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ABSTRACT

Federated Learning (FL) enables decentralized model training across multiple clients while preserving data privacy; however, it
faces significant challenges related to statistical heterogeneity and fairness across participating clients. Prior work has shown that
dominant clients can disproportionately influence global model updates, leading to performance imbalance, and that manual inter-
vention, such as removing high-performing clients, can partially improve fairness at the cost of automation and scalability. In
this study, we propose an adaptive proximal regulation framework that automatically adjusts the proximal regularization term in
the federated proximal algorithm to promote fair client participation during training. Unlike fixed regularization approaches, our
method dynamically modifies the proximal coefficient based on client performance at each communication round. We evaluate
two adaptive strategies under both independent and non-independent data distributions. Experimental results reveal that directly
penalizing dominant clients does not consistently improve fairness and may degrade performance in heterogeneous environments.
Motivated by this finding, we introduce a reverse adaptive strategy that applies stronger regularization to low-performing clients
to reduce excessive local bias. This approach improves early-stage fairness and maintains competitive global accuracy. Our results
highlight that effective fairness control in FL requires careful treatment of straggler clients rather than simple suppression of dom-
inant ones. The proposed framework provides a step toward fully automated, fairness-aware federated optimization in real-world

heterogeneous settings.

Keywords: federated learning, fairness, FedProx, client heterogeneity, adaptive regularization, non-IID data

1. INTRODUCTION

Federated learning (FL) is a powerful paradigm'* for train-
ing machine-learning models across distributed clients without
requiring centralized data collection. By enabling clients to train
models locally and share only model updates, FL preserves
data privacy and has become increasingly important in sensi-
tive domains such as healthcare, finance, and mobile applica-
tions. Despite these advantages, FL faces fundamental challenges
related to statistical heterogeneity and fairness among participat-
ing clients >,

A major issue in FL arises from non-independent and identi-
cally distributed (Non-1ID) data, where each client may possess
data from different distributions. This heterogeneity leads to
client drift, unstable convergence, and performance imbalance
across clients. In such environments, certain clients—often those
with more representative or diverse datasets—achieve higher
accuracy and exert a disproportionately strong influence on the
global model. As a result, the learned model may perform well
globally while underperforming for specific clients, raising impor-
tant concerns about fairness and equitable participation.

The widely adopted federated averaging (FedAvg) algo-
rithm' performs effectively under independent and identically

distributed (IID) assumptions but struggles in heterogeneous
settings owing to divergence in local updates. To address this
limitation, federated proximal (FedProx) algorithm introduces*
a proximal regularization term that constrains local updates
and improves stability under Non-IID conditions. However, the
proximal term in FedProx is typically fixed and does not adapt to
differences in client behavior during training, limiting its ability
to dynamically address fairness concerns.

Previous studies have explored fairness*” in FL through client
selection and participation strategies. In our prior work, fair-
ness was investigated by manually removing top-performing
clients, demonstrating that reducing the influence of dominant
clients can improve fairness across participants. While effective
in highlighting the trade-off between accuracy and fairness, this
approach requires manual intervention and does not provide an
automated or scalable solution for real-world systems.

To overcome these limitations, this study proposes an adaptive
proximal regulation framework that enables automatic fairness-
aware client participation within the FedProx algorithm. Instead
of removing clients, the proposed method dynamically adjusts
the proximal regularization term based on the performance of
each client relative to others during training. This allows the

https://juri.kfupm.edu.sa

JURI 2(3) (2026) 1-9
Published under an exclusive license by KFUPM

60
61
62
63

65
66
67
68
69
70
71
72
73

75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
108
106
107
108
109
110
111
112
113
114
118
116
117
118


https://juri.kfupm.edu.sa/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.64589/juri/231575
https://juri.kfupm.edu.sa

119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
178
176
177

Journal of Undergraduate Research International

system to regulate client contributions continuously and adap-
tively, without external intervention.

We first evaluate a strategy that increases the proximal penalty
for high-performing clients to limit their dominance. However,
experimental results show that this approach does not consis-
tently improve fairness and may even increase performance dis-
parity under highly heterogeneous conditions. This observation
leads to an important insight: low-performing clients are often
strongly biased toward their local data distributions and may
require stronger regularization to remain aligned with the global
model.

