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ABSTRACT 

Federated Learning (FL) has emerged as a key paradigm in machine learning but its 
performance often deteriorates under non-independent and identically distributed 

(non-IID) client data. Such heterogeneity frequently reflects geographic factors—for 
example, regional linguistic variations or localized traffic patterns—leading to IID 

data within regions but with non-IID distributions across them. However, existing FL 

algorithms are typically evaluated by randomly splitting non-IID data across devices, 
disregarding their spatial distribution. 

To address this gap, we introduce PROFED, a benchmark that simulates data splits with 

varying degrees of skewness across different regions. We incorporate several skewness 
methods from the literature and apply them to well-known datasets, including MNIST, 
FashionMNIST, Extended MNIST, CIFAR-10, CIFAR-100, and UTKFace. Our goal is to 

provide researchers with a standardized framework to evaluate FL algorithms more 

effectively and consistently against established baselines. 
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(1) OVERVIEW 

INTRODUCTION 
Federated Learning (FL) [1] has gained significant interest 
in the last years. It has been introduced to address 
privacy problems during learning from users’ data. In fact, 
this framework allows the training of a shared global 
model without the need of collecting the data on a 

central server. 
Different studies [2, 3] have shown that while FL 

achieves good learning performance compared to 

classical learning approaches on homogeneously 

distributed data, it drops performance when data are 

non-independently and identically distributed (non-IID). 
For instance, in urban traffic prediction scenarios, 
data patterns exhibit strong spatial correlations: traffic 

flows within specific city districts often share common 

characteristics while differing significantly from patterns 
observed in other areas. This geographical dependency 

implies that models trained on data from one district 
typically achieve higher accuracy when predicting traffic 

patterns within the same area compared to predictions 
in different districts. 

In the literature, various algorithms—like Scaffold [4], 
FedProx [5], and many others [6–8]—have been proposed 

to tackle data heterogeneity. These approaches typically 

assume that client data are distributed without 
considering specific patterns or structures. However, 
in real world scenarios, particularly highly distributed 

systems [9] (e.g., in edge computing or spatial-aware 

scenarios), it is common for data from geographically 

close devices to be more similar to each other compared 

to data from devices farther apart (Figure 1). This 
phenomenon is driven by the fact that devices in the 

same region often experience similar environments 
and make comparable observations [10, 11]. Several 
studies (e.g., [12–14, 34]) have attempted to tackle this 
scenario by proposing algorithms that cluster clients 
based on similarity metrics, under the assumption 

that clients within the same cluster have IID data 

while clusters themselves exhibit non-IID properties. 
Nevertheless, the lack of standardized benchmarks for 
evaluating such approaches remains limited. Existing 

benchmarks [15, 16] often rely on synthetic data splits 
or arbitrary partitioning schemes that fail to capture the 

realistic geographic clustering observed in practice. 
To bridge this gap, we introduce PROFED,1 a novel 

benchmark designed specifically for proximity-based 

non-IID FL providing a more realistic and complete 

evaluation setting. PROFED leverages well-known 

computer vision datasets from PyTorch [17] and 

TorchVision [18]—like MNIST [19], CIFAR10 [20], 
CIFAR100 [21], and UTKFace [22]—and incorporates 
established data partitioning methods from the 

literature, such as Dirichlet distribution-based 

splits [23, 24]. Moreover, by enabling researchers to 

Figure 1 Spatial data distribution: homogeneous within 
subregions, non-IID across subregions. 

control the degree of data skewness, this approach 

allows for fine-grained experimentation and analysis. Its 
effectiveness is further demonstrated by its adoption in 

several scientific contributions (e.g., [25, 26]). 

RELATED SOFTWARE AND MOTIVATION 
Over the years, several benchmarks have been proposed 

for FL, typically focusing on standard datasets split 
homogeneously across multiple clients, such as [27, 
28]. However, recent work has shifted its focus toward 

addressing various data shifts. For instance, FedScale [29] 
offers a comprehensive platform for evaluating multiple 

aspects of FL at scale, including system efficiency, 
statistical efficiency, privacy, and security. FedScale 

incorporates a diverse set of realistic datasets and takes 
into account client resource constraints. 

Similarly, LEAF [30], another relevant framework, 
emphasizes reproducibility through its open-source 

datasets, metrics, and reference implementations. 
LEAF provides granular metrics that assess not only 

model performance but also the computational and 

communication costs associated with training in 

federated settings. Additionally, LEAF supports multiple 

configurations, enabling users to explore different 
facets of FL. 

