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Abstract. Data heterogeneity presents enormous challenges for Federated Learning (FL) where
data is characterized by non-independent and identically distributed (non-1ID) patterns across
participating clients. Although a prominent issue, there is a lack of comprehensive studies
regarding the efficacy of FL algorithms under different configurations of hyperparameters and
models. Three state-of-the-art algorithms were chosen to be the focus of this paper — FedAvg,
FedProx, and SCAFFOLD. Experiments of the paper study varying degrees of data imbalance
and number of local training steps to see their effects on model training results. The algorithms
and hyperparameters were evaluated using ResNet50, AlexNet, and DenseNet121 on the
CIFAR-10 dataset. Experimental results reveal that FedAvg and SCAFFOLD generally
outperform FedProx, except for the latter excelling in the scenario of extreme non-IID data
distributions in combination with minimal local training. It was also observed that models with
complex architectures like ResNet50 are more susceptible to data imbalances, while simpler
models such as AlexNet prove to be more robust. This study provides valuable insights to how
different configurations of hyperparameters affect FL in non-IID scenarios, contributing to future
development of more efficient and robust FL algorithms.
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1. Introduction
A key factor for training a successful machine learning model has always been the existence or gathering
of comprehensive datasets covering all the features one wish elicit conclusions from. Sometimes, it is a
matter of time and effort for one to collect such datasets, but there are also cases where these data are
scattered across multiple locations guarded behind laws aimed to protect privacy. For example, patient
records are strictly protected by law, consequentially hospitals only have access to a portion of the total
population when training machine learning models for tasks such as medical imaging diagnosis. This
limitation can be realized from the relatively small size of accessible dataset, as well as its lack of
capability to represent the true distribution. Ideally, collaboration between hospitals would result in a
much higher quality model, but this is prohibited by the protected nature of these medical data.
Federated Learning (FL) [1] offers an effective approach for training decentralized machine learning
models, enabling cross-silo/cross-device collaboration while preserving data privacy. In this setting, a
global model is trained on a central server by aggregating training results of local clients. This paradigm
requires no communication in the data layer, but instead processes all the model parameters trained on
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local data in some way to produce a comprehensive global model capturing the local distributions.
However, challenges regarding data imbalance comes naturally. Data heterogeneity, or non-independent
and identically distributed (non-1ID) data poses challenges to the performance of FL models, potentially
skewing model performance significantly. Data imbalances can significantly hinder the performance of
machine learning models by reducing their accuracy and reliability when applied to diverse real-world
scenarios. This reduction in model generalization can lead to suboptimal decisions and inefficiencies in
various applications. Biased models can severely undermine trust in critical systems such as healthcare.
If left unchecked, these models may produce life-altering outcomes, particularly affecting
underrepresented groups.

There have been algorithms designed to combat the negative consequences of non-IID data, as well
as studies on the efficacy of these algorithms for different machine learning tasks and levels of non-IID-
ness. However, to the extent of our knowledge, there hasn’t been a structured, experimental study on
the performances of FL algorithms under extreme non-1ID conditions across different model types. The
concept of extreme will be defined in detail in a following section of the paper. Not only were three
state-of-the-art FLL algorithms chosen to be the target of this study, namely FedAvg [1], FedProx [2],
and SCAFFOLD [3], three model types have been selected for further comparisons and investigations,
including ResNet [4], AlexNet [5], and DenseNet [6].

The performance of these models and algorithms will be compared in various scenarios characterized
by different degrees of data imbalance as well as different numbers of local training steps - a
hyperparameter lacking comprehensive experiments to prove its importance and impact on model
training. By analyzing the outputs of the experiments, including model accuracies and training time, this
paper aims to systematically study the relationship between FL algorithms, neural networks, and their
respective datasets.

The findings of this paper provide valuable insights into the behavior of these models and
optimization algorithms in the presence of data imbalances and under different training scenarios,
guiding the selection of appropriate techniques for FL. Through the different combinations of
hyperparameters, this paper aims to establish a thorough understanding of the behaviors of current FL
algorithms, contributing to the future development of more efficient and reliable algorithms capable of
handling non-IID data distributions encountered in training settings.