Based on this insight, we introduce a reverse adaptive proxi-
mal strategy in which stronger regularization is applied to low-
performing clients, while high-performing clients are allowed
greater flexibility. This approach improves fairness during early
stages of training and maintains competitive global accuracy.
The findings of this study highlight the importance of adaptive,
data-aware regularization mechanisms in achieving fair client par-
ticipation in FL.

2. METHODOLOGY

2.1. FL Framework and Experimental Setup. In this
study, a standard FL framework is adopted, consisting of a central
server and multiple distributed clients. The server coordinates
the training process by initializing a global model and iteratively
aggregating model updates received from participating clients.
Each client performs local training using its private dataset, and
periodically communicates updated model parameters to the
server, without sharing raw data.

The experimental evaluation is conducted using the CIFAR-
10 dataset, a widely used benchmark for image classification
tasks. CIFAR-10 consists of 60,000 color images distributed
across 10 classes, with 50,000 training samples and 10,000 test-
ing samples. To simulate a federated environment, the dataset is
partitioned across 10 clients, each holding a subset of the overall
data.

Two data distribution settings are considered to evaluate the
robustness of the proposed approach. In the IID setting, the
dataset is evenly and randomly divided among all clients, ensur-
ing that each client has a similar data distribution. By contrast, the
Non-IID ¢ setting introduces statistical heterogeneity by assign-
ing each client data from a limited subset of classes, resulting in
highly skewed local data distributions. This setup better reflects
real-world FL scenarios where data is inherently heterogeneous.

The learning task is performed using a convolutional neural
network model suitable for CIFAR-10 classification. The model
is trained using stochastic gradient descent with a fixed learning
rate and momentum. Training is conducted over multiple com-
munication rounds, where in each round a subset or all clients
participate in local updates before aggregation.

Two baseline federated optimization algorithms are consid-
ered in this study. The first is FedAvg, which aggregates client
updates through weighted averaging and serves as a standard
baseline. The second is FedProx, which extends FedAvg by
introducing a proximal regularization term in the local objective
function to mitigate divergence caused by data heterogeneity.

To evaluate model performance, two primary metrics are used:
Global accuracy is measured on a held-out test dataset to assess
the overall performance of the aggregated model. Fairness across
clients is quantified using the standard deviation of client accu-
racies, where a lower value indicates more uniform performance
across clients and thus a fairer model.

This experimental setup provides a controlled environment
for analyzing the impact of adaptive proximal regulation on both
model accuracy and fairness under varying levels of data hetero-

geneity.

2.2, Adaptive Proximal Regulation Strategy. FedProx
extends the standard FL objective by introducing a proximal reg-
ularization term that constrains local updates to remain close to
the global model. The global optimization problem ' in FL can be
expressed using Eq. 1.

N
minf (w) = > peFi (w) (1)
k=1

where F; (w) represents the local objective function at client k,
and p; denotes the relative weight of the client based on its
dataset size. In FedProx, each client solves* a modified local
objective using Eq. 2.

min by w; i) = Fe () + & | w— i | 2)

where w; is the global model at communication round ¢, and
4 > 0is the proximal regularization coefficient that controls the
strength of the constraint.

In conventional FedProx, the proximal coefficient u is fixed
and shared across all clients throughout training. Although this
improves stability under heterogeneous data, it does not account
for variations in client behavior, particularly differences in model
performance across clients. As a result, fairness across clients is
not explicitly controlled.

To address this limitation, this study introduces an adaptive
proximal regulation framework in which the proximal coeffi-
cient is dynamically adjusted for each client based on its per-
formance relative to others. At each communication round, the
server evaluates the performance of participating clients using
their local accuracy from the previous round. Let a; denote the
accuracy of client k, and let a represent the mean accuracy across
all selected clients.

