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Abstract: As the wireless communication network undergoes continuous expansion, the challenges associated with network management and
optimization are becoming increasingly complex. To address these challenges, the emerging artificial intelligence (AI) and machine learning
(ML) technologies have been introduced as a powerful solution. They empower wireless networks to operate autonomously, predictively, on-
demand, and with smart functionality, offering a promising resolution to intricate optimization problems. This paper aims to delve into the
prevalent applications of AI/ML technologies in the optimization of wireless networks. The paper not only provides insights into the current

landscape but also outlines our vision for the future and considerations regarding the development of an intelligent 6G network.
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1 Introduction
he rapid growth of mobile subscribers and the intro-
duction of numerous new services have led to the con-
tinuous expansion of wireless communication net-
works. In addition, the diversity of network deploy-
ment and the increase of network parameters in the 5G era
also make network management quite complicated. The large
scale and high complexity make it infeasible to achieve the
best network optimization solution by human engineers. Fortu-
nately, the advancement of artificial intelligence (AI) and ma-
chine learning (ML) technologies has provided a powerful solu-
tion to addressing these challenges. Al and ML technologies
offer efficient ways to tackle complex problems in wireless
communication network management. By leveraging these
technologies, the wireless communication network can be au-
tonomous, predicted, on-demand and smart operated, and real-
ize accurate parameter prediction, intelligent resource alloca-
tion, and green energy savings, thus greatly enhancing the net-
work performance with less human intervention.
To apply AI/ML to the existing 5G network, the 3rd Genera-
tion Partnership Project (3GPP) has also begun the study on
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AI/ML topi(:s“ 31 In terms of the radio access network (RAN),
the enhancement of data collection for intelligence has been
studied, including the high-level principles, the functional
framework, and scenarios (network energy saving, load balanc-
ing, and mobility optimization) for Al-assisted network optimi-
zation. The RAN3 work group further discusses the corre-
sponding normative work in Release-18 to enhance the collec-
tion of measurement through signaling based on the existing
next-generation (NG)-RAN interfaces and architecture. In ad-
dition, the research on the intelligence of air interface is also
carried out by the RAN1 work group, which studies the life-
cycle management, scenarios such as channel state informa-
tion (CSI) feedback enhancements, beam management and po-
sitioning improvement, evaluations for each use case and po-
tential impact to the current specification.

This paper presents the popular application of AI/ML tech-
niques in wireless network optimization and provides our fu-
ture vision and consideration on a 6G intelligent network. The
subsequent sections of this paper are outlined as follows. In
Section 2, we review some achievements in AI/ML assisted
wireless communication network optimization. Section 3 de-
scribes the potential implementation of AI/ML based use
cases over existing network architecture. Finally, future vision
and consideration are provided in Section 4, followed by the
conclusion of this paper in Section 5.
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2 Applications of AI/ML Techniques in Wire-

less Network Optimization

In wireless communication systems, AI/ML algorithms have
been extensively used for various usage such as traffic load
prediction, moblhty prediction, radio link failure prediction',
positioning®, and network slicing resource management'.
Various experiments or practices have been carried out to
show the potential benefits of AI/ML-assisted wireless network

optimization.

2.1 Network Energy Saving

Energy conservation has always been a global and eternal
topic in various walks of life. Especially in the mobile commu-
nication industry, the relentless expansion of mobile communi-
cation networks to meet the demands of an unprecedented
surge in mobile subscribers has resulted in a rapid increase in
energy consumption. To reduce the huge energy consumption
and achieve a greener mobile communication network, numer-
ous research projects have been started with different contri-
bution areas like services, architecture, and intelligence dur-
ing the past years'.

Numerous energy-saving strategies, including symbol shut-
down, carrier shutdown, channel shutdown, deep sleep, and
symbol aggregation, have been proposed®. However, existing
energy conservation is usually vulnerable due to some poten-
tial issues such as imprecise traffic prediction, imbalance be-
tween performance and efficiency, inflexible parameter adjust-
ment, and localized energy efficiency improvement leading to
an overall deterioration'". AI/ML based energy-saving strate-
gies can realize accurate load prediction, flexible parameter op-
timization, service forecasting, and scene identification, to se-
lect the most suitable shut-down schemes for a certain scenario
without significantly deteriorating the system performance.

