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Abstract. The efficacy of a Federated Learning system is tightly cou-
pled to its model-aggregation strategy. Such a dependency becomes criti-
cal when client data are non-IID. To address this challenge, we undertake
a comprehensive empirical assessment of FedGP, a genetic programming
based aggregation framework (previously proposed for heterogeneous set-
tings) vs state of the art FL aggregators for non-IID data.
Method. FedGP is benchmarked against three canonical baselines (i.e.,
FedAVG, FedPROX, and FedNOVA), using two clinically relevant im-
age collections, PathMNIST and PneumoniaMNIST. Experiments are
executed under both IID and deliberately skewed non-IID partitions.
Performance is scrutinized through aggregate metrics (accuracy and F1-
score), learning curve trajectories, distributional box plots, and formal
significance testing.
Results. In IID regimes, FedGP yields a modest yet consistent edge
over the comparators. Under non-IID conditions, however, FedGP de-
livers marked and statistically significant gains in accuracy, F1-score,
and training stability, whereas the reference methods exhibit pronounced
variance and occasional collapse.
Conclusions. The evidence substantiates the robustness and superior
generalization of FedGP in heterogeneous federated environments. Al-
though its genetic programming search entails additional computation,
the overhead remains tractable for centrally orchestrated deployments.
Future research will focus on reducing this cost through transfer-learning
warm starts and parallel evaluation, extending FedGP to asynchronous
or fully decentralized topologies, and incorporating agent-based orches-
tration for personalized model specialization.

Keywords: FedGP · Federated Learning · Genetic Programming · Multi-
Agents System · Models Aggregation
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1 Introduction

In recent years, Federated Learning (FL) has emerged as a central paradigm
in distributed machine learning, enabling models to be trained on decentralized
data without the need to transfer sensitive information to a central server [26,
14]. Introduced by Google in 2016, FL has found widespread application in crit-
ical domains such as healthcare [38] and finance [21], where data protection is
essential. A well-known example is Gboard, where predictive models are trained
directly on Android devices to improve user experience while preserving pri-
vacy [11].

At the core of the FL process lies the aggregation of local models. In this
phase, devices send their locally trained models (or the corresponding weights)
to a central server, which combines them using a predefined aggregation strat-
egy [26]. This approach maintains data locality, reduces communication over-
head, and safeguards confidentiality. The most widely adopted method is Fe-
dAVG, based on the weighted average of updates according to local data size.
However, FedAVG has known limitations under non-IID (non-independent and
non-identically distributed) conditions, where data variability across clients may
hinder the generalization capability of the global model [31, 37, 20, 42].

Variants of FedAVG—such as unweighted averaging—have been explored to
enhance privacy, but often fail to address heterogeneity effectively. Moreover, FL
scalability is hindered by device diversity and uneven quality of local updates [20,
31]. Another significant issue is communication inefficiency: standard FL trans-
mits all client updates indiscriminately to the server, resulting in high bandwidth
usage, particularly in large-scale or resource-constrained environments, such as
Internet of Things (IoT) networks [16]. Techniques such as parameter compres-
sion [15], federated dropout [6], and structured updates [51, 15, 43] offer partial
solutions but lack adaptability to FL’s dynamic nature.

To tackle these challenges, in our previous work [33, 34] we introduced FedGP,
an aggregation method based on Genetic Programming (GP). GP, known for its
effectiveness in solving adaptive and complex problems, is used here to dynam-
ically generate mathematical functions that aggregate client models, thereby
overcoming the limitations of static formulas, such as averaging. FedGP thus
approaches the aggregation challenge as a symbolic regression problem, improv-
ing generalization and reducing bias.

Supporting this flexibility is a multi-agent system (MAS) architecture, where
each client is modeled as an autonomous, reactive agent. This structure en-
ables decentralized orchestration, facilitates experimentation, and enhances the
scalability and personalization of FL systems, aligned with recent architectural
evolutions [3].

In this extended study, we systematically compare FedGP with three widely
adopted state-of-the-art aggregation methods: FedAVG, FedPROX [20, 19], and
FedNOVA [42]. These algorithms were selected for their relevance, complemen-
tarity, and practical adoption. Experiments are conducted on two real-world
medical datasets, PathMNIST and PneumoniaMNIST [46], under both IID and
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non-IID conditions, within a centralized and synchronous FL architecture where
clients are implemented as independent software agents.

Results demonstrate that FedGP maintains high accuracy and stability even
in heterogeneous non-IID scenarios, where other strategies exhibit significant
performance degradation. Despite its higher computational cost, FedGP’s su-
perior generalization capability makes it particularly well-suited for high-stakes
domains such as clinical diagnostics. The study also includes statistical signifi-
cance testing, accuracy curves, and an analysis of execution times.

The remainder of this paper is organized as follows: Section 2 presents the
theoretical background and the aggregation methods considered; Section 3 de-
tails the experimental methodology; Section 4 presents and analyzes the results;
and Section 5 offers conclusions and directions for future work.

2 State Of The Art

Since its inception, FL has become a cornerstone of decentralized ML. Among
the advantages, FL enables distributed apparatus (e.g., mobile and IoT devices)
to exploit the vast quantities of data they generate locally without relinquishing
custody of the raw information. By eschewing central data collection, FL has
transformed distributed intelligence across an array of domains – including mo-
bile services such as Gboard’s next-word prediction [11] and Apple’s Siri speech
models [10], privacy-sensitive healthcare collaborations [41], and privacy-aware
financial analytics [14], while maintaining stringent data-protection guarantees.

