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Abstract

The ocean, which is a key component of Earth’s ecosystem, requires advanced technologies for deep and highly comprehensive exploration.
Unmanned underwater vehicles (UUVs) play an important role in this task, but their development encounters great challenges due to the
complex and dynamic underwater environment. Reinforcement learning (RL) has recently emerged as a promising method to improve the
capabilities of UUVs. This study comprehensively reviews the implementations of RL in UUVs, with a focus on key tasks such as motion
planning, navigation and control, and multiagent coordination. We investigate current difficulties and emerging trends, as illustrated by a case
study. This review aims to provide a foundation for RL-based control and decision-making in UUVs and offer actionable insights for advancing

studies in this rapidly evolving domain.
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1 Introduction

Oceans cover nearly 360000000 km?, which accounts for
two-thirds of the Earth’s surface area of 510 000 000 km?
(Yuh, 2000). Furthermore, around 37% of the world’s pop-
ulation resides within 100 km of the coastline (Cohen et al.,
1997). Unmanned underwater vehicles (UUVs), as intelli-
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gent equipment capable of conducting tasks underwater,
are vital in substituting for humans while allowing precise
data acquisition and expanding research scopes (Wynn et al.,
2014). For instance, UUVs can be utilized for deep-sea ter-
rain mapping, hydrological parameter measurement, and
biodiversity surveys in marine scientific research (Yoerger
et al., 2007). In ocean engineering, they can perform tasks
including underwater structure inspection, pipelinelaying
assistance, and subsea cable maintenance (Mai et al., 2016).
In national defense, they can be adopted for underwater
reconnaissance, anti-submarine warfare, and maintenance
(Terracciano et al., 2020). Figure 1 displays the typical appli-
cation of UUVs in different tasks.

However, the underwater environment is complex,
dynamic, and full of uncertainties; this condition introduces

Figure 1  Typical applications of UUVs in different tasks
(Background: Al-generated via Doubao (https://www. doubao.com/).
UUV images: Reference designs from DEEPINFAR, FET ROVs,
and SIACAS Qianlong-11 AUV.)
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great challenges to the navigation, perception, path planning,
and control capabilities of UUVs (Wong et al., 2018). Tradi-
tional approaches, such as proportional-integral—derivative
(PID) control (Borase et al., 2021) and model predictive con-
trol (MPC) (Fernandez and Hollinger, 2017), typically
encounter complexities in parameter tuning, lack adaptability,
or depend on precise environmental models. In real-world
underwater scenarios, developing accurate models is fre-
quently difficult due to water current disturbances, visibility
changes, and sensor noise (Huang et al., 2020). Moreover,
traditional modeling and control methods present limitations
in robustness and adaptability when confronted with com-
plex, dynamic, and unknown scenarios (Zhang et al., 2022).
Thus, they fail to meet the demands for effective and safe
operation. These restrictions reveal a critical research gap
and underscore the urgent need for advanced control and
decision-making frameworks that can efficiently manage the
complexities and uncertainties of the underwater environment.

In response to these restraints, reinforcement learning
(RL), which is an emerging branch of artificial intelligence,
provides a promising paradigm. As presented in Figure 2,
RL involves an agent that learns optimal behaviors by inter-
acting with an environment and maximizing cumulative
rewards through trial-and-error approaches (Sutton and
Barto, 2018). Compared with traditional methods, the key
advantages of RL are highly relevant to UUVs: it can learn
efficient policies without explicit environmental models,
handle high-dimensional state and action spaces inherent
in complex robotic systems, and adapt to varying condi-
tions (Christensen et al., 2022). Therefore, utilizing RL
improves the autonomy, robustness, and efficiency of UUVs
in challenging underwater operations.
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Figure2 Agent-environment interaction

The application of RL to UUVs is a rapidly evolving
field, which is marked by diverse methods and accumulat-
ing successes. However, this implementation also encoun-
ters specific underwater hurdles, including data scarcity and
the sim-to-real gap. Such rapid progress, which is coupled
with unique complexities, requires a comprehensive and
critical synthesis of the current state-of-the-art techniques.
This review aims to fulfill this need by systematically investi-
gating the implementations of RL across key UUV tasks—
motion planning, navigation and control, and multiagent col-
laboration. We assess prominent methods, pinpoint critical
challenges, and discuss promising future research directions.
The following key questions are specifically addressed:

1. Which RL algorithms exhibit optimal efficacy for spe-
cific operational tasks of UUVs?

2. What fundamental practical obstacles hinder the deploy-
ment of RL on the operational platforms of UUVs?

3. Which research priorities are most important for bridg-
ing the gap between the theoretical potential of RL and the
robust real-world performance of UUVs?

Ultimately, this review aims to provide a robust founda-
tion and actionable insights for advancing the autonomy of
UUVs based on RL.

To guarantee a comprehensive and relevant overview, we
systematically queried major academic databases, such as
IEEE Xplore, ScienceDirect, Google Scholar and Web of
Science. The search used combinations of keywords encom-
passing “Unmanned Underwater Vehicle”, “Autonomous
Underwater Vehicle”, “Remotely Operated \ehicle”, “Rein-
forcement Learning”, “Deep Reinforcement Learning”, and
their abbreviations, which were coupled with task-specific
terms including “motion planning”, “path planning”, “nav-
igation”, “guidance”, “multiagent”, and “collaboration”.

The literature selection selected peer-reviewed journal
articles and conference proceedings published between
2020 and 2025. Seminal earlier works constructing founda-
tional concepts or algorithms directly relevant to the appli-
cations of UUVs were also included. Papers were chosen
based on their relevance to the implementation of RL to
solve specific operational challenges of UUVs, specifically
in motion planning, navigation and control, and multiagent
systems. Works focusing purely on theoretical RL develop-
ments without UUV application, RL implementations in
unrelated domains, or non-peer-reviewed sources were
excluded unless they presented highly significant contribu-
tions. This systematic approach guarantees that the review
synthesizes pertinent and contemporary research while
acknowledging foundational contributions.

The remainder of the paper is organized as follows. Sec-
tion 2 offers an overview of the fundamental theories in the
realms of UUVs and RL, with the aim of providing readers
with a basic framework of the two research areas. Section 3
elaborates on the current application status of RL in three key
tasks of UUVs: motion planning, navigation and control, and
multiagent collaboration. Section 4 chooses a biomimetic
robotic shark as a typical case study for analysis. Section 5
reviews the main challenges and proposes future research
directions. Section 6 concludes the study.

2 Overview of UUVs and RL
2.1 Overview of UUVs
2.1.1 Classification and application scenarios of UUVs

UUVs are autonomous or semi-autonomous systems that
are particularly designed to perform specific tasks in under-
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water environments. They are extensively applied in marine
science, industry, military, and environmental protection.
According to their autonomy and operation mode, UUVs
can be primarily classified into the following categories
(Yuh, 2000):

1. Autonomous Underwater Vehicles (AUVs): As dis-
played in Figure 3(a), AUVs are untethered UUVs with
autonomous navigation, decision-making, and control capa-
bilities. They can conduct pre-programmed tasks or autono-
mously plan actions depending on their sensor perception
of the environment without requiring real-time control
through a physical connection (Li and Du, 2021). The high
degree of autonomy of AUVs makes them suitable for
large-scale and long-duration underwater missions, includ-
ing ocean floor mapping, hydrological data collection, and
target search (Paull et al., 2014).