2. Related Works

There have been extensive studies regarding the impact of heterogenous data in the context of distributed
learning. Regarding class imbalance, Xiao et al. [7] formulated a systematic approach to its definition,
specifically categorizing class imbalance in FL into four scenarios based on two proposed metrics:
Global Imbalance Degree using Multiclass Imbalance Degree (MID) and Local and Global Relation
using Weighted Cosine Similarity (WCS). Results showed that a higher MID led to worse global model
performance, and a lower WCS not only degraded performance but also slowed down model
convergence by introducing optimization fluctuations. Xiao et al.’s work highlights the distinctions
between and impacts of global and local imbalances, suggesting that solutions targeting heterogeneity
need to tackle both appropriately to improve FL performance.

One of the solutions to address the class imbalance problem came from Wang et al. [8], which
includes two key components: inferring the degree of global class imbalance from gradient magnitudes
and sample quantities of different classes, and a loss function called Ratio Loss where it introduces
class-specific weights based on gradient ratios of classes to modify the cross-entropy loss. Ratio Loss
increases the contribution of minority classes to the overall loss to mitigate class imbalance without the
need for clients to share local data distributions.

Li et al. [9] presented a comprehensive study on four different FL algorithms under non-IID settings,
filling in the hole for a systematic evaluation and comparison of the algorithms, some of which proposed
to address the challenges of working with non-IID data. This paper categorizes data heterogeneity into
three types: label distribution skew, feature distribution skew, and quantity skew. Experiments regarding
each of the three types were conducted using multiple image datasets, providing insights to the strengths
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and weaknesses of the targeted algorithms. The systematic classification of heterogeneity sheds light on
the nuances that can exist within non-1ID datasets that should be paid attention to when choosing a FL
algorithm.

Extending beyond boundaries of the studies by Li et al., this paper aims to further investigate the
impact of various hyperparameters and model architectures on the performance of FL algorithms in non-
IID scenarios. This paper seeks to provide an even more comprehensive understanding of the factors
that play into the success or failure of FL algorithms in non-IID settings, with the aim of helping
researchers make better informed decisions when selecting FL algorithms to use but also presenting
insights for the development of more robust algorithms.

3. Federate Learning Algorithms

Here are the summaries of the FL algorithms relevant to the paper including FedAvg, FedProx, and
SCAFFOLD. The latter two are variations of the first with changes made aimed to mitigate accuracy
loss caused by data imbalances. With FedAvg as the baseline, this paper studies its comprehensive
performance when using different combinations of hyperparameters, as well as compares how its
variations - FedProx and SCAFFOLD - do against their predecessor. FedProx and SCAFFOLD differ
from FedAvg by changing the loss function or adding additional parameters to restrict the updates of
the model. There exists other algorithms and techniques that accomplish similar goals of dealing with
non-IID data such as partial/full model personalization, which is out of the scope of this paper.

3.1. FedAvg

Federated Averaging (FedAvg) is one of the most popular algorithms used in FL. The framework is
shown in Figure 1. The algorithm starts by having the central server send a global model to all the clients
participating in this round of training. After all training is finished locally, these models are sent back to
the server for aggregation which for FedAvg is a straightforward average of all models. The algorithm
allows the global model to be influenced by all local data distributions otherwise not accessible amongst
all clients. Although an effective solution to data accessibility problems, FedAvg is susceptible to non-
IID data as the average operation cannot eliminate the negative effects of data imbalances. If there are
certain classes that are excessively represented across clients, then FedAvg can become biased and show
worse performance on under-represented classes.
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@ Send local models to the server
@ Update the global model
Figure 1. The FedAvg architecture [1].