Motivation 
Despite proposed benchmarks already being valuable 

resources for the research community, they do not 
consider one aspect that is crucial in real-world scenarios: 
the spatial distribution of devices. In fact, in many 

applications, devices are geographically distributed, and 

the collected data is often correlated with their location. 
This is where PROFED comes into play, providing a 

benchmark that simulates data splits with varying 
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degrees of skewness across different regions, enabling 

researchers to evaluate FL algorithms in a more realistic 

and complete setting. 

IMPLEMENTATION AND ARCHITECTURE 
Before delving into the implementation details of PROFED, 
we first formalize the considered scenario—this will help 

the reader to better understand some design choices. 
As depicted in Figure 1, we consider a spatial area A = 

{a1, … , ak} divided into k distinct contiguous subregions. 
Each subregion aj has a unique data distribution Θj and 

provides specific localized information. This means that, 
given two regions i, j and the respective data distributions 
Θi and Θj, a sample d ′ from Θi is distinctively dissimilar 
from a sample d ′′ from Θj (namely, the data is non-
IID). Whereas, giving two data distributions Θi and Θj 
from the same region i, d ′ and d ′′ sample from same Θi, 
their difference m(d ′ , d ′′) is negligible (namely, the data 

is homogeneous). 
This dissimilarity can be quantified using a specific 

distance metric m(d ′ , d ′′), which determines the disparity 

between two distributions. Formally, given an error bound 

𝛿, the dissimilarity intra-region and inter-region can be 

quantified as follows: 

∀i ≠ j, ∀d, d ′ ∈ Θi, ∀d ′′ ∈ Θj : m(d, d ′) ≤ 𝛿 < m(d, d ′′) (1) 

In A, a set of sensor nodes S = {s1, … , sn} (n ≫ |A|) are 

deployed—for instance, these sensor nodes may be 

smartphones or cameras in cars. Each sensor node is 
assumed to be capable of processing data and to have 

enough computational power to be able to participate 

in the FL process. Locally, each node i creates a dataset 
Di of samples perceived from the data distribution Θj 
of its respective region j. In this work, we consider a 

general classification task where each sample d in the 

data distribution Θj consists of a feature vector x and 

a label y. Therefore, the complete local dataset Di is 
represented as Di = {(x1, y1), … , (xm, ym)}. 

Implementation Details 
PROFED implementation is based on PyTorch [17] and 

TorchVision [18], as it has been specifically designed to 

facilitate and standardize research experiments within 

the scenario described above. PROFED provides an API 
to partition the supported datasets and to generate 

experimental scenarios that follow the proposed system 

model. In particular, given the number of regions and the 

number of devices per region, it enables the creation of 
region-aware data partitions such that devices belonging 

to the same region receive datasets sampled from the 

same underlying data distribution. This design allows 
the benchmark to reproduce realistic proximity-based 

non-IID scenarios, where data are homogeneous within 

regions and heterogeneous across regions, as illustrated 

in Figure 1. In the following, we detail the implemented 

methods to synthesize skewed datasets, the supported 

datasets and the API of the benchmark. 

Data Distribution 
As part of our analysis, we reviewed several studies in the 

literature on non-IID FL to identify and select the most 
commonly used partitioning methods. We observed 

that several works employed Dirichlet distribution 

for data partitioning. This approach results in each 

party having instances of most labels, although the 

distribution is highly imbalanced, with some labels being 

underrepresented and others heavily overrepresented. 
The degree of skewness can be adjusted using the 

concentration parameter 𝛼, where lower values yield 

more skewed distributions. In the literature, 𝛼 values 
typically range from 0.1 to 1.0, with 𝛼 = 0.5 commonly 

used for moderate heterogeneity. An example of this 
distribution, for five subregions and the MNIST dataset 
(with 10 classes), is represented in Figure 2b. The second 

data distribution considered is hard partitioning, where 

each party has access to only a subset of labels. This 
creates a significantly more skewed distribution, making 

it considerably more challenging for learning algorithm 

stability. An example of this distribution is represented 

in Figure 2c. In PROFED, we enable fine-grained control 
over the data distribution, allowing either balanced label 
subsets across regions or customizable cardinality per 
subregion. For comparative analysis, we also implement 
an IID split as a baseline distribution (Figure 2a). While 

existing approaches typically apply these partitioning 

methods directly at the device level (e.g., [31, 23]), our 
framework introduces an intermediate layer of regional 
clustering. PROFED first distributes data heterogeneously 

among subregions and then splits them homogeneously 

among devices within the same subregion, thereby 

creating clustered heterogeneity—see Figure 1. To 

support extensibility, PROFED enables custom partitioning 

based on a user-specified distribution matrix. This 
distribution is represented as an N × M matrix where N is 
the number of labels and M is the number of subregions. 
Each cell (i, j) indicates the proportion of instances with 

label i assigned to subregion j. 