The initial adaptive strategy identifies dominant clients,
defined as those whose performance exceeds the average, that
is, ar > a. For such clients, the proximal coefficient is increased
to restrict their local updates and reduce their influence on the
global model. The adaptive proximal coefficient for client k is
computed using Eq. 3.

ak—h
= 14 < 3
= (14 452) ®

where € is a small constant to ensure numerical stability. This for-
mulation increases the regularization strength proportionally to
how much the performance of a client exceeds the average.
However, experimental results show that this dominant-client
suppression strategy does not consistently improve fairness, par-
ticularly under Non-IID conditions. This observation suggests

https://doi.org/10.64589/juri/231575

JURI 2(3) (2026) 2—9

178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236


https://doi.org/10.64589/juri/231575

237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
PAN)
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295

Journal of Undergraduate Research International

that low-performing clients may exhibit strong local bias and
deviate significantly from the global objective, rather than simply
contributing less effectively.

Motivated by this insight, a reverse adaptive proximal strat-
egy is proposed. Instead of penalizing dominant clients, this
approach applies stronger regularization to low-performing
(straggler) clients, anchoring their updates closer to the global
model. In this formulation, the adaptive proximal coefficient is
defined as in Eq. 4.

a

,ukz,u(1+ \_ak) fora, < a (4)
ate

For clients with above-average performance, the base proximal
coefficient is retained, allowing them greater flexibility in updat-
ing their local models. This strategy reduces excessive local drift
from highly biased clients while preserving the contributions of
well-performing clients.

During training, the adaptive proximal coefficient z is com-
puted at each communication round and passed to the local
training procedure of each client. The modified local objective is
of the form shown in Eq. S.

Iy (w5 we) = Fy () + % w0 — wp || (5)

which enables client-specific regularization based on perfor-
mance. This dynamic adjustment allows the FL process to
actively regulate client contributions, improving fairness while
maintaining global model performance.

To evaluate fairness, the standard deviation of client accura-
cies is used as a metric, where lower variance indicates more
uniform performance across clients. This adaptive proximal regu-
lation framework provides a systematic and automated approach
to fairness-aware federated optimization, particularly in hetero-
geneous data environments.

3. EXPERIMENTAL EVALUATION

3.1. Baseline Performance (lID). To establish a refer-
ence for model behavior under ideal conditions, we first evaluated

the performance of FedAvg in an IID setting. In this scenario,
the CIFAR-10 dataset was evenly partitioned across all partici-
pating clients, ensuring that each client had access to a similar
and representative subset of the data. This setup eliminates sta-
tistical heterogeneity and provides a controlled environment for
assessing baseline convergence and fairness characteristics.

Figure 1 illustrates the evolution of both global model accuracy
and individual client accuracies over communication rounds. As
shown, the global model exhibits steady convergence, reaching
a peak accuracy of 59-60% after multiple rounds of training,
Importantly, the performance of individual clients closely tracks
that of the global model, with only minor variations across clients.

This consistent behavior indicates that, under IID conditions,
FL achieves naturally balanced performance across participants.
Since each client is exposed to a similar data distribution, no
single client dominates the training process, and the variance in
client accuracies remains low. As a result, fairness across clients is
inherently maintained without the need for additional regulation
mechanisms. This observation serves as an important baseline
for subsequent experiments, as it highlights that fairness prob-
lems in FL are primarily driven by data heterogeneity rather than
the learning algorithm. Therefore, any fairness-aware mechanism
must demonstrate its effectiveness under more challenging non-
IID conditions, where disparities between client performances
are more pronounced.

3.2. Non-lID Behavior and Client Imbalance. Though
FL performs effectively under IID conditions, real-world data
is typically heterogeneous>®
drawn from different distributions. To examine this challenge, we

, with each client possessing data

evaluated model behavior under a Non-IID setting, where each
client was assigned data from a limited subset of classes. This
results in highly skewed local datasets and introduces significant
variability in client performance.

Figure 2 illustrates the performance of the FedProx algorithm
when all clients participated in training under Non-IID condi-
tions. As observed, although the global model achieves stable
convergence, a clear imbalance emerges across clients. Some
clients reach relatively high accuracy, while others remain sig-
nificantly lower throughout training. This divergence indicates

FedAvg - CIFAR-10 - IID - Clients vs Global Model
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FedProx - CIFAR-10 - Non-IID - Clients vs Global (all clients included)
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Figure 2. Clientand global accuracy under Non-IID setting using FedProx (all clients included)

that certain clients have more representative or informative data,
allowing them to dominate the learning process, while others
struggle owing to limited or biased local distributions.