3.2. FedProx

FedProx attempts to tackle the challenges brought about by heterogeneous data distributions by
extending upon FedAvg. FedProx adds an additional L2 regularization term to the local objective
function, restricting the local models to stray too far from the global model transmitted at the beginning
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of every communication round. This proximal term - hence the name FedProx - limits the size of local
updates by limiting the distance between the local and the global model, enabling FedProx to be more
stable and converge faster compared to FedAvg, especially in the non-IID settings.

min by, (w; wt) = F.(w) -I—% lw —wt]|?
v (M

Equation (1) shows the modified local objective function for FedProx. Fy represents the original local
objective function for client k; w represents local model parameters; w' represents global model
parameters at communication round t; p is the proximal term coefficient. The proximal term also allows
clients to perform more varying numbers of local updates with less worry about its effect on later
aggregations. A hyperparameter p is introduced to control the extent of the L2 regularization, typically
chosen to be in the range between 0.001 to 0.1. For this paper, this value is set to 0.01 and never changes.

3.3. SCAFFOLD

SCAFFOLD (Stochastic Controlled Averaging for Federated Learning) is another algorithm designed
to combat data imbalances in FL (Figure 2). The key idea behind SCAFFOLD is the introduction of
control variates, additional parameters used to correct client-drift during local updates. Like how the
model is trained in FL, the control variates are trained in a similar fashion. The server keeps a global
control variate that gets transmitted to each client every communication round. During local training,
the client updates its copy of the global control variate and updates the weights of the model while
considering the difference between the locally updated and global control variates. This reduces the
effect of client drift by aligning the local updates more with the global objective. At the end of the local
training, the local control variates are sent back to the server for aggregation.
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Figure 2. Correction term of SCAFFOLD to prevent client drift. x;* represents local optimum, x*
represents true optimum [3]

4. Models

The models chosen for this study are ResNet50, AlexNet, and DenseNet. The choices were made with
the aim of covering a wide range of neural networks suitable for the dataset CIFAR-10, an image
classification dataset consisting of 60,000 32x32 color images in 10 classes.

ResNet50: ResNet [4], or residual network, introduces the concept of skip connections as a solution
to the vanishing gradient problem that occurs in deep neural networks. As the model goes through back
propagation to update its weights, gradients can become extremely small due to the nature of their
calculations, preventing weights in earlier layers from being updated significantly. Skip connections
allow for a much deeper network to be trained. Specifically, ResNet50 contains 50 layers, a total of
about 23.7 million parameters.

AlexNet: AlexNet [5] represents a relatively basic deep convolutional neural network. Through the
introduction of ReLU and dropout for regularization, AlexNet was significant in its contribution to deep
learning for computer vision. This paper’s implementation added batch normalization, originally
introduced after the creation of AlexNet, as well as some adjustments to fit the smaller image size of
CIFAR-10. The paper’s implementation of AlexNet has around 7 million parameters.

171



Proceedings of the 6th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/86/20241579

DenseNet121: With dense connectivity between layers in a feed-forward fashion, DenseNet [6]
allows feature reuse throughout the network, thus creating a more compact model. DenseNet121 is a
smaller implementation of DenseNet, with around 7.8 million parameters taking into account the
changes made to fit CIFAR-10.

5. Experimental Setup

5.1. Dataset

All experiments are performed on the CIFAR-10 dataset [10], consisting of 60,000 color images of 10
classes, with the task being image classification. To extend upon the existing data, this paper uses
torchvision.transforms for data augmentation, specifically utilizing RandomCrop and
RandomHorizontalFlip, adding variations of the original images.

5.2. Hyperparameter setup & evaluation metrics

For all experiments, the batch size was set to 128, and the learning rate was set to 0.001. The number of
communication rounds is 40 for both ResNet50 and AlexNet, and 25 for DenseNetl121 due to its
increased time costs. The number of clients participating in FL is not a hyperparameter focused by this
paper and is set to 5. Cross entropy loss is used as the loss function, and Adam as the optimizer.
Specifically, for FedProx, the proximal hyperparameter p is set to 0.01. Hyperparameter-wise, the main
targets of this study are number of local steps [1, 3, 5] and alpha [0, 0.05, 0.1] which controls the extent
of imbalance generated by Dirichlet distribution. The definition of alpha = 0 will be established in a later
section as it is originally undefined.

