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Autonomous exploration of unknown environments stands as a critical challenge in contemporary robotics
applications.The application of Deep Reinforcement Learning (DRL) in robotics exploration has been developed
to design efficient exploration strategies suitable for complex real world scenarios. In the past, there have been
reviews about the application of DRL in exploration, but the optimization of DRL has not been extensively
reviewed. This survey focuses on exploration for both single robot and multi-robot applications, specifically
addressing path planning aspects such as navigation, coverage, and trajectory. The survey emphasizes key
elements of DRL derived from previous work, encompassing state and observation, action, and reward. Finally,
the main contribution of this survey is to review how past work has optimized the DRL implementation to
overcome inherent limitations in the approach, including challenges related to inefficient exploration in the
training process, which collectively limit the adaptability and robustness of these algorithms in truly unknown
environments due to their resource-extensiveness. From our survey, current research is lacking on exploration
with reasoning entities for the training, relying instead on prior environmental knowledge. This underscores
the need for exploration strategies with built-in reasoning and less dependence on pre-existing data.
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1 Introduction
In recent past, the rapid progress in robotics technology has ignited a growing fascination in
academia and real-world applications of mobile robots in different fields. In terms of exploration, in
scenarios where the map or model of the environment is unknown beforehand, the deployment
of mobile robots is highly dependent on a robust and effective exploration strategy. The ultimate
objective of mobile robot’s exploration of the unknown area is to create a map of the explored
area, taking into account the coverage of the area, the accuracy of the mapping and the speed of
completion of the exploration [47]. Autonomous mobile robots offer distinct advantages in improv-
ing the safety and feasibility of exploration, even in environments with significant risks to human
well-being. Autonomous mobile robots should have the capability to navigate the environment,
gather information about the environment, construct a suitable map, and determine its location on
that map simultaneously [75]. Integrated exploration for autonomous mobile robots encompasses
field research in localization, mapping, and motion control [47].
Localization involves determining the robot’s pose based on its surroundings when the map

is known but the robot’s current position is unknown, while mapping entails estimating the
environment’s model using sensor data when the robot’s position is known but the surroundings
are not [35]. Localization and mapping are interdependent processes, leading to the development
of Simultaneous Localization and Mapping (SLAM). SLAM has been extensively utilized in
static environments, but its effectiveness in dynamic environments is still a work in progress [8]. In
terms of path planning, it comprises the global planner, which relies on pre-existing environmental
data to generate an optimal path, and the local planner, responsible for adjusting the original plan
dynamically to evade potential obstacles [50]. The traditional path planner exhibits limitations due
to its reliance on prior knowledge of the environment, which leads to inflexibility and unreliability
when encountering changes or inaccuracies in the map [50]. To overcome this, reinforcement
Learning emerged as a fitting solution for path planning in unknown environments, as it offers a
suitable method to create control strategies for navigating mobile robots where it involves learning
agents that navigate in unfamiliar environments to maximize reward for evaluation of states and
actions [20]. The integration of Deep Learning (DL) into RL, known as Deep Reinforcement
Learning (DRL), has significantly advanced the field, as deep learning equips RL to handle complex
decision-making scenarios that were previously unsolvable, particularly those involving high-
dimensional state and action spaces [3]. In DRL, agents must spend a considerable amount of
time interacting with their environment to gain insight into the outcomes of different actions.
However, collecting such interaction data in the real world can be costly, time-consuming and
sometimes unsafe, so optimization of the algorithm is needed [13]. Moreover, to achieve high-
quality autonomous navigation, the limitation lies in the constraints in human experience and data
acquisition, the inefficiencies in exploration strategies and collision risk assessment methods, and
underscore the need for continued research and development in this field [99].
Optimizing the exploration objective for a single mobile robot presents challenges due to con-

straints associated with the capabilities of a single robot, such as efficiently covering expansive areas.
Additionally, if the robot experiences a failure, exploration cannot continue. Multi-robot systems pro-
vide a means to mitigate these limitations, but they introduce the complexity of managing a system
that requires coordination and collaboration among the robots [66].The cooperative behavior among
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the multi-robot is the most important thing to consider in making the exploration process more ef-
fective. Cooperation reduces redundant efforts among the robots in exploring areas already explored
by other robots and minimizes overlapping exploration, thereby enhancing efficiency [29]. Using
DRL in a multi-robot system has introduced Multi-Agent Reinforcement Learning (MADRL),
expected to address the unique challenges of controlling multi-agent systems in dynamic environ-
ments. However, the presence of other agents introduces an incomplete model of an agent in the
system, leading to a nonstationary environment, and the joint action and state spaces grow exponen-
tially with the number of agents, raising concerns about space and computational complexity [39].
DRL has emerged as a valuable tool for tackling exploration-related application in multi-robot

contexts. This study specifically concentrates on exploring the recent developments in multi-robot
exploration through DRL, recognizing the presence of several survey articles, such as by Y. Li
[41], which provides an extensive overview of advancements in deep reinforcement learning,
covering core elements, important mechanisms, and various applications spanning fields such as
gaming, robotics, natural language processing, computer vision, and more, along with additional
resources and discussions [41]. In term ofmultiagent systems (MAS), Rizk et al. [65] explore into
the advancements in cooperative MAS decision-making models, encompassing methods such as
MARL, while also delving into their practical applications across different domains and addressing
critical challenges [65]. Hernandez-Leal et al. [30], Nguyen et al. [56], Orr and Dutta [59] and K.
Zhang et al. [94] offer an overview of the landscape in MADRL highlighting the adaptation of
key components from single-agent reinforcement learning to multiagent scenarios and focuses on
the challenges and various approaches within MADRL [30][56][59][94]. Lastly, Garaffa et al. [23]
explores the utilization of RL in designing exploration strategies for both single and multi-robot
autonomous systems, summarizing the RL algorithms employed, their incorporation into mobile
robot exploration strategies, and how these solutions tackle RL challenges [23].
However, from these previous surveys, there are no articles explaining how the DRL has been

optimized for robot exploration. In this survey, the focus is on exploration for both single robot and
multi-robot applications, specifically in terms of path planning aspects like navigation, coverage,
and trajectory. The survey highlights key elements of DRL drawn from the application of previous
work, including state and observation, action, and reward. Lastly, the main contribution of this
survey is examining how previous methods optimize the implementation of DRL to overcome
limitations inherent in DRL.
This survey adopts a structured and algorithm-centric literature review approach to analyze

recent advancements in DRL for autonomous exploration. Relevant studies were collected from
major academic databases, including IEEE Xplore, Scopus, and SpringerLink, using keyword combi-
nations such as deep reinforcement learning, multi-agent reinforcement learning, and autonomous
navigation. The selection process focuses on peer-reviewed journal articles and conference papers
published primarily between 2016 and 2024, reflecting the rapid development of DRL techniques,
while also incorporating foundational works for theoretical grounding. To ensure relevance and
consistency, the survey emphasizes studies that apply DRL to exploration or navigation tasks,
address single-robot and multi-robot systems, and propose optimization strategies.