In Ref. [9], the energy-saving performance of strategies in-
cluding symbol switch-off, channel switch-off, and carrier
switch-off with the assistance of Auto Regressive Integrated
Moving Average (ARIMA) is evaluated in real scenarios. The
results show that the machine learning technique can bring
the percentage of the switch-off duration per cell up to 176%,
increase the switch-off duration and 1.24 kWh power saving
per cell per day without affecting basic key performance indi-
cators (KPIs), and the total electrical saving per week is in-
creased by CNY 2 223 compared with the conventional en-
ergy saving strategies[9]. AI/ML based channel shutdown,
symbol shutdown and deep sleep are used in the real test in-
volving 54 active antenna units (AAU) for energy saving, re-
sulting in a reduction of 23.87% in power consumption and
an improvement of 23.4% in energy efficiency[10]. Ref. [11]
illustrates an energy-efficiency optimization algorithm through
deep reinforcement learning (DRL) by simulation, and shows
that the DRL-assisted energy-saving algorithm can bring
about 50 W or 40% power savings compared with the initial
system. Al-based service awareness, capable of discerning
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variations in the energy efficiency of different service types, is
integrated with Al-based traffic forecasting for the optimiza-
tion of energy-saving strategies. This approach results in a
daily energy saving of 13.7 kWh, with energy saving increas-
ing by nearly 109"

2.2 Traffic Load Prediction

Traffic prediction plays a pivotal role in network optimiza-
tion and serves various use cases, including energy conserva-
tion and mobile load balancing. Traditional models such as
linear regression and support vector machines (SVM) have
reached maturity in traffic load prediction. With the quick evo-
lution of deep learning, increasingly sophisticated algorithms
are being employed for more accurate predictions. Load pre-
diction plays a significant role in assisting load balancing as il-
lustrated in Fig. 1.

Several supervised and unsupervised learning algorithms for
predicting the resource status on sites are compared in terms of
accuracy, time consumption, and memory usage by using the
real-world datasets of the wireless Long-Term Evolution (LTE)
network, and the results show that the Automated Neural Net
(ANN) has the highest prediction accuracy about 80%, and the
SVM and Self-Organizing Maps (SOM) can also provide above
70% accuracy'™. Ref. [14] proposes a new type of federated
learning (FL) mechanism to solve data security and privacy is-
sues in the commonly-used-centralized training models, and the
prediction accuracy can reach 86.02%, close to the state-of-the-
art FL. models while significantly reducing the communication
cost. Ref. [15] introduces two models, Ensemble and ResNet,
for traffic load prediction, and compares their prediction perfor-
mance in the same scenario with ARIMA and Prophet as the
baseline. The result states that the prediction accuracy of the
ensemble model which takes time, space, and historical infor-
mation into consideration is much higher than ARIMA and
Prophet. The calculation complexity of ResNet is significantly
lower than that of baseline models, as it can generate results for
all cells in a single training session. This characteristic makes
it particularly suitable for traffic load prediction tasks involving
large datasets.
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A Figure 1. Benefits to load balancing with assistance of artificial intelli-
gence (AI)/machine learning (ML)
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2.3 UE Trajectory Prediction

The ultra-dense network deployment in the 5G mobile com-
munication system consists of numerous small cells to satisfy
the requirements of ultra-high reliability, low latency, and
high data rate. This can lead to more frequent handovers for
high-mobility UE, thus resulting in problems such as high la-
tency, throughput reduction, radio link failure (RLF), and
ping-pong effect. Therefore, mobility optimization is of vital
importance, and one of the key parts of mobility optimization
is UE trajectory prediction. Since human mobility is predict-
able to some extent, it is feasible to analyze user’ s mobility

el and

patterns through their history trajectory information
can be enhanced by using machine learning techniques.