The performances of the models will be evaluated by two metrics, the first being their accuracies on
the test set (10,000 out of 60,000 images), and the second being time taken to finish training. As one of
the goals of this paper is to help make more informed decisions when choosing which algorithms to use,
training cost in the form of time spent is included as a metric. Accuracy is calculated based on the correct
labels predicted out of the total number of test images. Time is measured from before the server sets up
anything until model evaluation on the test set finishes after the last round of communication.

5.3. Data partitioning and simulating data imbalances

Following the most common and reliable method of simulating data imbalances, the CIFAR-10 dataset
is partitioned among the clients using Dirichlet distributions for all experiments conducted in this study.
The Dirichlet distribution allows control of the level of imbalance across clients by adjusting the
parameter alpha. The lower the value of alpha, the more skewed the distribution is, therefore simulating
different levels of non-IID scenarios. Figure 3 shows examples of such distributions. As mentioned in a
previous section, alpha = 0 is not strictly defined when it comes to Dirichlet distributions. To simulate
the most extreme form of imbalance, this paper defines alpha = 0 to be the behavior of the distribution
as alpha gets infinitely close to 0, i.e. all images of the same class belong to the same client. Since the
number of classes and the number of clients is constant throughout the experiments, the implementation
of the alpha = 0 behavior simplifies randomly assigning images of 2 classes to each of the 5 clients, a
total of 10 classes.
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Figure 3. Dirichlet distributions parameterized by alpha (Picture credit : Original)

6. Results Analysis

Table 1 contains all aggregated experimental results, with all numbers rounded to one decimal place.
Each experimental configuration was performed five times, where the results were averaged, and
standard deviations calculated for accuracies. All experiments were run on the University of Virginia
CS server, which has 8 NVIDIA RTX A6000 GPUs.

6.1. Impact of non-IID data distributions

The Dirichlet distribution parameter o has a significant influence on the performances of models across
all different combinations of FL algorithms and other hyperparameters. A trend of improved accuracy
can be observed as a increases from 0 (custom defined as extreme non-IID) to 0.1 (relatively balanced).
When a = 0, results show that the accuracies are generally low across all configurations, ranging from
22.3% using ResNet50 and FedAvg with local step = 1, to 54.7% using AlexNet and FedProx with local
step = 1. We can see that data imbalance is in fact detrimental to model training results and is certainly
something that needs to be addressed. Increasing o from 0 to 0.05 usually yields substantial accuracy
increases. For example, when using ResNet and FedAvg, the accuracy for local steps =5 increased from
36.9% to 54.4%. There’s only a modest increase in data balance from a = 0 to 0.05, but what this
demonstrates is that such a minor increase can lead to significant performance gains (Table 1).

It is expected that data partitions of o = 0.1 yield the highest accuracies, and the results prove to be
consistent with such expectation. The highest accuracy for ResNet was achieved by SCAFFOLD with
local steps = 3, highest for AlexNet and DenseNet achieved by FedAvg with local steps 5, all with o =
0.1. These results demonstrate the importance of having balanced distributions in data used for model
training.

Table 1. Test accuracies and time costs of all configurations. Five trials were run for all experiments,
reporting the average and standard deviation all rounded to one decimal place. Bolded cells represent
highest accuracy within the same configuration (row)

Hyperparameter FedAvg FedProx SCAFFOLD
#
Model Type a local Accuracy Time (s) Accuracy Time (s) Accuracy Time (s)
steps
1 22.3%+6.1% 1756.7 35.3% +6.4% 19752  28.9%+8.0%  1787.3
ResNet 0 3 35.6% £ 3.4% 5073.8  20.9%=+4.0%  5713.0 36.6% +=6.4%  5149.1

5 36.9%+£59%  20253.8 222%=+3.8% 199035 40.3% =2.9% 21041.3
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Table 1. (continued)

