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Abstract: 

The significant demands placed on contemporary communication systems have prompted a reassessment of the 

established and comprehensive communication theory. The obsolescence of present system implementations is 

contentious, yet they may adapt to problems when integrated with new technology. The concept of formulating 

wholly new methodologies has also emerged. Recent advancements in machine learning, particularly in deep 

learning methodologies, provide potential new avenues for study. This study elucidates the rationale for the 

incorporation of deep learning in communications.   

The report delineates the present research methodologies. Emphasis is placed on examining many domains of 

appliances and delineating their merits and demerits, including the development of comprehensive 

communication systems such as autoencoders and the role of neural networks in signal recognition and 

modulation categorization. The findings suggest significant promise for deep learning applications in 

communications inside suboptimal domains. 

Keywords—Communication System; Deep Learning; End-to-End System; Autoencoder; Neural Network; 

Modulation Classification 

  

Introduction 

Contemporary communication methods have prompted creative needs. The escalating demand for quality service, 

the rising number of connected devices, the vast volume of data requiring high-speed transfer, the necessity for 

minimal response latency (real-time communication), and the imperative to uphold requisite security measures 

constitute significant challenges that must be addressed. The densification and expansion of wireless networks 

present a series of energy efficiency concerns [1]. The current inadequate user capacity and the lack of spectrum 

resources must be addressed, maybe via dynamic spectrum access and cognitive radio.   

Despite possessing robust underpinnings in information theory and statistics, current communication technology 

solutions fail to meet contemporary demands. Conventional communication systems struggle to adjust to 

extremely varied channel circumstances due to algorithms that are often tailored for mathematically convenient 

models.  

Deep learning methodologies have shown encouraging outcomes across several domains, including computer 

vision tasks such as picture segmentation, classification, colorization, and object identification, as well as natural 

language processing applications like voice recognition and sentiment analysis.   

Researchers have begun the integration of machine learning, particularly the deep learning subset, with 

communication technologies.   
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The fundamental purpose of communication is to convey information from the source to the recipient while 

preserving its significance.   

Consequently, the primary issue of communication is the precise or approximate replication of a message 

originating from a distinct location. Although proponents of conventional communication system solutions 

express skepticism about the requirement of the technique, it is posited that machine learning may augment 

communications primarily in terms of capacity and data rates by effectively managing substantial volumes of 

communication data. Investigating machine assistance may provide dynamic and flexible communication systems 

that learn from spectrum data [8].   

The subsequent sections of the paper are structured as follows. Section II delineates the general features of deep 

learning.  

Section III elucidates the rationale for using deep learning in communications and presents a classification of 

research methodologies. Section IV discusses the findings of pertinent experimental endeavors. The document 

concludes with a conclusion. 

 

Deep Learning Fundamentals 

Deep learning is a category of machine learning, which is a subset of artificial intelligence. Deep learning 

principles are derived from the operations of the human brain [10].   

The fundamental components of all deep learning methodologies are artificial neurons linked inside a multi-

layered artificial neural network. Neural networks are regarded as universal function approximators [11]. A 

collection of parameters (weights) that minimizes the approximation error (loss function) is established throughout 

the training phase. Every layer aids in feature extraction, hence facilitating pattern detection and uncovering 

regularities in data connections. Conversely, machine learning approaches cannot autonomously recognize 

patterns; they need human intervention in the process [12]. They also rely on statistical information derived from 

well-organized data exhibiting exact patterns.   

The autonomous nature of fundamental deep learning techniques is widely valued, however numerous limitations 

are acknowledged. A substantial, appropriate dataset and considerable time are necessary for the training 

procedure, along with meticulous parameter optimization to achieve effective generalization.  

Attention is drawn to their skills in the effective modeling of complex probability distributions. Autoencoders are 

unsupervised neural networks, deep generative models that aim to replicate their input in the output. The encoder 

learns compressed representations of the input data, while the decoder structure tries to recreate the original data.  

Generative adversarial networks (GANs) include two neural networks: a generator that creates data mimicking 

actual data, and a discriminator that attempts to distinguish between authentic and produced data [13]. Generative 

Adversarial Networks (GANs) may facilitate the augmentation of limited training data. 

 

Applications Of Deep Learning In Communication Systems 

Communication theory seems to be highly advanced, with information seamlessly represented as a series of bits 

and communication system models established with clarity. Furthermore, any mistakes in communication systems 

are often mitigated by retransmissions. The assertion of these facts renders the use of deep learning in 

communications debatable.   

