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Efective motion planning is an indispensable prerequisite for the optimal performance of robotic manipulators in any task. In this
regard, the research and application of reinforcement learning in robotic manipulators for motion planning have gained great
relevance in recent years.Te ability of reinforcement learning agents to adapt to variable environments, especially those featuring
dynamic obstacles, has propelled their increasing application in this domain. Notwithstanding, a clear need remains for a resource
that critically examines the progress, challenges, and future directions of this machine learning control technique in motion
planning. Tis article undertakes a comprehensive review of the landscape of reinforcement learning, ofering a retrospective
analysis of its application in motion planning from 2018 to the present. Te exploration extends to the trends associated with
reinforcement learning in the context of serial manipulators and motion planning, as well as the various technological challenges
currently presented by this machine learning control technique. Te overarching objective of this review is to serve as a valuable
resource for the robotics community, facilitating the ongoing development of systems controlled by reinforcement learning. By
delving into the primary challenges intrinsic to this technology, the review seeks to enhance the understanding of reinforcement
learning’s role in motion planning and provides insights that may suggest future research directions in this domain.

1. Introduction

In recent years, the integration of advanced sensing, data
processing, and decision-making technologies has signif-
cantly enhanced the motion planning capabilities of robotic
systems [1, 2]. Tese capabilities are particularly useful in
mobile robots or robotic manipulators operating in
human–robot interaction (HRI) environments. In such
settings, robots must determine a feasible sequence of joint
confgurations at each time, enabling the robot to transition
from an initial to a target position while avoiding potential
obstacles along the way.

Te standard motion planning module typically com-
prises two key components: the global motion planner and

the local motion planner. Te global motion planner gen-
erates kinodynamically feasible and executable trajectories
using structured prior map information. Meanwhile, the
local motion planner assists the robot in making real-time
motion decisions within dynamic local environments [3].

Conventional artifcial intelligence (AI) techniques for
robotic motion planning, such as artifcial potential felds
(APFs) [4] or rapidly exploring random trees (RRTs) [5],
have undergone extensive research and have demonstrated
utility across various settings. However, these techniques are
typically map-based, wherein the global and local planners
function independently and require separate and hierar-
chical confguration. Such features pose challenges in
adapting traditional motion planners to unstructured,
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complex, and dynamic environments. For instance, APFs
may encounter challenges in scenarios where attractive and
repulsive forces are comparable, leading to convergence
issues in local minima. On the other hand, RRTs are less
efcient in executing rapid, reactive, and dynamically
adaptive collision avoidance actions [6]. Consequently, in-
vestigating map-free motion planners that ofer general-
ization, robustness, and adaptability is of signifcant
importance.

In this regard, intelligent control employing machine
learning (ML) arises as an alternative for controlling dy-
namic and fexible systems. Controllers operating on ML
principles learn directly from examples, data, and experi-
ence, enhancing robots’ decision-making capabilities when
facing variable and unpredictable environments. In partic-
ular, reinforcement learning (RL) methods are a promising
approach, as they hold the promise of solving control tasks
in complex unconstructed environments [7]. Indeed, they
allow agents to learn through interaction with their sur-
roundings and, ideally, to generalize the learned behavior to
new, unseen scenarios. However, despite its rapid evaluation
and ongoing research [8], the full realization of this control
technique remains a work in progress. In complex and
variable environments, the learning process can be time-
consuming, incurring computational overhead, as the agent
is compelled to explore diverse state–action spaces to discern
an optimal policy.

Nevertheless, with the development of parallel computing
capacity, namely, graphics processing units (GPUs), and the
implementation of deep learning within this domain, these
methods have gained increasing interest due to their
promising results in the motion planning of mobile robots
[9–12] or in the navigation of autonomous unmanned aerial
vehicles (UAVs), such as drones [13, 14]. RL-based planners
enable end-to-end planning, eliminating the need for the
complex hierarchical multilevel framework traditionally used
to couple global and local planners. By unifying these
planning components, RL-based approaches optimize the
state update policy through iterative improvements driven by
feedback from the environment. Tailored rewards structures
and training paradigms can be developed to align with specifc
task objectives. Tese characteristics make RL-based motion
planners well-suited for deployment in unstructured and
dynamic environments, where real-time mapping is partic-
ularly challenging. However, while there exist papers that
ofer partial reviews of research about RL in the context of
motion planning for robotic manipulators [15], to the au-
thors’ knowledge, there is no comprehensive review specif-
cally focused on this domain. Tus, this paper seeks to fll this
void and aims to review the most relevant and up-to-date
work on the application of RL for motion planning of robotic
manipulators over the past 5 years. Te contributions of the
paper are as follows:

• A comprehensive analysis of RL’s current status and
application in motion planning for robotic manipu-
lators over the last lustrum, categorized by testing
scenarios and identifying the RL properties in
each study.

