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Abstract: The proliferation of edge devices and advancements in Internet of Things technology have
created a vast array of distributed data sources, necessitating machine learning models that can
operate closer to the point of data generation. Traditional centralized machine learning approaches
often struggle with real-time big data applications, such as climate prediction and traffic simulation,
owing to high communication costs. In this study, we introduce random node entropy pairing, a
novel distributed learning method for artificial neural networks tailored to distributed computing
environments. This method reduces communication overhead and addresses data imbalance by
enabling nodes to exchange only the weights of their local models with randomly selected peers
during each communication round, rather than sharing the entire dataset. Our findings indicate
that this approach significantly reduces communication costs while maintaining accuracy, even
when learning from non-IID local data. Furthermore, we explored additional learning strategies that
enhance system accuracy by leveraging the characteristics of this method. The results demonstrate
that random node entropy pairing is an effective and efficient solution for distributed learning in

environments where communication costs and data distribution present significant challenges.

Keywords: artificial intelligence; decentralized distributed computing; artificial neural networks;
communication cost; data distribution

1. Introduction

The growing utilization and advancement of artificial intelligence (Al) across various
applications have sparked significant interest in using Al to process large datasets [1,2].
However, managing big data that exceed the processing capabilities of current systems
presents substantial challenges for machine learning (ML) and data mining techniques [3].
This is particularly evident in fields such as climate prediction, earthquake simulation, and
traffic simulation, where real-time processing of vast, continuously collected datasets is
crucial [4-7]. To overcome these challenges, research efforts have increasingly leveraged the
exceptional scalability of distributed computing. Distributed big data processing technolo-
gies, such as Hadoop MapReduce and Spark, have been successfully implemented in cloud
computing environments. However, exchanging large volumes of data generated by emerg-
ing big data technologies, including Al, can significantly strain existing communication
networks [8-11].

These methods [12-15] still rely on broadcasting, which increases dependency on a
central server, making the overall system performance highly dependent on the server’s
capabilities. In addition, addressing issues at the hardware switch level can lead to compat-
ibility issues with various applications and raise concerns regarding communication costs
in a server-centric centralized approach [16]. Many large-scale communication models,
including the federated learning models, use the message passing interface (MPI). Differ-
ent communication types incur varying costs depending on the communication model.

Electronics 2024, 13, 4193. https://doi.org/10.3390/ electronics13214193 https://www.mdpi.com/journal/electronics


https://doi.org/10.3390/electronics13214193
https://doi.org/10.3390/electronics13214193
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0000-0001-5344-7015
https://orcid.org/0000-0002-2782-4697
https://doi.org/10.3390/electronics13214193
https://www.mdpi.com/journal/electronics
https://www.mdpi.com/article/10.3390/electronics13214193?type=check_update&version=1

Electronics 2024, 13, 4193

2of 16

However, broadcasting incurs significantly higher communication costs than other types of
communication [17,18]. Adopting a peer-to-peer (P2P) communication approach for data
transmission can alleviate network traffic problems and mitigate issues associated with
bottlenecks [19].

Moreover, even with the reduction in communication costs, the overall learning
efficacy in a decentralized system may still be compromised due to imbalances in non-
independent and identically distributed (non-1ID) data held by individual nodes [20]. To
address the global imbalances in the data used for distributed training, a data augmentation
strategy was introduced in [21]. However, excessive reliance on data augmentation may
add computational overhead on the local nodes, potentially contributing to noise in the
learning process. Moreover, when dealing with non-IID data, the overall accuracy of
the system can be significantly affected by the batch size. This is because variations in
data distribution across different mini-batches may lead to fluctuations in the statistical
estimates that are critical for batch normalization [22,23]. In the presence of non-IID data,
such fluctuations can reduce the effectiveness of batch normalization.

In this paper, we propose a novel method for training artificial neural networks
(ANNSs) within a decentralized distributed computing system. Our approach aims to
reduce communication costs while maintaining accuracy through weight sharing via
random node pairing based on node entropy. This technique enables each local node to
effectively utilize its local data. Periodically, after a local node completes a training cycle,
its model-weighted parameters are shared and updated with a randomly selected local
node. This pairing approach enables all the nodes in a distributed computing system to
probabilistically update their models, thereby gaining access to global data information.