However, practical real-life situations do not align with theoretical expectations. Despite the simplicity of 
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constructing communication channel models, determining the ideal complexity remains challenging [14]. 

Excessively simplified mathematical models fail to accurately represent the actual circumstances of the channel. 

The consequences that arise during signal propagation are often unknown. Excessively intricate models squander 

computational and temporal resources and often fail to generalize well due to their excessive adaptation to specific 

scenarios. Automated learning of input data properties, such as photographs, has shown superiority over human-

engineered model development and decision-making in both quality and efficiency [14]. The execution of neural 

networks may be parallelized using multi-core and graphics processing unit (GPU) designs, resulting in rapid 

algorithm execution. These findings motivate more investigation into deep learning within the communication 

area.  

Communication systems include several subsystems and components. Certain models are either improperly 

constructed or too intricate for real-time applications [14]. The local optimization of each block does not ensure 

the global optimality of the system [15]. Consequently, interest in a collaborative (end-to-end) implementation of 

communication systems has increased [16–19]. The unsatisfactory performance of individual blocks may be 

enhanced with the use of deep learning [15]. The categorization of experiments pertaining to deep learning and 

communications can be delineated into two distinct groups: - end-to-end communication system optimization, and 

- optimization of communication components (e.g., channel modeling, channel equalization, decoding, 

compression, demodulation, modulation recognition, etc.) [20].   

Nevertheless, the categorization of the approaches may take into account their intrinsic reasons. Deep learning 

techniques in communications can be categorized based on their application into: methods that analyze the effects 

of architectural alterations in communication systems (end-to-end systems), methods that improve spectrum 

sensing (e.g., channel estimation, signal detection, modulation classification), and methods for wireless security 

[8]. 

Deep learning It is a sort of supervised machine learning whereby a model acquires the ability to execute 

classification tasks directly from pictures, text, or audio. Deep learning is often executed using a neural network. 

The word "deep" denotes the quantity of layers inside the network; a greater number of layers signifies a deeper 

network. 

 

Results And Discussion 

This section discusses the pros and drawbacks of the most significant outcomes across many application domains, 

taking into account the system building style. 

 

A. End-to-end systems 

The framework of a communication system typically comprises the transmitter, the channel, and the receiver. The 

transmitter and receiver consist of distinct blocks executing various operations [5]. In conventional 

communication technology, the optimization of blocks is conducted in isolation. Nonetheless, it is shown that the 

disjunction of source and channel coding fails to provide optimum outcomes [21]. Consequently, the 

representations of communication systems using autoencoders have been established [16–19]. The 

communication system shown as an autoencoder is seen in Fig. 1. This method renders block structures 

superfluous. A single message from a collection of potential messages is provided as input. The transmitter and 

receiver are constructed as feedforward neural networks of dense layers. The normalized output from the 
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transmitter is sent to a noise layer that simulates the channel. The softmax function in the receiver calculates the 

likelihood of each transmission. The final result is a forecast of the transmitted message; the message with the 

greatest likelihood.   

Communication autoencoders have been trained on simulated data [16], [17] and validated via over-the-air 

broadcasts using software-defined radios (SDRs) [18]. Nonetheless, autoencoder implementations operate only 

using established gradient-based techniques that need differentiable mathematical expressions [19]. If channel 

characteristics are entirely unknown, the gradients cannot accurately backpropagate across the network. It is 

mentioned in [15] that reinforcement learning-based [19] and conditional GAN-based methodologies have been 

developed to address the problem. The proposal in [8] involves training the autoencoder using a stochastic channel 

model, followed by fine-tuning by transfer learning. 

 

 

Figure 1. Communication system autoencoder representation [16] 

 

An autoencoder requires little previous information, since the network acquires learning by the specified 

performance measure, such as block error rate (BLER) [8]. Figure 2 illustrates the Block Error Rate (BLER) in 

relation to the energy per bit to noise power spectral density ratio (Eb/N0) achieved by the autoencoder (7,4) 

trained at Eb/N0 = 3, alongside many baseline communication methodologies [16], [22]. The proximity of the 

BLER attained by the autoencoder (7,4) to the BLER obtained by Hamming (7,4) code with maximum probability 

decoding underscores the need for future investigation into the use of autoencoder architecture in communications.  

