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Abstract—As the demand for data-driven applications and
emerging technologies such as extended reality, autonomous
vehicles, and the Internet of Things (IoT) continues to grow, the
development of a next-generation wireless communication system,
6G, becomes necessary. To fulfill the stringent requirements of 6G
networks, new enabling technologies are necessary. Deep learning
(DL) and deep reinforcement learning (DRL) are two promising
technologies that have gained significant attention in recent years.
In this paper, we provide an overview of the applications and
advancements of DL and DRL in 6G networks. We discuss the
latest research and identify areas for further exploration in this
field.

Index Terms—6G, deep learning, deep reinforcement learning,
wireless communications.

I. INTRODUCTION

The 6th generation of wireless networks commonly referred
to as 6G, is expected to revolutionize the way we interact
with wireless devices and services. While 5G networks are
still being rolled out, research on 6G is already underway
with the goal of delivering even faster data rates, lower
latency, and more reliable connectivity [1]. 6G is expected
to enable many new applications and services, e.g., extended
reality, autonomous vehicles, smart cities, and more [2]–[4].
6G networks are characterized by several essential features,
including the use of higher frequency bands, such as terahertz
(THz), to increase data transmission rates and capacity, as well
as the integration of cutting-edge technologies including arti-
ficial intelligence/machine learning (AI/ML). Other potential
features of 6G networks include ultra-low latency, improved
energy efficiency, and enhanced security and privacy. It is still
in its early phases of development, but it has the possibility of
influencing the future of wireless communication and driving
innovation in a wide range of industries.

In 6G, DL and DRL - two subfields of AI/ML - have been
applied in several ways, including resource allocation, network
optimization, interference management, channel prediction,
and mobility management, among others [5], [6]. DL, also
known as deep neural networks (DNNs), is a subset of ML
motivated by the structure and operation of the human nervous
system [7]. DNNs are composed of multiple interconnected
layers of artificial neurons that are trained to learn from
massive quantities of data. This allows DNNs to automatically
extract complex patterns and relationships from data and make
predictions based on these patterns. DRL, on the other hand,
combines reinforcement learning (RL) with DNNs [8]. RL
is an area of ML that involves decision-making agents that

learn by interacting with an environment and receiving rewards
or penalties based on their actions. In DRL, the decision-
making agent is a DNN. These AI-based approaches have
shown promising results in enhancing the efficiency of 6G
networks. The integration of DL and DRL with 6G networks
is a rapidly growing research area that holds great potential
for the development of new and innovative communication
technologies. This paper briefly explores the concepts of DL,
DRL, and their applications in future 6G systems.

II. DEEP LEARNING IN 6G NETWORKS

DL is a subfield of ML that uses neural networks with many
layers to model and solve complex problems [7]. It involves
training a neural network to learn hierarchical representations
of data by progressively transforming it from a raw input to
a higher-level abstraction. The network learns to recognize
patterns and features in the data, enabling it to make predic-
tions or classifications. DL requires large amounts of labeled
training data to be effective. The network is trained with an
optimization technique (e.g., gradient descent), which adjusts
the weights of the network’s connections to minimize the error
between its predictions and the correct output.

There are various significant forms of neural networks,
including fully-connected neural networks (FNNs), convolu-
tional neural networks (CNNs), and recurrent neural networks
(RNNs). CNNs excel at visual tasks that require them to utilize
fundamental spatial features. RNNs are effective in classifying
temporal correlations of data, which makes them ideal for time
series problems. RNNs are used as units in Long Short-Term
Memory (LSTM) approaches to learn order dependency in
sequence prediction issues. Graph Neural Networks (GNNs)
are types of neural networks that model a collection of nodes
(entities) and edges (relationships) in a graph structure [20],
[21]. Generative Adversarial Networks (GANs) can generate
new data, such as images or audio, by pitting two networks
against each other in a competition [22]. One of the key
advantages of DL is its capacity to automatically extract
features from raw data, making it well-suited for different
tasks.

