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Abstract: To meet the key performance requirement of the 5G network and the demand of the growing number of mobile subscribers, millions
of base stations are being constructed. 5G New Radio is designed to enable denser network deployments, which raises significant concerns
about network energy consumption. Machine learning (ML), as a kind of artificial intelligence (AI) technologies, can enhance network optimi-
zation performance and energy efficiency. In this paper, we propose Al/ML-assisted energy-saving strategies to achieve optimal performance
in terms of cell shutdown duration and energy efficiency. To realize network intelligence, we put forward the concept of intrinsic Al, which in-

tegrates Al into every aspect of wireless communication networks.
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1 Introduction
ireless communication has witnessed rapid devel-
opment, especially in terms of higher data rates,
considerably smarter devices, and diverse applica-
tions. Moreover, compared with the 4G technol-
ogy, 5G uses high-frequency bands, which makes the nodes
denser. To achieve optimal performance in the radio access
network (RAN) and meet the demand of increasing mobile
subscribers, millions of base stations (BSs) are constructed.
The number of BSs in developing regions has increased by
over 2 million from 2007 to 2015, and data transmission rates
have increased tenfold every five years''. However, the ex-
pected surge in traffic load requires 5G New Radio to enable
denser network deployment and network densification, which
results in higher energy consumption. Most of the energy is
consumed by BSs in the typical RAN. However, with the de-
ployment of more base stations with massive multiple-input
multiple-output (MIMO), energy efficiency in NR becomes
more urgent and challenging.

One of the energy-saving schemes that have received exten-
sive attention from academia and the industry is cell activa-
tion/deactivation based on load prediction . In the third
Generation Partnership Project (3GPP), energy-saving stan-
dard cases have been specified in Releases 15 and 16, such
as the intra-radio access technology (RAT) case with the cen-
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tral unit-distributed unit (CU-DU) split, the intra-system inter-
RAT case, and multiple radio access technology-dual connec-
tivity (MR-DC)™. An approach has also been recently devel-
oped to optimize wireless communications and introduced into
self-organizing networks (SON) to allow for smarter operation
and maintenance of operators’ daily tasks®. The inclusion of
Al-based tools enables a more proactive approach to exploit-
ing the vast number of data available and incorporating addi-
tional dimensions, such as end-user experience and behavior
characterization'® *. The cell providing capacity booster can
be switched off autonomously according to its cell traffic load
status. Ref. [9] leverages AI/ML methods to predict load and
achieve energy efficiency performance through dynamic
threshold configuration.

In this paper, we introduce and provide related works on Al/
ML based energy efficiency, simulation and evaluation in real
environments, and future vision on AI/ML based wireless net-
works. The main contributions of this work can be summarized
as follows:

1) The benefits of AI/ML enabled wireless networks and
the deployment of RAN intelligence are provided.

2) Compared with no-energy saving schemes and tradi-
tional energy saving strategies, the proposed AI/ML based en-
ergy saving scheme achieves great performance on power con-
sumption and energy efficiency.
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3) Based on further consideration of future wireless commu-
nication networks, we propose to integrate Al into every as-
pect of wireless communication systems to depict a vision of
the intrinsic Al through intelligent data perception, intelligent
modeling, distributed architecture, and intelligent monitoring.

The rest of this paper is organized as follows. Section 2 in-
troduces AI/ML assisted wireless networks and describes their
benefits. The definition of typical energy-saving features and
the AI/ML based energy efficiency strategy is provided in Sec-
tion 3, followed by the simulation and results in Section 4. Fu-
ture vision on AI/ML based wireless communication networks
is provided in Section 5. Section 6 shows the conclusions.