At its core, FL proceeds through a cyclical protocol in which client devices
optimize local models on private data and transmit only model updates (e.g.,
weights or gradients) to a coordinating entity for aggregation. This coordination
can follow a centralized topology, where a single server fuses the updates, or a
decentralized topology, where participating devices collectively fulfill the aggre-
gation role, thereby mitigating single-point-of-failure and adversarial risks [3].
Complementing the architectural choice is how data are partitioned. Horizon-
tal partitioning distributes examples possessing the same feature space across
clients, whereas vertical partitioning disperses complementary feature spaces
across clients that share the same samples, demanding sophisticated alignment
mechanisms [47, 45]. The synchronization policy governs communication effi-
ciency and timeliness.

Synchronous FL aggregates only after all clients have completed a training
round, incurring stragglers’ delay in heterogeneous environments; asynchronous
FL integrates updates on arrival, accelerating progress but complicating con-
vergence analysis [45]. Meanwhile, a rich toolbox of privacy-preserving tech-
nologies—differential privacy, secure multiparty computation, and homomorphic
encryption – safeguards both data and intermediate gradients throughout the
protocol [29, 24]. To further constrain communication overhead, gradient com-
pression and quantization strategies are routinely employed.

Model aggregation remains the algorithmic linchpin of FL. The ubiquitous
FedAVG algorithm computes a data-size-weighted mean of client updates [36].
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However, its efficacy deteriorates when client data are non-IID, yielding a generic
global model that may underperform on individual distributions. Contemporary
research thus explores personalization layers, local finetuning, meta-learning, and
other adaptive schemes designed to reconcile cross-client heterogeneity [9]. Ul-
timately, the pursuit of rapid adaptability in non-IID and resource-constrained
conditions continues to drive novel methodological innovations. Meta-learning
frameworks expedite adaptation from scant data [9], while bio-inspired optimiza-
tion algorithms have begun to offer promising avenues for balancing transmission
efficiency with predictive performance [39]. Collectively, these advances delineate
a fervent research landscape aimed at rendering FL both robust and agile to face
real-world complexity.

2.1 IID vs non-IID - Importance of data distributions

In the context of FL, IID (Independent and Identically Distributed, Figure 1)
refers to a data distribution in which each client has a local dataset represen-
tative of the same global statistical distribution. Conversely, a non-IID (non-
Independent and Identically Distributed, Figure 2) scenario refers to a situation
in which data distributions vary significantly from one client to another, resulting
in heterogeneous or unbalanced distributions [20, 52].

Fig. 1. Example of IID data distribution in FL context.

This situation is the norm in many real-world FL use cases. It stems from
the fact that each client—for example, a smartphone, sensor, or local institu-
tion—collects data independently from its user or environment, reflecting spe-
cific preferences, behaviors, or conditions [49]. As a result, local datasets tend
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Fig. 2. Example of non-IID data distribution in FL context.

to have different distributions, meaning that some devices may have very differ-
ent amounts of data (imbalance) and content that does not reflect the overall
distribution.

Due to the decentralized nature of FL, the central server typically does not
have direct knowledge of the unified global data distribution, as raw data remains
private on devices. Despite this, the literature has observed that the presence of
strong non-IID in local data can degrade the performance of the global model.
In other words, if client data has marked statistical differences, the resulting
federated model tends to have lower accuracy than in the IID case due to bi-
ases introduced by the dominance of specific clients or the model’s difficulty in
reconciling overly diverse distributions.

Studies conducted on FL identify different forms of data heterogeneity among
clients [52]:

– Label skew: different class distributions across clients (e.g., some devices
collect mainly data from specific classes, others from different classes).

– Quantity skew: variability in the number of samples owned by each client,
with local datasets of very different sizes. - Feature skew: differences in the
distribution of data features (e.g., images with different resolutions, styles,
or conditions on different clients).

– Temporal skew: data from some clients comes from different periods, gener-
ating shifts over time.

These distributional differences introduce significant difficulties in the FL
process. In particular, updates to local models may diverge from the common
optimal direction, resulting in a degradation of the global model’s performance
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and a slowdown in convergence. Empirical studies confirm that the presence of
strong non-IID data can lead to drastic drops in accuracy.

In recent years, FL research has proposed numerous methods to mitigate
the adverse effects of non-IID data. One mitigation strategy is to reduce the
divergence between local distributions, for example, by sharing a small subset of
global data among all clients; however, this approach compromises user privacy
and security. Other approaches intervene in the federated optimization algo-
rithm; for example, the Federated Proximal (FedPROX) method is presented in
Section 2.2. Despite these advances, the issue of non-IID data remains open and
central to FL.

2.2 Aggregation Methods

FedAVG Introduced by McMahan et al. [26] and widely recognized as the
de facto standard in FL, FedAVG consists of a simple average (weighted or
unweighted) of the parameters updated by the clients. At each round, the server
distributes the global model to the devices; each client performs local training
epochs and returns the weights. The server calculates the averages, weighted or
unweighted, and propagates the new model to the clients.

