0.5, where penalties effectively account for deviations without overly suppressing local
models.

The offset y ensures all clients retain a minimum weight. A small y lets penalties
dominate, potentially excluding some clients, while a large y counteracts penalties too
much, allowing misaligned clients excessive influence. The best balance is achieved at
y = 0.1, maintaining meaningful client contributions without weakening the penalty effect.
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Thus, x = 0.5 and y = 0.1 provide the best trade-off between penalizing distribution
deviations and preserving valuable local model contributions, as demonstrated in Figure 5.

5. Conclusions. This paper proposes a novel FL framework that tackles data hetero-
geneity through adaptive local aggregation and discrepancy weight aggregation. By con-
sidering both data volume and category distribution, it achieves a more balanced global
model. Experiments show superior performance in heterogeneous settings, surpassing ex-
isting methods. Future work will explore its application to other heterogeneity challenges
to further advance federated learning.
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