The analysis is organized in a structured manner by first selecting representative DRL algorithms,
including value-based methods and policy-based or actor–critic methods, as the foundation for
comparison. For each algorithm, application-driven studies are identified and included in the
review. These works are analyzed to examine how the algorithm is implemented in exploration and
navigation tasks, with particular focus on key components and optimization strategies. Multi-agent
approaches are further categorized based on their training and execution strategies, including
centralized training with decentralized execution (CTDE), fully decentralized learning, and
centralized approaches.
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In Section 2, we provide an overview of the foundational concepts behind single-agent exploration
and its utilization in DRL. Moving on to Section 3, we delve into the background of multi-agent
exploration and its integration into DRL applications. In Section 4, we outline the key elements
employed in DRL. Section 5 discusses practical implications and experimental validations derived
from the reviewed studies. Section 6 presents the optimization of DRL algorithms. To conclude,
our findings and insights are presented in Section 7. The taxonomy of exploration is presented in
Figure 1.

2 Single Robot Exploration
2.1 Traditional Method
One of the traditional methods for exploration is by using SLAM. This involves creating and
continuously updating a map of its environment while determining its own position within that
map. Initially employed in unknown environments tomake them known, SLAM’s accuracy improves
when the environment becomes familiar. The robot estimates the positions of landmarks and its
own position relative to these landmarks. If the robot deviates from its path, it corrects itself using
landmark positions, but sensor inaccuracies can hinder this process. Uncertainties in sensor data
accumulate over time, necessitating the use of probabilistic methods to accurately model these
uncertainties [35]. The limitations of SLAM include the laborious process of constructing and
updating obstacle maps, along with a significant reliance on precise dense laser sensors for mapping
prediction [81].
In global path planning, the objective is to establish a collision-free route for a robot from its

initial position to the goal position by providing a detailed description of the goal and static obstacle
space, allowing the robot to reference and follow the generated global path for guidance [7]. Global
path planning for path search algorithms can be categorized into two types: heuristics methods and
artificial intelligence methods or Evolutionary Computation (EC) method [93]. An example of a
heuristic method are using graph search-based algorithms such as Dijkstra and A*. The Dijkstra
Algorithm is the shortest path algorithm that navigates from a starting point to an endpoint in a
directed graph by minimizing the sum of edge weights. The process involves updating the shortest
path length from vertices to other vertices if a shorter path is found [84]. The A* Algorithm builds
upon Dijkstra’s algorithm, employing an evaluation function:

𝑓 (𝑛) = 𝑔(𝑛) + ℎ(𝑛), (1)

where g(n) is the actual cost and h(n) is the estimated optimal path cost, enabling efficient path
searches with consideration for the target node’s position [93].

For the EC method, examples of algorithms include Particle Swarm Optimization (PSO) and
Ant Colony Optimization (ACO). ACO simulates ant behavior to discover the optimal path
between a food source and their nest, utilizing pheromone communication among ants to reinforce
attractive paths, adapt to environmental changes, and establish a loop of positive feedback [9].
PSO on the other hand, simulates swarm behaviors inspired by birds flocking or fish schooling,
with each particle in the swarm representing a potential solution in a D-dimensional search space,
updating its position based on velocity vectors and historical best positions, denoted as local best
and global best, using specific updating models involving inertial weight, cognitive and social
parameters, and random numbers [77]. However, the drawback of a global path planner lies in its
dependence on known static maps, making it challenging to navigate dynamic environments [104].

Local path planning involves guiding a robot in unknown or dynamic environments, responding
to obstacles and environmental changes in real-time through sensory-based information and
continually updating crucial information for accurate destination reaching [6]. One of the algorithms
for local path planning, the Artificial Potential Field (APF) method, employs attractive and
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Fig. 2. RL process.

repulsive forces to guide a robot through an environment, resulting in high-quality paths but is
prone to local minimum points and difficulty reaching the target when obstacles are nearby [1]. In
contrast, the Rapidly Exploring Randomized Trees (RRT) method utilizes a tree-like structure
with randomly sampled points to explore the planning space, offering probabilistic completeness
but suffering from randomness and low efficiency [1]. The constraint arises from the need for
intensive calculations during real-time replanning of the navigation path in a dynamic environment,
which somewhat curtails its responsiveness. The limitation stems from traditional exploration
algorithms, prompting the utilization of DRL.

2.2 Reinforcement Learning
RL is a process where an agent interacts with an environment to learn how to make the best
possible actions in different states by making sequential decisions in an environment, aiming at
maximizing cumulative rewards. The agent takes an action, 𝑎𝑡 where agent is in the current state, 𝑠𝑡
which changes the state of the environment and results in a reward. The process can be illustrated
in Figure 2. The agent uses these rewards to improve its decision-making over time and come out
with policy, 𝜋. The Markov Decision Process (MDP) is the foundation of RL. It assumes the
environment is in a particular state, transitioning probabilistically to the next state upon taking
an action. Rewards are also associated with state-action pairs and depend on the action taken.
MDPs aim at finding a policy that maximizes the expected return, connecting future rewards to
current actions [63]. An optimal policy for an MDP is one that maximizes the value of every state or
state-action pair, thus solving the RL problem. MDP can be defined as a tuple (𝑆, 𝐴, 𝑃, 𝑅, 𝛾), where S,
represents a set of states (𝑠 ∈ 𝑆), A, represents a set of actions (𝑎 ∈ 𝐴), P is the probability associated
with the states, R is the reward function and 𝛾, discounting factor where 𝛾 ∈(0,1]. A discounting
factor is introduced in RL to adjust the value of future rewards to their present-day equivalent,
considering that the future reward is uncertain rewards which refers to the unpredictability and
probabilistic nature of the outcomes [73].
Bellman equation is the backbone of the RL. The state value function, represented as 𝑣[𝑠𝑡],

calculates the expected return an agent can obtain on average when starting from a specific state
and following a given policy, /𝑝𝑖. It reflects how good a state is under that policy and the highest
for states where it is likely to yield substantial rewards in the long run. On the other hand, the state-
action value function, denoted as 𝑞[𝑠𝑡, 𝑎𝑡], estimates the expected return from taking a particular
action in each state and then continuing with the specified policy. The state action value approach
is a more direct means of achieving the goal of finding the best action, as it directly estimates the
value of taking specific actions, while state value estimation primarily focuses on estimating the
value of states and may require an additional step to determine the best action in those states. The
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equation of the 𝑣[𝑠𝑡] and 𝑞[𝑠𝑡, 𝑎𝑡] can be described in a recursive equation as

𝑣[𝑠𝑡] = ∑
𝑎𝑡

𝜋[𝑎𝑡|𝑠𝑡](𝑟[𝑠𝑡, 𝑎𝑡] + 𝛾 ∑
𝑠𝑡+1

𝑃[𝑠𝑡+1|𝑠𝑡, 𝑎𝑡]𝑣[𝑠𝑡+1]), (2)