Supported datasets 
PROFED supports various TorchVision datasets widely used 

in computer vision research (details in Table 1). We 

include MNIST [19] as a baseline: grayscale 28 × 28 

pixel images of handwritten digits across 10 classes. 
PROFED extends this with Fashion MNIST [32] (clothing 

items, 10 classes) and Extended MNIST [33] (EMNIST, 
Latin alphabet letters, 27 classes). For color images, 
PROFED includes CIFAR10 and CIFAR100 with 32 × 32 RGB 

images. CIFAR10 has 10 classes while CIFAR100 has 100, 
offering greater complexity. Beyond classification tasks, 
PROFED incorporates the UTKFace dataset [22], containing 

over 23,000 face images based on 200 × 200 pixel 
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Figure 2 Data distribution patterns across five subregions: (a) IID data, (b) Dirichlet (non-IID), and (c) Hard (Highly non-IID). Each color 
represents a different subregion. 

DATASET TRAINING SIZE TEST SIZE FEATURES TARGETS 

MNIST 60,000 10,000 784 10 

Fashion MNIST 60,000 10,000 784 10 

EMNIST 124,800 20,800 784 27 

CIFAR-10 50,000 10,000 3,072 10 

CIFAR-100 50,000 10,000 3,072 100 

UTKFace 20,150 3,557 120,000 [1; 116] 

Table 1 Summary of the characteristics of the datasets included 
in the benchmark. The first five datasets are designed for 
classification tasks, with target values corresponding to discrete 
classes. In contrast, the last dataset is used for a regression 
task, where the target values span a continuous range. 

RGB images, for age regression tasks. All classification 

datasets maintain balanced class distributions (e.g., 
CIFAR10 provides 6,000 training instances per class). 

Benchmark API 
PROFED has been designed with usability and ergonomics 
in mind. To achieve this, its API provides all the 

necessary methods to manage the referenced use 

case seamlessly—an example is provided in Listing 1. 

First, PROFED allows users to download the selected 

dataset directly and automatically generate training 

and validation subsets. Second, and most important, 
given a dataset and a predefined number of subregions, 
it enables users to distribute data among subregions 
following the specified distribution strategy. Finally, once 

the data distribution among subregions is established, 
PROFED facilitates the creation of datasets for individual 
devices. Each device-specific dataset is represented as an 

instance of the Subset class from PyTorch, ensuring full 
compatibility with existing learning algorithms. 

QUALITY CONTROL 
To evaluate PROFED’s effectiveness and usability, we 

conducted experiments using supported datasets 
with three state-of-the-art algorithms: FedAvg [1], 
FedProx [5], and Scaffold [4]. Data were synthetically 

partitioned using supported methods: IID, Dirichlet 
(𝛼 = 0.5), and hard partitioning. Experiments varied the 

number of subregions A ∈ {3, 6, 9}. All implementations 
utilized PyTorch with consistent hyperparameters across 
approaches. A multi-layer perceptron with 128 hidden 

neurons was trained for 30 global rounds. Each global 
round comprised two local epochs per device with 

Listing 1 An example of how PROFED is used to partition the EMNIST dataset among devices. 
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batch size 32, ADAM optimizer (learning rate 10–3, 
weight decay 10–4). Experiments were repeated with five 

random seeds for statistical robustness, totaling 120 

experimental configurations. 
All code is publicly available under a permissive license 

for reproducibility purposes.2 

Results were systematically collected during training, 
validation, and testing phases. We first established a 

baseline using homogeneous data distribution (IID) 
to assess model stability and accuracy. FedAvg was 
the only algorithm evaluated under IID conditions, 
whereas FedProx and Scaffold were not considered 

in this setting, as they are variants of FedAvg whose 

distinguishing mechanisms are specifically designed 

to address non-IID data distributions, and therefore 

provide meaningful differences primarily under 
data heterogeneity. Under IID conditions, FedAvg 

demonstrates stable convergence and achieves high 

accuracy. This stability is evident in both validation 

and testing phases. Validation convergence is shown in 

the first column of Figure 3, where accuracy increases 
monotonically toward the optimum. Test stability is 
demonstrated in Table 2, where the model maintains 
high accuracy with minimal variance. 

