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ABSTRACT 

Distributed communication systems (DCS) involve 

the independent communication and operation of 

interconnected devices in order to enable faster 

computation and memory than standalone systems. 

These systems are crucial in industries like 

telecommunications and banking, where reliable 

data transmission is important. However, the lack 

of a central control unit in DCS makes them 

susceptible to security threats.This paper explored 

how Deep Learning (DL) can address these 

challenges and improve communication network 

performance. The techniques for training DL 

models and the programming frameworks needed 

for implementation are detailed with respect to their 

operation on DCS. Furthermore, the potential and 

limitations of DL in enhancing DCS performance 

are examined. 

 

I. INTRODUCTION 
Deep Learning (DL), a rapidly advancing 

area of Artificial Intelligence, has shown versatile 

application in various researches and has led to 

significant advancement in the field of computer 

vision, natural language processing, autonomous 

vehicles and speech recognition. The increased 

interest and advancement can be attributed to the 

availability of data and computing resource needed 

for the effective operation of various deep 

architectures (Alzubaidi et al, 2021). Since deep 

learning has proven a powerful tool in other fields, 

its potential to enhance the efficiency and reliability 

of distributed communication systems is now being 

explored.Distributed communication systems 

(DCS)involve the interconnection of groups of 

devices which are able to communicate and operate 

independently via Inter-process communication 

(Vatter et al, 2023). These devices need not 

necessarily be in the same location, but they are 

designed to work together for effective data 

transmission. DCS form a basis of the operation of 

various intelligent devices in today’s world because 

it enables faster computation and memory than that 

offered by only one device (Tang et al, 2020). They 

are utilized in industries where efficient and 

reliable transmission is vital such as 

telecommunications, banking and air 

transportation. The lack of a central hub that 

oversees the interaction between devices means 

that this interconnectedness could be exploited 

maliciously, risking the network operation.  

DL is important in communication 

systems due to its ability to improve the 

performance of network by the utilization of data-

driven algorithms.This survey explores the various 

applications of DL as it pertains to communication 

networks. A review of recent works was carried out 

and the common DL algorithms used are detailed in 

Section II. Section III explores the techniques 

utilized for training DL models on distributed data. 

Section IV consists of an overview of the 

programming frameworks used in implementing 

DL in communication systems. Section V mentions 

the challenges in various DL implementations for 

distributed communication systems while a 

conclusion is reached in section VI. 

 

II. LITERATURE REVIEW 
The research in deep learning for 

distributed communication systems has been 

compared from various review articles. Liu B. et al 

(2021) presented the privacy concerns and 

solutions related to the use of machine learning 

tools in communication systems. They covered 

machine learning both as an adversary tool as well 

as a protection tool and protection target. The work 

by Aguzzi et al (2022) proposed a guideline for the 

implementation of machine learning in aggregate 

computing development. Likewise, Mayer and 

Jacobsen (2019) presented a survey on the various 

issues pertaining to the design of large distributed 

systems for DL. Kang et al (2020) proposed an 

improved parallel SVM model for distributed 

systems which significantly improves on the 

communication overhead problem while 

maintaining the model’s classification accuracy. 
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For the IoT communication space, Williams et al 

(2022) and Murshed et al (2021) presented review 

articles which highlighted how effectively ML can 

be deployed in IoT while retain users’ privacy. 

A description of the various distributed 

machine learning and deep learning techniques was 

presented by Dehghani and Yazdanparast (2023). 

Their classification covered all aspects of 

distributed supervised and unsupervised learning 

algorithms as well as distributed reinforcement 

learning. The work by Kako (2021) reviewed 

distributed deep learning systems with a focus on 

classification based onoptimization and scheduling 

patterns. Langer et al (2020) investigated the 

implementation of distributed training of deep 

learning models. Niknam et al (2020) evaluated the 

various motivations and challenges of employing 

federated learning in wireless communications. 

Nama et al (2021) presented an overview of 

machine learning techniques for traffic scheduling 

in intelligent transportation systems. Their work 

highlighted the various strategies and challenges in 

their research area. A survey of various 

communication optimization in distributed deep 

learning was presented in the article by Shi et al 

(2020). 

These researches utilized the computation 

of neural networks which are interconnected 

network of artificial nodes programmed to perform 

certain mathematical analysis on an input data in 

order to present or deduce conclusions at its output. 

The entry layer of the network is called the input 

layer, the data is then passed to subsequent layers 

known as hidden layers and finally a result is 

computed at the output layer. Deep neural networks 

with two or more hidden layers are commonly 

termed deep learning algorithmsbecause they 

model the human brain characteristic by learning 

from large amounts of data. These algorithms are 

able to determine which features are most 

important to distinguish one object from another in 

various classification tasks. The neural network 

algorithm is trained to perform its analysis based on 

computation methods like backpropagation, genetic 

algorithms (Verbraeken et al, 2020), equilibrium 

propagation (Scellier and Bengio, 2017) and the 

HSIC bottleneck (Ma et al., 2020). 