The primary benefit of autoencoder modeling in communications is its ability to learn combined coding and 

modulation schemes in an unsupervised way. Nonetheless, the intricacy of exceptional architectural design and 

meticulous parameter optimization make this technique challenging. 
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B. Signal detection and modulation classification 

Employing deep learning to highlight essential characteristics of the process. The signal vector employed in the 

experiments comprises two bits encoded via quadrature phase-shift keying (QPSK), while the received signal is 

a combination of the transmitted signal and Gaussian noise with a variance of 2. A total of 40,000 received 

constellation points, along with the transmitted signal, are utilized for the training process. The detection areas of 

QPSK constellation points are generated using a trained neural network. It is concluded that neural networks 

cannot enhance signal detection, since the ideal technique for this task in an additive white Gaussian noise channel 

is already established: mapping the received point to the nearest area center based on Euclidean distance. The 

findings..   

Although the authors contend that deep learning may not enhance traditional outcomes in channel estimation, 

multi-user multiple-input multiple-output (MIMO) processing, and transmit power allocation [14], they 

underscore that employing supervised learning on existing algorithmic solutions and inputs could diminish the 

complexity and resources required for algorithm implementation. As a result, latency limitations may achieve the 

target threshold of 1 ms or maybe decrease further. Nonetheless, time will be allocated to the design and training 

phases.  

 

 

Figure 2. BLER versus Eb=N0 for the autoencoder and traditional communication schemes [16], [22] 

 

2) Modulation classification: Identifying the modulation format is a significant problem for several civilian and 

military applications [23]. A dataset of about 900,000 time frames r(t) with 11 modulation classes has been 

generated to facilitate experimentation and enhance interest in modulation categorization using deep learning. 

Equation (1) delineates the simplified r(t) as the summation of a modulated temporal signal s(t), which is 

contingent upon the path loss constant C and noise n(t):  

The data closely replicate real-world signals due to the intricate modeling of r(t), which incorporates various 

channel effects into the produced signals. The collection comprises eight digital modulations and three analog 
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modulations: BPSK, QPSK, 8-PSK, 16-QAM, 64-QAM, BFSK, CPFSK, PAM-4, WB-FM, AMSSB, and AM-

DSB. A convolutional neural network (CNN) serves as their classifier [3], [22]. CNN is a specialized neural 

network designed for processing input using a grid-like architecture. The efficacy of categorization may be shown 

via a confusion matrix. Figure 4 presents a confusion matrix for 550 test frames from the dataset. Specifically, to 

reduce complexity, the CNN is trained using 5,500 time frames, each including 128 symbols over 12 epochs.  

 

Figure 3.  The detection regions of the QPSK signal obtained by neural network [12], 

 

The signal-to-noise ratio (SNR) is established at 30 dB. The matrix demonstrates good outcomes. The network 

conflates 16-QAM with 64-QAM frames, since 16-QAM is a subset of 64-QAM. The network also conflates 

QPSK and 8-PSK frames owing to the resemblance of their constellation diagrams when subjected to phase 

rotation from the fading channel and frequency offset [22].   

The primary benefit of training a CNN for modulation categorization is the elimination of user-guided procedures 

while attaining adequate accuracy. A CNN classifier demonstrates enhanced performance at reduced SNR. This 

information should facilitate a doubling. 

 

Conclusion 

The exploration of deep learning in communications remains mostly theoretical. As a result, several aspects 

remain unclear, such as appropriate data format, learning goals, loss functions, and training methodologies. The 

handy datasets are currently under development. Emerging demands for elevated data rates and a growing array 

of linked gadgets in communication systems guarantee the availability of substantial data, which may be used to 

create suitable datasets for neural network training. The conviction that deep learning cannot enhance the 

outcomes of existing communication theory principles affects the pace of ongoing research and overall interest in 

the domain.   

Nevertheless, the executed tests demonstrate significant promise for its use, namely in end-to-end communication 

system modeling and modulation categorization. The findings indicate that a thorough analysis of the area of deep 

learning application is necessary due to the pre-existing optimized principles in communication technology. The 

essential domain knowledge must not be overlooked. The primary benefit of using deep learning in 

communications is the decrease in user effort.   

Autoencoders provide the benefit of learning without pre-existing information. Nevertheless, particular emphasis 

must be placed on the architectural design. Neural network-based modulation categorization signifies a 
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prospective research avenue due to its commendable accuracy and degree of automation.  

However, the adaptation of existing methods to the simulated data indicates the use of semi-supervised approaches 

to get a more efficient classifier. 
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