1 28.0% + 5.5% 1757.1 37.8% = 7.9% 19643  39.1% £5.9% 1784.1
0.05 3 50.5% £ 4.5% 5082.5  35.6%=*7.0% 57362 472%+50% 51553
5 54.4% £ 9.0% 9386.4 35.5%+10.5%  9357.1 57.5%+8.9%  8356.1
1 60.5% £ 8.7% 1776.6  57.3%=+7.5%  2003.2 52.0%=+104% 1788.0
0.1 3 66.7% £+ 9.9% 51084  54.5%=+9.8% 58343  76.3% £5.6% 51553
5 69.1% £ 9.6% 10571.3  50.2%+73% 119183 69.4% =7.7% 10778.0
1 23.8% +3.4% 460.0 54.7% £2.9% 541.0 242%+2.61% 4578
0 3 49.4% = 4.3% 1351.9  48.4% =2.0% 1610.1  49.1% = 2.4% 1357.3
5 49.1% +3.1% 22304 423%+45%  2661.7 50.2% +£4.7%  2248.8
1 42.3% +7.4% 4579 56.9% + 8.6% 551.8 32.5%=+14.0%  460.3
AlexNet 0.05 3 57.2% £ 3.4% 13374 45.0% = 6.7% 1622.5  58.0% £3.9%  1336.8
5 66.9% £4.2% 2202.8  373%+62%  2709.0 66.4%+6.8%  2224.8
1 60.3% £ 8.5% 459.5 71.3% +4.2% 5544  533%=+11.0%  465.5
0.1 3 75.9% £ 3.5% 1316.5  58.8% +£4.5% 1630.8  70.9% £ 5.0% 1327.8
5 79.4% £ 3.5% 21719 65.5%+93%  2711.0  79.1%+6.2%  2206.4
1 37.0% £+ 5.3% 1284.1  40.0% +3.7% 1717.1 35.5% + 5.6% 1293.7
0 3 44.8% £ 2.1% 3800.1 355%+6.8% 52693  44.7%=+2.6%  3823.6
5 48.3% +2.4% 6327.0 31.7%=63%  8509.1 452%=+3.9%  6356.7
1 37.2% + 8.6% 1332.8  35.0%+7.5% 1807.8  27.0%+13.3%  1327.0
DenseNet 0.05 3 42.7% + 7.9% 5585.7  422%=9.7% 71654 45.9% £8.5%  5183.0
5 67.3% +£6.4%  11581.4 40.6%=8.5%  8953.7 55.8%<+11.1% 6481.1
1 44.5% +7.7% 1285.0  55.9%+4.6% 29487 63.9% +94% 23553
0.1 3 72.3% +5.3% 5149.0  525%=72%  9977.6 T4.7% x7.7%  8525.2
5 78.4% £4.9% 117882 65.3%=+11.3% 121237 77.0%=+9.9%  8974.4

6.2. Effect of local training steps

Results show that behaviors exhibited by the target models and FL algorithms vary under the change of
local training steps. The differences reveal interactions between the FL algorithms and the
hyperparameter in question, bringing attention to the importance of choosing the right value befitting of
the corresponding algorithm.

For both FedAvg and SCAFFOLD, the relationship between number of local training steps and
model accuracy generally resembles a positive correlation. There are occasions when results with local
steps = 3 beat results with local steps = 5, but not once does local step = 1 achieve the highest accuracy.
Having a higher number of local training steps means clients are likely to be closer to their local optima,
capturing more client-specific features. FedAvg does a good job of smoothing out individual client
biases during the averaging process; SCAFFOLD uses control variates to correct for client drift,
allowing it to handle more iterations of local training effectively. There is little evidence to show that
the amount of increase in accuracy when increasing the number of local steps has anything to do with
the imbalance degree. Increases of less than 10% and more than 20% can be seen scattered in the results
with no apparent trend. With respect to FedAvg and SCAFFOLD, one can safely conclude that allowing
more local training before aggregation is beneficial to model accuracies, though varying at different
amounts.

On the other hand, it is interesting to note that FedProx rarely benefits from an increase in local
training steps, even showing almost consistently worse performance as the number increases. Taking
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the results from using ResNet, the model accuracy always decreases as local steps increases with no
exception. Intuitively, this could be explained by the nature of the algorithm, where the proximal term
goes against the practice of having multiple local training steps. The L2 regularization acts more as a
restriction over multiple local steps, hindering the model from capturing the client-specific patterns,
ultimately disabling the global model to effectively aggregate the information learned.