We compared the proposed random node entropy pairing (RNEP) method with
existing techniques, such as applying global weights to local node models. Our method
facilitates parameter exchange without extensive data transmission, thereby reducing the
communication costs. Furthermore, in scenarios where local nodes encounter challenges
due to imbalanced data or data scarcity, exchanging weights with other nodes allows local
nodes to learn global features. This approach minimizes accuracy loss in local nodes while
maintaining high accuracy for locally abundant data.

The RNEP method is well suited to diverse industry use cases, providing distinct ad-
vantages. In heterogeneous IoT networks, RNEP effectively mitigates challenges associated
with non-IID data distributions, enhancing model accuracy and fairness. In healthcare,
where collaborative machine learning must contend with data privacy and varied data
distributions, RNEP’s entropy regularization allows secure cooperation among institutions,
leading to more generalizable models. Additionally, RNEP demonstrates utility in local
sensor network environments such as wildfire monitoring systems, where low-power
devices operate independently [24]. By enabling efficient operation on these low-power
devices, RNEP facilitates continuous monitoring and real-time data analysis, which are
critical for timely response in wildfire detection and prevention.

The second chapter provides an in-depth exploration of decentralized distributed
computing, focusing on updates to the weight parameters of node models and a comparison
of communication costs, followed by a discussion of related work. In the third chapter, we
compare our experimental results with existing methods, detail the experimental setup, and
summarize our findings. The fourth chapter concludes the paper with research discussions
and a strategic outlook.

2. Related Works

Owing to the substantial parameter size of state-of-the-art artificial intelligence (AI)
algorithms based on deep learning, a significant exchange of intermediate data between
nodes is often required. The approach presented in [12] addresses this challenge by par-
titioning a large dataset at the server level and transmitting only the necessary feature
vectors to the nodes for overall training, thus eliminating the need to divide the data across
local nodes. In [13], an asynchronous global weight update (AGWU) mechanism was
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introduced to reduce synchronization time between nodes and enhance the efficiency of
distributed training. The method in [14] focused on a decentralized approach in which
each node trains solely on its local dataset, computes local output weights, and updates
the global model using a decentralized average consensus (DAC) method. In addition,
the authors of [15] proposed a technique in which multiple training steps are conducted
locally before the parameters are updated on the server, thereby further optimizing the
communication overhead in distributed training scenarios.

The authors of [14] proposed a distributed learning algorithm for random vector
functional link (RVFL) networks, designed to operate in a decentralized manner without
reliance on a centralized server in a distributed ML environment. The algorithm functions
in a fully distributed manner, utilizing a DAC and an alternating direction method of
multipliers (ADMM). It computes a common learner model for local datasets and optimizes
overall system performance. However, in [14], uniformly classified training data were
distributed to all nodes without investigating the performance of the local nodes using
unbalanced class data.

The bi-layered parallel training (BPT-CNN) method in [13] introduced a structure that
utilizes multiple processors for the parallel processing of large-scale training by partition-
ing the convolutional layers and local weights of the CNN model. Utilizing a separate
parameter server, this approach reduces the computation time by calculating global weights
using locally computed weights from local processors. However, data transmission to
each processor is necessary during task allocation based on processor capabilities using
task management at the main server, resulting in relatively higher communication costs
compared to cases where only parameters or class feature vectors are transmitted.

In federated learning approaches, computations are typically performed by local
clients with only the parameters aggregated by a central server. Although this decen-
tralized approach avoids the need to centralize large datasets and enables pattern esti-
mation, it is susceptible to imbalanced data or non-IID distributions. FedAvg [25] ad-
dresses some of these challenges by introducing parameter averaging. However, these
techniques may still suffer from significant communication overhead and accuracy degra-
dation in non-IID settings.

In [12], a method was proposed for normalizing local training processors using glob-
ally averaged feature vectors without transmitting local data from regional hospitals for
COVID-19 detection purposes. Instead of transmitting the model parameters, globally
averaged feature vectors for each class on the local node are transmitted, thus reducing
communication load. However, when deriving globally averaged feature vectors using the
local feature vectors for each class, issues may arise if the data available to the local node
are unbalanced, leading to either insufficient or excessive influence on the global model.
Additionally, sending parameters to a central server and broadcasting updates to clients
increase communication costs. Ongoing research focuses on addressing these challenges by
quantifying the uncertainty or randomness of random variables using entropy [26-29].

