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Abstract: Autonomous unmanned aerial vehicle (UAV) swarm networks (UAVSNs) can
efficiently perform surveillance, connectivity, computing, and energy transfer services for
ground users (GUs). These missions require trajectory planning, UAV-GUs association,
task offloading, next-hop selection, and resource allocation, including transmit power,
bandwidth, timeslots, caching, and computing resources, to enhance network performance.
Owing to the highly dynamic topology, limited resources, stringent quality of service
requirements, and lack of global knowledge, optimizing network performance in UAVSNs
is very intricate. To address this, an adaptive joint optimization framework is required
to handle both discrete and continuous decision variables, ensuring optimal performance
under various dynamic constraints. A multi-agent deep reinforcement learning-based
adaptive actor–critic framework offers an effective solution by leveraging its ability to extract
hidden features through agent interactions, generate hybrid actions under uncertainty, and
adaptively learn with scalable generalization in dynamic conditions. This paper explores
the recent evolutions of actor–critic frameworks to deal with joint optimization problems in
UAVSNs by proposing a novel taxonomy based on the modifications in the internal actor–
critic neural network structure. Additionally, key open research challenges are identified,
and potential solutions are suggested as directions for future research in UAVSNs.

Keywords: actor–critic frameworks; joint optimizations; multi-agent deep reinforcement
learning; UAV swarm networks; trajectory control; task offloading; resource allocation

1. Introduction
Owing to the advantages of high maneuverability, autonomy, and flexibility, un-

manned aerial vehicle (UAV) swarm networks (UAVSNs) can effectively execute various
emergent missions. It includes simultaneous energy transfer and data collection from
ground Internet of Things (IoT) devices/ground users (GUs), providing mobile edge com-
puting services to resource-constrained IoT/GUs [1], aerial surveillance [2,3], and many
more. These autonomous mission objectives are minimizing the average age of information
(AoI) [4–6] or average delay in data collection and task execution [7], maximizing area
coverage [8,9], maximizing fairness aware throughput [10], and minimizing energy con-
sumption for both UAV [11] and IoT/GUs [12]. Thus, achieving the above objectives in
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UAVSNs requires jointly optimizing several continuous and discrete decision variables. It
may include controlling the continuous trajectory of UAVs [13], binary UAV-GUs associa-
tion, determining binary or partial task-offloading, next-hop selection [14], and continuous
resource allocation (i.e., transmit power, bandwidth/timeslot, caching, and computing).

In these optimization processes, several mixed integer nonlinear dynamic constraints
are involved related to UAV’s mobility, resource limitations (i.e., bandwidth, transmit power,
onboard energy, and maximum queue size), UAV-GUs association, signal-to-interference-
plus-noise ratio (SINR) threshold, and minimum delay or AoI threshold. Furthermore,
owing to the mobility of UAVs and GUs, the network topology and channel state becomes
very dynamic. Thus, the network state and decision space become very large. Additionally,
the environment becomes both cooperative and competitive in terms of collaborative
trajectory planning and resource sharing in multiple layers along with multiple decision-
makers (i.e., UAVs, IoT devices/GUs, high altitude platforms, and satellites), as illustrated
in Figure 1.
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For UAVSNs communication links are classified as several bidirectional links such as
GUs to UAVs (GU2U) or UAV to GUs (U2GU), UAV to UAV (U2U), UAV to high-altitude
platform (HAP) (U2H), HAP to HAP (H2H), HAP to satellites (H2S), and satellites-to-
satellites (S2S) links, as shown in Figure 1. Particularly, GU2U or U2GU links encounter
obstacles, but the probability of obtaining line-of-sight paths is high owing to the mobility
adjustment of UAVs. In contrast, U2U links are highly dynamic due to the mobility of
UAVs. Both GU2U and U2U are very resource-constrained in terms of transmit power,
computing, and bandwidth resources [15,16]. On the other hand, U2H and H2S links have
higher transmission delays, as these links have very long-distance free-space propagation
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paths [17]. Additionally, owing to the mobility of LEO satellites, H2S links are dynamic
in nature but predictable [18]. U2H, H2S, and S2S links are backhaul links for UAVSNs to
route their sensed data to the cloud server and ensure global access [19]. In [13,20], UAVs
are classified into fixed-wing, rotary-wing, and tethered UAVs. Rotary-wing UAVs can
support vertical take-off and landing, whereas fixed-wing UAVs can move very fast with
more payload capacity and endurance [21,22]. The type of UAVs should be selected based
on the mission and application requirements. For instance, rotary-wing UAVs are highly
suitable for tasks requiring hovering, such as data collection at specific points. In contrast,
fixed-wing UAVs are ideal for surveillance and fast mission execution due to their higher
speed and endurance. Additionally, multiple UAVs can be deployed as a swarm in either
homogeneous or heterogeneous systems for efficient task allocation and execution [23].

Thus, UAVSN behavior can be treated as multi-agent systems [24,25]. The action space
with neighboring agents becomes highly coupled; more specifically, actions taken by the
neighboring agents have a higher impact on the network utility of a particular agent. As a
result, existing fully centralized model-based iterative algorithms are not suitable for this
unknown and highly dynamic environment. Here, collecting the centralized information
on the dynamic topology is cumbersome, and this outdated centralized information-based
network optimization can trigger performance degradation. Furthermore, the computa-
tional complexity and control overhead increase with the increasing number of UAVs and
GUs, which limits scalability.

To combat the above-mentioned challenges, model-free data-driven multi-agent deep
reinforcement learning (MA-DRL) can be efficiently utilized [26]. By leveraging the par-
tially observable Markov decision process (POMDP), each agent can iteratively interact
with the dynamic UAVSN to optimize the long-term cumulative reward based on their
current observation. MA-DRL approaches can deal with multiple dynamic constraints by
imposing penalty terms in the reward for choosing unfeasible actions by the agent without
requiring convexity. Unlike the single-agent DRL algorithm, MA-DRL can avoid the envi-
ronmental nonstationary problem by sharing observation–action via centralized training
and distributed execution. Existing value-based MA-DRL approaches such as double deep
Q-learning (DDQN) [27,28] and Q-learning-based mixing network (QMIX) [29] are suitable
only for small-scale discrete action spaces. Hence, these algorithms are not suitable for
large hybrid action spaces and extracting features from the dynamic UAVSNs. In contrast,
policy gradient-based actor–critic learning can efficiently tackle large observation spaces
and hybrid action spaces [30]. Here, the actor network is responsible for generating contin-
uous and discrete actions. Consequently, the critic network is responsible for evaluating
the action by estimating the value function, which is further utilized to train the actor
network and critic network [31]. The discrete action spaces such as binary task off-loading
ratio, discrete frequency band selection, discrete next hop selection to relay data packet,
and binary UAV-GUs association can be mapped into continuous probability distribution
using softmax activation function at the output layer of the actor-network. Then, during
exploitation, the possible action can be sampled according to the maximum probability [32].