𝑞[𝑠𝑡, 𝑎𝑡] = 𝑟[𝑠𝑡, 𝑎𝑡] + 𝛾 ∑
𝑠𝑡+1

𝑃[𝑠𝑡+1|𝑠𝑡, 𝑎𝑡] (∑
𝑎𝑡

𝜋[𝑎𝑡|𝑠𝑡]𝑞[𝑠𝑡+1, 𝑎𝑡+1]) . (3)

It helps RL algorithms associate future rewards with current actions, addressing the challenge
of temporal credit assignment. The optimal policy of the action is derived from the optimal state
action value function where the actions are giving the highest state action value function. The
equation for updating policy:

𝜋[𝑎𝑡|𝑠𝑡] = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎𝑞[𝑠𝑡, 𝑎𝑡]. (4)

RL can be categorized into two approaches, which are model-based and model-free [73]. Model-
based methods rely on a deep understanding of the MDP model, involving the knowledge of
state-transition probabilities and significant data for modeling. These approaches typically require
dynamic programming for solving. In contrast to many RL methods, model-based approaches do
not learn interactions from data but instead rely on initialized state values and policies. The process
involves iterative policy evaluation and improvement, updating state values using the Bellman
equation and selecting actions that maximize state values, effectively finding optimal solutions in
MDP. On the other hand, model-free approaches do not necessitate a complete MDP model and
can operate in real-time without prior knowledge of the model’s details. Model-free methods can
be further categorized into two main classes which are value estimation approaches and policy
estimation approaches. RL can be further categorized into on-policy and off-policy methods, where
on-policy methods directly optimize the decision-making policy and off-policy methods learn from
data generated by another policy. Off-policy methods can store past experiences in a buffer for
reuse during learning, which not only reduces sample complexity but also enhances the stability of
reinforcement learning algorithms [17].
Value estimation approaches focus on estimating the optimal state-action value function and

subsequently derive the policy based on the highest values in each state. It introduces bias and
approximation errors when using function approximators, leading to convergence and hyperpa-
rameter sensitivity and computational intensity [73]. A well-known value estimation approaches
in RL is Q-learning. Q-learning is an off-policy algorithm that initializes the Q-function with zeros
and updates it to maximize future rewards by considering all possible Q-values for a state, making
it suitable for problems where exploration is crucial for learning an optimal policy. The Framework
of Q-learning is shown in Figure 3. The equation for updating Q-values in this algorithm:

𝑞[𝑠𝑡, 𝑎𝑡] = 𝑞[𝑠𝑡, 𝑎𝑡] + 𝛼(𝑟[𝑠𝑡, 𝑎𝑡] + 𝛾max
𝑎𝑡+1

(𝑞[𝑠𝑡+1, 𝑎]) − 𝑞[𝑠𝑡, 𝑎𝑡]). (5)

In contrast, policy estimation approaches directly estimate the optimal policy through tech-
niques like gradient descent, bypassing the need for an intermediate model or value estimations.
Additionally, policy estimation methods can naturally handle stochastic policies, which can be
more appropriate in situations with multiple equally good actions or in continuous action spaces.
However, the policy estimation approaches may converge to local optima rather than global optima
during training and evaluating a policy can be computationally inefficient and high in variance
[73]. REINFORCE algorithm is a policy estimation RL method that simplifies the policy gradient
estimation for training [63].
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Fig. 3. Q-learning framework.

2.3 Deep Reinforcement Learning
DRL merges conventional RL with DL to address the challenges posed by intricate environments
with extensive state spaces and high computational requirements. DRL leverages Neural Networks
to approximate value, policy, or models, with these approximations obtained by storing state-action
pairs, a concept inherited from traditional RL [41].

2.3.1 Value Estimation. In the value-based paradigm, Deep Q-Network (DQN) extends Q-
learning by employing neural networks to approximate the action-value function [53]. A key
innovation of DQN lies in the use of experience replay and target networks, which improve data
efficiency and stabilize training. The model is trained by minimizing the temporal-difference loss
between predicted and target Q-values derived from the Bellman equation. This process enhances
data efficiency by reusing samples and reduces variance by lowering correlation among the samples
used in updates. The update of the network is done by minimizing the loss function which is

𝐿[𝜃] = (𝑦 − 𝑞[𝑠, 𝑎; 𝜃])2, (6)

The y in the loss function represents the target Q-value, denoted as

𝑦 = 𝑟[𝑠𝑡, 𝑎𝑡] + 𝛾max
𝑎𝑡+1

(𝑞[𝑠𝑡+1, 𝑎; 𝜃]). (7)

Existing works primarily apply DQN to exploration and navigation by varying input representa-
tions and reward design. For instance, Tai and Liu [80] utilize depth images as input for corridor
exploration, whereas Zhou et al. [102] employ RGB-based environmental representations for global
path planning. These approaches highlight that the performance is highly dependent on state
representation. With richer sensory inputs, it will improves navigation capability but also increases
computational complexity. In contrast, simpler environments such as grid-based settings reduce
complexity but limit real-world applicability [19]. To address sparse reward issues and inefficient
exploration, several studies focus on reward engineering and exploration strategies. Guan et al.
[25], introduce heuristic reward shaping and adaptive exploration to balance exploration and
exploitation. While such methods improve convergence speed, they often introduce task-specific
bias, reducing generalizability across environments.
Despite its success, DQN suffers from overestimation bias due to the use of a single network

for both action selection and evaluation. Double Deep Q-Network (DDQN) mitigates this issue
by decoupling these two processes, resulting in more stable learning with minimal computational
overhead [83]. Empirical applications demonstrate that DDQN improves robustness in complex
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navigation tasks, such as path tracking in high-curvature environments [97] and autonomous driv-
ing in unknown terrains [34]. Extensions such as EDDQN further modify the value update mech-
anism and incorporate multi-modal inputs, improving performance in aerial exploration tasks [46].
Another architectural improvement is the Dueling DQN, which decomposes the Q-value into

state-value and advantage components. This separation enables the model to learn which states are
valuable independently of the chosen action, leading to improved stability and faster convergence
[86]. The advantage function can be defined as a measure relative to the state that determines the
importance of each action which is denoted as

𝐴[𝑠𝑡, 𝑎𝑡] = 𝑞[𝑠𝑡, 𝑎𝑡] − 𝑣[𝑠𝑡]. (8)

This innovative design enhances optimization stability and performance in RL tasks, all integrated
into the network itself, eliminating the need for separate algorithmic steps [86]. Compared to
standard DQN and DDQN, dueling architectures are particularly effective in environments where
many actions yield similar outcomes. For example, Cao et al. [10] demonstrate that Dueling DQN
achieves faster convergence and better performance in path planning tasks with complex state
spaces. Overall, value-based methods such as DQN and its variants improve stability and learning
efficiency through architectural enhancements, but their performance remains highly dependent
on state representation and reward design. Furthermore, their reliance on discrete action spaces
limits applicability in continuous control tasks, motivating the use of policy-based approaches.

