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Abstract—Federated machine learning, often referred to as
Federated Learning (FL), is a convenient way to distribute
machine learning tasks at different nodes. FL helps keep privacy
and may save bandwidth, but comes with some peculiarities.
One key problem is the management of heterogeneity to obtain
robust and convergent models. Among the many dimensions, this
paper tackles heterogeneity by considering node selection and
workload optimization and assesses some alternative solutions
to better understand the pros and cons. We implemented them
in Flower, a flexible user-friendly FL framework, and evaluated
their performance compared to baseline techniques on an MLP
model and using the MNIST dataset with different degrees of
heterogeneity in data distribution. The results obtained provide
interesting insights on their effectiveness, convergence speed, and
stability. The goal is also to encourage the community to extend
the experiments and play with different strategies, features, and
characteristics.

Index Terms—federated learning, heterogeneity, node selection,
workload selection, assessment.

I. INTRODUCTION

Federated learning (FL) is emerging as a paradigm for
addressing privacy concerns and maybe helping save band-
width, by supporting machine learning training and inference
on distributed nodes [1f]. FL offers distinct advantages over tra-
ditional ML, including reducing latency (during inference) and
improving privacy (during training) by minimizing data shar-
ing and keeping potentially sensitive information locally [?2],
[3. The participating nodes retrieve the initial —-perhaps
empty— model from a central server, conduct model training
with their local data, and subsequently communicate the
weights of the resultant model back to the server. The weights
are then aggregated and the process is repeated iteratively to
meet set qualities of service.

Needless to say, FL introduces its own problems, and the
management of heterogeneity is a key concern [2], [4]]. Statis-
tical heterogeneity can impede model convergence and arises
from the non-IID (non-independent and identically distributed)
nature of data in different nodes, coupled with significant
variations in the sizes of local data samples and influenced
by individual behaviors [3]], [6]. On the other hand, system
heterogeneity encompasses variations in node attributes, such
as computational capabilities, memory, energy availability, and
environmental factors (e.g., network speed and reliability) [4],
[7], [8. In contrast to the relatively uniform and robust
machines used in traditional approaches, FL contends with
diverse and less predictable system conditions.

To address these challenges, we must consider factors such
as the quality, size, and distribution of local data, compu-
tational resources, and node availability to improve node
selection and resource management in the federation, mitigate
the impact of slower nodes, and improve the learning process.
Solutions that do not consider the evolution of the learning
process ( [2]), or that do not consider the heterogeneity of
nodes [9], do not always pay off.

This paper studies statistical heterogeneity by considering
node selection and workload optimization techniques. It evalu-
ates the performance of four different well-known algorithms
for node selection (Dynamic Sampling, pow-d, cpow-d, and
rpow-d), along with FedAvg as baseline for comparison. It also
considers system heterogeneity by assessing the performance
of four workload optimization techniques (Static Optimizer,
Uniform Optimizer, Round Time Optimizer, and Equal Compu-
tation Time Optimizer). We implemented all these techniques
in Flower [10], a flexible FL framework that supports experi-
mentation with a variety of learning algorithms and federation
setting We then performed a thorough evaluation on an MLP
model and using the MNIST dataset with different degrees
of heterogeneity in data distribution. Flower offers a built-in
simulation engine to facilitate experimentation and validation
of diverse scenarios.

The remainder of the paper is organized as follows. Sec-
tion Il illustrates the strategies considered in the paper for node
selection and workload optimization. Section [[II| discusses the
assessment of the different strategies. Section surveys the
related work, and Section |V| concludes the paper.

II. NODE SELECTION AND WORKLOAD OPTIMIZATION

This section provides a brief introduction to the algorithms
implemented and analyzed in this paper. These solutions are
mainly well-known algorithms taken from the literature and,
partly, come from our previous work.

A. Node Selection

Besides random selection, which remains a widely used
solution, more appropriate selection strategies can signifi-
cantly improve performance. These solutions exploit non-
sensitive nodes’ metadata: for example, the quality and size
of local samples, availability of computational resources, or
even battery life. With this information, the server can make

IThe code and data used in this paper are available at: https://zenodo.org/
records/13987517
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more informed choices about node selection and speed up
the convergence of training, or maintain similar performances
using fewer nodes at each round, and save resources.

