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ABSTRACT 
AI is being used in various industries due to its development of AI. 
In this study, we reviewed and analyzed the cases of AI applications 
for five major technologies of 5G wireless systems. The main 
technologies of 5G were MassiveMIMO, Automatic Modulation 
Classification (AMC), Channel Coding, Intelligent Radio Resource, 
Network Management, and Radio Channel Modeling. We would 
like to help research using AI in 5G wireless systems by reviewing 
and analyzing the various research results. 
As a result of the study, it was confirmed that the use of AI for 5G 
wireless systems has the intelligence, efficiency, and flexibility 
necessary to manage wireless resources and provide high quality 
services to users. 
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1 INTRODUCTION 

Today, artificial intelligence (AI) and 5G wireless systems are the 
core technology of the advanced technologies of the 4th industrial 
revolution. AI is distinguished by machine learning (ML) and deep 
learning (DL). The 5G specification released by 3GPP considers 
design flexibility as one of the fundamentals of 5G [1-3]. The 
flexibility of this design allows for flexible 5G wireless systems 
that can self-tune in real time to optimize resource allocation while 
improving the quality of user experiences that require accurate 
predictions of network behavior, traffic demand, and user mobility. 
Many leading wireless research groups predict that AI is a 
technology that could provide the flexibility and intelligence 
needed for 5G wireless systems. For this reason, many researchers 
have investigated the effectiveness of this theory in many aspects 
of 5G wireless systems, including modulation, channel coding, 
interference management and scheduling, and 5G slicing. 
In this study, we review and present previously published papers 
that the use of A.I. can solve the complex problems of 5G wireless 
networks by considering various aspects of 5G wireless systems. 

As a result, we show you how to apply machine learning to each 
aspect of 5G wireless systems.  

2 Utilization of AI for 5G Systems 

In this section, we reviewed several use cases for 5G wireless 
systems with A.I. applied. A table is presented and shown for each 
example. 
 
2.1 Massive MIMO 

Massive MIMO is one of the features of 5G, using a vast number 
of antennas, which allows 5G to focus transmission and reception 
of signal power in much smaller spaces. However, in Massive 
MIMO, it is difficult to estimate the exact channel with a simple 
estimation method and a reasonable number of pilots. The 
minimum squared (MS) estimator with low complexity does not 
achieve satisfactory performance, while the minimum mean 
squared error (MMSE) channel estimation is very complex. A.I. 
was applied to Massive MIMO to solve these problems. In Table 1, 
deep learning of Massive MIMO is to perform more accurate 
channel estimations of channel conditions and reduce the number 
of pilots required to achieve satisfactory performance. 

Table 1: AI for Massive MIMO 

Reference  
Number Proposed Contents 

4 
Deep learning-based channel estimation scheme 
for the massive multiple-input multiple-output 
system was proposed. 

5 
A direct-input deep neural network is first 
proposed to estimate channels by using the 
received signals of all antennas. 

6 
Deep learning-based channel estimation scheme 
for the massive MIMO system in Rician fading 
environment was proposed. 
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7 

Deep learning technology was used to develop 
CsiNet and Novel channel state information 
sensing and recovery mechanism that learns to 
effectively use channel structure from training 
samples. 

8 

MMNet was proposed, a deep learning MIMO 
detection scheme that significantly outperforms 
existing approaches on realistic channels with 
the same or lower computational complexity. 

9 

Deeping learning can achieve high parallelism 
and robustness, which is especially suitable for 
massive multiple-input multiple-output. 
  detection. Deep learning can be used for 
mapping channels in space and frequency. 

10 Deep learning can be used for power allocation 
in Massive MIMO. 

11 
Deep learning and machine learning can predict 
the user distribution and accordingly optimize 
the weights of antenna elements. 