2.3.2 Policy Estimation. Policy-based methods directly optimize the policy using gradient-based
updates, making them well suited for continuous and high-dimensional action spaces. Most modern
approaches adopt an actor–critic architecture, where the actor learns the policy while the critic
estimates value functions to guide updates [37]. Among these methods, Deep Deterministic
Policy Gradient (DDPG) extends deterministic policy gradients with deep neural networks and
off-policy learning [42]. DDPG maintains actor and critic functions and used replay buffers to
handle diverse tasks with complex movements and high-dimensional sensory inputs. DDPG used
an actor network, which determines the agent’s actions given states, denoted as

𝑎 = 𝜇[𝑠, 𝑎|𝜃𝜇], (9)

where 𝜃𝜇, is the parameter for the weight of the actor network. By modifying the 𝜃𝜇 through
updates, it generates action depending on the present state and interacts with the environment to
generate the succeeding state and subsequent reward. The Actor target network adjusts parameters
within the Critic network, establishing the subsequent optimal action. The critic network, 𝑄(𝑠, 𝑎|𝜃𝑄),
is to estimates the Q-value to evaluate the actor networks where 𝜃𝑄, is the parameter for the weight
of the critic network. The critic is updated by minimizing the loss function, L, where it is defined as

𝐿 =
1
𝑁
∑
𝑖
(𝑟(𝑠𝑖, 𝑎𝑖) + 𝛾𝑄′(𝑠𝑖+1, 𝜇[𝑠𝑖+1|𝜃𝜇]|𝜃𝑄

′) − 𝑄(𝑠𝑖, 𝑎𝑖|𝜃𝑄))2. (10)

While the actor is updated by using sampled policy gradient:

∇𝜃𝜇𝐽 =
1
𝑁
∑
𝑖
∇𝑎𝑄(𝑠𝑖, 𝑎|𝜃𝑄)|𝑎=𝜇[𝑠,𝑎|𝜃𝜇]∇𝜃𝜇𝜇[𝑠𝑖|𝜃𝜇]. (11)

In robot navigation, several works extend DDPG by integrating it with complementary strategies
to improve training efficiency and path planning performance. Dong and Zou [18] incorporate
limited prior knowledge to reduce trial-and-error during learning, while Xiangrui et al. [89] enhance
the traditional Seeker Optimization Algorithm through a hybrid DDPGSOA framework to address
its inherent limitations. Similarly, Y. Chen and Liang [15] combine Sequential Linear Path Planning
with DDPG to introduce structured sub-goal generation, improving stability and efficiency. Overall,
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these approaches demonstrate a common trend of augmenting DDPG with heuristic or model-based
components to accelerate convergence and enhance navigation robustness.
In contrast, Asynchronous Advantage Actor–Critic (A3C) focuses on improving training

efficiency through parallelism [52]. By employing multiple actors that interact with the environment
simultaneously, A3C reduces sample correlation and stabilizes learning without requiring replay
buffers. This algorithm maintains policy as 𝜋(𝑎𝑡|𝑠𝑡; 𝜃), where 𝜃 is the weight for the policy and value
function as 𝑉 (𝑠𝑡; 𝜃𝑣), where 𝜃𝑣 is the weight for value function. Both are operating in the forward
view and employing a mix of n-step returns to concurrently update both networks. Updates take
place after a specified number of actions or upon reaching a terminal state. The algorithm’s update
process involves adjusting the policy and value function based on an estimate of the advantage
function. The update performed by the algorithm for policy and value function can be represented
as below, respectively:

𝜃 = 𝜃 + ∇𝜃 log 𝜋(𝑎𝑡|𝑠𝑡; 𝜃)(𝑅 − 𝑉 (𝑠𝑡; 𝜃𝑣)), (12)

𝜃𝑣 = 𝜃𝑣 + ∇𝜃𝑣(𝑅 − 𝑉 (𝑠𝑡; 𝜃𝑣))2. (13)
Tongloy et al. [82] adapted Asynchronous A3C for mobile robot navigation by incorporating

supervised auxiliary tasks, including depth prediction and position estimation. Similarly, Mirowski
et al. [51] leveraged auxiliary tasks such as depth prediction and loop closure classification with
multi-modal sensory inputs to formulate navigation as a reinforcement learning problem. Other
works focus on enhancing motion planning, for example, Sasaki et al. [68] applied A3C to address
path planning challenges in dynamic, crowded environments, while C. Zhou et al. [101] modified
the advantage actor-critic framework to generate optimal robot speeds and directions. Compared
to DDPG, A3C offers better stability and scalability but may sacrifice sample efficiency due to
its on-policy nature.

Proximal Policy Optimization (PPO) is the other policy estimation method and is an improved
version of Trust Region Policy Optimization (TRPO) designed to balance data efficiency and
reliability in training. In TRPO, the algorithm maximizes the surrogate objective, defined as

𝐿(𝜃) = 𝑟𝑡(𝜃)𝐴𝑡, (14)

𝑟𝑡 =
𝜋𝜃(𝑎𝑡|𝑠𝑡)
𝜋𝜃𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡)

. (15)

PPO uses a novel objective with clipped probability ratios to ensure stable and efficient policy
updates and alternates between collecting data and optimizing the policy in multiple epochs [70].
In each iteration, multiple parallel actors interact with the environment, running the existing policy
for a fixed number of timesteps. Advantage estimates are computed to gauge the effectiveness of
chosen actions. Subsequently, the algorithm optimizes a surrogate loss function with respect to the
policy parameters, striking a balance between policy updates and stability. The clipped surrogate
loss can be defined as

𝐿𝑐𝑙𝑖𝑝 = min(𝑟𝑡(𝜃)𝐴𝑡, 𝑐𝑙𝑖𝑝(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴𝑡). (16)

Where 𝜖 is a hyperparameter. Optimization occurs over several epochs, using a minibatch of
data collected from the actors. The policy parameters are then updated, and this iterative process
continues, with the algorithm refining its policy through successive iterations. The approach
emphasizes parallel actor interaction, advantage estimation, and a carefully managed optimization
process to enhance policy learning in sequential decision-making tasks. This mechanism prevents
excessively large policy updates and ensures stable learning [70]. Unlike DDPG and A3C, PPO
achieves strong performance with relatively simple implementation and fewer hyperparameter
sensitivities. As a result, PPO has become a widely adopted baseline for navigation and control tasks.
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S. Zhang and Wang [96] address mobile robot trajectory tracking using PPO in a distributed
framework to accelerate sample collection and reduce transition correlation during updates. Grom-
niak and Stenzel [24] apply PPO to robot navigation in dynamic, changing environments. J. Li et al.
[38] employ a behavior-based approach, mapping raw sensor inputs and goal information directly
to control commands, with PPO training obstacle avoidance in continuous action spaces for both
single- and multi-agent scenarios. Together, these works illustrate PPO’s versatility in improving
learning efficiency and robustness in complex navigation tasks.

Across these methods, DDPG is effective for continuous control but often requires additional sta-
bilization mechanisms, A3C improves exploration through parallelism but may introduce variance,
and PPO provides a more stable and practical alternative with simpler tuning requirements. These
tradeoffs highlight the balance between sample efficiency, stability, and implementation complexity
in policy-based DRL methods.