We consider four strategies for dynamic node selection: Dy-
namic Sampling, pow-d, cpow-d, and rpow-d. Flower provides
a built-in implementation of FedAvg, and we used it as a
baseline for comparison. We implemented the others as custom
Strategies to facilitate comparison and reproducibility.

All strategies assume a framework of N nodes and a central
server. Training evolves through multiple consecutive rounds
t =1...R. Each node k has a unique local dataset Dy, of size
sr. The sum of the sizes of all local datasets is s = Zszl Sk,
and py = sp/s is the fraction of the total data at node k.

FedAvg combines local stochastic gradient descent (SGD)
at each node with a server that performs model averaging [2].
In each round ¢, the server sends the weights w? of the global
model, which might initially be empty, to the selected nodes
K, where K C N. The fraction C = N/K of selected nodes
(called sampling rate) is set beforehand and remains the same
throughout all rounds.

Each node k trains the global model locally and adjusts its
weights through: wit! = w! — nVF(w'), where 7 is the
learning rate and F}, the loss function. These weights are sent
to the server, which averages them to compute the new global
model:

K
t+1 _ t+1
witt = g Dk - Wy,
k=1

Dynamic Sampling overcomes FedAvg’s static nature by
dynamically adjusting the number of nodes selected in each
round [9]]. FedAvg defines the sampling rate C' at the beginning
and keeps it until the end. In contrast, Dynamic Sampling starts
with a high sampling rate, that is, many nodes are selected, and
gradually reduces it in each round to accelerate convergence.
As the federated model matures, fewer nodes participate: This
helps ensure convergence and saves communication resources.
The sampling rate of the nodes is governed by a decay
coefficient 8. If C' is the initial rate, C; = C/exp(ft), and
thus the higher ¢, the fewer nodes are selected in each round.

Power of choice solutions aim to select nodes dynamically
based on their local losses to achieve faster convergence [[11].
The server seeks to collectively find the weights w that
minimize the global loss function:

K

F(w) = p- Fiy(w)

k=1

where Fj,(w) represents the loss function of node k.

These solutions dynamically select the nodes with the high-
est loss during training, following the intuition that the nodes
with the highest loss can contribute more to the global model.
Prioritizing them allows one to achieve a faster convergence
speed. More specifically, when a server adopts a Power of
choice solution, it performs three steps:

o Samples a candidate set of nodes choosing each node k
with probability p; equal to the fraction of the data at
node k. This means that nodes with more data are likely
to be selected.

o Sends the global weights w' to the nodes to calculate
their local losses FJ(w?).

« Forms the active set of nodes by choosing those with the
highest F(w?).

Pow-d, also known as mpow.d, is the base variant of this
way of working and computes local losses considering the
complete local data set Dy. Its two primary drawbacks are
that it requires a preliminary phase in which each node & uses
the entire local data set Dy, which requires time and resources,
and all nodes communicate their local losses to the server in
every round, which requires additional communication. Cpow-
d [11] addresses the first limitation by estimating local losses
by means of uniformly and randomly sampled mini batches
of Dj. This improves efficiency by reducing computational
requirements, although at the expense of a potential loss of
representativeness. Rpow-d addresses both the computation
and communication costs [11]]. It skips the initial sampling,
the nodes compute their cumulative average loss through local
iterations, and the server uses these values to select the nodes.
For nodes that have never been selected before, the most recent
loss value is set to oo.

B. Workload Optimization

Since nodes can be heterogeneous and can supply different
resources, the workload each node can manage at each round
must take it into account. To fine-tune the workload assigned
to each node, we consider three parameters that influence
the amount of computation required in each round: number
of epochs E, batch size B, and fraction of samples r. We
then consider four different optimization techniques: Static
Optimizer, Uniform Optimizer, Round Time Optimizer, and
Equal Computation Time Optimizer.

Static Optimizer is a naive strategy that statically config-
ures epochs, batch sizes, and fraction of samples, treating all
nodes uniformly. This basic solution, which does not consider
node-specific features, is our baseline.

Uniform Optimizer assigns epochs, batch sizes, and frac-
tion of samples to nodes by drawing from uniform distribu-
tions within specified ranges. Given a node k, the number
of epochs Fj, the batch size Bj and the sample fractions
r, are drawn uniformly from a range of predefined values
in [valyin, valmas). This way one can cope with workload
heterogeneity, but does not adapt the workload to the specific
needs of each node.