This imbalance highlights a key limitation of FL under het-
erogeneous conditions. Even when the global model performs
reasonably well, its benefits are not evenly distributed across
all clients. Clients with restricted or skewed data distributions,
referred to as stragglers, tend to underperform, whereas domi-
nant clients contribute disproportionately to the global update.
As aresult, the system exhibits uneven learning outcomes, raising
concerns about fairness and equitable participation.

To further investigate this behavior, we examined the impact
of removing dominant clients from the training process, as
explored in prior work. Figure 3 and 4 present the results
obtained after excluding the top-performing client and the top
two performing clients, respectively. As shown, removing domi-
nant clients reduces the performance gap between the remaining
participants, leading to more uniform client accuracies. How-
ever, this improvement in balance is accompanied by a reduction
in global model accuracy, indicating a trade-off between perfor-
mance and fairness.

These findings demonstrate that client imbalance in FL is pri-
marily driven by data heterogeneity. While manual exclusion of
dominant clients can mitigate imbalance, it is not a practical solu-
tion, as it requires external intervention and may discard valuable
information. This limitation motivates the need for an automated
mechanism that can regulate client contributions dynamically
without removing participants from the training process.

3.3. Adaptive Proximal Regulation (Initial Approach).
To address the limitations of manual client exclusion and enable
automated fairness control, we introduce an adaptive proximal
regulation mechanism within the FedProx framework. Instead of
assigning a fixed proximal coefficient to all clients, the proposed
approach dynamically adjusts the proximal regularization term
based on client performance at each communication round.
The key concept is to regulate client contributions by modi-
fying the strength of the proximal constraint according to how

each client performs relative to others. At the beginning of each
round, the server evaluates the accuracy of participating clients
using their performance from the previous round. Let a; denote
the accuracy of client k, and a represent the mean accuracy across
all selected clients.

In the initial approach, we hypothesize that high-performing
(dominant) clients contribute disproportionately to the global
model and may bias it toward their local data distributions. To
mitigate this effect, we increase the proximal regularization term
for such clients, forcing their updates to remain closer to the
global model. The adaptive proximal coefficient is computed
using Eq. 6.

,uk:,u(l-i-(fk_a) forar > a (6)
ate

where 4 is the base proximal coefficient and € is a small constant
for numerical stability. For clients whose performance does not
exceed the average, the base proximal coefficient is retained.

This formulation ensures that clients with higher-than-average
accuracy are subject to stronger regularization, reducing their
influence on the global update. The goal is to suppress excessive
dominance and promote a more balanced contribution across
clients without explicitly removing any participants.

To evaluate the effectiveness of this approach, we analyze both
global model performance and fairness across clients. Fairness is
measured using the standard deviation of client accuracies, where
lower variance indicates more uniform performance. Figure 5
presents the evolution of global and client accuracies, along with
the corresponding fairness metric under the adaptive proximal
regulation strategy.

As observed, while the global model continues to converge, the
adaptive mechanism does not consistently reduce performance
disparity across clients. In some cases, the variation in client
accuracies remains similar to or higher than that of the baseline,
suggesting that penalizing dominant clients alone is insufficient
for achieving fairness under heterogeneous data conditions.
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Figure 3. Client and global accuracy after removing the top-performing client

These results indicate that the relationship between client per-
formance and fairness is more complex than initially assumed.
Low-performing clients may exhibit strong local bias owing to
limited or skewed data, which is not addressed by simply restrict-
ing dominant clients. This observation motivates a deeper inves-
tigation into the role of client behavior in FL and leads to the
development of an improved adaptive strategy, discussed in the
following section.

Table 1 shows that FedAvg and Adaptive FedProx achieve
comparable global accuracy under IID conditions. However, the
adaptive approach produces a higher fairness standard deviation,
indicating that adaptive proximal regulation does not provide a
fairness benefit when client data distributions are already bal-
anced.