FedAVG is the essential reference for three main reasons: (i) Simplicity and
scalability — implementation requires only the weighted average of the mod-
els, without regularization terms or additional hyperparameters; (ii) Widespread
adoption — most subsequent algorithms have been developed as extensions or
modifications of FedAVG, making it the most common baseline in scientific pub-
lications [26]; (iii) Design guidelines — the project specifications require the
inclusion of FedAVG among the comparison aggregators.

Although effective in scenarios with relatively homogeneous data distribu-
tions, FedAVG has known limitations in the presence of non-IID data and un-
even client participation, conditions that can compromise the convergence and
quality of the global model.

FedPROX Proposed by Li et al. [19], FedPROX extends FedAVG with a mini-
mal but crucial modification: the addition of a proximal term, represented in the
equation 1 to the objective function optimized by each client. This penalty “an-
chors” local updates to the current global model w_t, reducing the phenomenon
of client drift that arises when data are non-IID or local epochs vary across de-
vices. As µ increases, the constraint becomes more stringent; at the limit µ = 0,
the algorithm effectively reduces to FedAVG.

µ

2
∥w − wt∥2 (1)

Thanks to this simple modification, FedPROX is particularly well suited to
realistic scenarios in which participating devices have different statistical distri-
butions or non-uniform computational resources. The proximal term guarantees:
(i) robustness to statistical and system heterogeneity because it limits the diver-
gence between local and global models; (ii) stability of convergence even with
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intermittent participation or reduced local epochs; (iii) flexibility in the amount
of work that each client can perform, making the algorithm suitable for het-
erogeneous device networks; (iv) theoretical guarantees of convergence under
assumptions of smoothness and limited variance, extended to both convex and
non-convex cases.

From an operational point of view, the server selects a subset of clients,
transmits the model wt , and aggregates—using weighted averaging—the up-
dated parameters w

(t+1)
i received from the participants. The implementation,

therefore, remains lightweight and easily integrated into existing frameworks:
it only requires the new hyperparameter µ, which can be adjusted according to
the degree of heterogeneity observed. Due to its simplicity and theoretical sound-
ness, FedPROX is now one of the reference methods for FL in real environments
and is frequently used as an advanced baseline for evaluating more sophisticated
aggregation algorithms.

Federated Normalized Averaging (FedNOVA) FedNOVA, introduced by
Wang et al. [42], addresses the problem of objective inconsistency that arises
when clients perform different numbers of local optimization steps. In FedAVG,
a device that performs many more iterations of SGD contributes a disproportion-
ate update, causing an “imbalance” in the global gradient. FedNOVA addresses
this critical issue by normalizing each local update ∆i concerning the actual
number of steps mi performed by client i. More precisely, at the end of round t,
the server calculates

wt+1 = wt − η
∑
i∈St

ni

N

∆i

ζi
, ζi =

mi−1∑
j=0

(1− ηλ)
j (2)

where ni is the cardinality of the local dataset, N =
∑

i ni is the total number
of samples, and η is the learning rate. The factor ζi acts as a normalization
coefficient, ensuring that each client’s influence is proportional to its data and
not to the computational work performed.

FedNOVA, therefore, maintains: (i) Computational fairness — updates are
weighted to reflect the informational quality of the data rather than the comput-
ing power of the device; (ii) Robustness to system heterogeneity — convergence
remains stable even with very different local epochs or batch sizes; (iii) Gener-
ality — normalization applies to a broad class of optimization methods (SGD,
Adam, etc.) without introducing additional hyperparameters at the client level;
(iv) Theoretical guarantees — the algorithm converges in both IID and non-IID
data settings, providing upper bounds on the error rate.

Thanks to these properties, FedNOVA provides an advanced baseline for eval-
uating federated algorithms in scenarios characterized by strong computational
and statistical asymmetry.
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2.3 GP and its role in FL

Koza et al. [17] introduced GP as a technique capable of optimizing nonlin-
ear functions and dynamically generating original solutions. Since then, GP has
branched out into numerous variants, each with a distinctive contribution to the
basic methodology. Among the most relevant are: (i) Linear GP [7], which ar-
ranges programs as linear sequences of instructions, improving their readability
and efficiency; (ii) PushGP [40], based on the Push language to manage com-
plex data structures and evolve flexible programs; (iii) Cartesian GP [27], which
represents programs as directed acyclic graphs, offering a highly modular struc-
ture; (iv) Geometric Semantic GP [28], which uses geometric semantic operators
to accelerate research and obtain more robust solutions; (v) Grammatical Evo-
lution) [32], which uses formal grammars to guide evolution and allows code
to be produced in specified languages; (vi) Genetic Improvement [35], aimed
at improving existing software without altering its functionality, increasing its
performance and adaptability.

GP has found successful applications in heterogeneous domains: in the field of
creativity, for example, the design of a Portuguese commemorative coin [23], from
the generation of behaviors and controllers in video games [44] to the analysis
of medical images [18], and even the prediction of financial option prices [12].

Among the best-known uses is symbolic regression [2], which aims to derive
mathematical models that can accurately describe a set of data. In FL, it is neces-
sary to define a mathematical function—the aggregator—that combines updates
from multiple clients; this coincides with the objective of symbolic regression. GP
is, therefore, a natural candidate for developing aggregation strategies suitable
for heterogeneous data and non-homogeneous client resources.