 
2.2 Automatic Modulation Classification 

Automatic Modulation Classification (AMC) is one of the tasks 
that helps classify the modulation types of incoming signals, and is 
a necessary step in understanding and detecting 5G wireless 
environments with high-quality detection and adaptation that 
improves spectral efficiency and interference mitigation. In Table 
2, the DL-based AMC system consists of three parts. The first part 
is signal processing, frequency offset calibration, gain control, 
amplifier and filtering to improve the quality of the received sample. 
The second part is to extract features such as amplitude, phase, and 
frequency of the received signal. The third part is to classify 
modulation types using a signal classifier. DL can achieve high 
accuracy of modulation classification. 

Table 2: AI for Automatic Modulation Classification (AMC) 

Reference  
Number Proposed Contents 

12 

ANN (two hidden layers with 50 and 25 neurons) 
uses a system-based AMC, which consists of a 
Nesterov accelerated adaptive moment 
estimation algorithm to improve the training 
runtime. 

13 
Long short term memory (LSTM) could achieve 
a classification accuracy close 90% at varying 
signal-to-noise ratio conditions (0dB to 20dB). 

14 

Used AlexNet, which is a large CNN based 
Model that has eight convolution layers and three 
fully connected layers, to classify 11 modulation 
types which can achieve an average accuracy of 
87%. 

 
2.3 Channel Coding 

The feature of the 5G wireless interface is the use of new channel 
coding technology. DL is well known for its highly parallel 
architectures that can implement one-off coding/decoding. In Table 
3, many researchers predict that deep learning-based channel 
coding is a good way to enable 5G NR. The DL-based channel 
coding can achieve a good range of performance-complexity trade-
offs that lead to overfit and underfit if correctly performed with the 
choice of code word length. 

Table 3: AI for channel coding 

Reference  
Number Proposed Contents 

15 

Reinforcement learning for effective decoding 
strategies for binary linear codes such as 
ReedMuller and BCH codes, and as a case study, 
they considered bit-flipping decoding. 

16 

Three types of deep neural networks for channel 
decoding for 5G, multi-layer perceptron, 
convolutional neural network, and recurrent 
neural network. 

17 
A low latency, robust, and scalable convolutional 
neural network-based decoder of convolutional 
and LPDC codes. 

18 

Deep learning models consist of an iterative 
belief propagation concatenated with a 
convolutional neural network LDPC decoding 
under correlated noise, CNN for denoising the 
received signal, and BP for decoding. 

 
2.4 Intelligent Radio Resource and Network 
Management 

In 5G, there is a lack of wireless resources and increasing demand 
for wireless traffic. In Table 4, a method for efficiently addressing 
resource allocation by applying artificial intelligence to 5G wireless 
communication network. DL can be applied to interference 
management, spectrum management, multipath use, link adaptation, 
multichannel access, and traffic congestion. 

Table 4: AI for Intelligent Radio Resource and Network 
Management 

Reference  
Number Proposed Contents 

19 
An A.I. scheduler to infer the free slots in a 
multiple frequencies time division multiple 
access to avoid congestion and high packet loss. 

20 
Deep reinforcement learning for decentralized 
cooperative localization scheduling in vehicular 
networks. 

21 
Deep reinforcement learning based on LSTM to 
enables small base stations to perform dynamic 
spectrum access to an unlicensed spectrum. 
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22 

A.I. framework for smart wireless network 
management based on CNN and RNN to extract 
both the sequential and spatial features from the 
raw signals. 

23 Deep-reinforcement learning approach for SDN 
routing optimization. 

 
2.5 Wireless channel modeling 

The application of AI to 5G wireless channel modeling is expected 
to improve the channel model and contribute to more efficient 
channel estimation. In Table 5, a study of AI for wireless channel 
modeling proposes a model with appropriate parameters. 

Table 5: AI for wireless channel modeling 

Reference  
Number Proposed Contents 

24 If the target is to estimate large scale fading, the 
average the power delay profile is calculated. 

25 
Using deep learning to identify and classify the 
modulation nodes, improve the interference 
alignment, and locate the optimum routing path. 

26 
Addressed that DNNs are capable to learn the 
channel model characteristics of the wireless 
channel that get affected by fading. 