According to the existing literature, policy-based multi-agent actor–critic algorithms
can be classified as off policy-based deep deterministic policy gradient (DDPG) [8], on
policy-based trust region policy optimizations (TRPO) [33], and on policy-based proximal
policy optimization (PPO) [31]. Among them, DDPG can handle only continuous action
spaces such as trajectory control of UAVs or resource allocation in continuous domains.
TRPO and PPO can tackle both continuous and discrete action spaces. Although these
policy-based MA-DRL approaches have superior performance compared with the DDQN
or QMIX, they encounter instability during policy updates due to the variability of the
step-size parameter in policy optimization [4]. Small step sizes trigger slow learning, while
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large ones can degrade performance. To address this, TRPO defines a trusted region for
updating policy using a complex second-order method. PPO simplifies it by employing a
first-order method, which bounds policy updates within a range instead of TRPO’s hard
constraint. PPO has two key variants: PPO-penalty and PPO-clip. PPO-penalty replaces
TRPO’s hard constraint with a penalty in the objective function. In contrast, PPO-clip
utilizes a clipping mechanism to limit policy changes without a hard constraint [34].

1.1. Related Work and Motivations

In this section, related survey articles are reviewed along with the motivation for
writing this survey article to highlight our key contributions. In [35], existing distributed
machine learning-based approaches for UAVSNs are reviewed and classified into federated
learning and multi-agent reinforcement learning for trajectory optimization, sensing, edge
computing, and resource allocation. In [13], the authors reviewed the existing trajectory and
topology control algorithms by classifying them based on their underlying mathematical
model. In [36], the existing edge computing algorithms for the metaverse environment are
reviewed, focusing on optimization techniques. In [37], the authors reviewed the existing
edge computing algorithms for UAVSNs to support various artificial intelligence-based
applications in computer vision, navigation, power control, security and privacy, and
communication. In [38], the authors investigated the application of transformer-based
encoder–decoder networks in UAV-assisted wireless networks to perform compression,
schematic communication, and channel estimation. In [39], the existing task offloading
algorithms in UAVSNs are reviewed and classified based on value-based and policy-based
methods. Additionally, they have discussed the tasks in UAVSNs by classifying them
as dependent tasks and independent tasks. The independent task can be processed in
parallel, whereas dependent tasks must be processed sequentially by assuming a directed
acyclic graph of task arrival. Task size, CPU cycle requirements, and task execution latency
requirements depend on the application scenario. In [40], the existing trajectory-aware task
offloading algorithms are reviewed and classified into general iterative optimization and
reinforcement learning-based optimization methods. In [41], the existing data aggregation
techniques for UAVSN-assisted IoT devices are reviewed. However, all of this existing
survey did not focus on joint optimization problems based on modifications of actor–critic
MA-DRL framework neural network structure in UAVSNs, which has drawn significant
research attention.

Owing to the dynamic topology of UAVSNs, actor–critic-based MA-DRL algorithms
are highly suitable for sequential decision-making. Nevertheless, an actor–critic network
solely depending on a fully connected network (FCN) or multi-layer perceptron (MLP)
cannot deal with time series sequential data such as UAV trajectories and channel states.
Additionally, FCN requires a higher number of learning parameters, and this FCN-based
learning is less scalable and not adaptive to environmental changes [42]. Fortunately,
the recurrent neural network (RNN) such as long short-term memory (LSTM) and gated
recurrent unit (GRU) can remember a finite amount of the most recent historical sequential
data and utilize it to predict more accurate state in the next timeslot by mining the temporal
relationship with the state information in the current timeslot [43]. Nevertheless, RNN-
based LSTM or GRU-based encoder–decoder networks may encounter gradient vanishing
problems during backpropagation and cannot efficiently deal with lengthy time series data.
Moreover, RNN cannot adopt parallelization in feature extraction.

The transformer-based encoder–decoder networks can overcome these limitations
via multi-head attention mechanisms [44]. However, how to employ these networks in
actor–critic frameworks to address joint optimization problems in dynamically resource-
constrained UAVSNs remains a research question. Although plenty of research has been
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conducted to address joint optimization problems in UAVSNs by leveraging various actor–
critic-based MA-DRL frameworks, no in-depth survey has focused on the variations in
actor–critic frameworks, their key limitations, research challenges, and potential solutions
as future research directions. It motivates us to write this survey. According to the above
discussions, a comparison of key contributions in this article relative to existing survey
articles is summarized in Table 1.

Table 1. Comparison of key contributions in existing survey articles related to this survey.

Ref. Year Key Contributions

[35] 2023
Existing distributed machine learning algorithms are reviewed and classified as federated
learning and multi-agent reinforcement learning, to optimize trajectory and resource
allocation in UAVSNs.

[13] 2022 Existing trajectory and topology control algorithms in UAVSNs are reviewed and classified
based on their underlying mathematical model.

[36] 2024 Existing edge computing algorithms for metaverse environments are reviewed based on
optimization techniques.

[37] 2022
Existing edge computing algorithms for UAVSNs are reviewed to support various artificial
intelligence-based applications in computer vision, navigation, power control, security, and
communication.

[38] 2024
The application of transformer-based encoder–decoder networks in UAV-assisted wireless
networks is investigated to perform compression, schematic communication, and channel
estimation.

[39] 2024 Existing task offloading algorithms in UAVSNs are reviewed by classifying them based on
value-based and policy-based methods.

[40] 2024 Existing trajectory-aware tasking offloading algorithms are reviewed by classifying them into
general iterative optimization and reinforcement learning-based optimization methods.

[41] 2023 Existing data aggregation techniques are reviewed for UAVSN-assisted IoT devices.

This survey

• An overview of UAVSN environments is provided, focusing on mission-oriented
optimization objectives, control variables, available links, and the potential to adopt
actor–critic-based MA-DRL frameworks.

• The evolution of existing actor–critic frameworks used to solve joint optimization
problems in UAVSNs is extensively studied and classified based on modifications to the
internal actor–critic neural networks.

• Additionally, a comprehensive comparative study is presented, considering optimization
objectives, control variables with constraints, POMDP formulation, training methods,
modifications in policy gradient, loss function, state embedding, advantages, and
limitations in addressing joint optimization problems in UAVSNs.