Ref. [16] learns the mobility pattern of user equipment (UE)
from historical trajectories and predicts its future movement
trends using the Long Short Term Memory (LSTM) structure,
and the prediction result is used in the proposed intelligent
dual connectivity mechanism for handover optimization. The
simulation results demonstrate that, even as cell density in-
creases, the average handover prediction accuracy for low-
speed users remains high"®. Ref. [17] proposes multiple fea-
tures that combine UE history trajectory with the reference sig-
nal receiving power (RSRP) measurement reports from serving
and neighbor base stations as input of the sequence-to-
sequence model for next-time location prediction, and intro-
duces orientation loss function to analyze the direction of move-
ment. Simulation results show that with RSRP and orientation
loss function, the average distance error decreases from 48.634
m to 38.457 m, and the accuracy of predicted connected nodes
the next time can be up to 98.26%!""". Ref. [18] compares the
performance of various models for Al-based mobility predic-
tion, and Bidirectional Long Short Term Memory (Bi-LSTM)-at-
tention shows the highest accuracy up to 91.78%, while ANN
consumes the shortest training time due to its low complexity.

3 Implementation of AI/ML Based Use Cases

over Network Architecture

The key to integration between AI/ML and wireless net-
works is to resolve the issue of how to implement the AI/ML
based use cases over existing network architecture. Existing
network architecture includes next-generation radio access
network (NG-RAN) nodes, UE, and core networks, and each
network entity can be in charge of different functions to sup-
port AI/ML, e.g., training and inference. Different scenarios
may call for various deployment methods for AI/ML models.

A framework for RAN intelligence (Fig. 2) has been de-
scribed in 3GPP TR 37.817". The data collection function col-
lects different kinds of data for the AI/ML model, such as mea-
surements from UE or gNBs, predictions or decisions output
from AI/ML models, and feedback from the actor, and provides
the input data for training and inference function. Input data
can be used after the data preparation procedure, such as data
pre-processing, is performed by the model training function and
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model inference function. The model training function trains,
validates and tests the AI/ML model, which will be deployed to
the model inference function after these procedures. The model
inference function generates predictions or decisions and a
trained AI/ML model from the model training function. Addi-
tionally, it offers model performance feedback to monitor and
optimize model performance. The actor function executes ac-
tions based on decisions made by the model inference function
and provides feedback to the data collection.

Some enhancements are needed in the current 5G RAN to
integrate AI/ML functions. From the perspective of specifica-
tion, three use cases, i.e., network energy saving, load balanc-
ing, and mobility optimization, are first considered to be stan-
dardized for supporting AI/ML functions. For these three Al/
ML based use cases, model training can be located in either
operation administration and maintenance (OAM) or gNB,
while the model inference is located in gNB. In the case of
centralized unit/distributed unit (CU-DU) split RAN architec-
ture, model training can be located in either OAM or gNB-CU,
while the model inference is located in gNB-CU.

Fig. 3 shows the general flow chart of an Al-based use case
with model training at OAM and model inference at gNB. UE
is currently served by gNB 1, while gNB 2 can be the neigh-
bouring gNB optionally with an AI/ML model. The OAM col-
lects the input data needed for model training, including the
measurement report of UE, input data from serving gNB and
neighbouring gNB, and performs model training. The trained
AI/ML model is then deployed/updated into the gNB 1 (this
step is out of the RAN3 Rel-17 scope) for further training or
model inference. Based on the local input data from gNB 1
and other indicated input data from UE and gNB 2, gNB 1 per-
forms model inference to make decisions or predictions, and
this output can also be the model performance feedback sent
to the OAM. The gNB 1 executes the action based on the
model inference output and provides feedback to OAM for

\L Feedback

Training data
— > Model training

A
Model deployment/ i ?/10(:165 ﬁ(erfurmance
update joedbac
Data
collection
Inference Output
data Model

i Actor
inference

A Figure 2. Functional framework for radio access network (RAN) intel-
ligence
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A Figure 3. Deployment of AI/ML functionality: model training at OAM and model inference at next-

generation radio access network (NG-RAN)

model performance monitoring and training optimization.
Fig. 4 shows the general flow chart of an Al-based use case
with model training and model inference at gNB. It can be

seen that the overall procedure is simi-
lar to the previously introduced flow
chart. The difference is that since the
model training and model inference
are both performed in gNB 1, the in-
put data for model training and model
inference and the feedback after the
action are directly sent to gNB 1.

Across the three AI/ML-based use
cases, the predicted resource status,
the predicted number of active UEs,
predicted radio resource control
(RRC) numbers and predicted UE tra-
jectory are considered as types of pre-
dicted assistance information to be re-
ported between NG-RAN nodes.