2.3.3 Summary for Single Agent DRL Applications. Value-based methods, such as DQN, estimate
action-values with neural networks and stabilize learning via experience replay and target networks.
Variants like DDQN and Dueling DQN reduce overestimation bias and improve convergence by
decoupling action evaluation and separating state-value from advantage functions. These methods
perform well in discrete action spaces, though results are sensitive to state representation and
reward design. Policy-based methods directly optimize policies via gradient updates, suitable for
continuous and high-dimensional actions. Actor–critic architectures like DDPG use separate actor
and critic networks with replay buffers to improve navigation, while A3C leverages parallel actors
for stable exploration. PPO balances stability and data efficiency with clipped surrogate objectives.
Overall, DDPG excels in continuous control, A3C in exploration, and PPO offers robust, practical
policy optimization. Table 1 summarizes the single-agent DRL applications reviewed. Further
discussion of DRL elements appears in Section 4.

3 Multi-Robot Exploration
3.1 Swarm Robotics
Swarm robotics, a field in robotics where multiple robots collaborate in a decentralized manner to
achieve collective goals, categorizes algorithms into insect-based and animal-based groups [12].
The concept of swarm systems involves multiple identical agents collaborating to achieve shared
objectives, such as those seen in swarm robotics or wireless sensor networks. Such systems offer
redundancy against individual agent loss and can mimic natural swarm behaviors like foraging or
formation control [33].The examples algorithm that can be used for swarm intelligence are ACO and
PSO Within swarm robotics, these robot swarms operate without a leader, relying on interactions
and local communication facilitated by sensors or shared information among neighbouring robots
[22]. Although some principled manual methods have shown promise, a generally applicable
solution is lacking. The challenge in swarm robotics lies in designing control software for these
swarms where current methods primarily rely on manual approaches guided by intuition and
experience, lacking a comprehensive solution applicable to all scenarios [5]. In addition to the
challenges mentioned earlier, another significant drawback of manually derived controllers in
swarm robotics is their inability to adapt to environmental changes.

3.2 Communication Constraints
Effective cooperation in multi-agent systems depends strongly on the reliability of inter-agent com-
munication, which is often far more limited in real-world deployments than assumed in simulation.
Recent empirical studies in Flying Ad Hoc Networks (FANETs) highlight that communica-
tion performance can vary substantially depending on the selected routing protocol. Real-world
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evaluations of Babel, BATMAN-ADV, and OLSR show large differences in throughput and packet
loss, with Babel consistently outperforming the others under dynamic UAV mobility, while
BATMAN-ADV performs poorly due to its slow routing-table update interval [28]. Beyond routing-
layer variability, hardware-level factors also play a critical role. Controlled radiation-pattern mea-
surements of WiFi devices embedded in UAV platforms demonstrate that the UAV chassis can
induce up to a 10 dB drop in transmitted power depending on antenna orientation, contradicting the
common assumption of isotropic emissions and revealing significant degradation in link stability
[26]. These communication limitations lead to delayed, partial, or inconsistent observations among
agents, amplifying environmental non-stationarity and reducing the effectiveness of centralized or
rule-based coordination methods. Consequently, there is a growing need for MADRL frameworks
capable of learning robust cooperative behaviors that tolerate imperfect, asymmetric, or unstable
communication, while maintaining scalability as team size and mission complexity increase.

3.3 Multi-Agent Deep Reinforcement Learning
In a multi-agent environment, the traditional assumptions of MDP no longer hold, making MDP
invalid for this context. In multi-agent settings, agents interact simultaneously with the environment
and with each other thus leading to non-stationarity, where the future dynamics, transitions, and
rewards depend not only on the current state but also on the actions of other agents. In MDP, the
Markov property assumes that the future is solely dependent on the current state, which becomes
invalid in multi-agent domains. As a result, each agent’s policy is influenced by the actions and
strategies of other agents, and this interdependence renders the MDP framework inadequate [30].
Markov games, also known as stochastic games, represent a fundamental framework for addressing
multi-agent reinforcement learning (MARL) problems [94].

In a Markov game, there are multiple agents interacting with a common environment, and each
agent’s action influences the rewards and actions of others, making it a challenging setting for
MADRL. Markov game can be defined as a tuple (𝑁 , 𝑆, 𝐴, 𝑃, 𝑅, 𝛾 ), 𝑁 represents the set of more than
one agent, 𝑆 denotes the shared state space, 𝐴𝑖 is the action space of agent 𝑖, 𝐴 represents the joint
action space, 𝑃 signifies the probability from one state to another for any joint action, 𝑅𝑖 represents
agent 𝑖’s reward function determining immediate rewards for state-action transitions, and 𝛾 is the
discount factor. In this cooperative context, where all agents share a common goal and reward
function, their value functions are identical, with the goal of achieving the Nash equilibrium as
the optimal solution and aiming at learning coordinated joint policies [59]. The MADRL can be
categorized by their types of learning and execution. There are three types which are centralized
learning and execution, decentralized learning and execution, and centralized learning and
decentralized execution (CTDE).

3.3.1 Centralized Learning and Execution. Centralized learning and execution in multi-agent
systems rely on a single model that aggregates global information from all agents to produce joint
actions [11]. In this paradigm, the system is treated as a unified entity during both training and
execution, enabling optimal coordination since all observations and actions are jointly considered.
Applications such as vehicle routing have demonstrated the effectiveness of this approach under
controlled environments with limited variability [11].

Despite its advantages in coordination, this paradigm suffers from several fundamental limitations.
First, scalability becomes a critical issue due to the exponential growth of the joint action and
observation spaces as the number of agents increases [71]. Second, centralized methods incur high
computational complexity, as a single model must process global information and optimize over joint
policies [61]. Third, these approaches depend heavily on reliable communication infrastructure,
making them impractical in environments with communication constraints [54]. Additionally,
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shared policy learning may lead to the “lazy agent” problem, where agents fail to sufficiently
explore diverse behaviors, reducing overall system performance [48]. These challenges limit the
applicability of fully centralized approaches in a large world scenarios.

3.3.2 Decentralized Learning and Execution. To address scalability limitations, decentralized
learning and execution distribute decision-making across agents, where each agent learns and
acts based solely on local observations [43]. This paradigm significantly reduces computational
and communication overhead, making it more suitable for large-scale and partially observable
environments. However, it introduces challenges such as non-stationarity, credit assignment, and
limited coordination among agents [60].
Decentralized approaches can be broadly categorized into several groups. The first method is

independent learning methods where, each agent learns its own policy while treating other agents
as part of the environment. Algorithms such as Independent DQN (IDQN) follow this approach
[31, 87]. While simple and scalable, these methods suffer from severe non-stationarity due to
concurrently evolving policies. The second method is parameter sharing and parallel learning. To
improve sample efficiency, some methods employ shared network parameters across agents while
maintaining decentralized execution. Examples include Parallel DDPG and parallel DQN-based
approaches [14, 78]. Although this reduces training cost, it may limit behavioral diversity and lead
to suboptimal exploration. The third method is task decomposition and hierarchical methods. These
approaches divide complex tasks into smaller sub-problems, often combining global planning with
local decision-making. Methods such as MAPPER and hierarchical planning frameworks improve
scalability and performance in large environments [43]. However, coordination remains implicit
and may not be optimal. Lastly, the extensions of single-agent DRL algorithms. Several works adapt
algorithms such as DQN, PPO, and A2C for decentralized multi-agent settings [61, 92, 95, 98]. While
effective in certain applications, these methods typically lack mechanisms for explicit coordination.