Thanks to its ability to adapt to complex problems, GP can enhance aggrega-
tion methods in FL [34]. However, traditional methodologies, such as FedAVG,
have significant limitations in the presence of non-iid distributions [14, 21, 22],
highlighting the need for more sophisticated approaches.

Federated GP Aggregation (FedGP) FedGP [34] is an aggregation method
for FL developed to overcome the limitations of traditional methods, particularly
in non-IID scenarios. Pacioni et al. theorized and presented FedGP [33, 34] in
2025. The approach is based on the use of GP to dynamically evolve aggregation
functions, offering a flexible, adaptive, and customized alternative. Instead of
a fixed formula (such as the mean), FedGP evolves complex mathematical ex-
pressions represented as expression trees, constructed from a series of PyTorch
primitives (e.g.,mean, median, abs, mul, protected_div, etc.) applied to the client
weight tensors.

In FedGP, candidate solutions (individuals in the population) are evaluated
by the fitness function based on the accuracy values obtained on the test dataset.
During each aggregation phase, FedGP applies the best mathematical function
(the best individual) to the weights received from clients to produce a new global
model. Figure 3 shows the typical workflow applied by FedGP and the main
difference compared to FedAVG.
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Fig. 3. Typical FL workflow with a comparison between FedAVG and FedGP.

FedGP has been tested on the PathMNIST dataset. Comparison with un-
weighted FedAVG showed that FedGP has higher accuracy, greater robustness
to non-IID distributions, and, in some cases, outperformed the best client, thus
improving generalization capabilities.

2.4 Agentifications of FL: optimization and personalization

MAS represent a well-established paradigm in distributed systems engineering
and artificial intelligence. In a typical MAS architecture, a system consists of
a set of autonomous agents, i.e., computational entities capable of perceiving
their environment, making decisions locally, and interacting—either coopera-
tively, competitively, or both—with other agents to achieve individual or collec-
tive goals.

This modeling has proven particularly effective in dynamic environments
such as intelligent sensor networks [30], decentralized control systems [5], adap-
tive communication protocols [13], and, more recently, distributed learning con-
texts [25]. The adoption of MAS architectures enables operational flexibility,
local adaptation, scalability, and robustness —crucial characteristics for mod-
ern, complex systems.

From an engineering perspective, agents are often designed to support three
fundamental capabilities:

– autonomy (they do not require central supervision to act);
– reactivity and proactivity (they respond to the environment but also pursue

their own goals);
– coordination (they interact to maximize collective performance or their util-

ity).
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In practice, this translates into systems where collective behavior emerges
from locally managed and decentralized interactions rather than centralized
planning. MAS has also proven effective in the presence of heterogeneous inter-
ests and asymmetric resources, two characteristics frequently found in modern
edge computing and IoT scenarios [1].

In recent years, the MAS paradigm has also found application in the field
of FL, where the problem of large-scale distributed ML presents structural and
functional similarities with MAS systems. In particular: (i) Each client in an FL
system can be seen as an agent, which has computational resources, private local
data, and the ability to learn models locally. (ii) The central server can be mod-
eled as a coordinating meta-agent whose task is to aggregate information from
client agents, manage synchronization, and regulate the progression of collective
learning.

This agent-centric interpretation introduces significant benefits over the rigid
client/server architecture traditionally used in FL:

– Client decision autonomy: Client agents can decide when and whether to par-
ticipate in learning rounds based on local criteria such as energy availability,
data quality, network congestion, or local error variation. This approach is
consistent with selective communication strategies, such as event-triggered
communication [48], and allows for optimization of network traffic and la-
tency.

– Scalability and decentralization: In large-scale scenarios (thousands or mil-
lions of clients), direct continuous interaction between servers and clients be-
comes impractical. A MAS structure enables the emergence of coordinated
and scalable behaviors, potentially utilizing regional servers or hierarchical
agent structures [4]

– Adaptability to dynamic conditions: Clients in FL may be subject to signif-
icant variations, including disconnections, changes in data distribution, and
changes in computational resources. Modeling them as reactive and proac-
tive agents enables them to adapt without relying on static rules imposed
by the server.

– Personalization and cooperative negotiation: In non-IID contexts, it has been
recognized that a single global model may not be optimal for all clients.
Agents can pursue personalized strategies, negotiate the loss function with
the server, or selectively participate in training to maximize their local util-
ity [50].

– Integration with intelligent techniques: Agent-centric modeling enables the
seamless integration of reinforcement learning, evolutionary optimization,
and symbolic reasoning techniques, which would be more challenging to in-
corporate into a traditional client/server view. For example, several recent
works [8] employ intelligent policies in clients to improve action selection
(e.g., communication, updating, outlier filtering).

As a result, the use of MAS in FL is not just an implementation choice but
a natural architectural evolution for autonomous, scalable, and customizable
distributed systems.
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3 Methodology

To overcome the limitations of traditional aggregation methods, such as FedAVG,
in FL contexts with non-IID data, we have introduced FedGP, a method based on
GP designed to improve model aggregation. FedGP dynamically adapts aggrega-
tion functions to handle data variability across clients. Initially, its performance
was compared with that of FedAVG; in this work, we extend the analysis to
include FedPROX and FedNOVA, known to be more robust and accurate. The
entire experiment was conducted using the same configurations and parameters
as in the previous study. The evaluation focuses on two main aspects: model
accuracy and the time required for aggregation.

