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Abstract—Federated Learning (FL) describes a model training
technique in which the process is distributed among separate
clients, holding private training data. During an FL round,
locally-trained models from clients are aggregated, forming a
new global model, which is then redistributed amongst the
clients. During this process, the global model indirectly utilizes
information from clients’ private data. However, accurate and
adaptive measurement of the client’s contribution to the global
model is an important aspect of the FL system, especially in
na on-IID scenario. In this paper, we propose a fuzzy logic-
based aggregation policy that dynamically estimates the learning
demand of the global model and weights the importance of clients
accordingly. The server evaluates class-wise precision and recall
and infers per-class learning demand that reflects whether the
model needs more training exposure to the samples of each class.
Client-side class distribution and dataset size are then used to
determine client’s contribution in the aggregation process. Unlike
learned scheduling policies, the proposed approach provides
transparent and easily interpretable decision rules using Sugeno-
type inference. The proposed methodology was tested on MNIST,
EMNIST and CIFAR-10 benchmark datasets, showing promising
results in a non-IID setting.

Index Terms—Federated Learning, Non-IID Data, Fuzzy Rules,
Aggregation Policy

I. INTRODUCTION

The standard solutions in Machine Learning (ML) are on
the assumption, that training data can be directly acquired and
used to train mathematical models. However, this is not always
possible, as the learning process may be restricted by personal
data protection regulations. This restriction is the main premise
of Federated Learning (FL), where ML models are trained
separately on clients possessing private training data and
merged into a single global model during multiple federated
learning rounds [1], [2]. Despite its enormous advantage in
terms of privacy protection, FL systems are connected with
significant challenges in practical solutions, where available
training data is sparse and mostly heterogeneous [3], [4].
Such conditions result in biased local models, which directly
correspond to the generalization ability of the global model. To
address this issue, new aggregation techniques are constantly
being developed, providing new strategies for balancing the
learning process.

In recent years, various aspects of federated learning have
seen significant advances. These include aggregation, consen-
sus, security, and implemented classifier techniques. An exam-
ple of such a model is the integration of learning models using
different types and the fuzzy approach [5]. A fuzzy approach

was used to combine predictions from three different learning
models. Furthermore, the authors proposed an asynchronous
solution for aggregating the model itself. Consequently, such
integration allowed for a solution combining several analysis
branches to increase performance efficiency. An interesting
solution is presented in [6], where attention was paid to
the dynamic adjustment of the learning rate and customer
selection. Again, in [7] undertook research to address the
problem of data heterogeneity. The idea was to introduce a
cyclic clustering algorithm based on two-stage clustering. This
solution also utilized a fuzzy approach to handle uncertain or
incomplete data.

It is also important to pay attention to other elements in FL,
as exemplified by the aforementioned aggregation. One such
modification is the introduction of weighted aggregation to FL
in conjunction with the Ditto algorithm [8]. The advantage of
the solution is the ability to generalize thanks to data fusion.

Alternatively, weighted aggregation can be implemented
depending on the size of the client’s local data in FL [9].
Additionally, the authors used Lagrange interpolation to com-
bine model parameters in a distributed system and ciphertexts.
This solution allows clients to verify the correctness of the
results sent by the server. In [10], a method was proposed that
determines the weights in the aggregation process using client
vectors in the learning process, which stores the direction of
weight updates and local data changes. This method allows
for weighted aggregation without violating client privacy or
using additional datasets.

Based on literature analysis, it was found that introducing
expert knowledge in the form of fuzzy inference system
could improve the explainability within federated learning. The
existing methods such as accuracy-based FedAvg, although
intuitive and efficient, often lack the adaptiveness of the
learning policy, hindering the the system learning capabilities
in non-1ID environment. In this paper, we propose a federated
learning weighting policy based on per-class learning demands
calculated using fuzzy inference system. The resulting learning
policy is used to dynamically assess clients based on their
potential to satisfy these learning demands based on their data
resources. The main contributions of our paper are:

« anew model aggregation strategy in FL using fuzzy logic
to adaptively weight client contributions to the global
model update process,
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Fig. 1: Visualization of the proposed federated learning with
fuzzy-driven weighting policy

o dynamic estimation of the demand for teaching individual
classes via the server,

o the use of Sugeno-type reasoning as a decision-making
mechanism, which allows for the transparency of the
aggregation process and adaptability to various FL sce-
narios.