The critical impact of data distribution becomes 
apparent when transitioning from IID to non-IID 

conditions. Under heterogeneous data distribution, 
significant performance degradation occurs. All 
evaluated algorithms fail to handle extreme data 

skewness effectively, resulting in reduced accuracy and 

convergence instability. This degradation is particularly 

pronounced under hard partitioning. The bottom row of 
Figure 3 illustrates hard partitioning across nine regions, 
where validation accuracy drops from 80% (IID) to 

50%. Testing results exhibit similar trends. While FedAvg 

achieves stable performance above 95% under IID 

conditions, Dirichlet partitioning introduces substantial 
instability, evidenced by increased accuracy variance. 
Performance decline intensifies under hard partitioning, 
highlighting fundamental limitations of current FL 

approaches in handling extreme data heterogeneity. 
These findings indicate that state-of-the-art algorithms 
inadequately address spatially distributed data 

ALGORITHM IID DIRICHLET HARD 

FedAvg 0.95 ± 0.001 0.9 ± 0.04 0.81 ± 0.01 

FedProx 7 0.886 ± 0.04 0.86 ± 0.01 

Scaffold 7 0.889 ± 0.06 0.81 ± 0.01 

Table 2 Results on the test set for different algorithms with 
different partitioning methods. 

Figure 3 Validation accuracy results across MNIST, FashionMNIST, and EMNIST datasets using Dirichlet and hard partitioning methods. 
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challenges, necessitating further research toward more 

robust solutions. 

CONCLUSIONS AND FUTURE WORK 
In this paper, we presented PROFED, a benchmark 

designed to support reproducible and realistic evaluation 

of FL algorithms under proximity-based non-IID 

data distributions. 
The experimental results presented in this paper are 

meant to demonstrate the practical usability of PROFED 

and illustrate the types of analyses the benchmark 

enables. An important direction for future work is a 

deeper empirical investigation of when and how region-
level partitioning leads to qualitatively different learning 

dynamics compared to standard non-IID strategies, such 

as client-level Dirichlet splits. This includes studying 

convergence behavior, robustness to heterogeneity, 
and potential changes in algorithm rankings when 

considering a broader set of FL methods and more fine-
grained diagnostic metrics. Finally, future developments 
of PROFED will focus on extending the benchmark with 

additional datasets and incorporating a broader set 
of baseline algorithms, including recent approaches in 

clustered and personalized FL, to further enhance its 
generality and applicability. 

(2) AVAILABILITY 

OPERATING SYSTEM 
PROFED is platform-independent and runs on any 

operating system supporting Python 3.12 and above, 
including all recent versions of Windows, Linux, 
and macOS. 

PROGRAMMING LANGUAGE 
Python (v3.12+). 

ADDITIONAL SYSTEM REQUIREMENTS 
None. 

DEPENDENCIES 
PROFED requires torch (v2.7.0+), numpy (v2.2.2+), 
torchvision (v0.22.0), datasets (v3.6.0+), fsspec 

(v2025.3.0+), tensorflow-datasets (v4.9.9+). These 

dependencies are automatically installed when installing 

PROFED from PyPI using pip install ProFed. 
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SOFTWARE LOCATION 
Archive 

Name: Zenodo 

Persistent identifier: doi: 10.5281/zenodo. 
16367696 

Licence: MIT License 

Publisher: Davide Domini 
Version published: 0.7.3 

Date published: 23/07/25 

Code repository 

Name: GitHub 

Identifier: https://github.com/davidedomini/ProFed 

Licence: MIT License 

Date published: 23/07/25 

LANGUAGE 
English. 

(3) REUSE POTENTIAL 

Our benchmark is designed to be easily reused by 

other researchers to generate client datasets for FL 

experiments, following the various distribution strategies 
we provide. It can serve as a standardized tool for 
creating reproducible experimental setups, allowing 

comparisons across different studies. Furthermore, the 

benchmark is highly extensible: researchers can contribute 

by adding new datasets or implementing additional data 

partitioning strategies to create diverse non-IID scenarios. 
Contributions are welcome via pull requests on the 

project’s public repository, and issues or questions can 

be raised through the repository’s issue tracker. At 
present, support is provided on a best-effort basis through 

community discussion and maintainer responses, and 

researchers requiring further assistance are encouraged 

to contact the corresponding author via email. 

NOTES 

1 https://github.com/davidedomini/ProFed. 

2 https://github.com/davidedomini/experiments-2025-jors. 
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