Backpropagation, the most commonly used 

method, involves the calculation of the loss 

gradient based on corresponding weights of the 

various layers. This gradient is then propagated 

backwards through the layers of the network, from 

the output to the input layers, for effective weight 

updates in order to minimize the error (Verbraeken 

et al, 2020). 

Several DL algorithms have been 

proposed and evaluated based on their performance 

on benchmark object detection benchmark datasets. 

The commonly utilized DL architectures 

ofteninclude the following 

Convolutional Neural Network (CNN): A 

feedforward neural network model that makes use 

of convolutional and pooling layers for efficient 

feature extraction of input data. The convolutional 

layers apply filters to the data while the pooling 

layers spatially reduces the filtered data output in 

order to reduce the number of layers and 

computation required. The final output layer is use 

to classify the input data into specified categories. 

The work by Wang T. (2021), CNN model was 

implemented in order to improve the 

communication efficiency of an edge-based 

federated learning network. The CNN model 

accelerated the convergence speed by 30.8%. 

Based on 6G technology, Mukherjee et al(2020) 

proposed a CNN for effective network optimization 

by ensuring proper resource allocation. 

Autoencoder (AE): A type of neural 

network that is utilized for learning a compressed 

representation of a dataset. It is made of two layers 

trained to effectively encode an decode the data 

into an appropriate representation. This 

characteristic of AEs makes it useful anomaly 

detection and dimensionality reduction tasks as 

seen in the research by Lin et al (2020) which 

investigates the channel estimation for marine 

communications which present complex and 

rapidly-changing environment. 

Generative Adversarial Network (GAN): 

These present a generative DL algorithm that is 

commonly utilized for data generation due to its 

capability to generate that is almost 

indistinguishable from real data. It consists of two 

neural networks – a generator that generates the 

“fake” data and a discriminator that differentiates 

with real data – to ensure the authenticity of its 

generated output. Zixu et al (2020) utilized a GAN 

model that generated realistic traffic data for 

network anomaly detection system. The 

performance of their model was evaluated using an 

AE-based algorithm on the UNSW Bot-IoT dataset. 

Recurrent Neural Network (RNN): A DL 

architecture that is capable of processing of 

sequential data such as text and languages. Its 

architecture feature network synapses which give 

the network a memory structure that permits the 

knowledge of previous inputs in the network’s 

internal state (Verbraeken et al, 2020). Long Short-

term Memory (LSTM) network are a specialized 

form of RNNs that is used in the research byParra 
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et al (2020)for a cloud-based detection of Botnet 

attacks in a network of IoT devices.  

Deep Belief Network (DBN): DBNs are 

made up of multiple layers of restricted Boltzmann 

Machines (RBM) that work as an unsupervised DL 

model. This means that the model is able the learn 

the underlying distribution of the input data without 

requiring any prior labeling. In communication 

systems, DBNs are often used for signal 

demodulation (Lee-Leon et al, 2021) and channel 

estimation tasks. 

 

III. DEEP LEARNING TECHNIQUES IN 

DCS 
Conventional communication system 

design relied on the design of the channel model 

and was based on the establishment and 

optimization of the mathematical model of the 

system (Yu et al, 2022), but these models were 

often a far cry from reality. Recently, modern 

communication systems are modelled to be 

complex and have a lot of channels difficult to 

estimate, thus requiring the use of data-driven 

solutions that can be implemented and adjusted 

automatically based on the network parameters. 

The execution of DL on distributed systems, 

without collecting all the data on one server, is 

motivated by the privacy concerns as it pertains to 

centralized training approaches (Tang et al, 2020). 

For efficient data processing and faster 

computation, distributed deep learning is 

implemented by a process of parallelization. The 

parallelization methods can be majorly categorized 

into two: model and data parallelization. 

Data parallelism works with the goal of 

increasing the throughput rate of the model by 

reproducing the model across the various nodes on 

the network. During its computation, each node 

copies the model and then computes its local 

gradients independently. At the end, their 

respective result is computed as an aggregate and 

the original model is updated (Jang, 2022). This 

method is extremely useful for the fast processing 

of large datasets located at various network points. 

Data parallelism research was spearheaded with the 

result of the DistBelief model by Chen and Lin 

(2014) which proposed a parallel distributed 

algorithm capable of spreading model partitions 

acrossdedicated server nodes. Another research by 

Nguyen et al (2021) reduced network contention by 

fixing the routing path length between computing 

nodes. Their work utilized a Distributed Loop 

network topology.Model parallelism enables DL 

training by splitting the model into partitions across 

the different nodes in the network. The individual 

nodes are responsible for the computation of the 

parameters in its model partition (Dehghani and 

Yazdanparast, 2023). The implementation of this 

parallelism strategy is difficult due to the 

complexity of its partitioning algorithms which is 

not scalable in practice (Jang, 2022). An 

application of this approach can be seen in the 

study by Moreno-Alvarez et al (2021) which 

presented a heterogenous model parallel DNN 

which ensures load balancing between uneven 

devices on a HPC platform. Another work by Li et 

al (2023) maximized the overlapping 

communication and computation operation to 

accelerate DL model training on multiple devices. 