The methodology adopted is divided into five main phases, consistent with
the development of the project: selection of the reference dataset (3.1); choice of
aggregation algorithms (3.2); configuration of test environments and execution
of experiments (3.3); finally, collection and analysis of the results obtained (3.4).

For the technology stack, we reused the one presented in [34]. We used the
DEAP and PyTorch libraries with Python 3.11. We organized the servers and
clients as autonomous agents.

3.1 Dataset Selection

We employ two datasets from the MedMNIST v2 collection [46], specifically
designed for lightweight, standardized, and accessible biomedical image classi-
fication tasks. The first dataset, PathMNIST, comprises 107,180 histopatho-
logical images of colorectal tissue, each with a resolution of 28 × 28 pixels
and RGB channels. The images are extracted from digitized pathology slides of
hematoxylin-and-eosin-stained samples and annotated into nine distinct classes,
representing relevant tissue types and histological structures: (i) adipose tissue,
(ii) background, (iii) debris, (iv) lymphocytes, (v) mucus, (vi) smooth muscle,
(vii) normal colon mucosa, (viii) cancer-associated stroma, and (ix) colorectal
adenocarcinoma epithelium. Unlike studies that rely on pre-extracted features,
our experiments operate directly on raw image data, preserving visual patterns
that are crucial in clinical diagnosis. The high number of samples and class
variety make PathMNIST particularly suitable for evaluating FL systems in
challenging multi-class non-IID scenarios.

To complement this, we include PneumoniaMNIST, which enables testing
under a binary classification setting. This dataset contains 5,856 grayscale chest
X-ray images, each resized to 28×28 pixels and aims to distinguish between nor-
mal lungs and cases of pneumonia, primarily in pediatric patients. Pneumoni-
aMNIST provides a clinically relevant binary diagnostic task with inherent class
imbalance and inter-patient variability — characteristics commonly encountered
in real-world applications.

The combination of PathMNIST and PneumoniaMNIST enables us to evalu-
ate the proposed approach in both multi-class and binary classification settings,
spanning a broad spectrum of complexity. This dual setup reflects practical de-
ployment scenarios, where federated systems must generalize across different
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diagnostic tasks while adapting to varied data distributions and task granulari-
ties.

To simulate non-IID conditions, we implemented a combination of label skew
and quantity skew across the clients. Specifically, each client receives samples
from a limited subset of classes (label skew), and the number of samples assigned
to each client varies (quantity skew). This setup reflects realistic heterogeneity
observed in federated medical scenarios, where different hospitals or devices may
specialize in different types of cases and collect varying amounts of data.

An overview of the two selected datasets and their characteristics within the
broader MedMNIST collection is shown in Figure 4.

Fig. 4. Overview of the datasets that constitute the MNIST collection (source:
https://medmnist.com)).

3.2 Aggregation method Selection

There are dozens of variants of federated aggregation methods, each optimized
for different scenarios and assumptions. Comparing them all is beyond the scope
of this study; we therefore decided to focus on a representative subset consist-
ing of FedAVG, FedPROX, and FedNOVA, in addition to the proposed FedGP
method. The choice was guided by three main criteria: (i) prevalence in the liter-
ature and practical adoption, (ii) complementarity in the way they address data
and device heterogeneity, and (iii) availability of theoretical results and stable
implementations that ensure a fair comparison.

FedAVG as a consolidated baseline. FedAVG is the reference algorithm [26]
on which most subsequent extensions are based. Its operational simplicity, weighted
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average of parameters after a fixed number of local epochs, and widespread adop-
tion in publications make it the essential baseline. Comparing FedGP with Fe-
dAVG allows us to evaluate the gain introduced by our approach compared to
the de facto standard.

FedPROX for managing heterogeneity. FedPROX introduces a proximal
term

µ∥w − wt∥2

into the local objectives, anchoring updates to the global model and reducing
so-called client drift. This minimal modification to FedAVG has been shown to
stabilize convergence in the presence of non-IID distributions and partial device
participation (scenarios that are very common in healthcare, where data remains
fragmented across hospitals) [20, 19]. Since FedGP also aims to address hetero-
geneity through advanced aggregation functions, comparing the two methods
highlights their differences and similarities.

FedNOVA to normalize uneven updates. FedNOVA addresses the issue of
objective inconsistency resulting from the varying numbers of SGD steps exe-
cuted locally by clients. The method realigns updates through normalization,
ensuring an unbiased global gradient and improving convergence when devices
have highly variable computing power or network availability [42]. Including it in
the comparison enriches the analysis because FedNOVA represents an orthogo-
nal strategy—based on statistical reweighting rather than constraints or genetic
evolution—to counteract the exact source of heterogeneity that FedGP aims to
address.

In summary, the FedAVG–FedPROX–FedNOVA combination covers, as a
whole, the main approaches currently adopted to make federated aggregation ro-
bust: naive averaging, proximal regularization, and update normalization. Com-
paring FedGP with these methods, therefore, provides a clear picture of the
benefits (or possible limitations) introduced by our strategy, both in terms of
accuracy and computational efficiency, while maintaining comparability with the
most cited studies in the literature.