• An insight on RL’s main current trends and challenges
faced in motion planning for robotic manipulators,
including commonly employed algorithms, perfor-
mance and safety considerations, sample efciency,
generalization, and the simulation-reality gap.

Te content of the paper is organized as follows. Section
2 contains a description of the methodology to identify and
select relevant papers. In Section 3, a theoretical background
on RL is provided for the understanding of the state-of-
the-art analysis in the feld of motion planning for robotic
manipulators. Section 4 briefy explains some fundamental
concepts around motion planning. Section 5 describes the
reviewed papers. Section 6 identifes the main trends and
challenges in motion planning for robotic manipulators
through RL based on the reviewed literature. Lastly, Section
7 concludes with a summary of the knowledge gained.

2. Search Methodology

Te relevance of RL is underscored by its responsiveness and
adaptability in dynamic environments, distinguishing it
from other AI robotic control techniques. Consequently, its
application in motion planning has emerged as a focal point
of recent research. Tis trend is illustrated in Figure 1,
depicting the volume of scholarly publications within the
multidisciplinary Scopus1 database from the onset of the last
decade to the present. Employing the keywords “motion
planning” OR “path planning” OR “trajectory planning” OR
“collision avoidance” AND “reinforcement learning,”
a discernible upsurge in publications is evident from 2017
onward, reaching its peak in 2023. Tis surge is particularly
associated with the incorporation of deep neural networks
into RL algorithms, enabling the handling of more intricate
environments. Despite this, to the best of the authors’
knowledge, there is a dearth of analyses consolidating the
foremost contributions in this domain concerning robotic
manipulators. Such an analysis, outlining the current trends
and challenges, could provide valuable insights for the feld.
Consequently, this review aims to furnish an overview of key
studies utilizing RL in motion planning for robotic ma-
nipulators, coupled with an analysis of the prevailing trends
and future directions in this domain. A summary of the
chosen search criteria can be found in Table 1.

Initially, a search was conducted across multidisciplinary
databases, specifcally Scopus, Google Scholar2, and Web of
Science3, covering the timeframe from 2018 to 2023. Various
search terms relevant to the application context were
employed, including “motion planning” OR “path planning”
OR “trajectory planning” OR “collision avoidance” AND
“reinforcement learning” AND “robot manipulator” OR
“robot arm.” Te selection of these terms was guided by the
rationale that research papers should establish a connection
to motion planning, RL as a control technique, and
a robotic arm.

Simultaneously, studies pertinent to the realm of RL but
divergent from the scope of this review were systematically
excluded. Notably, studies not in the English language and
those not involving (rigid) serial manipulators were omitted.
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Te search duration was delimited from January 2018 to
October 2023. Te initiation of this timeframe was de-
termined based on the discernible emphasis on the appli-
cation of RL in themotion planning of robotic manipulators,
as indicated in Figure 1, approximately from 2018 onward.
Tis increase is attributed to the implementation of neural
networks into RL algorithms, resulting in the emergence of
deep RL. Tis advancement enabled researchers to address
previously intractable, more complex environments.

3. Background on RL

RL [16] is a type of ML in which an agent learns to interact
with its environment to maximize rewards over time. Tis
interaction is modeled as a Markov decision process (MDP).

Te MDP is a process that defnes sequential decision-
making as a semirandom and agent-dependent pathway.
Tink of it as a sequence of steps where the agent is in
a particular state, takes an action, and receives a reward
based on the outcome of that action. For instance, imagine
a robot navigating a 3× 3 grid world (see Figure 2(a)). Te
robot canmove up, down, left, or right.Te robot’s state is its
current position on the grid world, and its actions are the
directions it can move in. Each grid is assigned a reward or

penalty based on the robot’s movement and its proximity to
the target location. Upon transitioning to a new state, the
environment provides a corresponding numerical value for
the grid the robot is in. In formal terms, an MDP is rep-
resented by the following tuple equation:

[S, A, P st+1
􏼌􏼌􏼌􏼌st, at􏼐 􏼑, R st, st+1, at( 􏼁, c], (1)

where S is the set of possible states of the agent and A is the
set of actions. P(st+1|st, at) is the probability of transition to
a future state st+1 when the agent is in state st and applies
action at. R(st, st+1, at) is the reward that the agent expects to
obtain when it transits from state st to state st+1, and is
calculated through the reward function. Finally, c is the
discount factor of the reward function. Tus, for each time
step, the agent will select an action, and the environment will
respond to this action, on the one hand, by presenting a new
situation to the agent and, on the other hand, by returning
a reward, the numerical value that the agent will try to
maximize. Figure 2(b) shows the basic MDP scheme un-
derlying the decision process of any RL agent. Tis process
can be defned through the following sequence equation:

s0, a0, r0, s1, a1, r1, s2, a2, r2, . . . (2)
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Figure 1: Publications per year on motion planning, path planning, trajectory planning, collision avoidance, and reinforcement learning in
Scopus.