• Key open research issues are discussed, along with potential solutions for UAVSNs.

1.2. Key Contributions

The major contributions of this paper are summarized as follows:

• The evolution of recently proposed state-of-the-art actor–critic frameworks is exten-
sively reviewed based on their internal neural network architecture, optimization
objectives, control variables with constraints, POMDP formulation, training methods,
policy gradient, modifications in the loss function, key contributions, advantages, and
limitations in addressing joint optimization problems in the UAVSNs environment.

• A novel taxonomy for recently proposed multi-agent actor–critic frameworks is pro-
vided based on their internal neural network structure to address joint optimization
problems in UAVSNs while considering reasonable key constraints.
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• It will facilitate researchers to choose and design appropriate actor–critic frameworks
with internal neural network cell and activation function, policy gradient, loss, and
reward with penalty terms for obtaining optimal solutions in complex UAVSNs en-
vironment with reasonable training in a high-fidelity digital twin environment. Ad-
ditionally, it will assist researchers in understanding how to extract key features
from large dynamic time series state parameters in UAVSNs, facilitating improved
decision-making in multi-agent cooperative–competitive UAVSN environments.

• According to the comparative study, key open issues and research challenges are
identified. Additionally, each possible research direction is addressed with potential
solutions as future research directions for the UAVSN environment.

1.3. Outline of This Paper

The remainder of this paper is arranged as follows. In Section 2, the recent evolution of
actor–critic frameworks in UAVSNs is briefly discussed based on the proposed taxonomy,
the target optimization objective, constraints, POMDP formulation, modifications of the
internal actor–critic network, policy gradient, loss function, and computational complex-
ity. In Section 3, based on the proposed taxonomy, existing algorithms are qualitatively
compared. In Section 4, related research challenges and potential solution directions are
summarized. Finally, this paper is concluded in Section 5.

2. Recent Evolution in Actor–Critic Frameworks
In this section, based on the internal neural network architecture, the recent evo-

lution of actor–critic frameworks to deal with joint optimization problems in UAVSNs
are classified as follows: solely FCN or MLP-based, RNN-based, hybrid-structure-based,
transformer-based encoder–decoder, and quantum neural network (QNN)-based, as shown
in Figure 2. Based on this classification, each proposed framework is briefly reviewed in
terms of its optimization objectives, constraints, POMDP formulation, training method,
policy gradient, and computational complexity.
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2.1. Solely Fully Connected Network (FCN) or Multi-Layer Perceptron (MLP)-Based Frameworks

This type of actor–critic framework utilizes only FCN or MLP in both actor and
critic networks. It struggles to capture key features from dynamic UAVSNs, and training
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is not adaptive to varying numbers of UAVs or GUs. Thus, it has less scalability and
higher computational complexity. In [45], minimizes the total system cost consisting of
weighted energy consumption and delay-aware task priority-based utility function in GUs-
UAVSNs assisted edge computing mission. They have considered binary task offloading
decisions, continuous UAV mobility adjustment, transmit power, and computing resource
allocation in the hybrid action space. To deal with hybrid action space, existing algorithms
approximate either solely in discrete or continuous probability distributions, which may
degrade optimization performance. Thus, considering the hybrid action space, they have
designed a learnable conditional variational auto-encoder (VAE), and decoder network
based on FCN in the presence of Gaussian latent distribution in the encoder. This VAE can
approximate better latent space for hybrid action representation in the continuous domain
to ensure policy gradient for training the FCN-based actor–critic framework utilizing
twin-delayed MA-DDPG.

2.2. Recurrent Neural Network (RNN)-Based Frameworks

In RNN-based actor–critic frameworks, actor–critic networks are mainly constructed
based on either LSTM or GRU cells [46]. In some cases, an LSTM or GRU-based state
encoder–decoder is formed to predict the dynamic topology of UAVSNs. In [4], a mean
field game (MFG) hybrid PPO-based actor–critic framework is proposed to minimize
the average AoI by jointly optimizing UAV trajectories and data collection scheduling
of GUs in a hybrid action space. To predict dynamic topology and stabilize the training
process, this framework utilizes a learnable LSTM-based state encoder network. Then,
LSTM-based state encoder output is fed into the two isolated actor networks to generate
continuous and discrete actions related to the UAV’s trajectory and transmission scheduling
of GUs, respectively. In [24], LSTM is utilized in both actor–critic networks to control the
trajectory and maintain the adaptive formation of UAVSNs in continuous action space (i.e.,
acceleration) in the presence of dense obstacles, with the help of an improved potential
field-based reward function. The model is trained using twin-delayed MA-DDPG. This
model performs well owing to the advantages of capturing long-term dependencies in
sequential trajectory data by using LSTM.

In [47], the authors utilize an FCN-based DDPG actor–critic framework to maximize
energy efficiency and throughput for UAV-aided data collection with the help of energy
harvesting at UAV using a rectangular array-based terrestrial base station with power
beamforming toward UAV. In [48], an MA-DRL-based actor–critic framework is employed
to make cooperative packet routing decisions in a hierarchical topology-based UAVSN. The
objective of this framework is to minimize packet routing latency along the end-to-end path
by selecting the least congested shortest path. It incorporates a weighted reward function
based on the queue backlog difference and distance progress toward the destination.
Additionally, the framework trains an MLP-based binary classifier to determine whether to
flood information within the local zone of UAVs based on their observations. Furthermore,
a GRU-based communication channel is trained using the actor network’s policy function
and the critic network’s Q-value function to significantly compress communication data.

2.3. Hybrid Structure-Based Frameworks

Hybrid structure-based actor–critic frameworks are classified into five categories
according to the type of neural network as follows:

2.3.1. RNN-Based Actor and Multi-Head Attention-Based Critic

This type of actor–critic framework employs either LSTM or GRU in the actor network
to capture the sequential behavior of dynamic states. Subsequently, utilizes a multi-head
cross attention-based critic network to precisely estimate the value function. In [2], the
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authors proposed a behavior-based mobility integrated LSTM-based actor and multi-head
cross-attention-based critic framework to maximize a multi-metric link utility to deal with
packet routing problems in dynamic UAVSNs. They have considered the cross-layer design
consisting of a large hybrid action space, which includes collaborative trajectory control,
frequency allocation, and next-hop selection. The model is trained using distributed MA-
DDPG consisting of two-hop neighbor information-based POMDP. The actor network is
constructed based on an LSTM-based three-layer state encoding layer and an FCN. LSTM-
based state encoding layers extracted key features from dynamic topology by detecting
temporal continuity utilizing current and historical information. Subsequently, a multi-head
cross-attention-based critic network determines the precise value function to train the actor
network by paying attention to the neighboring agent’s observation–action space according
to their degree of influence. It provides training stability and overcomes environmental
nonstationary, training adaptivity, and algorithm convergence.