FedEntropy [30] is an efficient federated learning approach designed to improve
classification accuracy in non-IID scenarios. By employing a maximum entropy judgment
method, FedEntropy selects and aggregates local models that maximize the overall entropy,
thereby enhancing the global model accuracy and reducing communication overhead.
However, this approach relies on a central server for computations and client updates.
In contrast, our proposed method, RNEP, minimizes communication requirements by
leveraging a random node pairing mechanism, which maintains accuracy even with non-IID
data distributions. This approach not only complements federated learning by providing a
robust alternative for decentralized learning but also enhances its applicability in scenarios
where data heterogeneity is prevalent.

In the distributed computing environment of an ANN, communication cost is another
important performance metric. Communication cost is expressed in terms of time complex-
ity, which refers to the maximum time taken by any local node in the system to execute an
algorithm and communicate the results. In cases involving asynchronous communication
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between nodes, it is defined as the interval between the time slots when the algorithm
starts and ends within the overall algorithm time slot [31]. In the context of communication
costs, a single time slot represents either a transmission or reception message. Each node
calculates this cost based on its own clock and does not usually declare a communication
cost dependent on synchronous timing [32].

Communication costs can significantly increase with the growth of nodes and data
when using broadcasting methods. Recent research indicates that compared to the
O(Alogn + log®n) time slots required by each node in the broadcast approach, P2P commu-
nication incurs a communication cost of O(m) time slots when messages are sent directly
to recipients on arbitrary labeled nodes [31-33]. Here, m denotes the aggregate number of
support vectors across all local models. Considering the relationship between the node’s
neighbor count A, node count 7, and the total number of support vectors m, the complexity
of the broadcast method may exceed O(m). While O(Alogn + log?n) responds logarith-
mically, and with a squared logarithmic term to A and n, m reacts directly to the node’s
neighbor count. As a result, the complexity of the broadcast method can increase more
rapidly than that of the P2P method as the value rises. These empirical findings underscore
the advantages of P2P communication over traditional broadcast methodologies. The
broadcast scheme requires each node to disseminate messages to all the participating nodes,
resulting in significant communication overhead [34].

By contrast, P2P communication facilitates the direct messaging of designated nodes,
thereby reducing communication costs. Although communication costs escalate when each
node in the entire group broadcasts, exchanging information through P2P communication
results in remarkably lower communication costs than broadcasting. Even as the total
number of nodes increases, the difference remains significantly smaller, underscoring the
efficiency of P2P communication in minimizing communication costs.

Centralized distributed computing systems, such as distributed cloud computing,
involve a central server or controller that manages the overall data processing and tasks
and mediates communication among all system nodes. This approach mitigates bias in
the overall data and allows control over the learning volume based on node learning
speeds [35]. However, it relies heavily on a central server, and its performance significantly
impacts the entire system’s learning. Performance degradation due to bottlenecks remains
a concern [36]. By contrast, decentralized computing enables individual nodes to manage
learning and data, thereby enabling local data processing. It offers high scalability, facilitates
easy addition or removal of nodes, lowers communication costs, and enables fast data
processing in real time. However, data biases may arise at the node level, and evaluating
the reliability of the weight information for an objective function at the system level can be
challenging [37].

The Canadian Institute for Advanced Research-10 (CIFAR-10) dataset [38] consists
of 60,000 32 x 32 color images and is commonly used as a benchmark to evaluate model
performance in image classification. The dataset comprises 10 image classes. Despite
its relatively low resolution, the CIFAR-10 dataset includes a wide variety of objects and
scenes with distinct features. This diversity makes the dataset suitable for assessing general
model performance.

Imagenette [39] is a subset of 10 easily classified classes from the ImageNet dataset.
We used full-size images, cropped them to 90 x 90 pixels, and used the data for our
experiments. This selection offers a simpler benchmark for model evaluation than the full
ImageNet dataset, enabling efficient model performance testing. The 90 x 90 cropping
ensured a uniform input size, which reduced computational overhead and accelerated the
training process.