27 Recommend involving the convolution neural 
network in the 3GPP channel model. 

28 
The CNN techniques are used to predict the 
speed and direction angle using a sequence of 
images as an input. 

29 

Used multiple machine learning algorithms such 
as KNN and Random Forests to estimate the path 
loss model from a dataset and showed results that 
prove the accuracy with small estimation errors. 

30 

Used neural network methods such as learned 
denoising-based approximate message passing 
network to estimate and learn CSI and solve the 
limited number of frequency chains in cellular 
systems from training data. 

31 Used deep learning for estimating the carrier 
frequency offset. 

32 

Presented several novel ideas for applying deep 
learning to end-to-end communication systems 
such as autoencoder and redesigning those 
communications in a single process. Where the 
autoencoder helps to decrease the block error rate 
by 1-7 time in scenarios that has Rayleigh fading. 

33 

Showed how to predict the transmitted signals 
using deep learning techniques such as neural 
networks other than the classical method where 
existing receivers estimate the parameters and 
then recover the data using estimation. Whereas 
with deep learning, the channel state information 

is estimated, and recovering the transmitted 
signals directly. 

34 

Other channel modeling challenges that reach the 
complexity level such as blockage, atmospheric 
effects, handover, beam direction, MIMO and it 
is time for machine learning to get evolved. 

35 

A unique way to train deep learning of channel 
modeling without any assumptions which 
improves the system performance. The authors 
used a back-propagating stochastic 
approximation method to overcome the 
corrupted signals due to hardware, fading, 
improper schemes, etc. The cross-entropy loss 
function is used to measure the performance of 
the system as shown below. 

3 CONCLUSIONS 

AI has been used in various industries due to development of AI. 
In this study, we reviewed and analyzed the cases of AI applications 
for five major technologies of 5G wireless systems. The main 
technologies of 5G were selected: MassiveMIMO, Automatic 
Modulation Classification, Channel Coding, Intelligent Radio 
Resource, and Network Management, and Radio Channel 
Modeling. 
As a result of the study, it was confirmed that the use of AI for 5G 
wireless systems has the intelligence, efficiency, and flexibility 
necessary to manage wireless resources and provide high quality 
services to users through related research reviews. 

ACKNOWLEDGMENTS 
This research was supported by the MIST (MInistry of Science & 
ICT), Korea, under the National Program for Excellence in SW 
supervised by the IITP(Institute for Information & communications 
Technology Promotion)” (2017-0-00137) Support note) 

REFERENCES 
[1] S. Parkvall, E. Dahlman, A. Furuskar, and M. Frenne, “Nr: The new 5g radio 

access technology,” IEEE Communications Standards Magazine, vol. 1, no. 
4, pp. 24–30, 2017. 

[2] Saud Mobark Aldossari, “Artificial Intelligence Towards the Wireless 
Channel Modeling Communications in 5G,” University of South Florida, 
April, 2020. 

[3] C. Zhang, P. Patras, and H. Haddadi, “Deep learning in mobile and wireless 
networking: A survey,” IEEE Communications Surveys & Tutorials, 2019. 

[4] Chang-Jae Chun; Jae-Mo Kang, Il-Min Kim, “Deep Learning-Based Channel 
Estimation for Massive MIMO Systems,” IEEE WIRELESS 
COMMUNICATIONS LETTERS, VOL. 8, NO. 4, pp.1228-1231, 
AUGUST 2019 

[5] S. Gao, P. Dong, Z. Pan, and G. Y. Li, “Deep learning based channel 
estimation for massive mimo with mixed-resolution adcs,” IEEE 
Communications Letters, vol. 23, no. 11, pp. 1989–1993, 2019. 

[6] Md. Habibur Rahman, Md. Shahjalal, Md. Osman Ali, Sukjin Yoon, Yeong 
Min Jang, “Deep Learning Based Pilot Assisted Channel Estimation for 
Rician Fading Massive MIMO Uplink Communication System,” 2021 
Twelfth International Conference on Ubiquitous and Future Networks 
(ICUFN), pp470-472, August 2021 

[7] C.-K. Wen, W.-T. Shih, and S. Jin, “Deep learning for massive mimo csi 
feedback,” IEEE Wireless Communications Letters, vol. 7, no. 5, pp.748–
751, 2018. 