In [1], a swarming-behavior-integrated GRU-based actor and a multi-head attention-
based critic network are proposed for an air-ground integrated network. Here, mobile edge
computing-enabled UAVSN acts as agents to jointly minimize the task execution delay for
mobile GUs and energy consumption for UAVs by controlling UAV’s trajectory, UAV-GUs
association, partial task off-loading ratio, computing, and bandwidth allocation for G2U
links under several key constraints. This framework introduced behavior-based motion
models and adaptive penalty terms to enhance decision-making. The GRU-based actor
network is capable of coping with the dynamic observation of each agent. Similarly, the
multi-head attention-based critic network utilizes a cross-attention mechanism to identify
the influence of other neighboring agent’s dynamic observation–action space for each
individual UAV agent. Moreover, it provides training adaptivity to different numbers of
UAVs and GUs, system scalability, and helps to avoid environmental nonstationary.

2.3.2. Multi-Head Attention-Based

This type of actor–critic framework employed multi-head attention mechanisms in
both actor–critic networks to provide both self and cross-attention in multi-agent environ-
ments. In [10,12], a joint optimization on trajectory planning and communication design in
air-ground communication systems is investigated by adopting an actor–critic-based het-
erogeneous collaborative decision-making algorithm, considering UAV base stations and
GUs as intelligent agents. Thus, the action space for UAV base stations includes trajectory
planning and bandwidth allocation for G2U links to maximize long-term fair throughput.
Similarly, the action space for GUs includes binary UAV-GUs association to compete for
limited UAV resources in each timeslot to maximize their own long-term throughput. To
quickly identify the correlation with other agent’s complex observation–action space, as
well as enhance the model adaptability and the decision-making process, they introduced a
learnable multi-head attention mechanism in both the actor and critic network of all agents.

In [49], UAVSNs are employed for a cooperative target search mission, with a multi-
objective reward function designed to include four components: area coverage, exploration
of unexplored regions, target discovery reward, reward for target discovery time, and
avoidance of collisions with unknown threats and neighboring UAVs. This method uti-
lizes a multi-head attention mechanism within the actor networks to focus on the most
important features in observations from neighboring UAVs. Furthermore, to bridge the
gap between simulation and real-world implementation, this approach leverages a digital
twin of the physical environment to effectively train the agent UAVSNs in a high-fidelity
simulation environment.
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2.3.3. Convolution Neural Network (CNN)-Based

In joint optimization problems, typically, the observation and action space are very
large and dynamic. Thus, convolution neural networks (CNN) can be utilized to extract
the key features from the observation–action spaces by reducing the dimensionality. Then,
CNN is followed by LSTM or GRU layers and, MLP can learn temporal dependencies more
efficiently by utilizing historical knowledge of sequential data. Nevertheless, the computa-
tional complexity and vanishing gradient problem are key limitations of this network.

In [5], a federated heterogeneous actor–critic framework is utilized to minimize AoI
for computing tasks in a multi-agent mobile GU–UAV–cloud environment by jointly con-
sidering computation offloading, UAV trajectory, and bandwidth allocation. Since tasks
arrive at mobile GUs following a Poisson distribution, along with a dynamic task queue
and topology, CNN- and MLP-based actor networks were considered. CNNs can extract
the areas of GUs from dynamic observation that have higher computation demand and
AoI; thus, accordingly, the trajectory of UAVs can be designed.

2.3.4. Graph Attention Network (GAT)-Based

In this type of framework, an actor–critic network is designed based on a graph
attention network (GAT). GU and UAVSN topology can be represented as a dynamic graph
attention network, and it can be efficiently trained using the MA-DRL method [50]. The
learnable attention weights in GAT facilitate UAVs to pay more attention to the nearby
UAVs according to their degree of influence in decision-making via communication range
restricted partial observation [51]. In [52], the authors addressed the joint nondivisible task
offloading and resource allocation (i.e., bandwidth and computing) in a hierarchical model
considering mobile devices, edge, and cloud servers. This model leverages a learnable
adaptive attention-weighted graph RNN-based state encoder utilizing the local knowledge
followed by an actor–critic framework. Owing to the learnable state encoding using
spatiotemporal graph RNN, the model can generalize different numbers of mobile devices
and edge servers via fixed-size embedding, which leads to higher scalability and training
adaptability to the unknown workload on the edge server.

2.3.5. Graph Convolution Neural Network (GCNN)-Based

This type of framework utilizes the graph convolution neural network (GCNN) as
the state embedding layer to represent the dynamic state information such as channel
state in GU2U or U2GU links, task attributes, GUs location, and UAVs location in a multi-
relational graph-structured data [53]. Additionally, CNN-based pooling in GCNN helps
to reduce the large-dimensional state information to the low-dimensional vector, which
is suitable for feeding to the FCN-based actor network for action generation. Moreover,
the graphical relationship integrates each agent state information with the neighboring
agent state information, which enhances decision-making via multi-agent interaction and
facilitates extracting key features inherent in graphical structural data. Thus, a notable
advantage of this type of framework is to effectively capture and leverage the complex
relationships and spatial dependencies among various devices in UAVSNs.

Based on this concept, in [53], a multi-relational graph convolutional state embedding-
based actor–critic DDPG framework is applied to jointly control the trajectory of UAVs
and the partial task offloading ratio of GUs to minimize task execution latency. The total
battery capacity of UAVs, flight angle, velocity of UAVs, and partial task offloading ratio are
considered the key constraints. Nevertheless, the algorithms neglected the communication
and computing-related resource allocation, which is highly required to ensure optimal
performance. Additionally, it requires higher computational complexity to train the two dif-
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ferent agent’s (GUs and UAVs) GCNN-based actor–critic frameworks in real-time because
GUs have very limited resources.

2.4. Transformer-Based Encoder–Decoder Frameworks

This type of framework utilizes a transformer-based encoder–decoder structure in
both actor and critic networks to learn from long observation–action spaces in UAVSNs. It
can avoid vanishing gradient problems, remember long sequences, and train adaptivity
to different sizes of networks via fixed-size embedding. However, it has a higher compu-
tational complexity. In [32], transformer-based encoder–decoder actor–critic frameworks
are proposed to jointly minimize the long-term average weighted sum of task execution
delay and energy consumption for multi-UAV and multi-edge server networks. Here,
the action space consists of a binary task offloading policy and continuous resource allo-
cation that includes transmit power, bandwidth, and computing resources. The model
employed a DDPG-based policy gradient during training and adopted a transformer-based
encoder–decoder structure to accelerate algorithm convergence due to the capabilities of
handling large state–action decision space and avoidance of vanishing gradient problems.
Furthermore, owing to the encoder–decoder-based key feature extractions, it is adaptive to
different sizes of UAVs and task attributes.