Round Time (RT) Optimizer configures batch sizes and
sample fractions with predefined values. In contrast, for each
node k, the number of epochs Ej, is assigned proportionally
to its computational power, measured in iterations per second
(IPS). The node with the highest IPS is assigned the max-
imum epochs FE,,,, from a range of values. This approach
optimizes learning by selecting a higher computational load



TABLE I: Default parameters for the experiments.

Parameter Symbol  Value
Number of nodes N 100
Number of rounds R 100
Number of epochs Ey, 4
Batch size By 32
Fraction of samples Tl 1.0

for faster nodes and can select the workload according to the
computational capacities of the nodes.

Equal Computation Time (ECT) Optimizer configures
epochs, batch sizes, and sample fractions based on a fixed
desired computation time 7" and the IPS values I P.Sy of each
individual node k. Local iterations at the node are calculated
as I, = T - IPSk. The epochs at node k can be calculated
as Ey = I - B/sg - r, where s is the size of the data
at node k, and the batch size B and sample fraction r are
set to default values. Similarly, one could work on B and 7,
and consider the defaults for the other values. The choice of
the variable parameter depends on the scenario: for example,
varying sample fractions may imply inadequate updates for
low IPS, while increasing batch sizes may stress limited
memory, and excessive epochs can lead to over-fitting. This
approach ensures equal computation time among nodes and
addresses resource variations.

III. ASSESSMENT

This section describes the experiments we performed to
evaluate the different strategies and the results we obtained.
There are many ML tasks that can be carried out in an
FL setting. This work focuses on image classification, since
it is a widespread and popular activity, and the sensitive
nature of images in certain contexts (e.g., healthcare) makes
it particularly attractive for privacy-aware solutions [[12]-[14].
Numerous open data sets are available [15]], [[16]], and image
classification tasks often involve non-IID data, that is, a
realistic challenge for FL models [[17], [[18]]. We considered
a multi-layer perceptron (MLP) with two hidden layers of 64
and 30 neurons, respectively. Dropout is applied after the first
hidden layer, and the input is represented by the flattened
image. All experiments were run with the built-in Flower
simulation engine, on a M2 Apple MacBook equipped with
64GB of RAM. Table [ summarizes the default values of the
FL parameters common to all experiments.

The experiments exploited the MNIST data set [16]. It
comprises 28x28 pixel images of handwritten digits, with
60,000 images for training and 10,000 for testing, distributed
across 10 classes corresponding to the digits from O to 9. We
tested 100 nodes and used 100 rounds. We tried to simulate
realistic data distributions to address data heterogeneity among
nodes [4]|-[6]]. We adopted the method proposed by Hsu et
al. [19] that uses a configurable Latent Dirichlet Allocation
(LDA) distribution based on parameter Dirg («) to construct
heterogeneous data partitions among nodes, with parameter «
that controls the degree of data heterogeneity: if « — oo all

clients have identical distribution, and o« — 0 each client holds
samples from only one class. We experimented with o equal
to 0.5, 1, 10, and 100, that is, from very unbalanced data to
very stable one Note that « influences both the number of
samples in each partition and the balance of samples among
classes.

A. Obtained Results

The evaluation considers the overall training loss and the
final and maximum test accuracy of the aggregated models.
For workload optimization, we also present two additional
metrics to assess the improvement in the convergence speed
of the global model: the maximum training time among the
nodes 7,4, and the variance of training times S2. Both are
averaged over the training rounds. To compute these last two
metrics, we first estimate the number of iterations per node
as: I, = (sg - ri/Bg) - Ex. We estimate the execution time
for each node as Ty = Ij,/IPS) (recall that [ PS}), describes
the computational power of node k in terms of the number
of iterations per second). Then, we compute the maximum
training time among nodes:

R
1
Trae = = tz:; max(Ty,)

where R is the total number of rounds (in our case 100).
Similarly, the variance of training times among nodes is as
follows:

where o2 is the variance between nodes per round:

1 K
2:7 T_ 2
o K};(k 1)

B. Node Selection

Table [[] shows the results obtained. Power of choice strate-
gies (pow-d, cpow-d, rpow-d) demonstrated effectiveness, par-
ticularly in unbalanced datasets, outperforming FedAvg (rand)
in terms of both convergence speed and stability. Dynamic
Sampling, although rapidly converging, showed an instability
in performance over time, especially in the last rounds of
simulation. This can be attributed to the idea of initially
involving a large number of nodes and gradually reducing
them, which may affect the long-term stability of the model.
Dynamic Sampling shows the best performance with large «’s,
that is, with balanced data distributions.