Beyond these methods, several works focus on enhancing learning performance through hybrid
control integration and improved reward design. For instance, Xue et al. [91] combined Model
Predictive Control (MPC) with DDPG to incorporate predictive trajectory planning for dynamic
obstacles, while leveraging learning-based policies for decision-making. Similarly, Jin et al. [36]
proposed an interlaced DQN framework that jointly learns target selection and collision avoidance
policies, with a reward function derived directly from the optimization objective rather than heuristic
design. These approaches highlight a broader trend in decentralized MARL toward integrating
domain knowledge and structured learning objectives to improve performance. However, despite
these enhancements, decentralized methods remain fundamentally limited by non-stationarity,
challenges in credit assignment, and the lack of explicit coordination mechanisms [60].

3.3.3 Centralized Learning and Decentralized Execution. Centralized learning suffers from scala-
bility limitations, while fully decentralized learning introduces non-stationarity due to concurrently
evolving agent policies. To address these challenges, the paradigm of CTDE has emerged as a
dominant framework in MADRL. Under CTDE, agents are trained using additional global infor-
mation, such as joint observations or actions, but execute policies independently based solely
on local observations. This design improves learning stability while preserving scalability during
deployment, effectively positioning CTDE as a tradeoff between coordination and efficiency.
Early applications in path planning and exploration reflect varying degrees of centralization

and highlight a shift toward structured coordination mechanisms. For instance, Pathfinding via
reinforcement and imitation multi-agent learning (Primal) integrates reinforcement and imita-
tion learning to learn decentralized policies with implicit coordination [67], whileMulti-Agent
Graph DQN (MAG-DQN) introduces graph-based representations to explicitly capture spatial
relationships between agents and environment regions [45]. Similarly, centralized CNN-based
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approaches employ shared representations with agent-specific outputs to enhance scalability un-
der homogeneous assumptions [44]. Although not always explicitly framed within CTDE, these
methods collectively indicate a broader trend toward partial centralization through structured
representations, particularly graph-based formulations. Within this context, CTDE methods can be
broadly categorized into two primary classes which are centralized critic approaches and value
decomposition methods.
Centralized critic methods extend actor–critic algorithms by incorporating global information

during training while maintaining decentralized execution. Representative algorithms such as
Multi-agent DDPG (MADDPG), Multi-agent A3C (MAA3C), andMulti-agent PPO (MAPPO)
enable improved credit assignment and policy stability [32]. Across applications, these methods con-
sistently enhance coordination but they exhibit tradeoffs in terms of sample efficiency and scalability
due to their reliance on joint information. Variants of MADDPG illustrate how different extensions
target specific limitations: experience replay optimization and prioritized sampling improve con-
vergence speed and sample efficiency [40], whereas decentralized UAV coordination frameworks
emphasize cooperation through implicit information sharing [4], and safety-aware extensions
incorporate constraints to prevent collisions in confined environments [76]. These developments
highlight that improvements within centralized critic methods are often application-driven, focusing
on either efficiency or robustness rather than fundamentally altering the coordination mechanism.

Recent works further extend centralized critic methods by introducing structural mechanisms to
address scalability and interaction complexity. Mean-field approximations, as introduced in im-
proved MADDPG, reduce computational complexity by modeling interactions through population-
level distributions instead of explicit joint actions [100]. Hybrid planning frameworks, such as
MAPPOHR, integrate learning-based policies with heuristic global planners to enhance real-time
navigation performance [62]. Similarly, CNN-based MAPPO variants and application-driven frame-
works demonstrate adaptability to complex environments, including exploration and construction
robotics [16, 90]. Attention-based extensions refine coordination by selectively focusing on relevant
agent interactions, improving performance in structured and densely populated environments [74].
Collectively, these approaches can be interpreted as attempts to balance coordination fidelity with
scalability by either approximating interactions or selectively filtering global information.
A notable centralized critic approach is Counterfactual multi-agent (COMA), which intro-

duces a counterfactual baseline to address the multi-agent credit assignment problem [21]. By
isolating each agent’s contribution relative to a global baseline, COMA enables more precise policy
updates and has been successfully applied in cooperative path planning scenarios [88]. Despite these
advances, centralized critic methods remain constrained by their dependence on global information,
which can limit scalability in large-scale systems.

Within the CTDE paradigm, Value Decomposition Networks (VDNs) provide a more scalable
alternative by learning a team-value function and decomposing it into individual agent-wise
value functions [79, 85]. This additive factorization stabilizes centralized training while enabling
decentralized execution, allowing agents to effectively learn in joint reward settings. Compared
to centralized critic methods, VDN simplifies coordination by restricting interactions to a linear
decomposition, thereby improving scalability and training stability. However, this assumption
limits representational capacity, as complex inter-agent dependencies cannot be fully captured
[105]. Furthermore, VDN does not leverage additional global state information during training,
which reduces its ability to exploit the full benefits of centralization. Nevertheless, it consistently
outperforms fully independent or purely centralized approaches in cooperative multi-agent tasks.

QMIX extends VDN to address these representational limitations by introducing a non-linear mix-
ing network that enforces a monotonic relationship between individual agent values and the global
team value function [64, 105]. This design increases expressiveness while maintaining tractable
decentralized policy extraction. Compared to VDN, QMIX enables more complex coordination
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patterns by allowing flexible aggregation of individual contributions but the monotonicity con-
straint still restricts certain forms of interaction, potentially limiting optimality in highly coupled
tasks. Subsequent extensions, such as masked highway connections and Global Duelling Q-learning,
aim at furthering enhance joint action optimization and incorporate global state information for
improved value estimation [49, 105].These developments position QMIX as an intermediate solution
that balances scalability and expressiveness, bridging the gap between simple factorization and
fully centralized approaches.
Recent applications of MADRL in cooperative autonomous systems extend beyond navigation

to large-scale traffic coordination, further illustrating the generality of CTDE-based approaches.
For instance, Learning-from-Oracle Demonstrations (LfODs) has been used to accelerate
TD3-based control in Autonomous Intersection Management systems, achieving faster learning
and significantly reducing vehicle waiting times [27]. Similarly, an end-to-end MADRL approach
trained via curriculum self-play improves intersection performance in connected autonomous
vehicle networks by reducing travel time [2]. These studies demonstrate that CTDE-based methods
can generalize across domains requiring coordinated decision-making under shared constraints.
In summary, centralized critic methods emphasize coordination and learning stability through

explicit use of global information but face scalability challenges, whereas value decomposition
approaches prioritize scalability and efficiency through structured factorization at the cost of
representational flexibility. Recent extensions increasingly aim at bridging these paradigms by
introducing mechanisms that selectively incorporate global information or approximate agent in-
teractions, enabling more efficient and scalable coordination in complex multi-agent environments.