2. Remotely Operated Vehicles (ROVs): As illustrated
in Figure 3(b), ROVs are UUVs connected to a surface
vessel through an umbilical cable and are remotely con-
trolled by an operator. ROVs are mainly equipped with
cameras, manipulators, and other equipment; they can be
employed for underwater observation, sampling, and main-
tenance tasks (Macreadie et al., 2018). The operational
range of ROVs is limited due to the need for an umbilical
cable for power and communication. However, they pro-
vide real-time video feedback and precise control, making
them advantageous in tasks needing fine manipulation and
high-resolution observation, including deep-sea pipeline
inspection, shipwreck salvage, and underwater archaeolog-
ical excavation (Baharin and Kamarudin, 2025).

3. Hybrid Underwater Vehicles (HUVS): As presented in
Figure 3(c), HUVs integrate the features of AUVs and
ROVs. They can be remotely controlled through an umbili-
cal cable or autonomously operated in an untethered mode
(Bao et al., 2023). This design enables HUVs to utilize the
large-scale operational capabilities of AUVs and the pre-
cise control capabilities of ROVs. Thus, HUVs provide
greater flexibility and adaptability in complex underwater
missions.

(a) AUV
Figure 3 Classification of UUVs

(b) ROV

2.1.2 Complexities of underwater tasks

UUVs operate in a highly complex and uncertain environ-
ment, which is mainly reflected in the following aspects:

1. Dynamic and Uncertain Underwater Environment:
The underwater environment is affected by different fac-
tors, such as ocean currents, tides, internal waves, and tur-
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bulence; this condition results in strong dynamics and
unpredictability (Thorpe, 2007). The aforementioned fac-
tors can significantly and adversely affect the motion con-
trol and navigation of UUVs. For instance, strong currents
can lead to deviations from the planned trajectory, and tur-
bulence can result in unstable attitudes (Fossen, 2011). In
addition, underwater biological activities, water quality
changes, and reduced visibility can interfere with the sen-
sor data and task execution of the robot (Cong et al., 2021).

2. Limited Sensor Types and Noisy Data: UUVs mainly
depend on acoustic and visual sensors for environmental
perception and localization due to the strong absorption of
electromagnetic waves by water (Huy et al., 2023). However,
acoustic sensors are vulnerable to multipath effects and envi-
ronmental noise, which leads to significant noise and uncer-
tainty in the data (Coates, 1990). Visual sensors such as
cameras are also influenced by light attenuation, scatter-
ing, and absorption in the underwater environment, which
results in degraded image quality and a very limited effec-
tive detection range (Schettini and Corchs, 2010). Electro-
magnetic sensors are occasionally used but suffer from
severe absorption and interference, which further limit
their applicability in underwater environments. Moreover,
although biological sensors offer unique detection capabili-
ties, they are highly sensitive to temperature variations and
prone to biofouling, making calibration and long-term
deployment difficult. Furthermore, obtaining high-quality
underwater sensor data typically needs costly equipment
and complex data processing techniques; this requirement
further increases the difficulty of underwater tasks (Dunbabin
and Marques, 2012).

3. Underwater Communication and Energy Challenges:
Underwater wireless communication primarily depends on
acoustic waves, which have limited bandwidth and high
latency and are prone to environmental interference. This
restriction introduces challenges for the remote control
and data transmission of UUVs (Morozs et al., 2020).
Meanwhile, the strict constraints of UUVs on space and
weight further restrict energy storage capacity, which necessi-
tates researchers to carefully consider the energy consump-
tion of task planning and control strategies to maximize
endurance and operational efficiency (Kelasidi et al., 2015).

The specific diagram of the complexity factors of the
underwater tasks is displayed in Figure 4. Overall, the
field of UUVs encounters numerous challenges. Exploring
more intelligent, efficient, and robust control and optimiza-
tion methods is essential for advancing the development of
UUV technology.

2.2 Overview of RL

2.2.1 Origin and development of RL

Machine learning includes supervised learning, unsuper-
vised learning, and RL (Singh et al., 2022), as compared in
Figure 5. RL, as inspired by behavioral psychology, pro-
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vides a framework for agents to learn optimal sequential
decisions through trial-and-error interaction with the envi-
ronment (Sutton and Barto, 2018). It is theoretically based
on dynamic programming (Bellman, 1966) and Markov
decision processes (Howard, 1960).
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Figure 5 Framework of machine learning (Singh et al., 2022)

Early RL methods were typically tabular, which limits
their application in the large and continuous state space
typical in UUVs (Bertsekas, 1996). A key advancement
was Q-learning (Watkins, 1989), which is a model-free
algorithm that learns action values. Around the same time,
Sutton (1988) proposed the temporal difference learning
algorithm, which provides important theoretical support
for the development of Williams (1992) further proposed
the REINFORCE algorithm. Unlike value function-based

— communication and
energy challenges

Space and weight constraints energy storage,
requiring efficient management to optimize
power use in propulsion, sensors,

and communication.

methods, this algorithm is a policy gradient-based RL algo-
rithm that directly parameterizes the policy and optimizes the
parameters through a gradient ascent.

In recent years, the integration of deep neural networks
(DNNs) has marked the era of deep RL (DRL) (LeCun et al.,
2015). DNNs serve as powerful function approximators,
which enable RL to handle the high-dimensional sensory
inputs and complex dynamics encountered by UUVSs.
Landmark algorithms such as Deep Q-Networks (DQN)
(Mnih, 2013) demonstrate superhuman performance in
complex tasks by integrating Q-learning with deep learn-
ing. Subsequent developments focus on enhancing stability
and performance, encompassing variations such as Double
DQON (Van Hasselt et al., 2016) and Dueling DQN (Wang
et al., 2016). Policy gradient methods, including trust region
policy optimization (Schulman, 2015) and proximal policy
optimization (PPO) (Schulman et al., 2017), offer stable
ways to optimize policies directly, specifically for continu-
ous actions. Algorithms such as deep deterministic policy
gradient (DDPG) (Lillicrap, 2015) specifically address
continuous action spaces inherent in robotics control. The
success of AlphaGo (Silver et al., 2016) and AlphaZero
(Silver et al., 2018) further emphasizes the potential of DRL
for complex decision-making, which transforms DRL to
new heights.

2.2.2 Main RL algorithms

According to learning methods, RL algorithms can be
divided into the following categories:

1. Value-Based Algorithms: These algorithms indirectly
learn the optimal policy by learning the state-value func-
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tion V(s) or the action-value function Q(s, a).

1) Q-learning (Watkins, 1989): It is an off-policy algo-
rithm that iteratively updates the Q-function. The update
rule for a transition from state s, to s, , , after taking action
a, and receiving reward r,, , is

Q(St! at) - Q(St’ at) +
alres - maxQ(s.a) - Q(s,a) | @)

where a refers to the learning rate, y represents the dis-
count factor, and the term max denotes the maximum esti-
mated future value achievable from state s, , ;, which reflects
the greedy strategy.

2) SARSA (Rummery and Niranjan, 1994): It is an
on-policy algorithm that uses the actual next action a,, ; to
update Q:

Q(Sv at) - Q(st'at) +
a[rt+l+y'Q(St+l’at+l)_Q(St’at):| )

Comparing (1) and (2) indicates that the update of SARSA
depends on the tuple (S, &, .1, S, 1, & ), Which is the
basis for its name. This condition makes its learning more
conservative and dependent on the current policy.