Figure [T plots the evolution of test accuracy of the different
strategies for the overall trained model. The two figures show
the two extreme cases with « = 0.5 and a = 100, and we
can easily see that the unbalanced data distribution implies
fluctuating accuracy.

2We also carried out experiments with other values, but the four values
presented here provide a fair summary of all results.



TABLE II: Node selection strategies (best results in bold).

« \ Strategy Max Acc  Final Acc  Training Loss
rand 0.9276 0.9276 0.2485
5 dyn samp 0.9315 0.9315 0.2350
’ pow-d 0.9354 0.9126 0.2744
cpow-d 0.9354 0.9340 0.2153
rpow-d 0.9110 0.9039 0.3152
rand 0.9259 0.9226 0.2636
1 dyn samp 0.9240 0.8636 0.4376
pow-d 0.9409 0.9409 0.1949
cpow-d 0.9395 0.9395 0.2072
rpow-d 0.9208 0.9132 0.2825
rand 0.9218 0.9218 0.2696
10 dyn samp 0.9355 0.9229 0.2788
pow-d 0.9215 0.9211 0.2737
cpow-d 0.9269 0.9269 0.2562
rpow-d 0.9185 0.9179 0.2741
rand 0.9250 0.9250 0.2670
100 dyn samp 0.9337 0.9337 0.2178
pow-d 0.9222 0.9222 0.2708
cpow-d 0.9225 0.9225 0.2762
rpow-d 0.9236 0.9236 0.2760
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Fig. 1: Accuracy evolution over time (dynamic node selection).

C. Workload Optimization

Table [ presents the results obtained with the workload
optimization strategies discussed above, together with pow-d
for node selection, given its very good performance. Static
and RT performed consistently well in terms of accuracy
in the different settings and indicated their robustness. The
former obtained the best accuracy performance in general,
but the ability of the latter to optimize the workload to the
different nodes makes it a closer and more efficient competitor.
This is confirmed by comparing the time results expressed by
Trae and S%: While Static obtained the worst results, RT
shows comparable accuracy with significantly lower average
maximum execution time and variance among nodes. The
ECT, despite the excellent results with time metrics, suffers
from lower accuracy, regardless of the degree of heterogeneity
of the data. The random approach to the distribution of the
workload of uniform resulted in poor overall performance and
highlighted the need for strategies that take into account the
characteristics of each node, such as computational power and
the size of the data sets.

Figure 2] presents the evolution over time of the accuracy of
all optimization strategies with the two extreme values for a.
Although the general trend, fluctuation over more stability,
is the same as before, the differences among the different
optimizers are evident, with RT being consistently the best
among the dynamic approaches.

Furthermore, Figure [3| compares the four strategies in terms
of variance among nodes’ S? and mean maximum execution
time 7,4, during the 100 training rounds. This figure once
again highlights the excellent stability and convergence speed
of ECT, and the similarities between Uniform and RT in
keeping variance and maximum execution time low, while
Static highlights significant spikes and fluctuations.

TABLE III: Workload optimization strategies (best results in
bold).

a | Strat. M. Acc  F. Acc  Tr Loss | Trmax S2
static 0.9240 0.8932 0.3447 34.57 171.21

05 uniform 0.8932 0.8921 0.3978 5.98 4.53
: RT 0.9099 0.8338 0.4968 16.72 35.76
ECT 0.8641 0.8526 0.5310 1.85 0.44

static 0.9300 0.9215 0.2693 28.08 75.76

1 uniform 0.8902 0.8711 0.4336 7.51 6.52
RT 0.9121 0.8881 0.3632 11.29 12.16

ECT 0.8787 0.8766 0.4743 1.85 0.30

static 0.9257 0.9247 0.2650 13.51 8.93

10 uniform 0.8712 0.8712 0.5023 4.22 1.61
RT 0.9057 0.9049 0.3292 6.14 1.60

ECT 0.8697 0.8697 0.4963 1.85 0.01

static 0.9222 0.9212 0.2723 12.65 6.82

100 uniform 0.8549 0.8549 0.5519 3.55 1.02
RT 0.9053 0.9053 0.3309 5.37 0.64

ECT 0.8762 0.8762 0.4634 1.87 0.01

In general, the experiments highlight the importance of
strategic node selection and workload distribution in FL to
achieve more effective and stable model training.
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Fig. 2: Test accuracy evolution over time (workload optimiza-
tion).