3.3 Tests performed

Since this study is an extension of previous articles [33, 34], all tests were con-
ducted using the same global hyperparameters: (i) 5 federated clients; (ii) 2
epochs of global model training; (iii) 15 epochs of local training for each client.
The convolutional neural network was optimized using SGD with a learning
rate of 0.0005 and momentum of 0.9; the objective function is the unweighted
CrossEntropyLoss.

The evolutionary parameters adopted are 10 generations, elitism set to 1,
mutation rate of 40%, and crossover rate of 60%. To balance the complexity of
the generated aggregation functions and their generalization ability, the depth
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of the trees was limited to a minimum of 1 and a maximum of 5 levels. The GP
primitives as shown in equation (3).

F =


torch.sum, torch.sub, torch.mul,
torch_protected_div, torch_mean,
torch_median, torch.abs, torch_protected_sqrt

 (3)

The entire workflow was performed in separate virtual environments, sim-
ulating the presence of distinct physical devices and thus isolating variables
not relevant to the study. The tests were performed on a distributed cluster of
Ubuntu 22.04 nodes managed by SLURM. Most jobs ran on nodes equipped
with Nvidia A2 GPUs (15 GB of VRAM) and Intel Xeon E5-2690 v3 CPUs
(12 cores, 24 threads), along with 125 GB of RAM. It should be noted that,
in some time windows, other users ran processes on the same servers without
SLURM mediation, which may have affected execution times due to the sharing
of computational resources.

To ensure the statistical robustness of the results, each configuration was
repeated 5 times under identical conditions. All experiments adopt horizontal
data partitioning and a centralized, synchronous federated architecture; never-
theless, the proposed methodology lends itself to being extended, with minimal
modifications, to asynchronous and decentralized scenarios.

3.4 Comparison and Analysis

For each execution, the accuracy values for every epoch of both the server and
all clients are recorded, as well as data from each aggregation phase. Using the
collected information, the mean and standard deviation for the server, clients,
and aggregate are computed. Afterward, the data is organized for analysis and
processed to create a graph that facilitates the comparison of aggregation meth-
ods for the selected dataset and data distribution. In addition to the visual
analysis, statistical significance tests are performed, and summary box plots
are presented. All statistical analyses were conducted using pairwise t-tests (or
Welch’s t-test when variances were unequal), after verifying the assumptions
of normality (Shapiro-Wilk test) and homogeneity of variances (Levene’s test).
Significance was assessed at the 0.05 level of statistical significance. Finally, the
execution times of each algorithm are analyzed and compared to assess their
efficiency and performance under varying conditions.
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4 Results

The results of the experiments are structured by dataset to enhance the com-
parison of aggregation methods for both IID and non-IID distributions.

For each type of experiment, a table presents summary metrics, while a
graph illustrates the accuracy for each round of aggregation. Additionally, box
plots, along with statistical significance tests, are provided. Following this, the
execution time for each aggregation method is analyzed.

Concluding the section, a comprehensive summary of the results is offered to
provide the reader with a clear overview.

4.1 Experiments on the PathMNIST dataset

This subsection analyzes the results of the PathMNIST dataset on IID and non-
IID data.

IID data. Table 1 shows the results of the experiments with IID data distribu-
tion. In absolute terms, FedGP achieves better results than the other aggregation
methods, with a lower standard deviation. However, in the case of IID distribu-
tion, aggregation is simpler, so all methods have similar accuracy and F1 values.

Table 1. Aggregated performance metrics for FedAVG, FedPROX, FedNOVA, FedGP.
Dataset: PathMNIST, Distribution: IID.

Method Acc St.Dev F1 St.Dev
FedPROX 77.128 2.051 0.726 0.017
FedNOVA 77.220 2.456 0.718 0.020

FedGP 79.716 1.102 0.743 0.018
FedAVG 78.833 1.572 0.738 0.017

Figure 5 shows the accuracy values for each aggregation round. As the number
of aggregation rounds increases, the accuracy values improve for all methods.
From the first round onwards, FedGP is the best, while FedPROX and FedNOVA
offer similar results. The same results can be observed in the box plot in Figure 6.

We proceed to perform paired statistical significance tests to assess whether
there are significant differences between the models. After verifying the con-
ditions of applicability, we perform paired t-tests. In this case, we obtain all
p− values > 0.05, so we can conclude that there are no statistically significant
differences between the aggregation methods tested in the case of the PathM-
NIST dataset with an IID distribution.



16 E. Pacioni et al.

FedGP
FedNOVA
FedPROX
FedAVG

Round

Ac
cu
ra
cy

Fig. 5. Aggregation accuracy on the PathMNIST dataset with IID distribution.
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Fig. 6. Boxplot of experiments on the PathMNIST dataset with IID distribution.
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non-IID data. For non-IID data, Table 2 shows a deterioration in performance
overall for FedPROX, FedNOVA, and FedAVG. In particular, FedAVG shows
the most significant deterioration, falling from an accuracy of 78.88 to 62.17 and
increasing the standard deviation by about 10 times. Even when analyzing the
F1 metric, the performance degradation is similar.

Table 2. Aggregated performance metrics for FedAVG, FedPROX, FedNOVA, FedGP.
Dataset: PathMNIST, Distribution: non-IID.