In [8], an area coverage problem for multi-UAVs is investigated by utilizing
transformer-based state encoder–based actor–critic frameworks. The model can make
long-term trajectory decisions for UAVs to maximize fairness-aware area coverage toward
points of interest. The transformer-based encoder network considers the observation of
the neighbor UAV’s state as key and value, each UAV’s state as the query to generate a
state embedding feature vector. This extracted feature vector from the dynamic environ-
ment is fed into an MLP-based actor–critic framework for training the model. Through
feature extraction, the model is adaptive to different state features and different numbers
of UAVs. Additionally, instead of random initialization of learnable weights in actor–critic
networks, the designed model adopted a baseline-assisted pre-training mechanism, which
can accelerate algorithm convergence.

2.5. Quantum Neural Network (QNN)-Based Frameworks

This type of framework employs QNNs in both the actor and critic networks to
adopt powerful quantum computing for making quicker decisions while extracting key
features via quantum state encoder from complex high-dimensional state–action spaces
in UAVSNs [54]. By utilizing the principles of superposition, entanglement, and quantum
interference, it has powerful computational benefits that are highly suitable for dealing
with learning-based complex optimization problems.

The work in [55] leverages the unique capabilities of quantum computing in dis-
tributed actor and centralized critic framework to obtain the optimal trajectories of UAVs
by utilizing millimeter wave (mmWave) communication. This framework overcomes the
scalability challenges and mitigates quantum errors produced by the increasing number of
qubits during the noisy intermediate-scale quantum process. Additionally, it introduces
noise both in state and action spaces to make the UAVSN environment more realistic and
the learning process more effective. In [56], the authors utilize QNNs in an actor–critic
framework to execute task scheduling global access services given by geometry-aware
coordinated large-scale cube satellites toward terrestrial ground stations. Owing to the
advantages of modified QNN-based MA-DRL, it can reduce not only the scheduling action
spaces but also the number of qubits. Moreover, due to application-oriented reward func-
tion design, the model ensures better quality of service (QoS) performance in global access
in terms of maximizing transmission capacity and the residual energy of cube satellites.
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QNNs also can ignore unworthy results and maintain focus on the best-suited outputs,
which results in better optimization along with being resourceful in computing because
of their flexibility to changes in the environment. It includes an enhanced level of data
security due to quantum encryption. This is one of the major concerns for modern UAVs,
particularly in military and sensitive commercial applications. Despite the several benefits
of QNNs, there are a couple of challenges impeding the practical application of QNNs.
One of the most critical limitations is the availability of hardware resources to support
QNNs. The current quantum hardware is still in its infancy, with problems like noise, qubit
decoherence, and a limited number of qubits affecting the reliability and scalability of QNNs.
Quantum systems are also susceptible to high error rates that may compromise the accuracy
of decisions made by QNNs. These issues demonstrate the need for further developments
in quantum hardware and techniques for error correction. Another challenge is the very
limited availability of software tools and libraries designed for QNN development. Whereas
classical neural networks can rely on a mature ecosystem of libraries and frameworks,
QNNs are still lacking similar support. This lack of public development tools causes more
complexity in designing, training, and deploying QNN-based systems.

Despite these challenges, quantum-enhanced actor–critic frameworks are especially promis-
ing for UAVSNs that require high-dimensional control and adaptive resource allocation under
stringent QoS and resource-constrained dynamic environments. It aims to tackle traditional
MA-DRL challenges like slow convergence and local optima by exploiting quantum acceleration
in policy optimization in actor networks and value evaluation processes in critic networks.

3. Comparisons of Actor–Critic Frameworks
In this section, according to the given taxonomy, the existing actor–critic frameworks

are qualitatively compared in terms of their optimization objectives, considered learning
agents, state spaces, action spaces, policy and training methods, key contributions, ad-
vantages, and limitations as summarized in Tables 2 and 3. According to Table 2, most
of the algorithms consider dynamically changing parameters in state space, and multiple
discrete and continuous control variables are considered in the action space since it requires
dealing with joint optimization. In most cases, some algorithms consider dual agents
consisting of UAVs and GUs. All of these algorithms consider similar neural network
architecture for both UAVs and GUs even though GUs have very less computational and
energy resources. The hybrid-structure-based frameworks proposed in [1,2] utilize virtual
forces for each UAV actor network, inspired by nature inspired Boids flocking theory to
efficiently control the flying movement, velocity, and acceleration of UAVs. Owing to the
advantage of adhering to physics, these physics-informed neural networks should provide
more practical and smoother trajectory for UAVs. Most algorithms typically utilize the
following activation functions in the output layer of the actor and critic networks: softmax,
tanh, and sigmoid. Softmax is used for generating both discrete and continuous actions, as
well as value functions, as it produces a probability distribution over all possible actions.
The tanh and sigmoid activation functions are widely used for continuous action spaces,
where the valid ranges are [−1, 1] for tanh and [0, 1] for sigmoid, respectively.

Nevertheless, none of these algorithms considered the significant modifications in
the actor policy and critic loss function modification to make the algorithm more robust,
which is highly required to train the model in a dynamic environment. During training,
the model priority-aware data sampling and data augmentation may further improve the
performance of the model, which requires further investigation. Additionally, most of the
algorithms utilize state and action noise only based on Gaussian probability distribution;
other probability distributions or any deterministic method can be utilized according to the
type of action or control parameters.
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Table 2. Summary of actor–critic frameworks to deal with joint optimization problems in UAVSNs.