3.4. Failure Analysis under Non-lID. Though the adap-
tive proximal regulation strategy shows stable convergence under

FedProx - CIFAR-10 - Non-IID - Clients vs Global (Top 2 clients excluded)
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Figure 4. Client and global accuracy after removing the top two performing clients
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Global vs. Local Client Accuracies
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Figure 5. Global and client accuracy, along with fairness (standard deviation), under adaptive proximal regulation (initial approach)

IID conditions, its effectiveness significantly degrades in hetero-
geneous environments. To evaluate this behavior, we analyze
the performance of the adaptive method under Non-IID data
distributions, where client data is highly skewed and varies sub-
stantially across participants.

Figure 6 presents a comparison between the baseline FedAvg
algorithm and adaptive proximal regulation approach under
Non-IID conditions. As observed, although both methods
achieve comparable levels of global accuracy, the adaptive
approach leads to a substantially higher variation in client accu-
racies. This is reflected in the fairness metric, where the standard
deviation of client performance is noticeably larger compared to
that of the baseline.

This result indicates that the initial adaptive strategy >’ , which
penalizes high-performing clients, is ineffective in reducing client
imbalance under Non-IID settings. The approach can exacer-
bate the disparity between clients, leading to poorer fairness
outcomes. This behavior reveals an important limitation in the
underlying assumption of the method.

A closer examination of client behavior provides further
insight into this phenomenon. In highly heterogeneous environ-
ments, low-performing clients often possess narrowly distributed
or biased datasets. These clients tend to overfit their local data
and deviate significantly from the global objective. By contrast,
high-performing clients typically have access to more represen-
tative data distributions, enabling them to generalize better and
contribute positively to the global model.

By increasing the proximal regularization term for high-
performing clients, the adaptive strategy restricts their ability to
influence the global update. At the same time, low-performing
clients are allowed to train with relatively weaker constraints,

Table 1. IID performance comparison between FedAvg and Adaptive
FedProx

which enables them to drift further toward their biased local
optima. As a result, the gap between client performances widens,
rather than narrowing as intended.

This observation highlights a critical insight: client perfor-
mance in FL does not directly correspond to fairness contri-
bution. High-performing clients are not necessarily the source of
imbalance; instead, low-performing clients may introduce insta-
bility due to their biased local updates. Therefore, simply sup-
pressing dominant clients is insufficient and may lead to unin-
tended consequences.

These findings demonstrate that fairness-aware regulation in
FL must account for the nature of client data distributions,
rather than relying solely on performance-based suppression.
This motivated the development of an alternative strategy that
focuses on stabilizing low-performing clients, which is explored
in the following section.

Table 2 shows that the initial adaptive proximal regulation
strategy degrades both fairness and global accuracy under Non-
IID conditions. Compared to the FedAvg baseline, Adaptive Fed-
Prox exhibits a significantly higher standard deviation in client
accuracies, confirming that penalizing dominant clients increases
performance disparity rather than reducing it in heterogeneous
environments.

3.5. Reverse Adaptive Proximal Regulation. Based on
the limitations observed in the initial adaptive proximal regula-
tion strategy, we reformulate an approach that reconsiders the
role of client performance in heterogeneous environments. The
previous results demonstrate that penalizing high-performing
clients is ineffective, as it restricts clients that contribute posi-
tively to global learning while allowing low-performing clients to
diverge further due to weak regularization.

Table 2. Non-IID performance comparison between FedAvg and Adaptive
FedProx

Final Global Final Fairness Final Global Final Fairness
Method Accuracy (Std Dev) Method Accuracy (Std Dev)
FedAvg 60.86% 0.1850 FedAvg 60.86% 0.4098
Adaptive FedProx 60.95% 0.3474 Adaptive FedProx 58.83% 0.8677
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Non-IID Accuracy Comparison

Non-IID Fairness Comparison (Lower is Fairer)
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Figure 6. Comparison of global accuracy and fairness between FedAvg and reverse adaptive proximal regulation under Non-IID conditions

To address this, we propose a reverse adaptive proximal
regulation strategy, in which stronger regularization is applied
to low-performing clients (stragglers), whereas high-performing
clients (leaders) are allowed greater flexibility during training.
This design is motivated by the observation that straggler clients
often exhibit strong local bias due to limited or skewed data dis-
tributions, causing them to deviate significantly from the global
model.