Method Acc St.Dev F1 St.Dev
FedPROX 65.97 10.86 0.62 0.09
FedNOVA 67.84 5.36 0.63 0.05

FedGP 78.39 3.62 0.72 0.05
FedAVG 62.17 12.14 0.56 0.13

However, FedGP maintains results similar to the IID version, with a 1%
degradation in accuracy and a slight deterioration in standard deviation.

Figure 7 shows how FedGP achieves superior results compared to other ag-
gregation methods, despite a decline in the second round of results. Figure 8),
shows events and outliers for both FedPROX and FedAVG. Overall, FedNOVA,
FedPROX, and FedAVG achieve similar performance.
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Fig. 7. Aggregation accuracy on the PathMNIST dataset with non-IID distribution.



18 E. Pacioni et al.

FedGP FedNOVA FedPROX FedAVG
Method

Ac
cu
ra
cy

Fig. 8. Boxplot of experiments on the PathMNIST dataset with non-IID distribution

In this case, we also performed statistical significance tests (t-test). The re-
sults are summarized in Table 3. We observe that the difference between FedGP
and FedNOVA is significant, with a p-value of 0.011; the same is true between
FedGP and FedAVG, with a p-value of 0.034. However, no statistically signifi-
cant differences were found between FedGP and FedPROX. Therefore, we can
conclude that, in this case, FedGP is superior to FedNOVA and FedAVG.

Table 3. Statistical significance test (t-test) in the case of the PathMNIST dataset
and non-IID distribution

Method 1 Method 2 p-value
FedGP FedNOVA 0.011
FedGP FedPROX 0.062
FedGP FedAVG 0.034

FedNOVA FedPROX 0.076
FedNOVA FedAVG 0.418
FedPROX FedAVG 0.654
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4.2 Experiments on the PneumoniaMNIST dataset

IID data. Table 4 reports the aggregated results of the FL aggregation methods
evaluated on the PneumoniaMNIST dataset under an IID distribution setting.
Among the methods, FedGP achieves the highest accuracy (86.80%) and F1-
score (0.85), substantially outperforming the other approaches.

Table 4. Aggregated performance metrics for FedAVG, FedPROX, FedNOVA, FedGP.
Dataset: PneumoniaMNIST, Distribution: IID.

Method Acc St.Dev F1 St.Dev
FedPROX 83.08 1.12 0.800 0.01
FedNOVA 81.26 1.46 0.77 0.02

FedGP 86.79 1.81 0.85 0.03
FedAVG 82.15 2.41 0.78 0.04

Figure 9 shows the accuracy curves across aggregation rounds. FedGP demon-
strates superior convergence behavior and maintains higher accuracy throughout
the training process. FedAVG and FedPROX display comparable performance,
albeit with more fluctuations, while FedNOVA lags slightly behind.

FedGP
FedNOVA
FedPROX
FedAVG

Round

Ac
cu
ra
cy

Fig. 9. Aggregation accuracy on the PneumoniaMNIST dataset with IID distribution.

The boxplot in Figure 10 further confirms the performance trends observed
in the aggregated results. FedGP exhibits both a higher median and a narrower
interquartile range compared to the other methods.
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Fig. 10. Experiments accuracy on the PneumoniaMNIST dataset with IID distribution

To assess the statistical significance of the observed performance differences,
we conducted pairwise t-tests on the accuracy values. The results are shown in
Table 5. FedGP significantly outperforms all other methods (p < 0.05), confirm-
ing the robustness of the findings. No statistically significant differences were
found between FedAVG, FedPROX, and FedNOVA.

Table 5. Pairwise statistical significance tests (t-test) on accuracy values for Pneumo-
niaMNIST IID.

Method 1 Method 2 p-value
FedGP FedNOVA 0.001
FedGP FedPROX 0.008
FedGP FedAVG 0.015

FedNOVA FedPROX 0.083
FedNOVA FedAVG 0.543
FedPROX FedAVG 0.505



FedGP vs State of the Art Methods 21

non-IID data. Table 6 summarizes the results on the PneumoniaMNIST
dataset with non-IID distribution. In this more challenging scenario, the per-
formance gap between FedGP and the other methods becomes even more pro-
nounced. FedGP achieves an accuracy of 88.94% and an F1-score of 0.88, with
very low standard deviations (1.28 and 0.01, respectively), indicating both high
performance and strong stability across runs.

Table 6. Aggregated performance metrics for FedAVG, FedPROX, FedNOVA, FedGP.
Dataset: PneumoniaMNIST, Distribution: non-IID.

Method Acc St.Dev F1 St.Dev
FedPROX 74.71 8.86 0.64 0.18
FedNOVA 70.45 7.83 0.56 0.15

FedGP 88.94 1.28 0.88 0.01
FedAVG 75.67 7.86 0.66 0.15

In contrast, the other methods—FedAVG, FedPROX, and FedNOVA—suffer
substantial drops in both accuracy and F1-score. Notably, FedNOVA exhibits
the poorest performance, with an average F1-score of 0.560 and high variability.
FedPROX and FedAVG show marginally better results, but remain far from the
performance level of FedGP.

Figure 11 shows the accuracy progression over aggregation rounds. The per-
formance degradation caused by non-IID data is clearly visible for all methods
except FedGP, which maintains a consistently superior curve. Figure 12 confirms
this trend: FedGP’s box plot displays a narrow distribution and a significantly
higher median, while all other methods show wider spread and lower central
values.