Type Ref. Optimization Objective Agent State Space Action Space

Solely FCN or
MLP-based

[45]

To minimize total cost consisting
of energy consumption and
delay-aware task priority-based
utility in UAVSNs assisted edge
computing mission for GUs

GUs and
UAVs

3D position of UAVs and task
attributes

Binary task offloading,
transmit power of GUs,
UAV position, and
computing resource
allocation at UAVs

[47]

To maximize energy efficiency
and throughput for GU2U links
with energy harvesting at UAVs
via beamforming from terrestrial
base station

UAVs

UAV position, energy level, and
channel gain between UAV to
base station and U2GU links
and SINR

UAV movement
adjustment and transmit
power control from UAV

RNN-based

[4]
To minimize average AoI in
UAVSNs assisted data collection
mission from GUs

UAVs 2D position of UAVs and AoI of
GUs

Scheduling data
transmission for GU and
UAV mobility

[48]

To minimize packet routing
latency in the end-to-end path
while avoiding network
congestion

UAVs

Location, ID number, and
queue length of neighboring
UAVs, and location of
destination packet

Next hop selection from
local neighbor list

[24]

To plan trajectory for UAVSNs
while maintaining formation in an
unknown dense obstacle
environment

Leader and
follower
UAVs

3D position of UAVs, pitch and
yaw angle, and relative
distances with nearest obstacles

Acceleration of UAVs

Hybrid
structure-based

[2]

To maximize a multi-metric link
utility to route data packets in
UAVSNs by utilizing two-hop
neighbor information

UAVs

Virtual forces, binary frequency
band paring matrix and link
duration up to two hops,
residual energy, and queue
backlog size

UAV trajectory control,
frequency band, and
next-hop selection

[1]

To minimize energy consumption
of UAVs and delay in air-ground
integrated edge computing
networks

UAVs

Virtual forces, SINR, GU-UAVs
association matrix, task
attributes, queue size, and
remaining energy of UAVs

Trajectory of UAVs,
UAV-GUs association,
bandwidth, and
computing resource
allocation

[10]
To maximize throughput for G2U
links to provide communication
service

GUs and
UAVs

For GUs: GU and UAV position,
and GU transmit power
For UAVs: UAV position, and
GU-UAVs paring matrix

UAVs: trajectory
planning and bandwidth
allocation, and GUs:
binary UAV-GUs
association

[49]

To minimize target searching time
and maximize the area coverage
while avoiding collision
avoidance

UAVs

Probability map of target,
visiting time, neighboring
UAVs and threats, and location
of UAVs

Selecting flying direction
of UAVs from a
discrete set

[5]

To minimize AoI for computing
stochastic tasks in a multi-agent
mobile GUs-UAV–cloud
environment

GUs and
UAVs

For GUs: its position and queue
backlog size.
For UAVs: its position, queue
backlog size, and available
bandwidth

Computation offloading,
UAV trajectory, and
bandwidth allocation

[52]

To minimize long-term system
costs consisting of energy and
delay in a mobile device–edge
server–cloud networks

GUs

Remaining computing resource,
queue backlog size, channel
gain, GUs position, and task
attributes

Binary task offloading,
computing, and
bandwidth allocation

[53]

To minimize the task execution
latency for GUs in UAVs by
jointly controlling UAV
movement and partial task
offloading ratio

GUs and
UAVs

For GUs: position of GUs, task
attributes, and channel state
For UAVs: UAV position and
remaining energy

GU selects the task
offloading ratio, and UAV
selects the flight angle
and flight speed

Transformer-
based

Encoder–
Decoder

[32]

To minimize long-term average
weighted task execution delay
and energy consumption for
multi-UAV and multi-edge server
networks

UAVs Task attributes and distance
between UAVs

Binary task offloading,
transmit power,
bandwidth, and
computing resources

QNN-based [55] To maximize data rate for U2GU
links under QoS constraints UAVs GU-UAV paring matrix, and

QoS requirement UAVs movement
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Table 3. Summary of actor–critic frameworks to deal with joint optimization problems in
UAVSNs (continued).

Type Ref. Policy
Method

Training
Method Key Contributions Advantages Limitations

Solely FCN or
MLP-based

[45] MA-DDPG CTDE

Designing a conditional
VAE-decoder-based
continuous hybrid latent
space

VAE provides better approximation
for hybrid action space in
continuous domain and ensures
policy gradient for twin-delayed
MA-DDPG

FCN has higher
computational
complexity, less
scalability, and less
adaptive to dynamic
topology

[47] DDPG CTDE

Designing UAV-assisted data
collection mission with
energy harvesting at UAVs
using terrestrial base station

Considered UAV residual energy
level with energy harvesting for
executing successful UAV mission

Ignores the mobility
prediction of UAVs from
base station for beam
steering and adaptive
beamwidth control

RNN-based

[4] PPO CTDE

Solving an MFG by applying
PPO-based
continuous-discrete
actor–critic

To predict the dynamic topology
and stabilize the training process, it
utilizes a learnable LSTM-based
state encoder network

LSTM faces a vanishing
gradient problem, and
defined MFG can support
only homogenous
environments

[48] MA-DDPG DTDE

Utilizing MLP and
GRU-based adaptive
communication channels for
UAVSNs

MLP and GRU-based adaptive
communication channels
significantly reduce network
flooding and compress
communication data

UAV’s relative trajectory
knowledge and energy
are not taken into
consideration

[24] MA-DDPG CTDE

Utilizing LSTM in both
actor–critic networks to
adaptively control the
trajectory

An improved potential field-based
reward accelerates the convergence
to an optimal policy for
twin-delayed MA-DDPG

LSTM cannot efficiently
remember long trajectory
sequences

Hybrid
structure-based

[2] MA-DDPG DTDE

Proposing a swarming
behavior-based mobility
integrated LSTM-based actor
and multi-head cross
attention-based critic
framework

State decoupling in LSTM-based
actor network helps to achieve better
policy and avoid environmental
nonstationarity via multi-head
cross-attention

LSTM-based actor may
face overfitting and
vanishing gradient
problem

[1] MA-DDPG CTDE

Proposing a
behavior-integrated
GRU-based actor and a
multi-head attention-based
critic network in hybrid
action space

GRU-based actor network is capable
of coping with dynamic observation.
Multi-head attention-based critic
network utilizes cross-attention to
identify the influence of other
neighboring agents

Vanishing gradient
problem and struggle to
remember large
observation

[10] MA-DDPG CTDE

Proposing a heterogenous
collaborative actor–critic
framework based on
multi-head attention

Learnable muti-head attention
enhances the model’s adaptability
and the decision-making process

Higher computational
complexity

[49] CTDE MA-PPO

Leveraging multi-head
attention in actor networks to
extract key features from
observations for exploring
more targets

Addresses the
simulation-to-real-world
environment problem of MA-DRL
algorithms by employing digital
twin-assisted training

Action space for UAV
flying directions is
discrete, limiting smooth
trajectory generation

[5]
Probabilistic
policy
gradient

Federated
learning

Proposing a federated
heterogeneous CNN-based
actor–critic frameworks

CNN can extract the areas of GUs
that have higher computation
demand and AoI

Higher computational
complexity

[52]
Probabilistic
policy
gradient

DTDE

Proposing an
attention-weighted graph
RNN-based state encoder
utilizing the local knowledge