Take predicted resource status in-
formation as an example. It can be re-
ported at one time or periodically be-
NG-RAN nodes. The

charts of one-time reporting and peri-

tween flow
odic reporting are shown in Figs. 5(a)
and 5(b). In one-time reporting, the
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3. UE measurement report

7. UE measurement report

5. Mode!

4. Input data for model training from gNB 2

requesting node requests the report-
ing of predictions by sending the
Data Collection Request message and
configures the requested prediction
time (a specific point of time in the
reasonable future for which the pre-
diction information is requested) as
t,- The requested node makes predic-
tions based on its own AI/ML model
and reports the successfully initiated
predictions in the Data Collection Up-
date message to the requesting node
for one time at ty,,,, which is a time
point ahead of ¢,. For periodic report-
ing, the reporting periodicity is also
configured in the Data Collection Re-
quest message. The requested predic-
tions will be reported every T, at
+ NXT, (N=0,1,
2,--+), corresponding to the requested

time points of ;.
prediction time of ¢, + NXTj, until
the requesting node sends the Data
Collection Request message to stop
the report.

Meanwhile, UE performance feed-
back (including average UE through-
put DL/UL, average packet delay, and

average packet loss), measured UE trajectory, and energy cost
are considered measurements to support AI/ML functions,
such as model performance evaluation.
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6. Input data for model inference from gNB 2

{ 8. Model inference ]
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9. Action
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A Figure 4. Deployment of AI/ML functionality: model training and model inference at next-

generation radio access network (NG-RAN)
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AFigure 5. Flowcharts of transferring predicted information: (a) one-time reporting; (b) periodic reporting

Take the UE performance feedback as an example. It can
also be reported at one time or periodically, as illustrated in
Figs. 6(a) and Fig. 6(b). Since the UE performance is the aver-
age information over a period of time measured at the traffic
offloaded neighbouring gNB, a new data collection ID, IE, is
included in the Handover Request message as a trigger indi-
cation to request the measurement of UE performance at the
target gNB after the successful handover, while the configura-
tion of measurement and reporting is still indicated in the
Data Collection Request message. In one-time reporting, the
target gNB starts the UE performance measurement collection
after the successful handover until the measurement collec-
tion duration expires, and reports the measured UE perfor-
mance for one time to the source gNB. In periodic reporting,
for one pair of measurement IDs, the reporting periodicity is
calculated from the egress of the Data Collection Response
message, namely, the UE performance feedback is reported
through the Data Collection Update message every T at time
points of ty. ... + NXT,, which can effectively avoid the sig-
naling storm caused by the UE handed over at different times.

With the introduced solutions to supporting AI/ML func-
tions over the Xn interface between NG-RAN nodes, the RAN
node can infer future information, aiding operators in optimiz-
ing their network and enhancing the user experience.

4 Future Vision on AI/ML Assisted Wire-

less Network

The development of the 6G network is currently a vigor-
ously researched topic in both the telecommunications indus-
try and the academic community. For 6G, there are higher and

more requirements compared to 5G mobile networks in terms
of key objectives, such as coverage, speed, latency, capacity,
Al, integrated sensing and communication (ISAC), and com-
puting. From our perspective, 6G networks need to achieve
seamless human-machine and machine-machine interactive
communications, while humans are at the center of control
and judgment. Inter-working between humans and machines
will become more frequent and broader in the future, not only
for the devices bought by people, such as wearable devices
and sensing devices, but also for those variant devices in soci-
ety and industry, e. g., cameras, vehicles, robots, and un-
manned aerial vehicles (UAVs). Such collaborative intelligent
interaction can be achieved by AI/ML tools based on the
amount of data perception, while machine cognition must be
handled carefully. During human-machine interaction, three
key points need to be considered: intelligence, energy effi-
ciency, and security, as illustrated in Fig. 7.

1) Intelligence

In the realm of artificial intelligence, the current focus of
5G is to treat Al as a tool to assist networks in operations such
as load balancing, energy efficiency, and mobility optimiza-
tion. However, with the advent of 6G, the consideration goes
beyond treating AI/ML merely as a tool. Instead, the focus
shifts towards deeply integrating AI/ML functionalities into
the network layer, aiming to achieve native Al.