3) Deep Q-Networks (Mnih, 2013): DQN extends Q-learn-
ing using a DNN parameterized by 6 to approximate the
action-value function Q(s,a; #)~ Q"(s,a). It also incor-
porates experience replay and target networks to stabilize
training and improve sample efficiency when dealing with
high-dimensional state representations, such as images.

2. Policy Gradient Algorithms: These algorithms directly
parameterize the policy = (als; ) (stochastic) or u(s; 6)
(deterministic) with parameters 8 via gradient ascent on
the expected cumulative reward J (9).

1) REINFORCE (Williams, 1992): It is a Monte Carlo
policy gradient method that updates policy parameters 6
based on the gradient.

2) PPO (Schulman et al., 2017): It is an advanced actor—
critic algorithm that enhances training stability by adopt-
ing a clipped surrogate objective function or an adaptive
KL penalty to restrict large policy updates.

3. Actor—Critic Algorithms: These methods integrate value-
based and policy gradient approaches. They use an actor net-
work to represent the policy, and a critic network to estimate
a value function, which helps evaluate the actions of the
actor and reduce variance in policy updates (Konda and Ts-
itsiklis, 1999). DDPG and Soft Actor—Critic (SAC) are
widely adopted examples, which are specifically effective
for the continuous control of UUVs.

4. Model-Based RL: Unlike the previous three model-
free methods, these algorithms attempt to learn a model of
the dynamics of the environment p(s,,;, r,, IS, & ). This
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learned model can then be utilized for planning or generat-
ing simulated experience, which potentially improves sam-
ple efficiency (Feinberg et al., 2018; Luo et al., 2021; Sut-
ton, 1990). However, precisely modeling the complex and
unpredictable underwater environment is still highly chal-
lenging for the applications of UUVs.

Each category exhibits its own trade-offs and is best suited
for particular scenarios. Value-based methods can be sample-
efficient but struggle with continuous actions. Policy gradi-
ent methods manage continuous actions well but are less
stable. Actor—critic methods strike a balance between the
two. Model-based methods promise efficiency but rely on
model accuracy, which is a major concern in underwater
environments. The choice of algorithm depends on the task
requirements of UUVs. The chosen algorithm should be
capable of balancing factors such as action space continu-
ity, required sample efficiency, and robustness to environ-
mental uncertainty. A summary of classical RL algorithms
is presented in Table 1.

After the fundamental principles of UUVs are estab-
lished, the complex operating environment is delineated,
and the core algorithms of RL are reviewed, the next sec-
tion pivots to the central focus of this study: the concrete
application of these RL techniques to address the specific
challenges in UUV operations. The previously discussed
constraints of traditional methods, along with the demon-
strated potential of RL, require a deeper examination of
the employment of RL across key functionalities of UUVs.

3 Applications of RL in UUVs

RL, as a data-driven intelligent decision-making method,
offers a new approach to solving robot control and deci-
sion-making issues in complex, dynamic, and unknown
environments. Owing to the complexity of the underwater
environment, such as ocean currents, unpredictable obsta-
cles, and limited visibility, along with the noise and uncer-
tainty of sensor data and the highly nonlinear and coupled
dynamics of UUVs, traditional control and planning meth-
ods frequently struggle to achieve optimal performance. In
particular, these approaches have difficulty handling real-
time adaptability to dynamic environmental changes, robust-
ness against sensor noise and measurement errors, and effi-
cacy in handling high-dimensional and nonlinear decision-
making problems common in UUV operations. In recent
years, DRL, with its learning capability in high-dimensional
state spaces, complex action spaces, and uncertain environ-
ments, has emerged as a powerful paradigm for improving
the autonomy of UUVs (Christensen et al., 2022).

This chapter discusses the research status of RL in UUVs
from three aspects: RL-based motion planning, navigation
and control, and multiagent collaboration.
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Table1 Typical RL algorithms
Items Policy learning method Off-policy Policy representation Applicable action space

Temporal difference Value Function Yes (Except SARSA)  Table/Function Approximation Discrete

TD() Value Function Yes (Except SARSA)  Table/Function Approximation Discrete

Q-learning Value Function Yes Table/Function Approximation Discrete

SARSA Value Function No Table/Function Approximation Discrete

DON Value Function Yes Neural Network Discrete

Double DQN Value Function Yes Neural Network Discrete

REINFORCE Direct Policy Yes Neural Network/Function Both

Approximation

PPO Direct Policy Yes Neural Network Continuous

Actor-Critic Combination of Policy and Both Neural Network + Function Both
Value Function approximation

A2C Combination of Policy and Yes Neural Network + Function Both
Value Function Approximation

TRPO Direct Policy Yes Neural Network Continuous

DDPG Combination of Policy and Yes Neural Network Continuous
Value Function

SAC Combination of Policy and Yes Neural Network Continuous
Value Function

Dyna Value Function Both Table/Function Approximation Discrete

MVE Value Function Both Table/Function Approximation Discrete

SLBO Combination of Policy and Yes Neural Network Both

Value Function

3.1 Motion planning

Motion planning is vital for the autonomous operation
of UUVs, and it aims to generate safe and efficient trajec-
tories based on task requirements and environmental infor-
mation. Traditional approaches typically depend on accu-
rate environmental models and manually designed rules,
which causes difficulty in their adaption to complex and
dynamic underwater environments. RL-based techniques
often model the motion planning problem as a Markov
decision process and learn the optimal motion strategy
through interaction. According to the task hierarchy, motion
planning of UUVs can be divided into path planning (find-
ing a collision-free route), trajectory planning (generating
a smooth and dynamically feasible path), and task planning.
This section primarily focuses on the first two aspects, while
task planning will be introduced in Section 3.3 on multia-
gent collaboration.

1. Early Approaches and Static Environments: Initial
RL implementations commonly focused on path planning
in static or well-defined environments. For example, Yoo
and Kim (2016) integrated Q-Learning with a smoothing
algorithm, which considers the kinematics and dynamics
of UUVs to produce feasible trajectories. While demon-
strating basic feasibility, tabular Q-learning methods suffer
from the curse of dimensionality, which limits their appli-
cability to complex and continuous state spaces inherent in
UUVs. To enhance convergence in such tabular settings,
Zhu et al. (2019) proposed an adaptive Q-Learning algo-

rithm that dynamically modifies the exploration rate based
on environmental complexity. This algorithm demonstrates
faster convergence than standard Q-learning but is still
confined to discretized state spaces. Wang et al. (2024b)
aimed to enhance the convergence and path quality of Q-
learning using a neural network-smoothed approach (NSFQ)
with Bezier curve smoothing. This approach improves head-
ing stability but retains the core limitations of value-based
methods in high-dimensional continuous domains.

2. Deep RL for Complex Planning: The advent of DRL
has allowed addressing high-dimensional problems. Sun
et al. (2020) used hierarchical DQN with prioritized expe-
rience replay for 3D path planning, which efficiently reduces
state space dimensionality. Although designing optimal hier-
archies can be difficult, this hierarchical structure repre-
sents a useful technique. Yao et al. (2021) addressed time-
optimal path planning in dynamic current fields using a
two-layer interval optimization scheme, which explicitly
handles uncertainty in current predictions—a critical fac-
tor often simplified in other studies.