SMA 2022, October 19~22, 2022, World Resort, Saipan, USA G. Gubbiotti et al. 
 

4 
 

[8] M. Khani, M. Alizadeh, J. Hoydis, and P. Fleming, “Adaptive neural signal 
detection for massive mimo,” IEEE TRANSACTIONS ON WIRELESS 
COMMUNICATIONS, VOL. 19, NO. 8, pp.5635-5648, AUGUST 2020. 

[9] G. Gao, C. Dong, and K. Niu, “Sparsely connected neural network for 
massive mimo detection,” EasyChair, Tech. Rep., 2018. 

[10] M. Alrabeiah and A. Alkhateeb, “Deep learning for tdd and fdd massive 
mimo: Mapping channels in space and frequency,” arXiv preprint 
arXiv:1905.03761, 2019. 

[11] L. Sanguinetti, A. Zappone, and M. Debbah, “Deep learning power allocation 
in massive mimo,” in 2018 52nd Asilomar Conference on Signals, Systems, 
and Computers. IEEE, 2018, pp. 1257–1261. 

[12] T. Maksymyuk, J. Gazda, O. Yaremko, and D. Nevinskiy, “Deep learning 
based massive mimo beamforming for 5g mobile network,” in 2018 IEEE 
4th International Symposium on Wireless Systems within the International 
Conferences on Intelligent Data Acquisition and Advanced Computing 
Systems (IDAACS-SWS). IEEE, 2018, pp. 241–244. 

[13] J. Jagannath, N. Polosky, D. O’Connor, L. N. Theagarajan, B. Sheaffer, S. 
Foulke, and P. K. Varshney, “Artificial neural network based automatic 
modulation classification over a software defined radio testbed,” in 2018 
IEEE International Conference on Communications (ICC). IEEE, 2018, pp. 
1–6. 

[14] S. Rajendran, W. Meert, D. Giustiniano, V. Lenders, and S. Pollin, “Deep 
learning models for wireless signal classification with distributed low�cost 
spectrum sensors,” IEEE Transactions on Cognitive Communica�tions and 
Networking, vol. 4, no. 3, pp. 433–445, 2018. 

[15] S. Peng, H. Jiang, H. Wang, H. Alwageed, and Y.-D. Yao, “Modulation 
classification using convolutional neural network based deep learning 
model,” in 2017 26th Wireless and Optical Communication Conference 
(WOCC). IEEE, 2017, pp. 1–5. 

[16] F. Carpi, C. Hager, M. Martal ¨ o, R. Raheli, and H. D. Pfister, “Rein-
forcement learning for channel coding: Learned bit-flipping decoding,” 
arXiv preprint arXiv:1906.04448, 2019. 

[17] W. Lyu, Z. Zhang, C. Jiao, K. Qin, and H. Zhang, “Performance evaluation 
of channel decoding with deep neural networks,” in 2018 IEEE International 
Conference on Communications (ICC). IEEE, 2018, pp. 1–6. 

[18] K. Yashashwi, D. Anand, S. R. B. Pillai, P. Chaporkar, and K. Ganesh, “Mist: 
A novel training strategy for low-latencyscalable neural net decoders,” arXiv 
preprint arXiv:1905.08990, 2019. 

[19] F. Liang, C. Shen, and F. Wu, “An iterative bp-cnn architecture for chan�nel 
decoding,” IEEE Journal of Selected Topics in Signal Processing, vol. 12, 
no. 1, pp. 144–159, 2018. 

[20] S. Chinchali, P. Hu, T. Chu, M. Sharma, M. Bansal, R. Misra, M. Pavone, 
and S. Katti, “Cellular network traffic scheduling with deep rein�forcement 
learning,” in Thirty-Second AAAI Conference on Artificial Intelligence, 
2018. 