From now on, artificial intelligence can be divided into data
intelligence, perception intelligence, cognitive intelligence,
and autonomous intelligence. Data intelligence refers to the
ability of computing hardware to analyze and categorize data
stored, which can be considered the most fundamental level of

ZTE COMMUNICATIONS | 103
September 2024 Vol. 22 No. 3



Review

GAO Yin, CHEN lJiajun, LI Dapeng

gNB 1 gNB 2

Data Collection Request
(With report characteristies, with NG-RAN

nodel measurement ID, and measurement col-
lection duration=7)

ERequest

Data Collection Response

- — - EResponse
(With Measurement Failed Report Characteristics,

with NG-RAN node2 measurement D)

Handover Request

(With data collection ID)
Handover Execution

Data Collection Update } T,

(With UE performance feedback)

(a)

NG-RAN: next-generation radio access network

Intelligence Driven Wireless Networks in B5SG and 6G Era: A Survey

gNB 1 eNB 2

Data Collection Request

2
. . . . Request
(With report characteristics, with NG-RAN nodel e

measurement ID, reporting periodicity=7,, and
measurement collection duration=17,)

Data Collection Request

Liesponse

(With Measurement Failed Report char-
acteristics, with NG-RAN node 2 mea-
surement 1D) Ty

Data Collection Update

Redponse T R

Handover Request
(With data collection ID)

. R
Handover Execution T,

Data Collection Update
(With UE performance feedback)

+2XT,

Response R

Data Collection Update L) HIXT,
(With UE performance feedback) e

(b)

UE: user equipment

A Figure 6. Flow charts of transferring UE performance feedback: (a) one-time reporting; (b) periodic reporting

A Figure 7. 6G network: inter-working between human and machine
for sustainability

intelligence. Perception intelligence means that computing
units have perceptual capabilities to recognize diverse infor-
mation, such as videos, images, and sounds. From an imple-
mentation and security perspective, perception intelligence
will become an efficient level of intelligence in 6G networks.
By perceiving and analyzing data from various network ele-
ments and layers (including communication quality, user expe-
rience, use case requirements, etc.), it will make a large num-

ber of human-machine interactions more efficient.
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2) Energy efficiency

Energy efficiency is one of the key concerns for operators,
whether in the current 5G or future 6G networks. For 6G, as
there will be an introduction of a larger number of terminal de-
vices and the need to support computing capabilities for Al/
ML functions, the substantial increase in data transmission
can lead to a significant rise in energy consumption. This in-
creased energy consumption can adversely affect the sustain-
ability of 6G networks and result in a considerable number of
carbon emissions. Therefore, energy-saving efficiency strate-
gies need to be further developed. This may involve using arti-
ficial intelligence to predict traffic volume and minimize en-
ergy consumption or treating energy services as a specific ser-
vice criterion.

3) Security

6G security aims to ensure that systems are protected
against unintended and unauthorized access, safeguarding per-
sonal data and sensitive network information. Enhanced en-
cryption algorithms can be used to protect the privacy of data
during transmission and storage. In addition, federated learn-
ing is leveraged to use the local training and global training
mechanisms to protect the privacy data from UE. Blockchain
processes data through decentralization and uses distributed
data management to protect user privacy.

S Conclusions

AI/ML-enabled RAN intelligence has the potential to sig-
nificantly enhance network performance and user experience.
This paper aims to delve into a comprehensive overview of



Intelligence Driven Wireless Networks in B5G and 6G Era: A Survey = Review

achievements in optimizing wireless communication networks
through the application of AI/ML techniques. Additionally,
the paper provides an overview of the implementation of Al/
ML based use cases over existing network architecture. The in-
clusion of this aspect underscores the importance of aligning
AI/ML advancements with industry standards, ensuring seam-
less integration and widespread adoption. As computational
capabilities continue to strengthen, diverse application sce-
narios emerge, and standardization progresses, the paper an-
ticipates an escalating role for AI/ML techniques in shaping
the landscape of 5G and the imminent 6G era. The conver-
gence of these factors positions AI/ML as a pivotal force,
poised to drive innovation and efficiency in next-generation
wireless communication networks.
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