3. Actor—Critic Methods for Dynamic Environments
and Continuous Control: A clear trend involves the adop-
tion of actor—critic algorithms such as DDPG and PPO,
which are suitable for continuous action spaces in UUV
control. Lan et al. (2022) adopted DDPG for path plan-
ning, which adapts to varying currents by reformulating
the MDP. Lyu et al. (2023) constructed an end-to-end per-
ception—planning-execution method using a two-layer
DDPG with hindsight experience replay, which enhances
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efficacy in dynamic environments. DDPG demonstrates
effectiveness but exhibits sensitivity to hyperparameters
and potential instability during training. This limitation
requires careful tuning in practice. For this purpose, Wang
et al. (2025) proposed a gated recurrent unit (GRU)-PPO
model leveraging local visual input. By using CNNs and
GRUs to process sensor data, this approach integrates per-
ception more directly into planning, which enables local
path optimization and obstacle avoidance. However, sim-
ilar to many vision-based RL approaches, its performance
heavily depends on the quality and realism of simulated
visual data, which highlights the sim-to-real transfer challenge.

4. Hybrid and Novel Approaches: Some studies investi-
gate hybrid methods in complex environments. Yan et al.
(2023) proposed a novel RL-based tuna swarm optimiza-
tion, where RL guides agents in selecting strategies within
a bio-inspired optimization framework, and the optimiza-
tion process is smoothed by B-splines. This hybridization
provides an interesting direction but needs careful balanc-
ing between the exploration mechanisms of RL and the
exploitation focus of the optimizer.

Overall, RL for motion planning has advanced from tabu-
lar methods in static environments to DRL capable of manag-
ing continuous spaces, dynamic conditions, and even inte-
grating perception. Table 2 offers a comparative overview
of these works. However, challenges remain, such as hyper-
parameter sensitivity, the need for robust perception, and
the persistent sim-to-real gap, especially for approaches
depending heavily on simulated sensor data.

3.2 Navigation and control

Navigation (ascertaining pose and velocity) and control
(performing maneuvers) are core capabilities of UUVSs,
where RL exhibits considerable promise. Traditional model-
based controllers, such as PID and MPC, typically struggle
with uncertain hydrodynamics, environmental disturbances,
and sensor noise. The data-driven and model-free nature of

RL provides potential for enhanced adaptability and robust-
ness. As displayed in Figure 6, RL can be integrated with
traditional controllers or leveraged for end-to-end learning
(Tong et al., 2023).

Target pose |

Figure 6 Two application methods of reinforcement learning in
UUV control (Tong et al., 2023)

1. Foundational and Tracking Control: Early works,
including Gaskett et al. (1999), established the feasibility
of model-free RL for basic thruster control with continu-
ous states and actions. El-Fakdi and Carreras (2013) vali-
dated a two-step sim-to-real transfer using natural actor—
critic for vision-based cable tracking, which is a valuable
early example of bridging the reality gap. Yu et al. (2017)
adopted DDPG for trajectory tracking, which exhibits
improved accuracy over PID in complex scenarios. How-
ever, the base DDPG algorithm can result in instability,
which motivates further refinements. For example, Sun et al.
(2021) augmented DDPG with potential fields for safety
and SumTree prioritized replay for efficient learning in
deep-sea navigation, although their validation was limited
to 2D. Wang et al. (2024c) realized robust depth tracking
for underactuated AUVs using an adversarial DRL approach
with LSTM state prediction. This method demonstrates supe-
rior performance over PID in tank experiments by explicitly
training for robustness against state transition variations—
a key advantage over techniques assuming perfect state
knowledge. Similarly, Wang et al. (2024a) improved DDPG
with a twin-critic design and an integral compensator to

Table2 Comparison of representative RL-based motion planning methods for UUVs

Tasks Algorithm Main contribution Validation
Trajectory Planning based on Q-Learning+Smoothing  Consider kinematics, dynamics, and currents, and use Simulation with
Kinodynamics (Yoo and Kim, 2016) smoothing for feasible trajectory Currents
Path Planning in Static Env. Adaptive Q-Learning Dynamically adjust greedy rate based on Simulation
(Zhu et al., 2019) environmental complexity model
3D Path Planning (Sun et al., 2020)  Hierarchical DQN+PER  Hierarchical training reduces state space dimensionality; Simulation

prioritized replay improves efficiency

Time-Optimal Path Planning in
Dynamic Env. (Yao et al., 2021)
Path Planning in Complex Env.
(Yan et al., 2023)

Local Trajectory Planning in
Dynamic Env. (Lyu et al., 2023)
Local Path Optimization in
Dynamic Env. (Wang et al., 2025)

Interval Optimization
RL+Tuna Swarm Opt.

Two-Layer DDPG+HER

Two-layer scheme handles uncertain dynamic currents
using interval ocean model

Simulation with
Dynamic Currents

Hybrid approach using RL for agent strategy selection Simulation

within swarm optimization and B-spline for smoothing

End-to-end perception—planning—execution; hindsight Simulation in

replay improves dynamic efficiency Dynamic Env.
GRU-PPO (Local Vision) Uses CNN+GRU for visual feature extraction and state Vision-based

mining; PPO for local optimization Simulation
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enhance the path following accuracy and robustness of
USVs, as demonstrated in experiments.

2. Addressing Model Uncertainty and Spatio—Temporal
Changes: Ma et al. (2024) introduced an actor—model—critic
architecture for 3D path following. By learning a state
transition model alongside the policy and value function,
this method seeks to better understand and adapt to spatio-
temporal environmental changes. The approach potentially
improves sample efficiency over purely model-free meth-
ods, although the accuracy of the learned model itself is
still problematic.

3. Complex Maneuvers and End-to-End Learning: RL is
increasingly adopted for complex and high-stakes maneu-
vers. Pereira and Pinto (2024) constructed an end-to-end
RL approach for the docking of autonomous surface vehi-
cles in unknown environments. This method introduces the
concept of illegal actions within an actor—critic framework
to accelerate learning. This work is notable for its real-
world verification on a critical task, although the learned
policy might be highly task-specific.

4. Biomimetic UUV Control: In recent years, biomimetic
UUVs have gathered increasing attention due to their capa-
bility to mimic the swimming patterns of underwater crea-
tures; thus, they can achieve longer endurance, better low-
speed maneuverability, and significantly reduced operating
noise (You et al., 2020). A distinct trend encompasses
adopting RL to control biomimetic UUVs. The unconven-
tional propulsion mechanisms of these UUVs introduce
unique challenges for traditional modeling. Su et al. (2019)
integrated RL with active disturbance rejection control for
biomimetic glider attitude control. Zhang et al. (2023) used
Q-learning for manta ray depth control, while Vu et al.
(2023) utilized DDPG to optimize central pattern generator
parameters for robotic fish locomotion. Sun et al. (2023)
used DRL and imitation learning for the formation control
of schooling fish robots within high-fidelity CFD simula-
tions. These works emphasize the potential of RL for con-
trolling complex and hard-to-model systems, but they typi-

cally depend heavily on simulation due to the experimental
cost and complexity of biomimetic prototypes.

5. Leveraging Demonstrations and Vision: Imitation learn-
ing is gaining considerable attention. Chen et al. (2024)
proposed an importance-reweighted GAIL algorithm that
allows AUVs to learn control strategies from expert dem-
onstrations of varying quality, which enhances generaliza-
tion. Politi et al. (2024) realized efficient 3D navigation
using DRL integrated with real-time visual sensor data for
obstacle avoidance in unknown environments. These tech-
niques mitigate the data sparsity and exploration challenges
by utilizing prior knowledge (demonstrations) or richer sen-
sor modalities (vision). However, they introduce dependen-
cies on demonstration quality or sensor performance and
sim-to-real transfer.