The statistical analysis in Table 7 further supports these observations. FedGP
significantly outperforms all other methods (p < 0.05). No significant differences
were observed among FedAVG, FedPROX, and FedNOVA, suggesting similar
performance under non-IID conditions.

Table 7. Pairwise statistical significance tests (t-test) on accuracy values for Pneumo-
niaMNIST non-IID.

Method 1 Method 2 p-value
FedGP FedNOVA 0.0016
FedGP FedPROX 0.0130
FedGP FedAVG 0.0103

FedNOVA FedPROX 0.4915
FedNOVA FedAVG 0.3738
FedPROX FedAVG 0.8750
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Fig. 11. Aggregation accuracy on the PneumoniaMNIST dataset with non-IID distri-
bution.
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Fig. 12. Boxplot of experiments on the PneumoniaMNIST dataset with non-IID dis-
tribution
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4.3 Study of execution time

Table 8 presents a summary of the average execution times, along with their rela-
tive standard deviations, for each aggregation method evaluated on two datasets:
PathMNIST and PneumoniaMNIST. The timings are reported in seconds.

The FedPROX, FedNOVA, and FedAVG methods demonstrate comparable
execution times across both datasets, with average durations ranging from sev-
eral hundred seconds on PathMNIST (approximately 430–475 seconds) to around
twenty seconds on PneumoniaMNIST (approximately 21–25 seconds). In con-
trast, FedGP is notable for its considerably higher computational cost, requir-
ing 3335.63 seconds on PathMNIST and 445.28 seconds on PneumoniaMNIST.
However, the standard deviations remain relatively low compared to the absolute
times involved.

This distinct difference can be attributed to the inherent characteristics of
the FedGP algorithm, which employs GP techniques to enhance the aggregation
phase. Unlike other methods that typically perform simple weighted or normal-
ized averaging, FedGP utilizes iterative processes, including selection, mutation,
and crossover among models, necessitating repeated performance evaluations on
subsets of data. These operations contribute to the algorithm’s computational
complexity, particularly when dealing with complex models or a large number
of clients.

This computational burden poses a significant limitation to the method’s
broader adoption. However, it is essential to acknowledge that model aggregation
represents a centralized phase of the FL process, typically executed on the server
and is conducted infrequently compared to the local training phases.

Thus, if FedGP can deliver a substantial advantage in terms of accuracy and
predictive performance, the associated overhead becomes justifiable and man-
ageable in many contexts. This trade-off is particularly acceptable in high-value
applications, such as in the medical field, where enhanced diagnostic accuracy
can warrant longer computation times. Nonetheless, reducing the computational
cost of FedGP remains a priority for future improvements.

Table 8. Average execution times with standard deviation. The results are shown in
seconds.

Method Dataset Time (s) St.Dev (s)
FedPROX PathMNIST 474.92 11.95
FedNOVA PathMNIST 432.28 12.45

FedGP PathMNIST 3335.63 41.92
FedAVG PathMNIST 440.86 10.90

FedPROX PneumoniaMNIST 21.40 1.33
FedNOVA PneumoniaMNIST 24.63 1.49

FedGP PneumoniaMNIST 445.28 53.25
FedAVG PneumoniaMNIST 23.70 1.35
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5 Conclusions

This study conducted a rigorous empirical assessment of FedGP, a GP-based
aggregation strategy for GL. FedGP was benchmarked against three canonical
baselines (FedAVG, FedPROX, and FedNOVA) on the clinically relevant image
corpora PathMNIST and PneumoniaMNIST, using both IID and deliberately
skewed non-IID partitions. The evaluation assessed overall accuracy, F1-score,
learning curve stability, distributional spread via box plots, and formal signifi-
cance tests.

Findings.
IID setting. All four algorithms performed comparably, with FedGP attaining a
modest but consistent edge in accuracy and F1-score; the gain reached statisti-
cal significance on PneumoniaMNIST but not on PathMNIST. Non-IID setting.
The advantages of FedGP became prominent. Whereas the reference methods
experienced sharp performance degradation and increased variance, FedGP pre-
served high accuracy and tight dispersion, yielding statistically significant im-
provements across all metrics and both datasets. No significant differences were
detected among FedAVG, FedPROX, and FedNOVA.

Computational cost.
The evolutionary search that underpins FedGP introduces a non-trivial over-
head. In centrally orchestrated FL, this overhead is tolerable because aggrega-
tion occurs episodically on the server and is not subject to real-time constraints.
Nonetheless, reducing runtime remains a key objective. Promising research direc-
tions include warm-starting successive evolutionary phases with transfer learn-
ing, pruning inferior candidate programs early, and exploiting greater paral-
lelism.

Implications and outlook.
FedGP emerges as a robust and generalizable aggregator for FL, particularly
under the heterogeneous data distributions typical of real-world environments.
Its fusion of evolutionary optimization with agent-based orchestration offers a
fertile direction for building adaptive, explainable, and high-performance FL sys-
tems. Future work will concentrate on (i) accelerating FedGP’s search process,
(ii) extending the framework to asynchronous and fully decentralized topologies,
and (iii) leveraging agents’ autonomy to tailor models and to compress commu-
nication overheads.
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