6.3. Algorithm comparison

From the number of configurations that a FL algorithm had achieved the highest testing accuracy for,
FedAvg and SCAFFOLD do equally as well, while FedProx struggles to match the other two. FedAvg
demonstrates solid performance across the different configurations, struggling mostly with lower a
values and local steps. Despite FedAvg not addressing the problem of data imbalance in its algorithm,
results show that it does not fall significantly behind the other two, sometimes even beating them in
cases of lower a values. SCAFFOLD performs extremely well for ResNet, topping the chart for six out
of nine configurations. A potential for such a behavior could be that SCAFFOLD’s approach to correct
client drift is beneficial to deep neural networks, and possibly working synergistically with skip
connections, thus improving information flow during the learning process and yielding more effective
training even in non-IID scenarios. Results of FedProx contain a very interesting trend, that although it
generally doesn’t perform as good as FedAvg and SCAFFOLD, it exceeds in the extreme non-IID
scenario (o = 0) when local step = 1. For all three models, FedProx performs the best, even reaching an
accuracy of 54.7% when the others are only around 24%. This suggests that FedProx is most suitable
for minimum local training and highly skewed data distributions.

6.4. Model comparison

Amongst the three studied models, ResNet showed the most improvements with the increase of a,
AlexNet proved to be the most robust to data imbalances with the highest accuracies for o = 0, and
DenseNet sitting somewhere between the former two. These results show that complex model
architectures, such as ResNet compared to AlexNet, might be more prone to data imbalances.

6.5. Computational costs

The second metric of this paper is the time cost of training using each configuration, aimed to provide
insights towards the question of how much more resources are being consumed for an increase in
accuracy, if at all, in non-IID scenarios. FL algorithm wise, FedProx generally takes the longest time
due to the calculations of the proximal term. Between FedAvg and SCAFFOLD, the numbers are rather
similar, with SCAFFOLD usually taking a bit longer as it requires some extra calculations with the
control variates. Model wise, AlexNet is the fastest to train due to its simpler architecture, and DenseNet
being the slowest because of its dense connectivity and memory costs. This comparison is based on
normalized time costs by dividing the average time taken per communication round by the number of
parameters in millions, presented in Table 2.

Table 2. Metadata of experimental results

FedAvg

FedProx

SCAFFOLD

Average time taken per

ResNet50
(23.7M param.)

43.9s
(1.85s/ 1M param.)

49.4s
(2.08s / 1M param.)

44.7s
(1.89s / 1M param.)

communication round (c AlexNet 11.5s 13.5s 11.4s
0, local step = 1) (7.0M param.) (1.64s/ 1M param.) (1.93s/ 1M param.) (1.63s/ 1M param.)
DenseNet121 32.1s 42.9s 32.3s
(7.8M param.) (4.12s/ 1M param.) (5.50s / 1M param.) (4.14s/ 1M param.)
Counts of highest accuracy 11 5 11
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7. Conclusion

This comprehensive study of FL algorithms under various non-IID settings, specifically the analysis of
test accuracies and time costs of models with different combinations of data imbalance levels, number
of local training steps, and model types, presented several insights. First, the degree of imbalance
characterized by the parameter significantly impacts model performances across all configurations,
consistently causing an increase in accuracy as a itself increases. Second, the number of local training
steps demonstrated its different effects depending on the FL algorithm used, benefiting FedAvg and
SCAFFOLD but mostly detrimental towards models utilizing FedProx. Third, model architecture plays
an important role in handling data imbalances. Simpler models are more robust towards skewed data
distributions and complex models prove to suffer more from them. Further research questions come
naturally from this study, such as adding more varying hyperparameters in the configuration and
studying the differences in behaviors. The number of clients was restricted to five throughout this study
but could be changed to see how it impacts performance. Findings of this paper contribute to a deeper
understanding of FL algorithms’ performances under various non-IID conditions and offer insights for
practitioners in selecting fitting configurations for specific use cases.
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