6. Energy Efficiency and 3D Navigation: Wen et al. (2024)
tackled the crucial aspect of energy efficiency in 3D AUV
navigation using a policy feature-based SAC variant. This
approach incorporates an energy consumption model and
an adaptive reward function to balance energy use and travel
distance. This consideration is critical for long-duration
missions and is commonly ignored in purely performance-
driven RL objectives. Hadi et al. (2024) employed DRL
for formation motion planning and control, with a focus on
collision avoidance strategies.

In navigation and control, the trend is clearly toward
sophisticated DRL algorithms capable of managing contin-
uous control, complex dynamics, and specific maneuvers.
Table 3 summarizes key studies. Integrating techniques such
as imitation learning, adversarial training, and learned mod-
els shows promise for enhancing robustness and sample
efficiency. Moreover, applications to biomimetic UUVs are
expanding. However, real-world verification remains limited
compared with simulation studies. Key shortcomings stem
from the sample inefficiency of RL and the difficulty in
reward function design to capture complex objectives such
as safety and efficiency simultaneously.

Table3 Comparison of representative RL-based navigation and control methods for UUVs

Objectives Algorithm Main contribution Validation
Vision-based Cable Tracking Natural Actor—Critic Two-step sim-to-real transfer for autonomous Simulation and
(El-Fakdi and Carreras, 2013) cable tracking Real-world
Bionic Glider Attitude Control RL+ADRC Combines RL with active disturbance rejection Simulation

(Suetal., 2019)

Safe Navigation in Deep Sea
(Sunetal., 2021)

Formation Control of Schooling
Fish Robots (Sun et al., 2023)
AUV Control Strategy Learning
(Chen et al., 2024)
Underactuated Depth Tracking
(Wang et al., 2024c)
End-to-End ASV Docking
(Pereira and Pinto, 2024)

DRL+Imitation Learning
IR-GAIL (Imitation Learning)
Adversarial DRL+LSTM

Actor-Critic+illegal Actions

DDPG+Potential Fields+SumTree

control to handle currents

Improves DDPG with potential fields for safety
and SumTree for prioritized replay

2D Simulation

High-fidelity CFD environment for training; Simulation
composite reward; handles complex flows with CFD
Importance reweighted GAIL learns from variable Simulation
quality demonstrations; better generalization

LSTM for state prediction; adversary enhances Towing Tank
robustness against disturbances and dynamics Experiment
Introduces illegal actions to accelerate learning Real ASVs

for complex docking maneuvers
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3.3 MultiAgent collaboration

The limitations of single-UUV systems motivate the use
of multi-UUV systems for improved efficiency, robust-
ness, and coverage. However, this utilization introduces
complexities in coordination, communication, and decen-
tralized decision-making. Avoiding resource conflicts and
waste while guaranteeing maximum efficiency of forma-
tion task execution is the main direction of multiagent col-
laboration research (Zhang et al., 2024).

1. Task Allocation: Traditional allocation methods, includ-
ing the Hungarian algorithm and auction algorithm, are
commonly based on optimization algorithms in operations
research, which require global information and high com-
putation. Meanwhile, RL offers adaptive and decentralized
alternatives. The principles of task allocation are presented
in Figure 7. Hou et al. (2023) utilized asynchronous advan-
tage actor—critic for multi-AUV task allocation. The inde-
pendent learning approach demonstrates feasibility but
may struggle to capture complex inter-agent dependencies
effectively. To this end, Zhang et al. (2024) used value
decomposition networks within a centralized training with
decentralized execution approach for joint task allocation
and collision avoidance, which improves efficiency. Yu and
Zhang (2024) adopted multiagent twin delayed DDPG for
dynamic collaborative task decision-making. These meth-
ods usually achieve better coordination than independent
learners but encounter scalability issues as the number of
agents increases. They also frequently assume reliable com-
munication during training, which contrasts with the limita-
tions of underwater communication in reality. Xu et al.
(2024) later addressed scalability by transforming the NP-
hard multiagent problem into a finite-time Markov game.
They also proposed an efficient offline RL training frame-
work, which leverages previously collected data but is poten-
tially sensitive to dataset quality.

2. Formation Control and Maneuvering: Several differ-

Tn
13...
T2
Tl
Tasks
UUVm
UV,
Uuuv2
UUVI
UUVs

Figure 7 Multi-UUVs’ task allocation principle
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ent formation patterns are presented in Figure 8. Traditional
formation approaches typically depend on predefined rules
or accurate models, while MARL enables adaptive behav-
ior adjustment. Wei et al. (2023b) proposed a goal-based hier-
archical RL (HRL) algorithm for the path planning of multi-
USV formation, which was validated through experiments.
HRL is a promising approach for managing complexity in
MARL. It simplifies learning by operating at different lev-
els of abstraction, although designing the hierarchy itself is
nontrivial. Han et al. (2023) presented a distributed DRL
approach using independent DDPG with adaptive RBFNs
to approximate dynamics for USV formation control,
which highlights efforts to handle system dynamics with-
in the learning framework. Zhu et al. (2024) introduced a
hierarchical software-defined networking MARL framework
with an advantage—attention actor—critic architecture for
large-scale AUV cluster control. This method demonstrates
enhanced convergence, tracking, and scalability. Thus, it
directly tackles the crucial scalability limitation of many
MARL algorithms.

(b) Multiple leaders

\ﬁ/l
" e

(c) Virtual leader

] e

(a) Single leader

Figure 8 Several different formation patterns

3. Complex Coordination Tasks such as Hunting and
Confrontation: MARL is also being implemented for more
demanding coordination tasks. Xu et al. (2021) first adopted
DRL to confrontational tasks under limited perception and
communication by using a novel encoding network. On this
basis, Xia et al. (2023) realized multitarget hunting with
USV fleets using distributed PPO to handle partial observ-
ability. Wang et al. (2022) established a collaborative target
capture scheme with dynamic formations and adversarial
training for robustness. Wei et al. (2023a) analyzed a hunting
system in turbulent and adversarial environments by intro-
ducing differential game theory into MARL while consider-
ing environmental factors and communication delays. These
works facilitate the use of MARL in complex, dynamic,
and uncertain scenarios. However, they typically require
sophisticated algorithm design and careful reward shaping.

The application of MARL to UUVs is a rapidly growing
area, which shifts from basic coordination to complex tasks
such as dynamic allocation, intricate formations, and adversar-
ial engagements. Table 4 contrasts representative works on
the application of RL and MARL to coordinate multiple
UUVs. The trend transitions toward more sophisticated
MARL paradigms to overcome the constraints of indepen-
dent learning and handle scalability and communication
restraints. Partial observability, robustness to environmen-
tal dynamics, and effective decentralized execution remain
key directions. The reliance on simulation is remarkably
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Table4 Comparison of representative RL-based multi-agent collaboration methods for UUVs

Tasks Algorithm

Main contribution

Collaborative Target Capture
(Wang et al., 2022)

Multi-USV Formation Path Planning
(Wei et al., 2023b)

Joint Task Allocation and Collision
Avoidance (Zhang et al., 2024)

Dynamic Collaborative Task Decision
(Yu and Zhang, 2024)

Multi-Agent NP-Hard Problem
(Xu etal., 2024)

Large-Scale AUV Cluster Control
(Zhu et al., 2024)

MADRL+Adversarial

Goal-Based Hierarchical RL+APF

Value Decomposition Networks

Multi-Agent Twin Delayed DDPG

Offline RL Framework

Hierarchical SDN MARL+A2C

Dynamic formation methods, adaptive allocation; adversarial
training for robust surrounding

Hierarchical structure simplifies planning; improved APF aids
training; composite reward

Improves efficiency and autonomous avoidance using VDN
for centralized training

Addresses long planning time, large data needs; potential
scalability issues noted

Transforms problem to finite-time Markov game; offline RL
improves scalability and generalization

Hierarchical framework with advantage-attention actor—critic;
improves speed, accuracy, and scale

pronounced in MARL due to the compounded complexity
and cost of real-world multirobot experiments, which fur-
ther emphasizes the sim-to-real challenge.