II. METHODOLOGY
A. Federated Learning

Federated Learning (FL) is a machine learning paradigm
where, instead of developing a model using a single agent, the
training process is built upon a system with K clients working
collaboratively. The main premise of FL is that each client
has a set of private data Dy, that cannot be shared. Given that
constraint, model training consists of multiple rounds, during
which each client trains their private model M} using data
available to it and shares globally only the model information
(f.g., in the form of model weights). After the local training
concludes, the central server or chosen client aggregates local
models to form a new global model Mg, which is then
redistributed back among the clients.

In FL, there exist many aggregation strategies, which mea-
sure client importance, client unanimity or are simply based
on learned scheduling policies. Each strategy aims to address
certain issues and optimize problem-specific requirements.
One of the most common and universal aggregation techniques
is Federated Averaging (FedAvg) [11], in which the global
model is formed as the weighted average of the client models’
parameters:

K
O = wg bk, @)

where the weight is typically based on the client’s local dataset
size or a measured performance metric. In practice, since FL

often involves a large number of clients, only some of them
participate in the aggregation process due to communication
limitations, device availability, and scalability issues. There-
fore, many FL systems introduce prior performance-based
client selection for the aggregation process. In a server-based
FL framework, the server evaluates clients and prioritizes
the most impactful ones. This can also be implemented by
using competition-driven selection, where each round, clients
compete against each other in order to be selected for the
aggregation and obtain a reward. While these strategies can
improve convergence under non-IID data distributions, they
introduce additional design challenges related to stability, fair-
ness, and interpretability, especially when clients have uneven
data distribution.

B. Server-Side Fuzzy Inference for Class Learning Demand
Estimation

Considering a server-driven FL system, where the server
holds a representative validation set, the aggregation process
can be additionally guided by measuring the performance
of the clients chosen for the aggregation. The server (also
acting as an aggregator) can then base aggregation models’
weights, based on measured validation metrics. In this paper,
we propose introducing a weighting policy based on class-
wise precision and recall scores and a Sugeno-style fuzzy
inference system. The purpose of this approach is to detect
underperforming classes and to prioritize clients, who can
satisfy the learning demand for such class. The overview of
the system is presented in: FIG REF. The proposed method
makes two assumptions. Firstly, the validation set on the
server has an even number of samples for each class and the
class distribution matches the desired distribution for the given
classification problem. Only then the class-wise precision and
recall can be viewed as impactful parameters for determining
the classification performance of the model. Secondly, the
clients are willing to share metadata relevant to their class
distribution and dataset size. Without that, clients can not be
properly assessed in terms of their relevance to the learning
objectives.

The proposed approach is fully illustrated in Fig. 1. On
the server, a fuzzy inference system is designed to map
precision and recall values of the class c to its learning demand
LD, € (0,1). In the system, the input precision and recall
values are first transformed into linguistic variables using
fuzzy sets, as 3 intensity degrees: {LOW, MEDIUM, HIGH}.
Membership degree functions are implemented as triangular
functions, which are presented in Fig. 2.

The learning demand is defined over fuzzy sets and can take
one of the following linguistic values: {VERY LOW, LOW,
MEDIUM, HIGH, VERY HIGH}. The reasoning rules defined
in the inference engine are a set of T-norms with fuzzified
precision and recall values, presented in Tab. I. These rules
aim to address common miss-classification errors, which can
occur during training. R; and Rs correspond to over- and
under-saturation respectively. Ro aims to address the issue
of under-coverage, when the model recognises only a small
amount of samples (even though correctly) as class ¢, with
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Fig. 2: Fuzzy membership functions for class-wise precision
and recall

TABLE I: Sugeno-type fuzzy rules

Rule T-Norm (Fuzzy AND) Learning Demand
number | Precision Recall \ linguistic numerical
Ry HIGH HIGH VERY LOW 0.1
R> LOW HIGH LOW 0.3
R3 MEDIUM MEDIUM | MEDIUM 0.5
Ry HIGH LOW HIGH 0.7
Rs LOW LOW VERY HIGH 0.9

a great amount of false negative predictions. To prevent that,
the model should ’see’ more samples of class ¢, learning to
correctly classify more difficult samples. On the other hand,
high recall and low precision (R4) can indicate the model’s
over-confidence. This can be corrected by subjecting the model
to a larger number of samples from other classes, which will
ultimately increase the level of certainty towards them. Hence,
the learning demand for class ¢ should be reduced, achieving
exactly that. The R3 smoothens the transitions between other
learning demand states.