Table 1: Overview of the various reward criteria applied during the search process for relevant literature.

Search criteria Description

Search terms
((Motion AND planning) OR (path AND planning) OR (trajectory AND planning)

OR (collision AND avoidance)) AND (reinforcement AND learning) AND
((robot AND manipulator) OR (robot AND arm))

Time period January 2018–October 2023
Publication type Peer-reviewed academic conference papers and journal articles
Exclusion criteria Description
Language Non-English
Contextual Nonrobotic or soft robotic manipulators

International Journal of Intelligent Systems 3
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A policy π(a|s) is the strategy the agent uses to decide
which action to take in each state. Likewise, the value
function tells the agent how valuable a state is, based on the
future rewards it can expect if it follows a particular policy.

3.1. RL Algorithms Taxonomy. Although it is difcult to
make a standardized classifcation of RL algorithms due to
their wide modularity, many current studies divide them
into model-based and model-free algorithms:

• Model-based algorithm. Te agent has access to
a model of the environment, meaning it knows how its
actions afect the environment. Tese algorithms are
more efcient but require detailed knowledge of the
environment’s dynamics.

• Model-free algorithms. Tese algorithms rely on trial-
and-error interactions with the environment, without
needing to know how the environment works.

Table 2 summarizes the advantages and disadvantages of
both methods.

Model-free algorithms can be further divided into three
categories:

• Value-based algorithms.Tese algorithms estimate the
value of each state or state–action pair. Te agent
selects actions based on these values. For instance, in
the robot example, the agent would compute how good
each grid is in terms of helping it reach the goal.

• Policy-based algorithms. Te algorithms directly learn
the best action for each state without using value es-
timates. Te agent memorizes a policy that tells it
which action to take in each state.

• Actor–critic algorithms.Tese algorithms combine the
strengths of value-based and policy-based approaches.
Te actor learns the policy, while the critic estimates
the action’s quality.

4. Motion Planning, Path Planning, and
Trajectory Planning

Motion planning is one of the integral components of the
high-level planning and navigationmodule.Tis component

allows the robot to move safely from an initial to a target
position while considering collision avoidance with static or
dynamic obstacles in the environment. Implementing
a rapid online motion planning algorithm is vital, partic-
ularly in scenarios demanding safe collaboration between
robots and humans [17].

Motion planning encompasses both path planning and
trajectory planning. Path planning typically corresponds to
global motion planning, as it involves generating a collision-
free path based on geometry, disregarding the dynamics and
mobility limits of the robot. As a purely geometrical concern,
it does not consider specifc temporal laws. Terefore, path
planning is responsible for addressing geometric constraints,
such as limitations in joint confgurations and obstacle
avoidance. Global motion planning focuses on fnding this
high-level route, guiding the robot from start to goal across
the entire environment.

In contrast, trajectory planning aligns with local motion
planning, as it entails assigning a temporal law to the
geometric trajectory. Tis means that the trajectory corre-
sponds to the robot’s confguration at each moment.
Consequently, the output of the trajectory planner must be
temporally scaled to generate a feasible trajectory. In this
manner, trajectory planning manages kinodynamic vari-
ables, including joint velocities, acceleration, torque, and
time derivatives of joint angles [15]. Local motion planning
ensures that the robot can follow the path generated by the
global planning while adhering to dynamic constraints,
making real-time adjustments in the presence of obstacles or
changes in the environment.

In the majority of scenarios, path planning precedes
trajectory planning; nevertheless, these two phases are not
inherently separate. Path planning and trajectory planning
are concurrently addressed in experiments involving via-
points, where both the initial and fnal positions are specifed
[18]. Tis review covers motion planning as a whole.

5. Motion Planning Through RL for
Robotic Manipulators

In scholarly discourse, RL fnds application independently or
in conjunction with other AI control methodologies for
motion planning in robotic manipulators. Te subsequent

+1 +1
+10

–1 –1

–10 –10+1

(a)

Agent Environment

rt+1

st+1

Reward

Action, at

State, st

(b)

Figure 2: (a) An example of a robot moving in a grid world environment; (b) RL scheme [16].