4 Case study: application of RL in the target
tracking control of a biomimetic shark

In this chapter, we present a case study on target track-
ing control within a 2D plane. This study uses the biomi-
metic robotic shark developed by the Institute of Automa-
tion, Chinese Academy of Sciences, as displayed in Figure 9
(Yang et al., 2016). The key parameters of the biomimetic
robotic shark, such as size and mass, are summarized in
Table 5. This case study is based on the research frame-
work of Yu et al. (2021).

Traditional methods of target tracking control for UUVs
usually rely on dynamic models. However, the hydrody-
namic model of fish swimming is complex and hard to
establish accurately, especially for biomimetic robotic fish,
where the propulsion method introduces more prominent
model uncertainty. In addition, the complex and dynamic
underwater environment, with its numerous interference
factors, further complicates the target tracking task. RL
provides a model-free approach by enabling agents to inter-
act with their environment and modify behavior through
reward maximization. This chapter performs a case study
based on the control characteristics and task requirements
of this platform. This analysis serves as an example to show
readers the basic ideas of using RL to solve related prob-
lems of UUVs.

In this case study, the target tracking control problem is
analyzed for a biomimetic robotic fish with multiple joints
that are connected in series. Given that heading control of
the biomimetic robotic shark involves continuous action
spaces, the DDPG algorithm is used. DDPG, as a model-

ﬂk—\‘

(a) Photograph of the biomimetic robotic shark

Dorsal fin Propulsive units

Multilink
Image processing unit
Control circuit Battery)/ g
Camera P>
stabilizer. Peduncle Caudal

Camera sS85 s fin
Y
7~ Pectoral servomotor
Pectoral fin

Infrared sensors Depth sensor
(b)Mechanical diagram

Figure 9 Biomimetic robotic shark of the institute of automation,
chinese academy of Sciences

Table 5 Technical specification of the robot

Items Characteristics

Size(LxWxH) Approx. 483 mm x 208 mm x 125 mm

Total mass Approx. 1.3 kg
Joint configuration Posterior body: 3; Pectoral fins: 2
On-board sensors  Infrared detectors, pressure sensor, IMU, camera
Controller ARM Cortex-M4

Power supply 7.4V rechargeable Li—Polymer batteries
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free RL method, is specifically suitable for continuous con-
trol tasks. By integrating the strengths of deterministic pol-
icy gradient methods and DQN, DDPG enhances learning
efficiency and stability through mechanisms including
experience replay and target networks. These features make
it an effective choice for overcoming the challenges of tar-
get tracking in underwater environments.

First, the state space is analyzed. To represent the motion
state of the biomimetic robotic shark and the relative direc-
tion of the target, we define the state space as a 2D vector:

s=(% o) ®)

where ¥ refers to the relative bearing angle of the target
with respect to the biomimetic robotic shark, and w signi-
fies the yaw angular velocity of the biomimetic robotic
shark. This state space definition satisfies the Markov
property, i.e., the current state contains sufficient historical
information to predict the state of the next moment and
can be used to construct a Markov decision process.

Second, the action space is explored. The heading con-
trol of the biomimetic robotic shark is realized by the
swing of the tail. With the assumption that the motion con-
trol of the biomimetic robotic shark is controlled by a CPG
network, the offset parameter /5 of the CPG network deter-
mines the steering behavior of the biomimetic robotic
shark. Therefore, we define the action space as a 1D con-
tinuous variable:

a=p' (4)

where B’ represents the normalized CPG offset parameter
used to optimize the steering amplitude of the biomimetic
robotic shark. In practical applications, g’ is mapped to the
actual control parameter $ of the CPG network through the
following formula:

f=k,-a (5)

where k, denotes a preset action mapping coefficient.

Third, the reward function is designed. Correctly design-
ing the reward function is important to the learning direc-
tion of the RL algorithm. In this case, we expect that the
biomimetic robotic shark can track the target quickly and
smoothly. Thus, the reward function should consider the
tracking error and the smoothness of the control action.
Therefore, a piecewise composite reward function is designed,
which involves two parts: tracking error reward and angu-
lar velocity penalty:

1. Tracking error reward r,: We want the target bearing
angle ¥ to be as close to zero as possible. Therefore, when
|| is small, a larger reward is given; when |¥ | is large, a
smaller reward or even a penalty is provided. The piece-
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wise function form is given as follows:

_ a, —- b1 ' ‘lp|] if|yj|< Yy,

r, = 6
e it 7] > 7, ©

where a,, b,, and c, are adjustable parameters, and ¥, is a
preset bearing angle threshold.

2. Angular velocity penalty r,: To prevent the robotic
shark from making sharp turns, we penalize large angular
velocities w. The following linear function can be adopted:

r,= -k, lol @
where k,, represents an adjustable penalty coefficient.

The final reward function is the weighted sum of the
above two parts and is normalized to balance the dimen-
sions and numerical ranges of different reward items:

Wl[/. rW+ Wcu . r(u
W, + W,

r =

®)

where w, and w, denote the weight coefficients of the
tracking error reward and the angular velocity penalty,
respectively, which are employed to adjust their relative
importance in the composite reward function.

Then, the DDPG algorithm is trained according to the
following steps:

1) Initialization: The network parameters ¢, and ¢, of the
actor network y(s; Gﬂ) and the critic network Q(s, a; GQ)
are initialized, along with the parameters 6 and 6, of the
corresponding target networks y’(s; fo) and Q'(s, a; 6)(5).
The experience replay buffer R is also initialized.

2) Environment Interaction: At each time step t, the bio-
mimetic robotic shark chooses an action a, based on the
current state s, and the policy ,LL(St; Hﬂ) output by the actor

network. In addition, a certain amount of exploration noise
is added to guarantee sufficient exploration of the state
space.

3) Action Execution: The biomimetic robotic shark exe-
cutes the action a,, interacts with the environment, transi-
tions to the next state s, , ,, and receives the corresponding
reward r,.

4) Experience Storage: The state transition tuple (s, a,, I,
S, 1) is stored in the experience replay buffer R.