For each class, the learning demand is given as the weighted
average of the consequent of each rule as:

hi - 2
LD, = —Zg —
R; '™

where z; is the consequent of rule R;, in respect to mem-
bership value h; of the antecedent. Given the constant output
of the rules in the system and two input variables (precision
and recall), the fuzzy inference system can be presented as
a 2-argument function, yielding a continuous control signal
representing the learning demand. The approximate plane of
this function is presented in Fig. 3.
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C. Client Relevance Modelling

With the estimated learning demands, each client chosen
for the aggregation can then be assessed for their ability to
fulfil them. Within the presented FL system, we especially
consider non-IID cases, where clients have heterogenous class
distributions and training set sizes. Therefore, to properly
measure client k& contribution to the system, the proportion
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Fig. 3: Defuzzified Learning Demand Plane

of class ¢ samples and sample quantity are used to calculated
client’s fitness. Each client k holds their class proportions:

P k,c = %7 3
ng

where n;, . and nj, denote the number of samples of class c and
the total number of training samples on client & respectively.
The relevance of client & to the current learning objectives is

then defined as:

c

ClassScore;, = Z LD, - Py... (@)

c=1

The obtained class score measures how well the client’s data
aligns with the current learning policy, determined by the
current learning demand. However, to account for varying
dataset sizes, a size factor is introduced:

ng
max({n;}/<;)’

where the denominator is the maximum dataset size among
the clients selected for the aggregation. The final aggregation
weight for the client k is computed as:

Sk = (%)

Wy = S, - ClassScorey,. 6)
The obtained client weights are then normalized across par-
ticipating clients to maintain aggregation stability:
~ Wy + €
W= o
2 Wite)
where € ~ 0T ensures numerical stability. Given client model

parameters {0, }5 | and normalized aggregation weights
{W }5_,, the global model is updated as:

@)

K
O = Wibi. ®)
k=1
This procedure is repeated in each FL round, allowing the
fuzzy weighting policy to dynamically adapt to the estimated
learning demands of the system.



TABLE II: Data description

Number of
Dataset classes  training  testing
MNIST 10 60,000 10,000
EMNIST 47 112,800 18,800
CIFAR-10 10 50,000 10,000

III. EXPERIMENTS

A. Data

The experiment was run on three benchmark image datasets,
the details of which are presented in Tab. II. The MNIST
[12] dataset contains 28 x 28 x 1 images of hand-written
digits, while the extended EMNIST [13] contains additional
hand-written letters. Balanced version of the EMNIST was
used, which contains even number of samples of all classes.
Additionally, letters which are similarly written in lower-
and upper-case were assigned the same class. Additionally,
tests were also conducted on CIFAR [14] dataset, containing
32 x 32 x 3 images depicting different objects (vehicles,
animals, etc.).

As the datasets used have originally even class distributions,
we introduced quantity and label distribution skew to simulate
non-IID environment. To achieve this, we introduce data
sampling based on Dirichlet distribution [15]. First, we sample
the initial client sizes. Using the concentration parameter
ag = 0.5, we define the initial dataset size for the client £
as:

g ~ Dir(ay), ©)

ne = qx - N/, (10)

where N is the total number of training samples in the dataset.
Next, using the dataset grouped by classes as:

De.={(zi,y:)) €D :yi=c}, Nc=|D (11
for each class ¢ € C, client-specific proportions of are sampled
using o, = 0.5 as:

pe ~ Dir(ay,), (12)
and each client receives:
Nk,c = I_pk,c : NcJ~ (13)

To prevent insufficient data splits, we enforced quantity con-
strains to maintain a minimum number of samples per client.
In the experiments, the minim number of training samples per
client was set to 100. After data splitting, each client randomly
divided its portion of the dataset into their private training and
validation datasets in an 80:20 ratio. In the experiments, we
conducted tests on both the homogenous and heterogenous
data distributions. The example splits on the MNIST data and
10 clients (with o, o, = 0.5) are presented in Fig. 4-5. 20%
of the test set was taken to create the server’s validation set,
with homogenous class distribution preserved.
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Fig. 4: Example IID training data distribution of MNIST
dataset across 10 clients
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Fig. 5: Example non-IID training data distribution of MNIST
dataset across 10 clients

B. Experimental settings

The experiments were conducted using the proposed ap-
proach against standard accuracy-weighted FedAvg. Two FL
system sizes were considered: one involving 100 clients and
other with 1000 clients total. In both cases, the aggregation
process involved only a portion of the clients, chosen by the
reported highest validation accuracy scores on their private
sets. The proportion of clients chosen for the aggregation was
respectively 3%, 10% and 30%.

The chosen classifier was a shallow CNN, with 2 consecu-
tive convolutional layers with 32 and 64 neurons respectively,
with (3 x 3) kernels and ReL.U activation function. Following,
was the max pooling layer with 2 x 2 window and a dense
layer with 128 neurons and ReLU. The number of neurons in
the output dense layer corresponded to the number of classes
in the considered dataset.