Highly scalable, utilizes log
probability distribution-based
policy gradient to support hybrid
action space and fully decentralized

Higher computational
complexity

[53] DDPG CTDE

Applying a multi-relational
graph convolutional state
embedding-based
actor–critic DDPG
framework

Graph-structured information
feeding with pooling in CNN helps
to extract key features and reduce
the dimension of graph-represented
data

Requires higher
computational
complexity to train in
real-time because GUs
have very limited
resources

Transformer-
based

encoder–decoder
[32] MA-DDPG CTDE

Proposing transformer-based
encoder–decoder actor–critic
frameworks based on
MA-DDPG

Capable of remembering
variable-length observation–action
sequences, providing better
scalability and adaptive state
embedding

Higher computational
complexity, critic
network provides only
self-attention and a long
training time

QNN-based [55]
Probabilistic
policy
gradient

CTDE
Mitigating quantum errors
produced by the increasing
number of qubits

Provides faster convergence in
model training and enables
real-time decision-making

Quantum hardware is
still in its infancy, with
problems like noise, qubit
decoherence, and
scalability of QNNs
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According to Table 3, most of the algorithms considered MA-DDPG, MA-PPO, TRPO,
and log probability policy to compute the policy gradient to train the actor network.
Particularly, in [1,52], log probability-based policy distribution is considered with the help
of the softmax activation function for discrete action and deterministic policy for continuous
action. It helps to ensure a gradient for training the actor network in a hybrid action space.
In [45], VAE is utilized to generate a hybrid latent space for both discrete and continuous
action space from which samples are taken to obtain the policy gradient for training the actor
network. Most of the algorithms applied centralized training and distributed execution
(CTDE), distributed training and distributed execution (DTDE), and federated learning as
training methods. In [48], adaptive communication channels based on MLP and GRU are
designed and trained using a DTDE-based multi-agent actor–critic framework to reduce
network flooding and communication data volume. In [49], the simulation-to-real-world
implementation of MA-DRL-based actor–critic frameworks with multi-head attention
mechanisms in the actor network is addressed through the introduction of digital twin-
assisted training. The work in [55] leverages QNNs to accelerate the training convergence
of MA-DRL algorithms while overcoming the limitations of scalability in QNN.

Even though existing frameworks have advantages in respective optimization objec-
tives, one of the major challenges is the higher computational complexity of the neural
network training and overfitting. It can be resolved by designing lightweight neural net-
works suitable for each agent’s computational resource and sampling the encoder–decoder
structure by reducing the redundant computations as investigated in [57]. Additionally, a
hybrid loss function can be designed based on the existing motion model of physics and
data samples generated by the model to effectively control the flying direction, flight angle,
velocity, and acceleration of UAVs in complex environments especially present of wind
and obstacles.

4. Research Challenges and Directions
Based on the discussions in Sections 2 and 3, research challenges and potential solu-

tions are summarized in this section as outcomes of this comprehensive survey.

4.1. Physics-Informed Neural Networks for Trajectory Control of UAVs

Existing model-free data-driven algorithms applied to control the trajectory of UAVs
are trained neural networks based on either supervised learning or reinforcement learn-
ing. Physics-informed neural networks (PINNs) introduce UAV motion dynamics in the
form of partial differential equations [58] or motion models into the neural networks as
loss functions, augmenting the accuracy, generalization, and robustness of the model by
ensuring predictions adhere to known physical principles. In addition, PINNs can assist
in tackling uncertainties related to wind disturbance, UAV failures, or unexpected obsta-
cles by embedding robust physical laws. Hence, PINNs can provide better training and
algorithm convergence with fewer data samples considering real-life scenarios, which need
further exploration.

4.2. Model Training, Knowledge Transfer, and Heterogeneous Environment

Existing multi-agent actor–critic frameworks have adopted centralized training and
decentralized or distributed execution. However, considering the limited communication
range of GUs and UAVs, distributed or federated training still requires further studies.
An intelligent agent can use an attention mechanism to obtain the key features in multi-
agent scenarios via a cross-attention mechanism in the form of query, key, and value by
taking only partial observation–action as input. The hierarchical space air–ground in-
tegrated networks introduce multiple links and decision-makers as intelligent agents at
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each layer [59]. Hence, a heterogeneous collaborative–competitive environment appears,
which requires special neural networks for each agent according to its resource capac-
ity to make the algorithm more robust and practical. Here, the potential for exploring
transfer learning and knowledge distillation approaches from higher-capacity devices
to lower-capacity devices is significant to enhance the overall system’s adaptability and
efficiency [60,61]. The environment should be a high-fidelity environment for training,
which can be achieved by employing digital twin-assisted training [12] and introducing
noise not only in action space but also in state space to introduce uncertainties.

4.3. Transformer-Based Encoder–Decoder Multi-Agent Actor–Critic Frameworks

Actor neural networks require self-attention on their long observation sequences to
predict the dynamic topology state by generating fixed-size state embedding and mapping
it into the optimal action. In contrast, critic networks require cross-attention to pay attention
to not only its own observation–action spaces but also to the neighboring agents in a multi-
agent cooperative–competitive environment to precisely estimate the value function. This
type of framework can deal with joint trajectory control, task offloading, and resource
allocation problems that require hybrid action spaces in UAVSNs. Additionally, in space–
air–ground integrated networks, computationally intensive and delay-critical tasks of GUs
are offloaded based on binary or partially only to the hierarchical locations (UAVs, HAPs,
or low earth orbit (LEO) satellites). Here, neighboring UAVs might have ideal resources
that can be traced by paying attention to their observations to introduce both vertical
and horizontal offloading [62]. Thus, low-complexity transformer-based self-attention
encoder–decoder in actor and cross-attention-based encoder–decoder in critic networks
require further studies to deal with these problems [57,63].

The high mobility of LEO satellites causes dynamic coverage toward UAVSNs or
HAPs, which creates challenges for maintaining stable satellite-to-UAV or H2S links. Ac-
curate prediction of LEO satellite mobility and pairing with accurate LEO satellite based
on link quality [17], considering satellite constellations in orbit, is critical to ensure con-
sistent coverage and reliability for these backhaul connections. To tackle this situation,
the potential of generative adversarial learning within an actor–critic framework could
be explored to enhance the adaptability and robustness of link prediction and resource
allocation [64]. Additionally, the pre-trained large language models (LLMs) powered by
transformer modules in the form of multi-agent actor–critic networks can be utilized for
optimal trajectory control, task offloading, and resource allocation, which requires further
investigations [65]. It is because LLMs are promising, owing to their capability to handle
and understand vast amounts of data, capture complex time series patterns, and generalize
across diverse tasks.