A. DL-enabled Applications in 6G Networks

DL has the potential to allow a wide range of intelligent
services in 6G networks by providing powerful data analysis
and decision-making capabilities. Table I summarizes the
applications of DL in 6G networks.
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TABLE I
APPLICATIONS OF DL IN 6G NETWORKS

Work Application DL Algorithm Description

[9] Power consumption
minimization

FNNs, deep transfer learning Designing cascaded neural networks and used deep transfer learning to fine-
tune their parameters to ensure various QoS requirements

[10] Energy efficiency
maximization

GCNs Proposing a graph-based deep unfolded framework for an iterative SCA method

[11] Channel estimation DNN Proposing a DNN-based paradigm for channel estimation problems in gathering
CSI messages

[12] Channel modeling ChannelGAN Proposing a GAN-based channel modeling and generating approach called
ChannelGAN, specially built for a limited number of link-level MIMO channels

[13] Channel estimation Different types of DNNs Discussing of primary concerns and potential resolutions related to DL-powered
wireless channel estimation and CSI feedback

[14] Achievable sum-rate
maximization

Convolutional LSTM Proposing a DL-based scheme for predictive beamforming to reduce the
signaling overhead by avoiding explicit channel tracking or prediction

[15] Handover decision DNN Proposing a DNN-based prediction approach for conditional handover, where
previous blockage information is used to anticipate the optimal next base station

[16] Handover decision CNN, RNN-LSTM Using only SINR to predict the dynamic blockages and control the handover
proactively via CNN and RNN-LSTM models

[17] Secrecy rate maxi-
mization

DNN Employing DNN to allocate resources for secure transmission in a NOMA
network

[18] Network intrusion de-
tection

CNN Suggesting a CNN-based model for network intrusion detection with various
features reduction techniques

[19] Network intrusion de-
tection

CNN, weight-dropped LSTM Detecting effectively network intrusions via an integrated DL model of a CNN
and a weight-dropped LSTM

1) Resource Management: One of the most notable appli-
cations of DL in 6G networks is in the optimization of resource
management. DL algorithms have been utilized to optimally
allocate the network resources, resulting in improved system
performance and increased efficiency.

In [9], an FNN-based framework was developed to allocate
bandwidth and transmit power in an energy-efficient manner
while meeting the QoS demands of different services. Though
the optimization approach acquired a significant number of
labeled training samples, the non-stationary nature of the
wireless network compromised the accuracy of the pre-trained
model. To cope with the issue, the authors designed cascaded
neural networks and used deep transfer learning to fine-tune
their parameters to ensure various QoS needs. The aim of [10]
was to enhance power allocation in wireless interference
networks by introducing a novel learning structure called
unfolded successive convex approximation (USCA). In con-
trast to the original successive convex approximation (SCA)
method that relied on iterative solvers and updates, the USCA
approach replaces them with learnable graph convolutional
neural networks (GCNs).

2) Spectrum Management: DL algorithms have been used
to model wireless channels, which is important for accurately
predicting signal strength and ensuring high-quality commu-
nication in various wireless communication systems.

The effectiveness of massive multiple-input multiple-output
(MIMO) networks is heavily influenced by the quality of
the monitored channel state information (CSI) messages. To
address this issue, a study [11] suggested a DNN-based

paradigm for channel estimation in obtaining CSI messages.
The simulation results demonstrated that the DNN algorithm
is effective in accurately reconstructing CSI and thus in
achieving high-performance channel estimation for massive
MIMO. In [12], the authors present ChannelGAN, which uses
DL to model and generate MIMO channels in 3rd generation
partnerships project (3GPP)-defined link-level scenarios. They
also demonstrate two evaluation mechanisms: power com-
parison and cross-validation, which confirm the consistency
and effectiveness of the generated channels in supporting DL-
based CSI feedback.

In [13], the authors presented DL approaches to channel
estimation, focusing on the key design aspects of DL model se-
lection, training data collection, and DNN architecture design.
In [14], the authors proposed a new method called CLRNet,
which uses both spatial features and temporal dependency
from previously estimated vehicle angles to predict future
angles. The CLRNet includes several layers such as an input
layer, a CNN module, an LSTM module, a fully-connected
layer, and an output layer. This approach can help with the
predictive beamforming design in a vehicle network with
integrated sensing and communication capabilities.

3) Mobility Management: DL can be used to enhance mo-
bility management performance in 6G networks. It can predict
user mobility patterns and handover decisions, leading to better
handover performance and reduced network congestion.

The susceptibility of millimeter-wave communications to
blockages causes the conditional handover to make unin-
tended early preparations due to sudden changes in signal
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reception power. To overcome this issue, current research
suggests increasing the number of preparations, which causes
a significant signaling overhead. In [15], the authors proposed
a DNN model that accurately predicts the next base station,
which enhances the robustness of the conditional handover.
The proposed approach utilizes the signal patterns of the base
station and the received power of the reference signal to learn
blockage.