ResNet-18 [40], a deep neural network model introduced by He et al. in 2015, has
become the cornerstone of image classification and recognition tasks. As a part of the
ResNet series, this model employs residual learning to effectively address the vanishing
gradient problem that often occurs in deep networks. Comprising 18 weight layers, ResNet-
18 features residual blocks that enable direct connections between inputs and outputs. This
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architecture has proven highly effective across a range of computer vision tasks and is
frequently used in experiments owing to its reliability.

3. Proposed Methodology

We conducted experiments aimed at reducing node-specific losses while incorporating
global weight updates. Our method, called random node entropy pairing (RNEP), ran-
domly pairs the nodes within a cluster to exchange and update weights. The exchange
process is guided by the model weights and entropy values of the local data at each node.
By considering entropy, the updates are more reflective of the diversity of data across nodes,
ensuring the unique characteristics of the local datasets are preserved.

Figure 1 illustrates the RNEP system process. Each node operates independently with
its local data and model, calculating entropy based on the data distribution and updating
model weights accordingly. When nodes are paired, they exchange entropy values and
model weights, which are then normalized to maintain consistency. The normalized
weights are used to update the local models, gradually aligning them with the global model
distribution. This repeated interaction ensures that all nodes contribute to and benefit from
the shared learning process, achieving convergence over successive communication rounds.
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Figure 1. RNEP system pair node process.

i

This approach strikes a balance between preserving the local model performance and
achieving global consistency, addressing the challenges posed by non-IID data. Conse-
quently, the learning process becomes more adaptive and equitable, improving the overall
model accuracy while effectively reducing node-specific losses.

3.1. Random Node Pairing

In this decentralized distributed system, multiple edge devices serve as nodes, each
with its own local data and corresponding model weights. In each communication round,
two nodes are randomly selected and paired. The paired nodes exchange the model
weights and share the entropy of their local data distribution. This random pairing and
exchange process in each round helps the model weights across all the nodes converge
gradually. As nodes repeatedly interact and share information, the local model weights
at each node begin approximating the global weight distribution. Ultimately, despite the
decentralized and distributed setup, each node increasingly reflects the global model as the
communication rounds progress.
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3.2. Weight and Entropy Exchange

Entropy was used to adjust the weight updates between nodes. The entropy calculation

method is as follows: ;

H(X) = =} p(xi)log p(xi) ()
i=1
where H(X) represents the entropy of data distribution X, and p(x;) is the probability
of occurrence of the iy, value in the local dataset. By implementing RNEP, we aim to
maintain the diversity and specific features of local datasets, thereby improving the overall
performance of the global model.

Entropy acts as an indicator of the non-IID nature of the data at each node. Higher
entropy reflects a more diverse local dataset, making it closer to the IID and more repre-
sentative of the global distribution. In contrast, lower entropy indicates a more skewed or
biased dataset, signifying a higher degree of non-IID data.

The PairingExchange procedure in Algorithm 1 enables the exchange of entropy values
and model weights between two pairs of nodes. The current node’s weight and entropy are
stored as weightl and entropyl, while the paired node’s weight and entropy are received
using the ReceiveWeight and ReceiveH functions. The functions ReceiveWeight and Re-
ceiveH facilitate data exchange between paired nodes. These functions are implemented
using the MPI communication primitives provided by the mpidpy library, which is built
on OpenMPI. Specifically, comm.recv(source = dest_rank) is used to receive data from a
designated source node, allowing each node to efficiently obtain entropy and weight values
from its paired node.

Algorithm 1 PairingExchange: Paired Node Exchange in RNEP

1 PROCEDURE PairingExchange(selfNodeIndex: INTEGER, nodePairedIndex: INTEGER)
2 DECLARE entropyl, entropy2: REAL

3 DECLARE weightl, weight2: WEIGHT

4: entropyl < H(Distribution(selfNodelndex))

5: entropy2 < ReceiveH(Distribution(nodePairedIndex))

6: weightl < GetWeight(selfNodelndex)

7 weight2 < ReceiveWeight(nodePairedIndex)

8 END PROCEDURE

The pairing-exchange allows each node to adjust its model weights based on its own
data diversity and that of the paired node. Entropy values play a key role in this process;
nodes with lower entropy (indicating more biased data distributions) have less influence
on the weight updates of other nodes, helping maintain a balanced and consistent global
model across the network.