2 Machine Learning Assisted Wireless Net-

works

As an important research direction of Al technologies, ma-
chine learning takes advantage of the depth of the neural net-
work’ s non-linear processing capability, which successfully
solves a series of previously intractable problems. In image
recognition, speech processing, and natural language process-
ing, Al shows greater performance than humans and has better
ability than traditional algorithms”". It therefore has been suc-
cessfully applied in a variety of technologies, services and ap-
plications, including telecommunications. Many optimization
issues in the wireless network, such as network energy saving,
mobility optimization, and load balancing, can be resolved
through powerful tool-machine learning, analyzing the data
pattern and historical information to predict the trends or gen-
erate optimization decisions. Fig. 1 illustrates the functional
framework for RAN intelligence!"'".

1) Data collection is the function that provides input data to
model training and model inference functions. Training data
represent the data needed as input for the AI/ML model train-
ing function, while inference data are those needed as input
for the AI/ML model inference function.

2) Model training is the function that performs the AI/ML
model training, validation, and testing, which may generate
model performance metrics as part of the model testing proce-
dure. The model training function is also responsible for data
preparation (e. g., data pre-processing and cleaning, format-
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A Figure 1. Framework of artificial intelligence/machine learning (Al/
ML) enabled wireless networks
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ting, and transformation).

3) Model inference is the function that provides AI/ML
model inference output (e.g., predictions or decisions). The
model inference function may provide model performance
feedback to the model training function when applicable. The
model inference function is also responsible for data prepara-
tion (e.g., data pre-processing and cleaning, formatting, and
transforming). The inference output of the AI/ML model is pro-
duced by the model inference function.

4) Actor is the function that receives the output from the
model inference function and triggers or performs correspond-
ing actions. The actor may trigger actions directed to other en-
tities or at itself.

5) Model deployment/update is used to initially deploy a
trained, validated, and tested AI/ML model to the model infer-
ence function or to deliver an updated model to the model in-
ference function.

6) Model performance feedback is used for monitoring the
performance of the AI/ML model. After model inference is
executed, the model performance is generated and returned
to the model training function to evaluate whether the model
performance is good or not. If the performance is not good,
the model training function can trigger model retraining and
reselection.

7) Feedback is the information needed to derive training
data and inference data, or to monitor the performance of the
AI/ML model and its impact on the network through updating
key performance indicators (KPIs) and performance counters.

The 5G network and even future networks require the intro-
duction of AI/ML to achieve automated and intelligent opera-
tions. For network energy saving, ML algorithms may predict
the energy efficiency and load state of the next period, which
can be used to make better decisions on cell activation/deacti-
vation for energy saving. Based on the predicted load, the sys-
tem may dynamically configure the energy-saving strategy.
For mobility optimization, many radio resource management
(RRM) actions related to mobility (e.g., selecting handover tar-
get cells) can benefit from the predicted user equipment (UE)
location/trajectory. For load balancing, based on a collection
of various measurements and feedback from UE, network
nodes, historical data, etc., AI/ML model-based solutions and
predicted load could improve load balancing performance, in
order to provide a higher quality user experience and to im-
prove the system capacity.

3 Strategies for Energy Efficiency

3.1 Energy Efficiency Features

Typical energy efficiency strategies used for wireless net-
works include symbol shutdown, channel shutdown, carrier
shutdown and deep sleep, which can be categorized into a sym-
bol level, a physical channel level, and a machine level. Follow-
ing are the definitions of each energy efficiency strategy.
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1) Symbol shutdown: A base station detects that some down-
link symbols have no data to send, and thus it turns off the PA
and other analogue components, thereby reducing the power
consumption of the base station, which basically has no effect
on the user’ s latency. Moreover, by adjusting the number of
synchronization signal block (SSB) beams when cells have no
traffic or light traffic in a specified period of time, the propor-
tions of symbols for which symbol power saving can take effect
can be increased.

2) Channel shutdown: It refers to the technology of multi-
channel base stations such as 64/32 channels by muting some
RF channels of the base station with low traffic, thereby reduc-
ing the power consumption of the base station. But for services
with higher throughput requirements, when the user channel
environment deteriorates, it is necessary to consider that the
coverage cannot be reduced.