In [16], the authors presented a method that utilizes CNN
and LSTM to enable reliable proactive handover. In future
wireless networks, this technology can be used to create
intelligent base stations that optimize network resources. The
main feature is the estimation of potential blockages with only
wireless information, i.e., the Signal Interference-to-Noise-
ratio (SINR). This allows for proactive handover without the
need for multimodal data, sensory hardware, or high computa-
tional requirements, which in turn reduces the computational
overhead and resources required at the base stations.

4) Security and Privacy: Non-orthogonal multiple access
(NOMA) can address the requirement of 6G networks for
extremely high data rates and a large number of connections.
This method utilizes the successive interference cancellation
(SIC) technique at the receivers to cater to various users in a
single resource block. To ensure privacy in a NOMA network
with the objective of secrecy rate maximization, a study pro-
posed a conventional method to generate the training dataset,
which is trained by a DNN model [17]. Once trained, the
model is capable of achieving nearly optimal levels of secrecy
rate performance, while considerably reducing computational
time compared to the baseline method.

DL algorithms have been used to detect and prevent security
risks, e.g., denial-of-service (DoS) assaults and unauthorized
access [18]. In [19], researchers developed a combination of
a CNN and a weight-dropped LSTM (WDLSTM) model to
effectively detect network intrusions.

III. DEEP REINFORCEMENT LEARNING IN 6G NETWORKS

RL involves an agent learning to interact with an environ-
ment by performing actions and receiving rewards or penalties
based on the outputs of those actions. The agent repeats this
process until it learns an optimal solution. There are two types
of learning methods: model-based and model-free. The agent
in model-based RL presupposes knowledge of the dynamics of
the environment, such as state transitions and reward creation.
This may not always be possible in complicated contexts when
the agent has a limited understanding of the surroundings. As a
result, model-free techniques are deployed, in which the agent
learns optimum tactics without having any prior knowledge of
the system.

DRL is an extension of RL that utilizes DNNs to rep-
resent the agent’s policy and value functions [8]. The use
of DNNs allows for the handling of high-dimensional state
and action spaces, which was previously a challenge for
traditional RL methods [33]. DRL provides various benefits
over standard optimization approaches in the realm of wireless
communications, including real-time inference capabilities.

Nevertheless, the training phase of DNNs necessitates the
use of large computing resources, such as GPUs and high-
performance CPU clusters. When the training is completed,
the agent can perform real-time decisions, giving it an edge
over traditional optimization techniques. DRL is applied to
sequential decision-making, which can be in the form of
a Markov Decision Process (MDP) consisting of a 5-tuple
(S,A, P,R, λ). Here, S represents a finite set of states, A
denotes a finite set of actions, P indicates the transition
probability function, R stands for the reward function, and
λ represents the discount factor. At each time step, the agent
observes the current state and selects an action based on its
policy. Afterward, the agent receives a reward and moves to a
new state, guided by the transition probabilities. The objective
of the agent is to maximize its expected cumulative reward
over time. Some modern DRL algorithms include deep Q-
learning (DQN) [8], double deep Q-learning (DDQN) [34],
and deep deterministic policy gradient (DDPG) [35].

A. DRL-enabled Applications in 6G Networks

DRL has the potential to enable a wide range of applications
in 6G networks by providing intelligent decision-making ca-
pabilities in dynamic and complex environments. The selected
studies of DRL in 6G networks are summarized in Table II.

1) Resource Management: Multi-access edge computing
(MEC) is a promising paradigm for 6G networks that enables
low-latency and high-bandwidth applications by providing
computing resources and storage at the edge. Still, resource
allocation and management in MEC are challenging because
of the extremely dynamic and heterogeneous nature of wireless
networks. Thus, DRL can be used for the optimization of
computing resource allocation in MEC systems [36].

An optimization problem was introduced to improve the
utilization of MEC servers by optimizing offloading strategies
and resource management [23]. The problem considers the
tolerable latency of the tasks, the channel environment, the
history information of the channel, and the MEC server’s
resources with the aim of minimizing power consumption. The
authors used a DQN to train the model to predict the current
CSI and attain the optimum task offloading decisions in the
MEC system.

Effective use of caching resources in MEC-enabled 6G
networks requires optimization of edge caching due to limita-
tions of user equipment and MEC server capacities. However,
optimizing edge caching is difficult due to the dynamic and
complicated nature of content popularity, and the need to
protect user privacy. The work [24] introduced a privacy-
preserving distributed DDPG (P2D3PG) algorithm by extend-
ing the DDPG with federated learning to preserve users’
privacy while maximizing the hit rates in MEC networks.