5) Network Update: When the number of samples in the
experience replay buffer reaches a certain threshold, a batch
of samples is randomly sampled to update the actor net-
work and the critic network:

a) Critic network update: The target network is used to
calculate the target Q value y;:

Yi=r+y- Q'(5i+1://(si+1; 9,:); 9(’3) ©)
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where y is the discount factor, which is used to balance the
importance of current and future rewards. Then, the critic
network parameters 6, are updated by minimizing the loss
function:

L(0g)= = S (v-Qlseai b)) o)

i=1

where N denotes the size of the mini-batch.

b) Actor network update: According to the deterministic
policy gradient theorem, the actor network parameters ¢,
are updated using the following formula, where J repre-
sents the expected cumulative reward objective function:

%,3(0) = 3] v.Q(s.a:4,)

i=1

s=s,,a=;¢(s,; H/,) ’

vﬂ/lﬂ(s; 0,4:) s:s,:' (11)

c¢) Soft update of target networks: For improving train-
ing stability, soft update is utilized to update the target net-
work parameters:

0L« 10y +(1-1)- 6, (12)
0 —7-0,+(1-17)-0 (13)

where 7 signifies the soft update coefficient, which usually
has a small value.

6) Steps 2-5 are repeated for iterative learning until the
DDPG algorithm converges to an optimal policy. In this way,
the biomimetic robotic shark can choose the best action
according to the current state to maximize the cumulative
reward.

Through the RL training based on the DDPG algorithm,
the biomimetic robotic shark is expected to learn an effi-
cient control strategy for autonomously tracking moving
targets within a 2D plane. During the testing phase, the
biomimetic robotic shark should rapidly modify its head-
ing based on the bearing information of the target, which
ensures that the target remains near the center of the field
of view of the camera. Compared with traditional model-
based control methods, the RL-based approach presents
greater robustness and adaptability, which make it highly
suitable for addressing the complexity and uncertainty of
underwater environments.

Notably, this case study offers only a foundational frame-
work for resolving the target tracking problem of UUVs
using RL. In practical applications, the definition of the
state space and action space, the design of the reward func-
tion, and the selection of algorithm parameters must be tai-
lored and adjusted according to specific task requirements,
the performance characteristics of the biomimetic robotic
shark, and the unique attributes of the underwater environ-
ment to obtain the desired control performance.

Overall, this case study demonstrates the application of
RL algorithms to the 2D target tracking control problem of
a biomimetic robotic shark. By reasonably designing the
state space, action space, and reward function, as well as
utilizing the learning capabilities of the DDPG algorithm,
the biomimetic robotic shark can potentially acquire effi-
cient control strategies through interactions with the envi-
ronment, which eliminates the need for an accurate dynamic
model. This capability highlights the feasibility of achiev-
ing autonomous target tracking in underwater settings.
Moreover, this case study offers a conceptual framework
and practical guidance for applying RL to UUV control
tasks. It serves as a reference for future research into highly
complex and challenging scenarios.

5 Challenges and future trends
5.1 Challenges

RL demonstrates great potential for UUVs, but its appli-
cation to real complex underwater environments still encoun-
ters many challenges, as discussed below.

5.1.1 Data sparsity and inefficient exploration

RL algorithms require a large amount of data, but acquir-
ing interaction data underwater is exceptionally challeng-
ing (Griffiths, 2002). UUV deployment in real-world sce-
narios is costly, time-consuming, and constrained by energy
limitations, as well as carries the risk of loss or damage.
These factors severely restrict the obtainable volume of data
compared with terrestrial robotics. In addition, the quality
of data is typically compromised by noise and partial observ-
ability. Early-stage exploration, which is essential for dis-
covering effective behaviors, is also hampered. Random
exploration strategies common in RL are commonly infea-
sible due to safety risks and the sheer vastness and feature-
lessness of many underwater domains (e.g., deep-sea map-
ping or target search). The high dimensionality of the state
and action spaces of UUVs further exacerbates the curse
of dimensionality. Addressing this problem demands an
exponential increase in data, which are fundamentally scarce.
Consequently, learning frequently remains slow, and the
cost and risk associated with collecting sufficient data can
be prohibitive.

5.1.2 Complexity of state—action spaces and reward function
design

The performance of an RL algorithm largely relies on the
representation of the state and action spaces, i.e., the position,
velocity, thrust and rudder angle control commands, and
other information of UUVs. Selecting the appropriate rep-
resentation and discretizing or continuously processing the
state and action space have an important effect on the per-
formance and convergence speed of the algorithm. For exam-
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ple, in an underwater navigation task, if the state space only
comprises the position of the robot and ignores the atti-
tude, the algorithm may fail to learn an effective strategy
(Politi et al., 2024).

The reward function, as a bridge connecting environ-
mental feedback and agent behavior, also directly influences
the learning goal and final performance. In the applications
of UUVs, the reward function needs to be designed based
on specific task requirements. For instance, in a target track-
ing task, the reward function can be designed according to
the distance and relative speed (Yu et al., 2017); and in a
path planning task, the reward function can be designed
based on the length, smoothness, and safety of the path
(Sun et al., 2020). Designing a reward function that can
efficiently guide agent learning and reflect task requirements
is challenging.

5.1.3 Optimization and adaptation of RL algorithms

The operating environment of UUVs generally exhibits
high dimensionality and continuous state and action spaces,
which introduce higher requirements for the convergence
speed, computational resource consumption, and robustness
to noise of RL algorithms. Furthermore, UUVs are com-
monly powered by batteries with limited energy (Kelasidi
et al., 2015), and communication bandwidth is constrained
and possesses high latency (Morozs et al., 2020), which also
introduce issues to the RL algorithms. Some works have
optimized the RL algorithm to improve algorithm efficiency
(Sun et al., 2021; 2020; Wang et al., 2021) and adaptability
(Wen et al., 2024; Zhu et al., 2019). However, constructing
RL algorithms that are simultaneously sample-efficient,
computationally frugal, robust, and capable of real-time
adaptation still remains an active research area.

5.1.4 Sim-to-real transfer challenges

Training RL policies entirely in the real world is com-
monly impractical due to the data sparsity issue described
in Section 5.1.1. Simulation generates vast amounts of data
quickly and safely but struggles to meet the reality gap
between simulation and the real complex underwater envi-
ronment, which poses a major obstacle. Precisely model-
ing underwater hydrodynamics, such as nonlinear drag,
added mass, lift forces, turbulence effects, and interactions
with the seabed and surface, is extremely complex (Thorpe,
2007). Simulating realistic sensor behavior, especially for
multipath effects, sonar speckle noise, scattering, absorp-
tion, and vision-related turbidity, is also equally difficult.

Moreover, environmental disturbances, including ocean
currents, are unpredictable and random, which further intensi-
fies the problem of model mismatch. Therefore, when the
RL strategy trained in the simulation environment is directly
transferred to the real underwater environment, its perfor-
mance generally drops significantly, or it even fails entirely.
For instance, an obstacle avoidance strategy that performs
effectively in a simulation environment may fail because it
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cannot precisely perceive the position and velocity of actual
obstacles (Wang et al., 2025).

5.1.5 Limited onboard computing resources

UUVs, specifically smaller ones, commonly operate under
strict size, weight, power, and cost constraints, which limit
the available onboard computational resources. Many state-
of-the-art DRL algorithms, which rely on DNNSs, require
significant processing power and memory for training and
inference (LeCun et al., 2015). Deploying these complex
models directly into resource-constrained embedded sys-
tems is challenging. Model compression and lightweight
network architectures provide partial solutions. However,
realizing efficient and real-time onboard RL inference is still
a major technical hurdle.

5.2 Future trends

Despite the challenges, the application prospects of RL
in UUVs are still broad. In response to the challenges, future
research can be conducted in the following aspects:

5.2.1 Enhancing data utilization and exploration efficiency

To address the limitation of data sparsity and inefficient
exploration identified in Section 5.1.1, promising avenues
include the following:

1) Transfer Learning: Knowledge from simulations,
related tasks, or prior missions can be utilized to warm-
start learning, which reduces the need for extensive de novo
data collection.