Before updating the weights, the NormalizeH procedure in Algorithm 2 normalizes the
entropy values exchanged between two nodes such that their sum is one. This ensures that
each node’s data diversity has a balanced influence on the final weight update. Adjusting
the weights based on entropy effectively handled non-IID data and promoted fair learning
across the nodes. Nodes with lower entropy, indicating biased data, reduce the influence of
external weights to avoid overfitting, while higher-entropy nodes, reflecting diverse data,
prioritize external contributions. This fosters data diversity, enhances generalization, and
improves the accuracy of the global model, ensuring balanced predictions across all classes.

Algorithm 2 NormalizeH: Entropy Normalization in RNEP

PROCEDURE NormalizeH(entropyl: REAL, entropy2: REAL)
DECLARE sum: REAL
sum < entropyl + entropy2
entropyl < entropyl/sum
entropy2 <— entropy2/sum
END PROCEDURE
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3.3. Weight Update Based on Entropy

This method leverages high entropy values to guide weight updates, which not only
preserves unique local data characteristics but also significantly reduces communication
overhead. Additionally, the proposed RNEP method is expected to achieve accuracy
comparable to existing techniques while offering improved global weight convergence and
enhanced communication efficiency. This procedure updates the model at each node based
on the exchanged weights and normalized entropy values.

The nodeUpdateModel procedure in Algorithm 3 updates the model of the current
node (nodelndex) by utilizing the weights and entropy from a randomly paired node
(nodePairedIndex). First, the normalizeH function normalizes the entropy values of both
nodes. The model weights are updated by calculating the weighted sum of the weights of
the two nodes, with the contributions determined by the normalized entropy values. This
ensures that the model adapts based on the diversity of data at each node. The updated
model replaces the local model, balancing the influence of the data from both nodes. By
dynamically adjusting weight updates based on entropy, this method effectively handles
non-IID data and promotes balanced and fair learning across all nodes.

Algorithm 3 nodeUpdateModel: updating weight in RNEP

PROCEDURE nodeUpdateModel(nodeIndex: INTEGER, nodePairedIndex: INTEGER)
DECLARE entropyl, entropy2: REAL
DECLARE weightl, weight2: WEIGHT
(entropy1, entropy2, weightl, weight2) <— PairingExchange(selfNodelndex,
nodePairedIndex)
NormEntropyl, NormEntropy2 <— NormalizeH(entropy1, entropy2)
model <— (NormEntropyl x weightl) + (NormEntropy2 x weight2)
UPDATE local model of selfNodeIndex WITH model
END PROCEDURE

4. Experiment and Discussion
4.1. Experimental Setup

We established a simulation environment for decentralized distributed computing. The
environment consisted of nodes specializing in edge Al computing, including 1 NVIDIA
Xavier NX and 14 NVIDIA Jetson NANO devices, all connected to a single router. We con-
figured 15 nodes to establish a communication environment aligning with the constraints
imposed by the OpenMPI settings of the edge devices, as well as the experimental limi-
tations inherent to each local node’s communication and data processing capacity. These
devices are commonly used in edge computing experiments owing to their optimization
for local GPU computing. They offer strong performance in GPU-intensive tasks on edge
devices, particularly in model optimization for Al operations [41-44].

The open-source message passing interface (OpenMPI) environment was implemented
using the Python mpi4py library, version 3.1.4. Open-source libraries, such as OpenMPI,
enable users to easily configure systems and apply them efficiently to high-performance
computer clusters. This mechanism provides reliable communication and synchronization
across distributed nodes, which is crucial for ensuring consistency and scalability within
our networked environment. Additionally, OpenMPI offers broad compatibility with a
variety of communication environments, allowing researchers to replicate our setup on
different hardware and network configurations. This flexibility enhances the reproducibility
and accessibility of our model, making it easier for other researchers to replicate our
experimental conditions.

We used Python version 3.6.9 and TensorFlow version 2.5.1. MPI is a technology
that facilitates data communication between processors or nodes and is widely employed
in distributed and parallel computing systems [45-47]. We configured the system to
enable each edge device to perform independent learning of local data by leveraging its
respective GPU.
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We employed the ResNet-18 [40] architecture on edge devices to conduct classification
tasks using two datasets, CIFAR-10 [38] and Imagenette [39], each comprising 10 classes.
Figure 2 shows randomly sampled images from both datasets. Since Imagenette consists of
images of various sizes, we resized them to 90 x 90 pixels for this experiment to facilitate
testing on the edge device.