3) Carrier shutdown: When the service volume of the entire
BS is low during off-peak hours at night ,the BS energy con-
sumption can be reduced by retaining only the coverage-layer
cells and shutting down the capacity-layer cells. If the service
load is lower than a specified threshold, the capacity layers
are dynamically shut down. When the load of the carrier pro-
viding basic coverage is higher than a specified threshold, the
base station dynamically turns on the carriers that have been
shut down for service provisioning.

4) Deep sleep: The power requirements of the radio base
station vary with the cell traffic load. As the service load of the
cell increases, the power amplifier gradually becomes the
most energy-consuming component of the base station. Addi-
tionally, in the scenario of no traffic load, the power demand of
the wireless base station mainly comes from the digital inter-
mediate frequency module. It is worth noting that in the ab-
sence of traffic load, and between control signaling transmis-
sions, the BS part consumes energy even when transmissions
are not required. Thus, a strategy arises to reduce unnecessary
radio BS energy consumption by gradually deactivating compo-
nents when they remain unused for transmission.

Energy efficiency strategies can be adopted based on the
various wireless network environment, and different energy ef-
ficiency strategies produce different energy-saving results. In
addition, AI/ML technologies can be used to help choose
which energy-saving strategy for a certain scenario. In this pa-
per, the channel shutdown and symbol shutdown are mainly
used in simulation and evaluation in Section 4.

3.2 AI/ML Assisted Energy Efficiency Strategy

Cell activation/deactivation is an energy saving
scheme in the spatial domain that exploits traffic
offloading in a layered structure to reduce the en-
ergy consumption of the whole RAN. When the ex-
pected traffic volume is lower than a fixed thresh-
old, the cells may be switched off, and the served
UE may be offloaded to a new target cell. Efficient
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energy consumption can also be achieved by other means such
as reduction of load, coverage modification, or other RAN con-
figuration adjustments. The optimal energy saving decision de-
pends on many factors including the load situation at different
RAN nodes, RAN nodes capabilities, KPI/quality of service
(QoS) requirements, number of active user devices, UE mobil-
ity, cell utilization, etc. AI/ML techniques could be utilized to
optimize the energy saving decisions by leveraging the data
collected in the RAN network. AI/ML algorithms may predict
the energy efficiency and load state of the next period, which
can be used to make better decisions on cell activation/deacti-
vation for energy saving. Based on the predicted load, the sys-
tem can dynamically configure the energy-saving strategy
(such as the switch-off timing and granularity and offloading
actions) to keep a balance between system performance and
energy efficiency and to reduce energy consumption.

Moreover, using statistics of past and current cell traffic
and mobility management events, radio resource and mobil-
ity management strategies can be optimized to devise appro-
priate green strategies to minimize network energy consump-
tion, while avoiding the degradation of network performance
in terms of coverage quality, user rate, and handover failures.
Since both the load of the serving cell and those of the neigh-
boring ones play a role in the carrier shutdown procedure, op-
timized traffic distribution calls for centralized cell load pre-
dictions or exchange of predictions across cells. Only when
the predicted load of the source and target cells is low, the
source cell may be deactivated and the target cell is handed
over to its UE to avoid QoS degradation. An optimized traffic
distribution should also account for hard-to-predict traffic
fluctuations and future cell loads as well as the change in sig-
nal quality of the UE in the neighborhood of a shutdown car-
rier, which in turn may also significantly affect cell loads in
the area. A new target cell may be handed over to UE, but
the load of this target cell may rapidly increase soon after,
making the target cell fail to meet the required QoS, and re-
quire an immediate reactivation of the recently shutdown car-
rier, shown in Fig. 2.

4 Evaluation and Performance

The energy-saving strategy for the 5G system adopted in
this paper comprises three components: all-day symbol shut-
down, all-day Al-based channel shutdown, and Al-based deep
sleep from 0 a.m. to 6 a.m. The test area is located in the Pa-
nyu District of Guangzhou, China, and involves 54 active an-

i Next time point
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A Figure 2. Potential scenarios cause deterioration of energy efficiency
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tenna units (AAU). The energy-saving strategy is triggered by
the predicted load threshold, as described in Section 3. Three-
time ranges are set to compare the performance of no energy-
saving, traditional energy-saving, and Al/ML-based energy-
saving. TO represents the time without energy-saving strate-
gies, T2 represents the time when the AI/ML technology is
used, and T1 represents the time with traditional energy-
saving strategies. The simulation’s configuration is illustrated
in Table 1.