2) Model-Based RL: Approximate models of dynamics
and the environment of UUVs, even if imperfect, can be
developed. These models can be used for planning or gen-
erating simulated experiences offline, which significantly
minimizes reliance on costly real-world interactions. Tech-
niques must focus on addressing uncertainty effectively,
which is the key limitation noted in current model-based
attempts.

3) Offline RL: Methods capable of learning effective
policies purely from previously collected datasets can be
established, which is an emerging trend demonstrating poten-
tial to leverage existing UUV logs without risky online
interaction.

4) Few-Shot/Meta-Learning: Algorithms that can adapt
rapidly to new tasks or variations in the environment using
only minimal new data while leveraging experience across
related prior tasks need to be designed.

5) Efficient Exploration Strategies: Naive exploration
methods, such as epsilon-greedy, can be replaced by more
sophisticated methods driven by curiosity, intrinsic motiva-
tion, or uncertainty estimation. This shift guides UUVs to
explore informative regions of the state—action space more
intelligently and safely. Techniques such as hindsight expe-
rience replay can also help optimally balance exploration
with safety constraints in unpredictable underwater envi-
ronments.
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5.2.2 Optimizing state and action space and reward function
design

To tackle the complexities of state—action spaces and
reward function design, further research is needed in the
following areas:

1) Representation Learning: Techniques such as autoen-
coders or self-supervised learning need to be utilized to
automatically learn compact and informative state representa-
tions from high-dimensional sensor data, including sonar
images and camera feeds, which potentially reduces the
dimensionality challenge.

2) HRL: Complex tasks can be decomposed into simpler
subtasks or layers of abstraction. HRL can simplify learn-
ing by operating over temporally extended actions or goal-
based sub-policies, which supports the management of
complex spaces and facilitates long-term planning. At pres-
ent, modifying the structure and learning process within
HRL for UUV tasks is an active research area.

3) Automated Reward Design: Techniques including
inverse RL can be explored to infer reward functions from
expert demonstrations, which reduces the burden of manual
reward engineering. Multiobjective RL frameworks can
also help systematically design rewards that robustly cap-
ture complex, which potentially conflicts objectives in
dynamic underwater scenarios.

5.2.3 Robust and resource-aware RL algorithms

Responding to the need for algorithms that can address
operational constraints of UUVs, development should focus
on the following aspects:

1) Robust RL: Algorithms that are inherently less sensi-
tive to noise, disturbances, and model inaccuracies can be
developed. These algorithms might involve adversarial
training, risk-sensitive optimization criteria, or methods that
explicitly account for uncertainty.

2) Adaptive RL: Algorithms that can continuously adapt
online to changing environmental conditions or unexpected
events, such as component failure during a mission, can be
considered.

3) Algorithm Optimization for Embedded Systems: Light-
weight RL architectures and efficient inference techniques
suitable for deployment on resource-constrained UUV hard-
ware can be constructed. Moreover, neuromorphic comput-
ing or specialized hardware accelerators can be explored,
which represents a critical intersection of RL and embed-
ded system research.

5.2.4 Facilitating efficient simulation-to-reality transfer
Bridging the substantial sim-to-real gap remains a criti-
cal priority for future research. By establishing a more realis-
tic underwater environment simulation model while con-
sidering the effects of hydrodynamics, sensor noise, and
environmental disturbances, the gap between the simula-
tion environment and the real environment can be narrowed.
1) High-Fidelity Simulation: Simulators can be improved

by integrating highly accurate hydrodynamic models,
advanced sensor models such as ray tracing for sonar and
physically based rendering for vision, and realistic envi-
ronmental dynamics including stochastic current models
and seabed interactions.

2) Domain Randomization: Simulation parameters such as
mass, drag coefficients, current speeds, and sensor noise lev-
els can be systematically randomized during training,
which forces the policy to learn behaviors robustly across
various conditions. This capability increases the likelihood
of successful transfer.

3) Domain Adaptation: Techniques that explicitly align
the feature distributions or dynamics between the simula-
tion and real-world domains by using limited real-world
data can be employed.

4) System Identification: Data collected from the real
UUVs can be used to fine-tune simulator parameters or
learn a residual model that corrects the predictions of the
simulator.

5) Grounded Simulation: Real sensor data or hardware-
in-the-loop components can be integrated directly into the
simulation loop for highly realistic training feedback.

6) Safe RL for Transfer: Methods that ensure safety con-
straints (e.g., collision avoidance) and maintain operational
limits during the transfer process and real-world fine-tun-
ing can be developed, which is a critical enabler for practi-
cal deployment.

5.2.5 Enhanced multiagent collaboration

To address the challenges specific to multi-UUV systems,
future research should explore the following directions:

1) Scalable MARL: Multiagent RL algorithms that scale
effectively to larger numbers of UUVs can be developed
to address the nonstationarity and coordination challenges
inherent in multirobot systems.

2) Communication-Efficient MARL.: Algorithms that are
specifically tailored for low-bandwidth and high-latency
acoustic communication can be designed, which enables
effective collaboration despite communication constraints.
Investigating novel communication protocols informed by
MARL needs is also an important interdisciplinary direc-
tion, where graph neural networks may show promise.

Overall, although significant challenges remain, targeted
research in these areas, which directly addresses the gaps and
limitations identified in this review and combines RL, robot-
ics, control theory, and ocean engineering, is crucial. Over-
coming these hurdles will reveal the transformative potential
of RL, which enables more autonomous, capable, and resil-
ient UUVs for exploring the underwater environment.

6 Conclusions

This study presents a comprehensive review of current
research on the application of RL in UUVs. The critical
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role of UUVs in ocean exploration and development is
first introduced, as well as a detailed discussion of the limi-
tations of traditional methods in complex underwater envi-
ronments. These constraints establish a clear research gap
and highlight the need for adopting highly adaptive and
intelligent approaches such as RL. Subsequently, an over-
view of the UUVs and RL is provided. On this basis, the
core of this review elaborates the research status of RL
across three key task areas: motion planning, navigation
and control, and multiagent collaboration. Through a com-
prehensive analysis of the main methods, representative
studies, and existing challenges, the review synthesizes
evidence demonstrating the use of RL to tackle issues such
as model uncertainty, high-dimensional state and action
spaces, and the need for real-time adaptation. These areas
are domains where conventional methods frequently prove
insufficient. Then, a practical case study employing a bio-
mimetic robotic shark platform further illustrates the tangi-
ble application of RL for addressing specific UUV control
problems, which offers a valuable reference. Finally, the
challenges and future development trends are discussed.

In summary, RL, as a data-driven intelligent decision-
making methodology, has presented unique advantages and
remarkable potential in addressing control and decision-
making problems for UUVs in complex, dynamic, and uncer-
tain environments. Numerous challenges remain, but these
obstacles are expected to be progressively resolved as
research deepens and interdisciplinary integration advances.
In the future, RL is expected to play an increasingly vital
role in enhancing the intelligence and autonomy of UUVs,
which provides robust technical support for human explo-
ration and utilization of the ocean. With continued prog-
ress, RL is anticipated to provide further breakthroughs in
the UUV domain. These innovations ultimately enable the
widespread application of UUVs across diverse and com-
plex tasks.
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