4 International Journal of Intelligent Systems

 ijis, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/int/1636497 by M

ondragon G
oi E

skola, W
iley O

nline L
ibrary on [02/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



section seeks to delineate the principal contributions and
limitations discerned within the reviewed studies. Te
section discusses separately those standalone RL applica-
tions and the instances where RL is combined with other AI
control techniques, particularly APFs and RRTs. Note that
the classifcation of the examined studies is determined by
the task on which the studies are evaluated and their primary
contribution(s). Specifcally, the classifcation according to
the evaluation scenarios is outlined as follows:

• Via-point tasks (Sections 5.1.1, 5.2.1.1, 5.2.2.1). Via-
point tasks delineate scenarios where the robotic
manipulator, starting from an initial position, is re-
quired to attain a predetermined endpoint.

• Pick-up, pick-and-place, and welding tasks (Sections
5.1.2, 5.2.1.2). Although pick-up, pick-and-place, and
welding tasks share similarities with via-point exper-
iments as point-to-point tasks, they are delineated as
distinct activities in this analysis. Te rationale behind
this distinction lies in the additional complexity in-
herent in these tasks. In contrast to via-point exper-
iments, these activities necessitate not only reaching
the target point but also achieving a specifc posture
with the robot’s end-efector to accomplish the task.

• Contact-rich manipulation tasks (Section 5.1.3). Accord-
ing to [19–21], a contact-rich manipulation task is defned
as any task involving close interaction between the robot
and its environment, characterized by complex, high-
dimensional, and possibly nonlinear contact dynamics.
Tese tasks typically entail contact situations such as
sliding, sticking, or motion constrained by obstacles.

• Multiple tasks (Sections 5.1.4, 5.2.2.2, 5.2.3.1). In
certain instances, researchers adopt a broader per-
spective by evaluating their policies across multiple
scenarios rather than focusing on a single use case.Tis
section categorizes studies wherein the proposed ap-
proach is assessed across various tasks.

• Other tasks (Section 5.1.5). Tis section encompasses
studies whose evaluation scenarios do not fall into any
of the categories defned earlier.

5.1. RL-Based Control Approaches

5.1.1. Via-Point Tasks. Tese tasks can be accomplished with
either single- [22] or dual-arm [23] robot manipulators. In this
category of tasks, studies commonly focus on improving the
performance or safety of the motion planning policy [24, 25],
the search for sample efciency during training [26], and the
generalization capability of the RL agents [27] (see Figure 3).

5.1.1.1. Performance and Safety. Te performance and safety
of RL policies have been a focal point in motion planning
research over the past 5 years. However, the assessment of
these themes can be directed toward various objectives.
While specifc studies adopt a more social perspective, ex-
emplifed by research on energy management in robotics to
minimize industrial electricity consumption [28], the
broader body of performance and safety-related in-
vestigations predominantly centers on ensuring smooth
trajectories and collision avoidance.

Indeed, in HRI environments, the perceived safety and
the safety of the human collaborator are two aspects that
should be considered. Perceived safety in this context refers
to the user’s subjective assessment of the potential danger
and their comfort level during interactions with a robot [29].
Consequently, numerous studies emphasize generating
smooth and legible trajectories in motion planning to en-
hance the acceptance of the robot by the human
collaborator.

Some methodologies adhere to traditional deep RL
paradigms, concentrating on enhancing both trajectory
smoothness and sample efciency concurrently [30, 31]
through techniques such as hindsight experience replay
(HER) [32] or decaying episodemechanisms. HER addresses
sparse reward challenges by retrospectively redefning failed
task attempts as successful, facilitating the agent to learn
from failures and thereby enhancing sample efciency
during training. On the other hand, the decaying episode
mechanism is a way to dynamically adjust the step number
within an episode during training based on the training
accuracy reaching a certain threshold. Tis adjustment aims
to bring about a new stable state in the training process
without compromising the agent’s performance in trajectory
planning. Conversely, other investigations specifcally target
the enhancement of user comfort and task efciency in
addressing this concern within HRI scenarios. One notable
investigation is by Yang et al. [33], wherein biomechanical
attributes of human arm motion were integrated into robot
motion planning to achieve a humanoid movement. Te
authors employed a motion capture system for collecting
human arm movement data, extracted pertinent features
from the human arm, and formulated reward functions for
training through RL. However, despite achieving fuid and
humanoid movements, the authors constrained the arm
motion compared to real-world capabilities. In contrast,
Zhao et al. [34] concentrated on enhancing the legibility of
the robot’s motions to facilitate the human collaborator in
identifying the robot’s intentions. Teir approach involved
a policy network serving as a motion planner and a recurrent
neural network emulating the human perception of the

Table 2: Advantages and disadvantages of model-based and model-free algorithms.