[21] B. Peng, G. Seco-Granados, E. Steinmetz, M. Frohle, and H. Wymeer- ¨sch, 
“Decentralized scheduling for cooperative localization with deep 
reinforcement learning,” IEEE Transactions on Vehicular Technology, vol. 
68, no. 5, pp. 4295–4305, 2019. 

[22] U. Challita, L. Dong, and W. Saad, “Proactive resource management for lte 
in unlicensed spectrum: A deep learning perspective,” IEEE transactions on 
wireless communications, vol. 17, no. 7, pp. 4674–4689, 2018. 

[23] G. Cao, Z. Lu, X. Wen, T. Lei, and Z. Hu, “Aif: An artificial intelligence 
framework for smart wireless network management,” IEEE Communications 
Letters, vol. 22, no. 2, pp. 400–403, 2017. 

[24] G. Stampa, M. Arias, D. Sanchez-Charles, V. Munt´es-Mulero, and A. 
Cabellos, “A deep-reinforcement learning approach for software-defined 
networking routing optimization,” arXiv preprint arXiv:1709.07080, 2017 

[25] Q. Mao, F. Hu, and Q. Hao, “Deep learning for intelligent wireless networks: 
A comprehensive survey,” IEEE Communications Surveys Tutorials, vol. 20, 
no. 4, pp. 2595–2621, Fourthquarter 2018. 

[26] H. Ye, G. Y. Li, and B.-H. Juang, “Power of deep learning for channel 
estimation and signal detection in ofdm systems,” IEEE Wireless 
Communications Letters, vol. 7, no. 1, pp. 114–117, 2017. 

[27] D. Neumann, T. Wiese, and W. Utschick, “Learning the mmse channel 
estimator,” IEEE Transactions on Signal Processing, vol. 66, no. 11, pp. 
2905–2917, June 2018. 

[28] Z. Yang, Y. Zhang, J. Yu, J. Cai, and J. Luo, “End-to-end multi-modal multi-
task vehicle control for self-driving cars with visual perceptions,” in 2018 
24th International Conference on Pattern Recognition (ICPR). IEEE, 2018, 
pp. 2289–2294. 

[29] Y. Zhang, J. Wen, G. Yang, Z. He, and X. Luo, “Air-to-air path loss 
prediction based on machine learning methods in urban environments,” 
Wireless Communications and Mobile Computing, vol. 2018, pp. 8 489 
326:1–8 489 326:9, 2018. 

[30] H. He, C.-K. Wen, S. Jin, and G. Y. Li, “Deep learning-based channel 
estimation for beamspace mmwave massive mimo systems,” IEEE Wireless 
Communications Letters, vol. 7, no. 5, pp. 852–855, 2018. 

[31] T. O’Shea, K. Karra, and T. C. Clancy, “Learning approximate neural 
estimators for wireless channel state information,” in 2017 IEEE 27th 
international workshop on machine learning for signal processing (MLSP). 
IEEE, 2017, pp. 1–7. 

[32] T. O’Shea and J. Hoydis, “An introduction to deep learning for the physical 
layer,” IEEE Transactions on Cognitive Communications and Networking, 
vol. 3, no. 4, pp.563–575, 2017. 

[33] A. Ben-Hur, D. Horn, H. T. Siegelmann, and V. Vapnik, “Support vector 
clustering,” J. Mach. Learn. Res., vol. 2, pp. 125–137, Mar. 2002. [Online]. 
Available: http://dl.acm.org/citation.cfm?id=944790.944807 

[34] T. J. O’Shea, T. Erpek, and T. C. Clancy, “Deep learning based mimo 
communications,” arXiv preprint arXiv:1707.07980, 2017. 

[35] V. Raj and S. Kalyani, “Backpropagating through the air: Deep learning at 
physical layer without channel models,” IEEE Communications Letters, vol. 
22, no. 11, pp. 2278–2281, 2018. 

  
  
  
  

 