3.4 Summary for Multi-Agent Applications
MADRL addresses multi-agent environments where traditional MDP assumptions break down
due to non-stationarity and interdependent agent policies, making Markov games a more suitable
framework. MADRL approaches are broadly categorized into centralized, decentralized, and CTDE
paradigms. Centralized methods enable strong coordination but suffer from scalability, computa-
tional, and communication limitations, while decentralized methods improve scalability but face
challenges such as non-stationarity, weak coordination, and credit assignment issues despite various
enhancements. CTDE has emerged as the dominant paradigm by leveraging global information
during training while maintaining decentralized execution, balancing coordination and scalability.
Within CTDE, centralized critic methods improve coordination and learning stability, whereas value
decomposition methods enhance scalability through structured value factorization, with recent
advances incorporating attention mechanisms, mean-field approximations, and hybrid planning.
Table 2 and Table 3 summarizes the multi-agent DRL applications reviewed. Further discussion of
DRL elements appears in Section 4.

4 Elements of DRL
In DRL, the key elements are state, action, and reward. The state serves as the input, encapsulating
relevant information for decision-making, while actions represent decisions and serve as the output
of the algorithm. Meanwhile, rewards provide feedback for shaping the learning process. Reviewing
these elements ensures that the algorithm receives meaningful data for effective exploration and
outputs a diverse set of choices suitable for adaptive behavior. Additionally, optimizing reward
functions aligns incentives with task objectives.

4.1 State and Observation
In the context of exploration and planning paths the utilization of continuous states and observations
is instrumental. These different categories of continuous data bring diverse but essential information
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crucial for making informed decisions during navigation. One of these key categories involves
positional information, offering details about distances, angles, and velocities between the agent
and various elements like obstacles, other agents, and the target position. This data not only helps
in gauging proximity but also predicts potential collisions and anticipates movements within the
environment. Another vital category is historical information, encompassing the history of agent
actions and trajectories of other agents. It’s like a navigation timeline, providing insights into
past actions and movement patterns, which in turn aids in predicting future movements. Lastly,
budgetary information is crucial as it keeps tabs on available resources, ensuring the agent’s
continuous movement within the environment.
On the other hand, discrete representations simplify the complexity of environments by using

structured grids or image-based formats. These discrete states and observations come in two
primary forms of positional information. The grid-based representation involves coordinates within
a structured grid map, each coordinate being labelled to signify whether it’s explored, unexplored,
an obstacle, a target, or occupied by other agents. This helps in creating a simplified yet informative
view of the surroundings. Meanwhile, the image-based approach uses different channels within the
image to represent specific environmental features like obstacles, other agents, and targets. These
channels act as distinct indicators, offering valuable navigational insights. Altogether, these discrete
representations effectively reduce computational complexity while retaining crucial navigational
data, tailored to fit diverse navigation needs and computational capabilities.

4.2 Action
Discrete actions are countable and represented using one-hot vectors, whereas continuous actions
have an infinite range and are defined within specific parameters [103].In the domain of continuous
actions, especially within a two-dimensional space, the emphasis typically centers onmanaging both
speed and direction. Linear velocity serves as the prime influencer of movement, determining the
way the agent traverses space, while angular velocity steers the direction the agent faces or moves
toward. In specific applications, certain actions focus solely on controlling the movement angle
while maintaining a consistent velocity. Moreover, fine-tuning movement along the x-axis and y-
axis provides additional control mechanisms, allowing subtle adjustments across various directions.
In more intricate scenarios, such as Unmanned Aerial Vehicle (UAV) operations, actions in a
three-dimensional space extend beyond basic linear and angular movements. Here, actions like
pitch and yaw take precedence, facilitating control and navigation through three-dimensional
environments, allowing adjustments in both orientation and altitude.
Conversely, discrete actions typically operate within a limited set of movements. Often catego-

rized into four primary actions which are forward, left, right, and backward. These actions delineate
the permissible directions an agent can take. Expanding this set to eight actions introduces diagonal
movements, covering directions such as left forward, right forward, left backward, and right back-
ward. Furthermore, an action to “stay” aids in dynamic responses, enabling actions like replanning
or waiting for obstructions or other agents to clear the path. Replanning commonly occurs when an
agent is equipped with a global planner, enabling the recalibration of the course of action. Another
method of discretizing actions involves segmenting themovement angle into a specific number of dis-
crete actions, presenting an alternate approach to define and govern the agent’s directional choices.

4.3 Reward
The sparse type of reward typically applies rewards or penalties based on specific events within the
environment. Rewards commonly come when reaching a target or completing exploration, while
penalties are incurred during collisions with other agents or obstacles. To transform rewards into a
dense form, intermediate steps must carry reward values. One approach involves penalizing each
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step taken during exploration or navigation, motivating the agent to seek the shortest path, and
accelerating the training convergence. Another method involves assigning rewards and penalties
based on distance from the target or obstacles. Using distance metrics, rewards can be allocated
by comparing the distance between previous and current states; if reduced, a reward is granted,
otherwise, a penalty is incurred. In terms of exploration, rewards can hinge on the coverage rate,
granting rewards for exploring new areas and penalizing re-entry into previously explored territory.
In multi-robot scenarios, rewards may be given for maintaining formation, extending concepts
initially applied in single-agent DRL to multi-robot applications. Rewards can be constant, follow
a specific function, or utilize heuristics. However, overly generalizing rewards might impede the
training process.

5 Practical Implications and Experimental Validations
To strengthen the connection between the taxonomy and the real-world applicability of DRL-based
exploration, we expand this section by discussing practical implications grounded directly in the
studies reviewed throughout this survey.

5.1 Practical Implications of DRL-Based Exploration Frameworks
The categorization of state and observation types in Section 4 highlights several practical considera-
tions relevant to real deployments. For instance, works relying on depth or LiDAR data such as Tai
and Liu (2016) and Chen et al. (2019) demonstrate that richer sensory modalities improve environ-
mental understanding but also increase computational load [14, 80]. In contrast, approaches that
use compact numerical states or grid representations, such as those employed in PRIMAL, exhibit
lower computational overhead at the cost of reduced perception fidelity [67]. These distinctions
inform the selection of sensing strategies when balancing hardware constraints and navigation
reliability.
Similarly, the review of discrete versus continuous action formulations shows clear practical

differences. Continuous-action algorithms such as DDPG and its multi-agent variants enable
smoother and more precise velocity control, which is essential for stable robot motion in real
environments [40]. Meanwhile, discrete-action algorithms like DQN, DDQN, and CMAPPO are
easier to train and more sample-efficient but often require an additional motion-smoothing layer or
low-level controller before being deployed on physical robots [16]. These observations highlight
how action-space design significantly affects controller feasibility and robustness.