In this approach, the proximal coefficient is dynamically
adjusted such that clients with accuracy below the mean are
assigned a higher proximal penalty, effectively anchoring their
updates closer to the global model. Conversely, clients with
above-average performance retain the base proximal coefficient,
enabling them to contribute more freely to global aggrega-
tion. This selective regulation reduces excessive local drift from
biased clients while preserving the beneficial influence of well-
performing clients.

Figure 7 presents the performance of the reverse adaptive
proximal regulation strategy under Non-IID conditions, com-
pared with the baseline FedAvg algorithm. As observed, the pro-
posed method achieves comparable or slightly improved global
accuracy relative to the baseline. More importantly, the fair-
ness metric shows a noticeable improvement during the early
stages of training, indicating that the adaptive anchoring of low-
performing clients helps reduce performance disparity across par-
ticipants. However, it is also observed that the fairness improve-
ment is not consistently maintained throughout all communi-
cation rounds. In later stages of training, the performance gap
between clients slightly increases again. This behavior can be
attributed to the constant strength of the proximal penalty, which
may overly constrain straggler clients and limit their ability to
adapt as the global model converges.

Despite this limitation, the reverse adaptive strategy pro-
vides a significant improvement over the initial approach by
correctly identifying the source of imbalance and applying
targeted regulation. These findings highlight that fairness-aware
proximal control in FL should prioritize stabilizing low-
performing clients rather than suppressing dominant ones.

This insight opens the door for further refinement of the
method, such as incorporating a decaying proximal factor that
gradually reduces the strength of regularization over time. Such
an extension could preserve early-stage fairness benefits while
avoiding late-stage stagnation, representing a promising direction
for future work.

Table 3 shows that the proposed Reverse Adaptive FedProx
strategy achieves slightly higher global accuracy compared to the
FedAvg baseline while maintaining competitive fairness perfor-
mance. These results indicate that applying stronger regulariza-
tion to low-performing clients is a more effective fairness-aware
strategy than suppressing dominant clients under Non-IID con-
ditions.

4. RESULTS AND DISCUSSION

The experimental results in Section 3 provide a comprehensive
evaluation of FL performance under IID and Non-IID settings,
as well as the impact of adaptive proximal regulation strategies on
fairness and global accuracy. In this section, we synthesize these
findings and discuss their implications in the context of fairness-
aware federated optimization.

Under IID conditions, the results demonstrate that FL nat-
urally achieves balanced performance across clients. As shown
in Section 3.1, all clients exhibit similar accuracy trends, and
the variance in performance remains minimal. This confirms
that fairness is not a significant concern when data is uniformly
distributed, and additional regulation mechanisms are unneces-
sary in such settings. The adaptive proximal approach also shows

Table 3. Non-IID performance comparison between FedAvg and Reverse
Adaptive FedProx

Final Global Final Fairness
Method Accuracy (Std Dev)
FedAvg 60.86% 0.4098
Reverse Adaptive FedProx 61.04% 0.4611
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Figure 7. Comparison of global accuracy and fairness between FedAvg and adaptive proximal regulation under Non-IID conditions

no meaningful advantage under IID conditions, as the system is
already stable and balanced.

By contrast, the Non-IID experiments reveal substantial per-
formance disparities® across clients, highlighting the inherent
challenge of client imbalance in FL. As discussed in Section
3.2, some clients consistently outperform others owing to more
representative data distributions, while straggler clients strug-
gle owing to limited or biased local data. The results fur-
ther confirm that manual exclusion of dominant clients can
reduce this imbalance but leads to a decline in global accu-
racy, illustrating a clear trade-off between fairness and perfor-
mance.