Class 4

0

30
Class 8

(a) (b)

Figure 2. Dataset images: (a) sample images from CIFAR-10, with original size of 32 x 32 pixels;
(b) sample images from Imagenette, preprocessed to 90 x 90 pixels.

Although ResNet-18 has a relatively small parameter size, it is well suited for our
experimental environment because of its ease of convergence and ability to produce clearly
measurable accuracy. These characteristics make ResNet-18 an appropriate choice for clas-
sification tasks, allowing straightforward and meaningful comparisons between different
algorithms. Considering the constraints of training and communication on edge devices,
ResNet-18 presented a feasible model size that ensured dependable performance. While
other larger networks might offer marginally higher accuracy at the cost of huge datasets
to prevent overfitting, we anticipate that the impact on results would be minimal within
the scope of local node-level training and updates conducted in our experiments.

Given the computational constraints inherent to edge devices with networks like
ResNet-18, certain tasks require localized processing. To address these limitations, we
initially experimented with 32 x 32 pixels images from CIFAR-10, followed by tests on
larger image sizes. Specifically, we utilized Imagenette, containing more generalized
features, to identify an optimal resolution for resource-constrained environments. Through
these experiments on edge devices, we found that a 90 x 90 pixel resolution with Imagenette
provides an ideal balance, enabling efficient processing and effective training of ResNet-18
on the Jetson Nano within the device’s operational capabilities.

4.2. Fed Avg Method

In the context of decentralized computing, typical distributed computing scenarios
involve the exchange of only weights, without transferring data. This approach, known as
FedAvg [25], averages the weights from all local nodes after training, broadcasts the global
weights to all nodes, and updates the local models. This process converts local weights
into global weights using the broadcast method and can be mathematically represented

as follows:

Kict e @)
N

where N is the total number of local nodes, W, is the model weight of the n-th node,

and Wy is the updated weight of each node after the averaging is applied. This global

averaging can negatively affect performance in heterogeneous data environments, where

Wnew =
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the data distribution across nodes varies significantly. For instance, in scenarios where
local nodes are tasked with weather predictions, features relevant to a specific region’s
climate may be overshadowed by the global model’s emphasis on broader, less localized
patterns in a specific geographic region, and the local model’s weights may reflect these
region-specific features.

4.3. Comparing the Learning Performance with Cifar10

We compared the learning performances of the FedAvg [25] and RNEP algorithms
across different batch sizes (BSs) using the Cifar10 dataset. Each node trains on 6000 ran-
domly selected and IID local data samples from the entire dataset. To simulate a real-world
scenario where each node gathers its own data, we applied data augmentation during
each communication round. This allowed the nodes to train as if they were continuously
collecting and processing fresh local data.

Figure 3 shows the accuracy trends for batch sizes of 4, 8, 16, and 32. The horizontal
axis represents the number of communication steps after completing local epochs, with the
local epoch set to 10. The results demonstrate that while Fed Avg converges more quickly,
RINEP consistently achieves a slightly higher accuracy across all batch sizes. Notably,
RNEP’s performance is particularly strong at batch sizes of 16 and 32, suggesting that it
may be more effective for learning with larger batch sizes. These findings indicate that
RNEDP offers comparable or slightly better efficiency and accuracy than FedAvg, particularly
for larger batch sizes.

3
80 —— FedAvg/BS =04
S FedAvg / BS =08
< &0 2 —— RNEP/BS=04
£ 40 ietliyg,d BS =08 K —— RNEP/BS=08
§ FedAvg / BS =08 {
< 20 —— RNEP/BS =04 cp—
—— RNEP/BS =08
0 0
0 5 10 15 20 25 30 35 40 45 0 5 10 15 20 25 30 35 40 45
Number of steps Number of steps
3
80 S— —— FedAvg/BS=16
S FedAvg /BS =32
<& 2 —— RNEP/BS=16
§ FedAvg /BS =32 i e
<20 —— RNEP/BS=16 —
—— RNEP/BS =32
0 0
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Number of steps Number of steps

Figure 3. Comparing FedAvg and RNEP for accuracy (left side) and loss (right side).