The reviewed literature also provides insight into the behavior of DRL algorithms under realistic
conditions. Tai and Liu (2016) showed that DQN can successfully handle simple corridor exploration
tasks using depth images, but their results also reveal sensitivity to sparse rewards and explo-
ration inefficiency [80]. More advanced methods such as PRIMAL and MAPPO-based approaches
demonstrate that coordination improves substantially when centralized training is combined with
decentralized execution [62, 67]. These results align with conclusions from MADDPG-based multi-
robot exploration studies, which consistently report lower collision rates and faster area coverage
[32].

5.2 Synthesis of Reported Experimental Outcomes
Across single-agent and multi-agent studies, several experimental patterns emerge. First, algorithms
incorporating shaped or dense rewards tend to achieve faster convergence and superior path-quality
metrics [46]. Second, works employing domain randomization or diverse training scenarios show
greater robustness when transitioning from simulation to deployment [16]. Third, studies that align
the action representation closely with physical robot motion models consistently demonstrate
improved real-world stability [96].
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In multi-agent exploration, CTDE-based approaches form the most reliable family of methods
for real deployment. MADDPG, MAPPO, and value-decomposition methods demonstrate con-
sistent improvements in coordination quality, area coverage efficiency, and collision avoidance
when compared to purely decentralized or centralized learning alternatives. Experimental evidence
across studies indicates that these architectures scale more effectively, maintain performance un-
der partial observability, and generalize better across unseen environments. Collectively, these
findings reinforce the practical relevance of the proposed taxonomy by illustrating how each com-
ponent influences deployability, robustness, and overall exploration efficiency in real-world robotic
systems.

6 Optimization of DRL
Using DRL for multi-robot cooperation poses challenges, notably regarding resource intensiveness.
The exploration in the training process is inefficient because teaching robots the optimal policy via
trial and error can be computationally costly and time-intensive. Alongside that, aligning reward
functions in DRL with real-world practicalities can be problematic. Defining accurate reward
functions in complex, unknown environments may result in suboptimal learning outcomes. Due to
these challenges, optimization of the DRL becomes necessary.

6.1 Optimizing Sample Experience
Experience replay is essential in off-policy DRL, but earlier approaches rely on random sampling,
which is inefficient as not all experiences contribute equally [103]. To address this, prioritized
sampling methods such as Prioritized Experience Replay (PER) assign higher sampling proba-
bilities to more informative transitions based on temporal-difference (TD) error, enabling the
agent to focus on experiences with greater learning potential while using importance sampling to
reduce bias, thereby improving training stability and convergence [32, 69]. Further enhancements
include partitioning experiences into positive and negative samples to reduce training imbalance
and employing efficient data structures such as SumTree for scalable sampling [40]. Overall, these
methods shift from uniform random sampling to selective experience utilization, improving sample
efficiency and learning effectiveness [40].

6.2 Optimization of the Training
DRL training is inherently slow due to its reliance on trial-and-error exploration, motivating
methods that introduce structured guidance to accelerate convergence. Curriculum Learning
(CL) addresses this by progressively increasing task complexity and shaping the training dis-
tribution, often combined with intrinsic rewards derived from prediction errors to encourage
effective exploration [16]. Auxiliary tasks further enhance learning by providing additional super-
vision signals, such as depth prediction and localization, which improve representation learning
and training efficiency [82]. Beyond this, guided exploration strategies reduce inefficient random
search. These include switchable controllers that initially enforce safe navigation behaviors before
gradually transferring control to learned policies [14], as well as heuristic-based planners that
decompose tasks into intermediate sub-goals [43]. Hybrid approaches combining reinforcement
learning with imitation learning or demonstration-based guidance further improve policy qual-
ity by leveraging expert knowledge [27, 67]. In parallel, adaptive exploration strategies, such as
dynamically adjusted 𝜖-greedy methods, balance exploration and exploitation based on feedback
from the environment [25]. Additionally, evolutionary mechanisms refine training by iteratively
replacing weaker policies with stronger ones, promoting continuous policy improvement across
agents [43].
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6.3 Optimization of Reward Function
Reward design plays a critical role in guiding DRL. Structured reward shaping methods improve
learning by embedding domain knowledge, such as artificial potential fields to balance goal at-
traction and obstacle avoidance [91]. Alternative approaches derive reward functions directly
from optimization objectives to ensure alignment with task goals and improve convergence [36].
Heuristic-based rewards provide dense feedback to mitigate sparse reward issues and encourage
efficient exploration [25], while advanced methods incorporate fuzzy logic to enhance adaptability
in complex environments [55].

6.4 Optimization using Human Prior Knowledge
Incorporating human prior knowledge reduces exploration requirements and improves sample
efficiency.This includes embedding domain knowledge into reward functions to guide early learning
[72], initializing networks with structured representations to accelerate convergence [57], and
leveraging transferable priors to improve learning in complex environments [58].

6.5 Optimization Techniques for Physical Environments
Real-world deployment introduces challenges such as noise, safety constraints, and sim-to-real
gaps. Safety-aware methods integrate constraints and action correction to prevent collisions [76],
while mean-field approaches improve scalability and stability in dense environments [100]. Domain
randomization enhances robustness and transferability to real-world conditions [16], and aligning
action spaces with physical robot dynamics improves execution stability [96]. Collectively, these
techniques highlight a shift toward DRL optimization strategies tailored for practical robotic
applications.

7 Conclusion
In this survey, we reviewed the landscape of DRL for autonomous exploration in both single-robot
and multi-robot environments, with an emphasis on how existing studies have optimized DRL to
overcome the limitations of conventional trial-and-error learning. By examining state and observa-
tion design, action representations, reward formulations, and architectural choices, we provided a
unified taxonomy that clarifies how these components influence learning efficiency, robustness,
and deployability.A key contribution of this survey is the systematic analysis of optimization
strategies tailored for exploration tasks. These include prioritized and structured experience sam-
pling, reward shaping and curriculum learning, action-space alignment with real robot dynamics,
domain and dynamics randomization, safety-aware learning, and CTDE-based coordination en-
hancements. Our review shows that such optimizations are essential not only for accelerating
convergence but also for improving stability, reducing sample complexity, and narrowing the
sim-to-real gap challenges that have historically constrained the practical deployment of DRL.
Furthermore, the survey identifies persistent constraints in current approaches, particularly regard-
ing inefficient exploration. Although past studies have integrated DRL with various supporting
algorithms, the continued reliance on prior environmental knowledge limits the ability of agents
to train effectively in truly unknown environments. A notable research gap is the absence of
reasoning-capable entities during the exploration phase, where agents typically follow reactive or
heuristic-driven behaviors rather than grounded, generalizable reasoning. This limitation under-
scores the need for exploration strategies with embedded reasoning capabilities and more advanced
optimization techniques, ultimately reducing dependence on pre-existing, global-planner–derived
knowledge.
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