Additional analysis on execution of parallelization 

is detailed in the work by Ben-Nun and Hoefler 

(2019). 

 

IV. TOOLS FOR DISTRIBUTED DL 

IMPLEMENTATION 
The implementation of a desired 

parallelization model for a distributed system can 

be achieved via any of the frameworks detailed in 

Table 3.1. These frameworks are open-source and 

designed in a way that a user can easily implement 

it into a desired structure. 

 

Table 3.1:Commonly used programming frameworks and available cloud platforms for implementation of deep 

learning on distributed systems 

Programming frameworks Cloud platforms 

TensorFlow Amazon Sagemaker 

PyTorch Databricks 

Horovod Microsoft Azure 

Microsoft Cognitive ToolKit  Google Cloud ML Services 

 

Microsoft Cognitive Toolkit is an open-

source API framework that can be utilized for 

creating Machine learning programs in C++ 

language. It was developed by Microsoft for their 

AI solutions like Cortana. TensorFlow, a 

commonly utilized API framework in DL research, 

is used in natural language processing tasks, speech 

recognition and computer vision. It makes use of 
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both Python and C++ programming languages. 

Horovod is a specially designed framework for 

distributed deep learning based on TensorFlow and 

PyTorch platforms. It makes the process of 

parallelization across multiple GPUs much easier. 

Other similarly utilized frameworks for distributed 

deep learning include DeepLearning4j, MXNet by 

Apache, FfDL by IBM, and DeepSpeed by 

Microsoft and these can be implemented in a 

different languages like Python, JAVA, C++, R, 

Perl etc. 

The execution of the DL program is 

typically performed on GPU or TPU devices 

capable of handling the model complexity. 

However, in their absence, several cloud-based 

platforms such as Databricks, Sagemaker, Azure 

and Google ML services have been established by 

leading companies like Google, Amazon and 

Microsoft. These services provide cloud solutions 

for evaluation of machine learning programs. 

 

V. CHALLENGES IN DL 

IMPLEMENTATION FOR 

DISTRIBUTED SYSTEMS 
Deep learning algorithms modelled on 

distributed systems are designed to handle large 

quantities of data because of the various access 

points of operation. The execution of these DL 

models, however, pose a number of challenges 

because of the complexity of the network. Ensuring 

the convergence of the model during distributed 

training is a major challenge because distributed 

systems may not always have access to all data at 

once and different nodes may have somewhat 

different models depending on their subset of data 

(Kaur, 2023). It poses a problem in terms of the 

computation overhead, computation ability and 

memory availability across the various devices. 

Also, the processing ofa huge volume of 

data in distributed deep learning systems presents a 

communication problem due to the several 

instances of parallel training that is ongoing at each 

moment (Mayer et al, 2020). As a result, there 

exists a form of delayed communication among the 

network nodes.Ahmed et al (2021) experimented 

on how to avoid congestion in their network as 

much as possible. Another work by Kahira (2021) 

explored the utilization of a data and spatial 

parallelism of VGG16 in order to eliminate the 

memory issues of their model. 

 

VI. CONCLUSION 
This review paper examined the potential 

of DL in ensuring the efficiency and reliability of 

Distributed Communication Systems (DCS). 

Beyond its successes in other fields, DL offers 

promising solutions for tackling the unique 

challenges of networks of interconnected devices. 

Key takeaways include: the data-driven approach 

of DL algorithms that strengthens network 

performance optimizations and its use in reducing 

the security risks inherent in decentralized 

networks, the distributed data training techniques 

that enable efficient model training on the huge 

amount of data generated by DCS and the 

programming frameworks tailored for DL 

implementation in communication systems which 

facilitate the rapid development and deployment of 

intelligent network solutions. Although challenges 

remain, such as computational complexity and 

security concerns, the potential of DL for DCS is 

undeniable. As research and development continue, 

DL can be expected to play a pivotal role in 

shaping the future of interconnected, intelligent 

networks. 

Future research directions such as 

exploring the integration of DL with other 

emerging technologies like edge computing (Liu 

S.et al, 2023) and blockchain (Wang S. et al, 2023) 

for enhanced security and scalability could be 

looked into. As with any rapidly evolving field, 

continuous research on improved models that 

leverage the application of DL on DCS would 

further enable seamless connection and 

communication in modern communication systems. 
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