In addition, energy harvesting is a promising technology
for providing a sustainable energy supply to 6G networks.
The main idea of energy harvesting is to accumulate energy
from the ambient, e.g., the sun, wind, and radio signals, to
power wireless devices. The efficacy of energy harvesting
can be influenced by multiple factors such as the quality and
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TABLE II
APPLICATIONS OF DRL IN 6G NETWORKS

Work Application DRL Algorithm Description

[23] Task offloading DQN Training a model based on past CSI to perform real-time computation offloading
decisions that minimize the power consumption of the MEC server

[24] Edge caching P2D3PG Proposing a privacy-preserving distributed DDPG (P2D3PG) algorithm to preserve the
privacy of users while maximizing the hit rates of user nodes

[25] Energy harvesting Wolpertinger-based
DDPG

Developing DDPG with Wolpertinger training model to improve the energy charging
efficiency of heterogeneous and high-density dense networks

[26] Data collection optimiza-
tion (UAV-aided network)

Dueling DQN Designing a new IoT system that uses UAVs to collect data in the most efficient way
possible by finding the shortest UAV trajectory

[27] Task offloading (UAV-
aided network)

DDPG Proposing a high altitude platform with MEC and RSMA, which can assist the aerial
users in external computation

[28] Task offloading (UAV-
aided network)

DDPG Proposing a DDPG-based algorithm to optimize the total energy usage and delay of
vehicles with a delay constraint

[29] Intrusion detection (UAV-
aided network)

DDPG Identifying intrusion attacks in UAV-assisted networks and developing DDPG-based
intrusion detection system

[30] Sum rate maximization
(IRS-aided network)

DDPG Investigating the design beamforming matrix of the base station and phase shift of the
IRS

[31] Sum rate maximization
(IRS-aided network)

DDQN Proposing a decentralized DDQN for resource management and a centralized DDQN
for IRS optimization

[32] Sum rate maximization
(UAV-IRS-aided network)

DDPG Proposing flying IRS (UAV-mounted IRS) that reflects signals from a base station on
the ground to the users in the areas with weak coverage

availability of energy sources and the energy usage of devices.
An energy harvesting problem was investigated in a highly
random environment [25]. To solve this, the authors proposed
a Wolpertinger-based DDPG (W-DDPG) method, in which a
k-nearest-neighbor algorithm discretizes the DDPG actions.

2) Unmanned Aerial Vehicles (UAV)-assisted 6G Networks:
DRL can be applied to control the motion of UAVs to optimize
network performance [37], [38]. For instance, DRL can be
used to determine the optimal trajectory and altitude for UAVs
to collect data from the network. In a recent study [26],
researchers designed a novel UAV-aided IoT system that relies
on the UAV shortest path while maximizing the quantity of
data that can be acquired from IoT devices. A DQN-based
algorithm is used to achieve the optimum flight trajectory
and throughput of the coverage region. After the training
process, the UAV is capable of gathering data from users at a
significantly higher total sum rate while using fewer resources.

The authors of [27] investigated the use of UAVs to harvest
information from terrestrial devices. Unfortunately, UAVs have
energy consumption issues and low computation capabilities,
so they proposed offloading some of their tasks to a high-
altitude platform (HAP), which trains the DDPG model to
determine optimal offloading decisions. Parameter space noise
was added to the DDPG in exploration to improve the training
process. Considering the maximum tolerable delay of the
computational tasks, in [28], the authors addressed the compu-
tation offloading problem in a HAP-assisted vehicle network,
where there is no base station available on the ground. They
proposed a DDPG-based algorithm to minimize the weighted
sum energy usage and latency of all vehicles.

With the increase in attention to UAV-based applications,

they are at risk for security threats. Hence, in [29], the authors
presented a DDPG-based approach to detect malicious attacks
(i.e., jamming attacks, impersonation attacks, and intrusion
attacks) in UAV-assisted computing networks.

3) Intelligent Reflecting Surfaces (IRS)-aided 6G Networks:
IRS, or reconfigurable intelligent surface (RIS), is a surface
with reflecting elements that can enhance network perfor-
mance by changing the phase of these elements [39]. DRL can
be used to optimize the placement of IRSs in 6G networks.
By training an agent to determine the optimal configuration
of IRSs, the signal-to-noise ratio (SNR) can be improved,
resulting in better overall network performance. For example,
DDPG has been used to increase the performance of an IRS-
aided wireless network by maximizing the sum rate capacity
via IRS phase shift and the beamforming matrix optimiza-
tion [30]. The work [31] used IRS technology for optimizing
resource allocation in mobile networks that have device-to-
device (D2D) users. The authors introduced a decentralized
DDQN algorithm for allocating resources to the users and a
centralized DDQN for optimizing IRS. The proposed approach
achieves near-optimal performance with reduced complexity
and improved robustness. This results in higher transmission
rates while satisfying QoS requirements.