4.4. Channel State Estimation in UAVSNs

Owing to mobility and dense obstacles, both GU2U and U2U links are highly dynamic,
and frequent link outages may occur. To adopt the mmWave and free space optic in
UAVSNs, the power allocation, beamforming, beam training, adaptive beamwidth control,
and controlling the phase shift from the reflected intelligent surface (RIS) require accurate
channel state information by sending pilot signals [66–68]. Nevertheless, the frequent
transmission of pilot signals triggers a waste of resources and delays in communication.
Thus, channel state information in highly dynamic UAVSNs can be predicted by designing
transformer-based encoder–decoder frameworks with less pilot transmission, which can be
trained further by leveraging reinforcement learning [38,69].
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4.5. Joint RIS-Assisted Adaptive Beamforming, Power, Caching, Computing, and Communication
Resource Allocation in Dynamic UAVSNs

Considering the next generation of wireless communication, driven by the demand
for computationally intensive and latency-sensitive applications such as virtual reality,
augmented reality, and metaverse platforms, high-frequency spectrums like mmWave
and terahertz are promising solutions to meet data rate and QoS requirements. However,
these high-frequency solutions come with challenges such as complex antenna geometry
design [70,71] and narrow beamforming in U2GU, U2U, and U2H links, which are critical
for ensuring reliable communication and maintaining network topology [72]. Narrow
beamforming also results in reduced coverage and introduces more complex issues in high-
mobility scenarios involving ground users or UAVs. RIS-assisted integrated sensing and
adaptive beamwidth-based beamforming from UAVs can mitigate these challenges by re-
ducing frequent link outages and extending coverage [73–76]. Moreover, efficient resource
allocation, including transmit power, bandwidth, computing, caching, and UAV trajectory
optimization, significantly enhances overall system performance. Addressing the com-
plexity of such optimizations, particularly in environments with multiple agents, dynamic
state–action spaces, and nonlinear objectives and dynamic constraints, makes MA-DRL-
based actor–critic frameworks highly suitable, which require further research attention.

4.6. Joint Model-Based and Model-Free MA-DRL Algorithms Development for UAVSNs

UAVSN-assisted missions, such as joint tasks or data collection, beam forming, task
offloading, resource allocation (e.g., computing, caching, power, bandwidth, or timeslot),
and trajectory optimization, involve large and dynamic state–action spaces with stringent
short- and long-term constraints related to QoS and dynamic resource availability [77]. To
address such joint optimization problems efficiently, formulating sub-problems is necessary
to reduce computational complexity and enable real-time decision-making. A combination
of model-based optimization and MA-DRL algorithms is highly suitable for these situations.
Specifically, long-term constraints and queue stability under energy constraints can be
simplified using the Lyapunov drift-plus-penalty method [7,78–80]. Alternatively, problems
that allow for convex relaxation can be solved iteratively through model-based Lagrange
relaxation, leveraging Karush–Kuhn–Tucker conditions and an adaptive step-size-based
gradient descent method [81]. Simultaneously, control parameters requiring adaptive
decision-making in dynamic environments with decentralized knowledge can be addressed
using a meta-learning-inspired adaptive actor–critic MA-DRL framework [65].

During recursive state estimation for UAV trajectory prediction, particularly for tasks
such as routing data packets [82] or task offloading, beamforming with neighboring
UAVs [83] or between base stations and UAVs [84] can be enhanced by integrating model-
free MA-DRL with model-based Kalman filters (e.g., extended Kalman filter or unscented
Kalman filter) [85]. This hybrid approach can accelerate DRL convergence, improve optimal
decision-making, and make it highly suitable for online execution. Kalman filter variations
are well-suited for predicting nonlinear state dynamics, utilizing both motion models and
noisy sensor data (e.g., inertial measurement units, gyroscopes, accelerometers, and light
detection and ranging sensors) to enhance estimation accuracy [86]. Consequently, hybrid
algorithms that combine model-based and model-free MA-DRL methods hold significant
potential but require further investigations.

4.7. Joint Energy-Harvesting and Resource Allocation for Task Computation or Data Collection
Using UAVSNs

UAVSNs can be leveraged to execute missions such as AoI-aware data collection
or task computation for highly intensive, low-latency applications of low-power IoT de-
vices. To extend the battery life of IoT devices, especially those located in remote areas,
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one effective solution is energy harvesting at IoT devices using low-altitude UAVs with
proper beamforming. Since most IoT devices are equipped with a single antenna, timeslot
optimization is required along with optimal resource allocation for energy harvesting
from UAVs and data/task uploading to UAVs, subject to AoI and resource constraints.
Existing algorithms primarily use convex approximations and iterative methods to solve
such dynamic optimization problems [87–91]. These approaches often rely on centralized
knowledge and involve numerically computing the gradient of the objective function with
respect to the control variables, resulting in higher time complexity, limited scalability, and
reduced adaptability to environmental changes. Moreover, most existing studies assume
that energy harvesting is linear in nature, whereas, in reality, it is nonlinear and depends
on channel state conditions. To address the joint energy harvesting and resource allocation
problem for AoI-aware task/data collection or computation, further research is required to
develop adaptive MA-DRL-based frameworks [92]. These frameworks should account for
the nonlinear nature of energy harvesting and provide scalable, real-time solutions that
adapt to dynamic environments.

5. Conclusions
In this paper, the evolution of existing state-of-the-art multi-agent actor–critic frame-

works is reviewed based on their internal neural network structure that is employed to solve
various joint optimization problems in UAVSNs along with their advantages and limitations.
According to this survey, for joint optimization in UAVSNs, particularly for UAV trajec-
tory control and resource allocation, hybrid model-based and model-free MA-DRL-based
actor–critic frameworks are more suitable for achieving better convergence and enabling
online execution. Considering the heterogeneous environment, multiple decision-makers,
and the limited computational resources of GUs/IoTs and UAVSNs, parameter-optimized
neural network designs are essential, and federated learning methods can be utilized for
efficient model training. Additionally, a learnable lightweight encoder–decoder structure
based on transformer models appears more suitable for accurately estimating the dynamic
state of UAVSNs, though further investigation is required. We believe this article will assist
researchers in improving network performance in UAVSNs by addressing identified open
issues through data-driven MA-DRL-based actor–critic frameworks.
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