D. Threats to Validity

Although FL is frequently used to train models on large
amounts of data, our experiments employ a relatively small
data set. This choice allowed us to develop a manageable
experimental environment and to run experiments faster. The
size of the data set we used is sufficient to generalize the
results obtained, but our findings may be different with larger
data sets. Another key challenge lies in reproducing the
degree of heterogeneity. Although we relied on state-of-the-
art techniques (i.e., ), we are aware that in a real-world
context heterogeneity can manifest itself in more complex and
unpredictable ways. Another factor to consider is the variation
in computational power within the federation. Despite simu-
lating the variability of computational resources among nodes,
real ones may exhibit unpredictable decreases in available
resources, with some stopping computation due to external
factors.

Experiments in real settings are key to further validate the
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Fig. 3: Maximum execution time and variance across nodes
for workload optimizers.

results presented in this paper, but we are convinced that these
results provide a significant and better understanding of the
different alternatives one must consider when conceiving an
FL-based solution.

IV. RELATED WORK

FL still has many unsolved challenges [20]]. As for hetero-
geneity different surveys have already addressed the issue from
different angles.

Zhang et al. provide an extensive review of feder-
ated learning mechanisms, emphasizing the privacy-preserving
aspect and the challenges associated with data distribution
among heterogeneous networks. Although it covers many
aspects, it does not provide any empirical comparison among
alternative solutions. A more recent survey by Mora et al.
focuses on improving the generalization of federated learning
models under the conditions of data heterogeneity. The work
systematically categorizes and evaluates various state-of-the-
art approaches and emphasizes methods to improve model
generalization across diverse client datasets. Although this sur-
vey provides a very good analysis and comparisons of various
techniques for managing data heterogeneity, its primary focus
on generalization offers a complementary perspective to our
work, which empirically evaluates node selection and work-
load optimization in detail. Another survey by Ma et al [23].



provides a systematic review of approaches to the problem
of non-I1ID data, which is closely related to our exploration
of heterogeneity management. This survey categorizes the
solutions into four primary dimensions: data-based, model-
based, algorithm-based, and framework-based. They focus
mainly on the theoretical aspects and classification of existing
methods; our work complements this by providing empirical
evaluations and comparisons of some solutions. Finally, Lu et
al. [24]] present a comprehensive survey that includes various
solutions for heterogeneity in federated learning. They address
the effect of non-1ID data on communication efficiency, model
convergence, and achieved accuracy. Again, this work is more
conceptual, while ours is a step forward and puts some
solutions into practice.

V. CONCLUSIONS

This paper analyzes and compares dynamic node selection
and resource-aware workload optimization strategies to (par-
tially) address heterogeneity in FL. Our future work comprises
the analysis of other strategies and dimensions to address het-
erogeneity, more experiments with a broader variety of tasks
from different domains (e.g., natural language processing), and
also experiments on a real edge infrastructure.

APPENDIX
Table[[V]lists the default values we used for the experiments.

TABLE IV: Default values used in the experiments.

Par. Sel. Strategy Description Value
C fedAvg, pow-d,  Fraction of nodes/round 0.1
cpow-d, rpow-d

d pow-d, cpow-d Number of nodes, first phase 20
b cpow-d Mini-batch size, first phase 64
Co dyn. sampling Initial fraction of nodes 0.2
B dyn. Sampling Sampling rate decay 0.1
Par. Optimizer Description Value
Enin uniform Minimum number of epochs 1
Fmaz uniform Maximum number of epochs 5
Bmin uniform Minimum batch size 32
Bmax uniform Maximum batch size 128
Tmin uniform Minimum fraction of samples 0.1
Tmaz uniform Maximum fraction of samples 1.0
E ECT Default number of epochs 2
B ECT Default batch size 32
T ECT Default fraction of samples 1.0
T RT, ECT Computation time for nodes 30
IPSpean RT, ECT IPS mean value 100
IPSyar RT, ECT IPS variance value 50
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