The introduction of adaptive proximal regulation was
intended to address this trade-off by dynamically controlling
client contributions. However, the results from Sections 3.3 and
3.4 show that the initial strategy of penalizing dominant clients
does not achieve the desired outcome. Instead, it increases per-
formance disparity under Non-IID conditions, as reflected by
a higher standard deviation of client accuracies. This finding
highlights a critical misconception: dominant clients are not the
primary cause of unfairness, and restricting their influence can
negatively impact the overall learning process.

A deeper analysis revealed that low-performing clients play a
more significant role in driving imbalance. These clients often
overfit to their narrow local datasets, causing their updates to
diverge from the global objective. When such clients are allowed
to train with weak constraints, their biased updates amplify per-
formance gaps rather than reducing them. This explains the rea-
son behind failure of the initial adaptive strategy in improving
fairness.

The reverse adaptive proximal regulation strategy proposed
in Section 3.5 addresses this issue by shifting the focus from
suppressing dominant clients to stabilizing straggler clients. By
applying stronger regularization to low-performing clients, the
method reduces excessive local drift and aligns their updates
more closely with the global model. The results show that this
approach improves fairness during the early stages of training
while maintaining competitive global accuracy.

Nevertheless, the analysis also reveals the limitations of the
proposed method. The fairness improvement is not consistently
sustained across all training rounds, as the fixed strength of the
adaptive penalty may overly constrain straggler clients in later
stages. This suggests that a more refined approach, such as incor-
porating a time-dependent or decaying proximal factor, may
further enhance both fairness and convergence.

Overall, the results demonstrate that fairness-aware FL
requires a nuanced understanding of client behavior under het-
erogeneous data conditions. Rather than treating all clients sym-
metrically or focusing solely on high-performing participants,
effective regulation must account for the dynamics of low-
performing clients and their impact on global learning. The
proposed reverse adaptive strategy represents a meaningful step
toward automated fairness control, while also highlighting impor-
tant directions for future research.

5. CONCLUSIONS

This study investigated fairness challenges®” in FL, with a par-
ticular focus on the impact of client heterogeneity under Non-
IID data distributions. Although FL enables decentralized model
training with strong privacy guarantees, it often leads to imbal-
anced performance across clients owing to differences in local
data distributions. Addressing this imbalance is essential to
ensure equitable participation and reliable model performance in
real-world applications.

Initial experiments confirmed that, under IID conditions, FL
achieves naturally balanced performance across clients, and fair-
ness is not a significant concern. However, under Non-IID set-
tings, substantial disparities emerge between clients, with some
achieving significantly higher accuracy than others. This client
imbalance highlights a key limitation of standard FL approaches
and motivates the need for fairness-aware mechanisms.

To address this issue, this study proposed an adaptive prox-
imal regulation framework based on the FedProx algorithm.
The initial approach aimed to improve fairness by increasing
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the proximal regularization term for high-performing clients.
However, experimental results demonstrated that this strategy
does not effectively reduce performance disparity and can, in
some cases, worsen fairness under heterogeneous conditions.
This finding reveals that suppressing dominant clients is insuffi-
cient for achieving equitable outcomes in FL.

A deeper analysis showed that low-performing clients, often
characterized by highly biased local datasets, contribute signifi-
cantly to performance imbalance. Based on this insight, a reverse
adaptive proximal strategy was introduced, in which stronger
regularization was applied to low-performing clients while allow-
ing high-performing clients greater flexibility. This approach
improves fairness during the early stages of training and main-
tains competitive global accuracy, demonstrating a more effective
direction for fairness-aware federated optimization.

Despite these improvements, the results also indicate limi-
tations in consistently maintaining fairness across all training
rounds. Using a fixed adaptive scaling factor may overly con-
strain certain clients in later stages, suggesting the need for further
refinement. Future work will explore extensions such as time-
dependent or decaying proximal regulation, as well as more
sophisticated fairness metrics and adaptive strategies that better
capture client behavior.

Overall, this study highlights that fairness in FL is not solely
determined by dominant clients, but is strongly influenced by
the behavior of low-performing clients under heterogeneous data
conditions. The proposed adaptive proximal regulation frame-
work provides a step toward automated fairness control and
offers valuable insights for designing more robust and equitable
FL systems.
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