In each case, the training lasted for a total of 1000 FL
rounds, with 1 epoch per client with 64 samples per batch.
During whole learning process, each client used priorly ini-
tialized ADAM optimizer and cross-entropy loss.

C. Results

In Tab. III, the accuracy scores from the non-IID settings are
presented. The proposed method is compared against the base
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with 100 clients

method, which was FedAvg weighted by validation accuracy.
The results indicate, that the fuzzy-weighted method improved
end accuracy when smaller number of aggregators where con-
sidered, and the difference faded as the aggregator percentage
increased. The exception was the MNIST dataset, where the
accuracy scores did not differ more than 0.3 percentage points
in any case.

However, the clear advantage of the proposed technique can
be observed in the training curves. In Fig. 6-7, test accuracy
over the course of FL rounds. In both cases, the proposed
fuzzified weighting results in a higher average accuracy score
compared to weighting driven by the reported validation
accuracy. This demonstrates the adaptability of the proposed
method, compared to the baseline approach.

Experiments on IID setting were also conducted. It is worth
pointing out, that in this scenario, as each client had equal
dataset sizes and class distribution, the proposed algorithm
was practically no different than the unweighted FedAvg. This
effect is desired, as in this scenario each client has equal
potential for training the global model. Furthermore, in the

TABLE III: Experimental results on non-IID setting with 100
clients

Aggregators Dataset
percentage MNIST EMNIST CIFARI10
Accuracy-weighted FedAvg
3% 94.26 74.75 40.87
10% 95.37 78.43 45.79
30% 96.68 80.45 49.88
Proposed fuzzy-weighted FedAvg
3% 93.94 75.41 42.69
10% 95.55 78.47 48.40
30% 96.81 80.29 48.11

TABLE IV: Experimental results on the IID setting with 100
clients

Aggregators Dataset
percentage MNIST EMNIST CIFARI10
Accuracy-weighted FedAvg
3% 98.28 80.21 52.61
10% 97.16 81.32 54.18
30% 97.36 83.64 59.65
Proposed fuzzy-weighted FedAvg
3% 98.01 79.69 52.45
10% 97.08 82.13 54.77
30% 97.42 83.72 59.39

IID environment, the client subjective validation score is much
more consistent with global data. The test results are presented
in Tab. IV. The results indicate, that there was practically no
difference in accuracy scores. This result was expected, as
the training environment (with homogenous data) was stable,
and all clients were contributing to the system practically
uniformly.

D. Discussion

The experiments were primarily conducted in a heavily non-
IID environment, where class imbalance was the main factor
for consideration. On top of that, the total of 100 clients partic-
ipating in FL resulted in small local training sets, which were
already imbalanced. This setup imitates environment, where
individual clients have very limited generalization capabilities.
Because of that, only a percentage of clients were chosen for
the aggregation process in each round. The selection was based
on the clients’ reported accuracy scores on their private vali-
dation sets, which were also biased. This created a challenging
environment for developing a dependable global model. Each
experiment was run for 1000 FL rounds, providing enough
time for the system to achieve stable results. It was observed
that in the non-IID scenario, on average, the proposed fuzzy-
driven weighting approach results in higher accuracy than the
accuracy-driven approach. However, the final test results, with
the models’ best performance, were not that definitive. First
thing observed was, that with the increase of the number of
aggregators, the accuracy increased. Furthermore, the proposed
method showed the largest performance increase, when fewer
aggregators were involved, and the difference faded as their
number was increased. The only exception was the 3%-
aggregator setting on MNIST, where the proposed method



scored worse. However, this can be explained by the simplicity
of the MNIST dataset, compared to the other two (EMNIST,
considering the larger number of classes and CIFAR10, whose
classification problem is more complex). Nevertheless, the
obtained results show potential, especially in scenarios, where
the number is limited and the client’s importance should be
carefully considered.

IV. CONCLUSION

In the presented work, fuzzy inference system was intro-
duced to define class-wise learning demands of the FL system.
In each round, new learning demands were calculated based
on precision and recall metrics, and the aggregation clients
were weighted based on these demands and their private
resources. The proposed solution adaptively and intuitively
adjusts learning policy, which is crucial when data in the FL
system is strongly heterogenous. Unlike data-driven or opaque
scheduling mechanisms, the use of Sugeno-type fuzzy infer-
ence provided a transparent and interpretable decision-making,
focused on even multi-class classification performance. The
experimental results on MNIST, EMNIST, and CIFAR-10
datasets demonstrate that the proposed method effectively
improves global model performance under non-IID conditions,
highlighting fuzzy logic as a viable and explainable tool for
adaptive federated learning aggregation.
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