Figure 4 evaluates the learning performance of the RNEP method on edge devices with
limited computational resources using varying batch sizes (BS = 04, 08, 16, and 32). Our
results showed that smaller batch sizes (BS = 04 and 08) tend to achieve higher accuracy
more rapidly in the initial stages of training. However, as training progressed, models
trained with larger batch sizes (BS = 16 and 32) converged to similar accuracy levels.

While all batch sizes showed a rapid initial decrease in loss, indicating effective
learning, smaller batch sizes (especially BS = 04) exhibit greater variability and higher
variance in the loss curves. In contrast, larger batch sizes (BS = 16 and 32) produced
smoother and more stable loss curves. Despite the slight increase in variability with smaller
batch sizes, all configurations converged to comparable accuracy and loss levels by the end
of the training. This demonstrates that, even with the constraints of edge devices, effective
learning can be achieved with smaller batch sizes without significant performance loss.
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Figure 4. RNEP accuracy and loss graph according to batch size.

The effects observed in our experiments are particularly relevant in decentralized
distributed computing systems. Increasing the batch size at each local node can lead
to a higher mean and variance across the system, potentially reducing model accuracy.
This is particularly true in non-IID data scenarios, where the data distribution varies
between nodes. Larger batch sizes may cause the model parameters to overfit specific
local data distributions, rendering the global model less representative of the overall data.
Consequently, the global model may become unstable with increased mean and variance,
ultimately hindering performance.

4.4. Effect of Entropy Variation

Figure 5 presents an analysis of learning performance in the RNEP experiment based
on entropy (H) values. Each node trains on 6000 local data samples, either IID or non-IID,
and is randomly selected from the full dataset. As in previous experiments, we applied data
augmentation during each communication round to mimic a real-world scenario in which
each node collects its own data. However, in this experiment, the entropy rate remained
constant across all rounds.

80
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Figure 5. RNEP accuracy and loss graph according to entropy.
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The experiment was conducted using non-IID datasets in which each node contained
data with varying entropy levels. Specifically, the datasets were configured with 10 classes,
with one configuration featuring a single class with high entropy and the other configura-
tion featuring 2 classes with high entropy (two peaks).

The results indicated that in datasets with lower entropy (H = 2.00/2 peaks), there was
a rapid increase in accuracy and a rapid decrease in loss during the early stages of learn-
ing. However, despite this initial advantage, all datasets eventually converged to similar
accuracy and loss levels as training progressed. Notably, stable learning performance was
also observed in the non-IID dataset, suggesting that while entropy influences the initial
learning dynamics, it does not lead to significant differences in the final learning outcomes.

These findings demonstrate that the models can effectively learn across various en-
tropy conditions and highlight the practical implication that stable performance can be
maintained even in non-IID datasets. This is particularly relevant in scenarios where learn-
ing is performed on multiple devices, as it suggests that local nodes, which are likely to
collect data with diverse distributions, can still achieve consistent performance in non-IID
data situations.

4.5. Convergence Speed for Various Local Epochs

Figure 6 shows the analysis of the learning performance based on local epochs (LEs)
and data distribution (IID and non-IID). Across all the experimental settings, the accu-
racy consistently increased with the number of learning steps, eventually converging to
approximately 80%. In the non-IID settings with higher LE values (LE = 10/non-IID and
LE = 05/non-IID), the accuracy increased more rapidly and converged earlier. By contrast,
settings with lower LE values, such as LE = 01/1ID and LE = 01/non-IID, exhibited a slower
increase in accuracy and required more steps to achieve convergence.

80
gGO —— LE=01/iid
2 —— LE=01/non iid
g —— LE=05/non iid
8 40 _ ..
< —— LE=10/non iid
20
0 5 10 15 20 25 30 35 40 45 50 55 60 65
Number of steps
3
—— LE=01/iid
22 —— LE=01/non iid
- —— LE=05/non_iid
—— LE=10/non iid
1

0 5 10 15 20 25 30 35 40 45 50 55 60 65

Number of steps

Figure 6. RNEP performance according to local epochs and data distribution with entropy.