Table 2 displays statistical information on the duration of
energy-saving strategies using AI/ML techniques compared
with traditional methods. The data indicates a significant in-
crease in the duration of deep sleep and channel shutdown,
which has resulted in even greater energy savings. Specifi-
cally, the use of AI/ML techniques has extended the duration
of shutdown for these strategies, resulting in a reduction of
power consumption of 452.18 W and a 2.48% improvement in
energy efficiency, compared with traditional methods. This in-
formation highlights the potential benefits of using AI/ML
techniques for energy-saving purposes, particularly in extend-
ing the duration of energy-saving strategies, bringing signifi-
cant energy savings. Fig. 3 shows the average power supply

VTable 1. Configuration information of evaluation

Time Range Type Energy Saving Strategy

2022-06-09 W/O channel shutdown

TO ~ None W/0 symbol shutdown
2022-06-15 W/O deep sleep
2022-05-27 Channel shutdown

Tl ~ Tradition Symbol shutdown
2022-06-22 Deep sleep
2022-06-25 AUML AI/ML channel shutdown

T2 ~ ted AI/ML symbol shutdown
2022:07-01 255 Deep sleep

Al: artificial intelligence  ML: machine learning

VTable 2. Time statistics of the duration of shutdown

Power Con- mprove-  Improve-
Phas Deep Channel Symbol cumption/ ment ment
ase Sleep/h  Shutdown/h  Shutdown/h SUMPHON (¢ ompared  (Compared
W with T0)  with T1)
TO-W/O
ES 0 0 0 593.97 - -
T-Tradi-— ) 6 0.58 9.63 46692 2139%  2.48%
tional ES
T2-Al/
ML ES 3.48 5.94 9.03 452.18 23.87% -

AT artificial intelligence  ES: energy saving ~ ML: machine learning

VTable 3. Time statistics of the duration of energy efficiency

Phase 5G Energy Efficiency Improvement
/GB+(kW +h)™' (Compared with TO)
TO-W/0 ES 2.78 -
T1-Tranditional ES 2.97 6.55%
T2-AI/ML ES 3.44 23.40%

Al artificial intelligence  ES: energy saving ~ ML: machine learning
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and a 23.87% reduction in power consumption with the use of
AI/ML techniques. Fig. 4 shows the energy efficiency improve-
ment of 23.40% achieved by using AI/ML techniques.

Overall, by utilizing AI/ML techniques to determine energy-
saving strategies, energy efficiency can be significantly im-
proved while simultaneously reducing energy consumption,
leading to an increase in the energy-saving duration of base
stations.

5 Future Vision on AI/ML Assisted Wire-

less Networks

The current 5G communication system is designed as a
service-based architecture, providing a modular framework for
meeting stringent latency and reliability requirements. Barely
introducing Al technologies in wireless networks to solve a
certain network optimization problem does not enable net-
works to be intelligent. Continuously changing radio environ-
ment requires retraining and updating the fixed ML models,
resulting in repetitive work and hindering the intelligence of
the wireless system. Future communication systems are not
only considered to apply Al to enhance a certain function,
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such as energy saving, mobility management, etc., but also de-
signed to integrate Al into every aspect of wireless communi-
cation systems to depict a vision of the intrinsic Al.

The key requirements of the 5G network are stringent la-
tency and reliability in user scenarios, e.g, ultra-reliable low-
latency communications (URLLC), enhanced mobile broad-
band (eMBB), and massive machine type of communication
(mMTC), while future wireless networks (6G) seamlessly inte-
grates with Al, communication networks, and edge computing.
To support Al function, 5G networks preset functional mod-
ules to monitor and enhance the performance of service-based
architecture (SBA), but in the future wireless network, it in-
volves self-sensing, self-learning, self-decision and self-
evolution to support self-capability and realize AI/ML integra-
tion with communication networks. The transition in the Al/
ML structure from 5G networks to future wireless networks is
shown in Fig. 5.