UAV-mounted IRS can enhance signals from the base station
to ground users [40]. For instance, an optimization method
called FlyReflect, which employs a DDPG algorithm along
with a mapping function, was proposed to enhance the data
rate of a communication system that utilizes a UAV-installed
IRS [32].
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IV. FUTURE RESEARCH DIRECTIONS

As the field of DL and DRL continues to advance, there are
numerous exciting opportunities for applying these techniques
in 6G networks. In this section, we explore some potential
areas of research that could help shape the future of this field.

A. DL/DRL in IRS-UAV-aided 6G networks

With the help of the IRS, current resource management
techniques can further optimize the allocation of available re-
sources and improve the overall performance of 6G networks.
Therefore, it will be necessary to evaluate various DL models
in situations where QoS requirements can change dynamically
for accurate and flexible radio resource management. On the
other hand, UAVs can offer vital services such as wireless
communication, edge computing, and edge caching through
the use of DL/DRL techniques. However, due to the limited
resources of the UAVs, the need to develop energy-efficient
DL/DRL model training and inference methods is becoming
increasingly urgent, which remains an open and challenging
problem. Additionally, the high mobility of UAV-assisted
networks results in frequent changes in network topology and
varying link states, posing challenges in maintaining stable
end-to-end service quality. Therefore, it is imperative for
researchers to consider these factors while designing DL/DRL-
based network optimization algorithms for future UAV-assisted
networks. Recently, some works focused on integration be-
tween IRS and UAV in wireless communication networks [32],
[40]. It is challenging and interesting to investigate DRL-
based optimization solutions in such heterogeneous wireless
communication environments.

B. Decentralized/Distributed Learning

Federated/split/distributed learning is a decentralized ap-
proach to training DL models on data that is distributed across
multiple devices or servers. It has the potential to enable more
efficient and privacy-preserving DL in 6G networks, especially
in scenarios where there is a need to handle significant
volumes of data at the network’s edge [41].

6G networks will be highly heterogeneous and involve
multiple agents, such as base stations, edge servers, and mobile
devices, that interact with each other. To effectively handle this
complex system that operates on a large scale and in real-time,
it may not be feasible to use single-agent DRL. Instead, multi-
agent DRL (MADRL) is crucial for performance improve-
ment. This requires establishing collaboration among agents,
which can be achieved using a framework that combines
centralized training and decentralized execution [42]. During
the training phase, a single entity gathers relevant data from all
agents, while during decentralized execution, each individual
agent chooses an appropriate action based solely on its local
observations of the environment. Therefore, further research in
MADRL is essential for multi-agent network environments.

C. DL/DRL Enhancement

The unique requirements of 6G networks, such as ultra-
low latency and high reliability, may require the development

of novel DL architectures. Future research could explore new
DL architectures specifically designed for 6G networks. Pa-
rameters can be tuned in DL/DRL, including the construction
of hidden layers, the activation functions, the learning rate,
and the buffer batch size. Hence, it is crucial to develop
more efficient algorithms to decrease the training time and
computational overhead. Transfer learning, where a model
made from a different task is leveraged to learn the related
target task, can be investigated [43]. Training data generation
with GAN models can be applied to tackle the data imbalance
problem [44]. GNN is a versatile model that can address
extensive problems that involve non-Euclidean networks. GNN
could be used to help allocate resources in dynamic 6G
networks [20].

The DL/DRL models often dealt with the non-stationary
problem by following common techniques such as experience
replay, which required receiving a significant amount of raw
data. As interest in MADRL increases, active cooperative
learning should be encouraged to avoid asynchronous or in-
dependent communication between distant agents. In addition,
explainable DL/DRL aims to make the trained models more
transparent and interpretable by providing insights into how
they make decisions. This is particularly important in safety-
critical applications such as autonomous vehicles and UAVs.
Developing explainable DL/DRL techniques tailored to 6G
networks will be an important research direction.

V. CONCLUSION

This paper provided an overview of the applications of DL
and DRL in 6G networks. Our survey of the current state-of-
the-art studies in this field suggests that DL and DRL hold
significant potential to address the stringent requirements of
6G wireless communication systems. Future research areas
include the development of more efficient and accurate DL and
DRL algorithms for 6G networks and the integration of these
technologies with other emerging technologies. We expect to
see continued growth and innovation in the applications of DL
and DRL in 6G networks.
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