The findings indicated that in non-IID settings with high LE values (LE = 05, 10),
the model achieved faster accuracy gains, quicker loss reduction, and earlier convergence
during the initial learning stages. However, when the LE values are low, the reduced
frequency of updates can lead to slower convergence because more steps are required to
achieve a similar performance. Conversely, if LE values are excessively high, convergence
may occur more quickly, and there is a risk that the model could be overfitted to the local
node, potentially leading to a decline in the overall accuracy. Ultimately, despite these
differences, all settings converged to similar levels of accuracy and loss, demonstrating no
significant difference between IID and non-IID data distributions. These results suggest that
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stable and effective learning is possible even in non-IID data distributions, provided that
LE is carefully managed to balance the speed of convergence with the risk of overfitting.

4.6. High-Resolution Experiments with Imagenette Dataset

Figure 7 compares the learning performances of the Fed Avg and RNEP algorithms
on the Imagenette dataset. Each node was trained on 2700 randomly selected IID local
data samples from the entire dataset. As in the previous experiments, data augmentation
was applied during each communication round to simulate a real-world scenario in which
each node collects its own data. The dataset used in this experiment was larger and had
relatively higher uncertainty in the images compared to CIFAR-10.
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2 40 i —— RNEP/LE=10
S 1 i
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Figure 7. RNEP and Fed Avg performance with Imagenette dataset (LE = 10).

The vertical lines indicate the convergence points of each algorithm. The FedAvg
algorithm shows a rapid decline in loss and a swift increase in accuracy during the initial
learning phase, achieving relatively quick stability. In contrast, the RNEP algorithm exhib-
ited greater variability in the early stages, with the loss gradually decreasing. However, it
eventually reached levels of accuracy and loss similar to those of FedAvg. Both algorithms
converged to comparable points, with RNEP continuing to reduce loss over time despite
initial fluctuations. These results suggest that RNEP can achieve performance stability on
par with that of FedAvg.

Figure 8 compares the learning performance of the Fed Avg and RNEP algorithms with
a local epoch (LE) value of 30. Similarly to Figure 7, the Fed Avg algorithm continues to
demonstrate quick convergence in both loss and accuracy, maintaining stable performance
across different conditions.

However, the RNEP algorithm showed increased variability and less stable conver-
gence as the LE increased. However, both algorithms eventually achieved similar loss
and accuracy levels. These findings indicate that while Fed Avg offers a more consistent
performance, RNEP is also capable of achieving effective learning outcomes over time.
However, the increased variability in RNEP with higher LE values indicates that careful
parameter tuning may be necessary to optimize its performance, particularly in more
complex environments with higher image complexity and larger image sizes.

The experiment was conducted on an edge Al device that provided a constrained ex-
perimental environment. Furthermore, the Imagenette dataset used in this study, which has
higher image complexity and larger image sizes than CIFAR-10, may have contributed to the
observed performance variability and increased risk of local minima affecting local nodes.
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Figure 8. RNEP and Fed Avg performance with Imagenette dataset (LE = 30).

It is also important to note that if a node becomes trapped at a local minimum, its
weights can negatively affect the overall learning process when aggregated, potentially low-
ering the overall performance average. This risk is particularly significant in environments
with high image complexity, such as the Imagenette dataset.

5. Conclusions

In this study, we introduce a novel approach called the RNEP method, which aims to
improve both the efficiency and accuracy of distributed computing systems. By utilizing
entropy-based weight sharing through random node pairing, RNEP effectively reduces
communication costs while preserving model accuracy, even in environments with a
non-1ID data distribution. Our experimental results demonstrate that RNEP performs
comparably to, or even surpasses, existing methods such as FedAvg, especially when
managing larger batch sizes and non-IID data.

The results also highlight the importance of balancing local epochs and batch sizes
to optimize convergence speed while minimizing the risk of overfitting. Experiments
conducted using the Imagenette dataset further validated the robustness of the RNEP
method, even in scenarios involving high image complexity.

In conclusion, the RNEP method provides an efficient and effective solution for dis-
tributed learning, particularly in contexts where communication overhead and data distri-
bution imbalances present significant challenges. This approach not only reduces reliance
on a central server but also preserves local data characteristics, thereby enhancing overall
system performance.

Future research will focus on optimizing the RNEP method further, exploring its
applicability across a broader range of machine learning models and real-world scenar-
ios. To mitigate overfitting, we will explore regularization techniques, such as entropy
regularization, to enhance model suitability in non-IID data environments. Additionally,
we aim to verify RNEP’s accuracy under extended training periods by employing adap-
tive learning rates and early stopping mechanisms, thereby enhancing both robustness
and generalizability.
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