Therefore, to bring autonomous learning, autonomous
decision-making, self-optimization, and self-evolution, Al-
native radio networks will be an intelligent loop including in-
telligent data perception, intelligent modeling, distributed ar-
chitecture, and intelligent monitoring.

1) Intelligent data perception

A large quantity of data transportation will bring burdens to
the current interface. On the other hand, data sensed from the
radio environment sometimes do not have the corresponding
labels. Now with the generative adversarial networks (GANs),
it will avoid transferring a large number of data between vari-
ous nodes in the network and protect the data privacy. GAN
can generate the required data to simulate real data and im-
prove the performance of models to a certain extent.

2) Intelligent modeling

The implementation of machine learning usually requires a
lot of manual intervention, such as data pre-processing, fea-
ture selection, model selection, hyper-parameter, and adjust-
ment. Each ML model or algorithm has a specific structure

Integration of Al, communica-
tion network and edge computing

Functional modules

Intelligent
modeling

Intelligent
data perception

<€ N ! ™ Service based architecture AIUML

*elligem

monitoring

Distributed
learning architecture

Al-function modules

ALl artificial intelligence ~ ML: machine learning

AFigure 5. Transition on AI/ML structure from 5G to future wireless network

38 | ZTE COMMUNICATIONS
June 2023 Vol. 21 No. 2

Al-native architecture

Self-sensing, self-learning, self-
decision, and self-evolution

and usually comes with a set of strategies or rules for model
construction. The purpose of intelligent modeling is to reduce
manual intervention so that the radio network can automati-
cally generate and train the AI/ML model to achieve autono-
mous learning capabilities. Currently, auto-ML technologies
can automatically select a machine learning model on given
data and tasks, and automatically select an optimization algo-
rithm, so that the model has the characteristics of high perfor-
mance and low computational complexity of the task.

3) Distributed architecture

The centralized Al server collects the data of each network
element and each node in the network, which will bring prob-
lems such as time delay and a large number of data transmis-
sion. The distributed Al server architecture can effectively
solve this problem. The Al units are distributed on each net-
work node to jointly perform the calculation tasks of the same
set of Al models. Distributed Al network architecture, where
each network node can be used as a part of Al training/execu-
tion and a large number of related devices can jointly build a
common model based on locally collected data sets, will be
the trend of intelligent Al network architecture in the future. It
will reduce data transmission load and data privacy leaks on
the radio interface, improve model performance, and alleviate
delay problems. Distributed Al will play an important role in
the subsequent evolution of the network architecture.

4) Intelligent monitoring

Intelligent monitoring is the introduction of human control
into the decision-making process of the network to improve
the decision-making ability of Al algorithms and help the ma-
chine better understand user preferences and make more user-
preferred decisions. For example, when the Al model itself
cannot make the correct decision or the cost of making the
wrong decision is high, the Al algorithm can decide with hu-
man intelligence. With reinforcement learning, the agent ob-
tains reward through interaction with the environment or feed-
back from users, learns the characteristics of the external envi-
ronment, and improves decision-making
strategies to adapt to the external envi-
ronment changes.

6 Conclusions

In this paper, we introduce the ben-
efits of AI/ML enabled wireless networks
and provide the deployment of RAN in-
telligence. Compared with no energy sav-

)-

J
y )

ing schemes and traditional energy sav-
ing strategies, our proposed AI/ML based
energy saving schemes achieve great per-
formance on power consumption and en-
ergy efficiency. Moreover, we put forward
further consideration on future wireless
communication networks, which inte-

grate Al into every aspect of wireless
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communication systems to depict a vision of the intrinsic Al
through intelligent data perception, intelligent modeling, dis-
tributed architecture, and intelligent monitoring.
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