Method Advantage Disadvantage

Model-based algorithms
- Sample efciency.
- Reduction in the number of interactions
between the agent and its environment.

- Dependence on transition models.
- Accurate knowledge of transition dynamics.

Model-free algorithms - No prior knowledge of transitions.
- Ease of implementation. - Poor sample efciency.

International Journal of Intelligent Systems 5
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robot’s movement predictability. Lastly, they evaluated the
efcacy of their method through participant assessments of
the robot’s legibility, learnability, and naturalness. Although
this approach might excel in user comfort by ensuring that
the robot’s intentions are clear and predictable, the focus on
legibility may come at the expense of trajectory smoothness,
as the robot’s motions may appear more mechanical com-
pared to the fuid movements achieved in [33]. However,
this trade-of makes this last method more efective in dy-
namic and HRI environments, where quick understanding
of the robot’s actions is crucial.

Notwithstanding, ensuring safety extends beyond per-
ceived safety alone. Te domain of motion planning pre-
dominantly tackles safety concerns through strategies
focused on collision avoidance [35, 36].

In studies utilizing a single robotic arm, a subset of
research assesses their methodologies using static obstacles
[37–39] or with linear movements within a single plane [40].
Alternatively, some investigations opted for evaluating their
approaches in scenarios featuring obstacles with un-
predictable, random movements [41, 42]. Tese types of
obstacles have the beneft of refecting more realistic
workplace scenarios. El-Shamouty et al. [43] proposed
a framework that translated HRI tasks and safety re-
quirements onto RL settings, wherein human motion
simulated for collision avoidance was entirely stochastic.

Conversely, Sangiovanni et al. [44] devised a real-time
model-free collision avoidance strategy catering to robotic
tasks featuring an unforeseeable obstacle invading the ro-
bot’s workspace. However, they only considered the ter-
minal element of the robot. Subsequently, this research was
expanded to encompass a more comprehensive scenario,
endowing the system with self-confguring capabilities, al-
beit presuming ideal internal control for the robot, which
may not always be realistic in practical scenarios [45].
Nonetheless, the addition of self-confguring capabilities
allowed the system to autonomously adjust its confguration
more complex and dynamic environments, providing
greater fexibility and robustness. Tis improvement made
the system more efective in handling changing conditions,
thus enhancing its applicability to a broader range of tasks.
While these studies enhanced realism by incorporating
continuous motion of obstacles or humans within an HRI
environment, the reliance on random movements may still
present limitations, inadequately capturing the full spectrum
of potentially hazardous scenarios. To overcome this con-
straint, in [46, 47], the dynamic obstacle in the environment
was characterized by real movements represented an op-
erator’s 3D point cloud. However, in the initial study, the
negative reward assigned to the agent was applied only after
surpassing a specifc threshold. Tis method might extend
training duration and potentially impact convergence if the

Curriculum
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Figure 3: Main themes addressed by RL in via-point tasks.
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target remained unreachable during exploration. Terefore,
in the subsequent study, the authors included a new source
of reward to guide learning. Tus, they proposed a hybrid
approach combining so-called extrinsic and intrinsic re-
wards. Te intrinsic reward underwent updates via policy
gradient methods, optimizing the extrinsic function to
concurrently diminish the risk of collision and enhance
process productivity.

On the other hand, some investigations delve into the
intricacies of motion planning with dual-arm robots, em-
phasizing the avoidance of self-collisions and collisions with
the surroundings. For instance, Salmaninejad et al. [48]
focused on collision avoidance between two robotic arms.
However, their methodology underwent testing solely in
a two-dimensional space, where only one of the arms ac-
quired collision avoidance capabilities while the other
moved freely. In contrast, more recent investigations, such
as [49], expanded the scope to encompass more complex
three-dimensional scenarios. Here, the authors employed
a long short-term memory (LSTM) network to forecast the
position of dynamic obstacles in the environment. Te
network predicted the moving obstacle’s position across
multiple future sampling times by utilizing current and past
position information, subsequently employed to train an RL
agent. Additionally, the two manipulators were conceptu-
alized as a single virtual manipulator to simplify spatial
confguration and facilitate learning. As a counterpoint to
this study, Wong et al. [50] advocated for individual control
of each arm in a dual-arm robot through two distinct agents,
one for each arm. Tis strategy conferred greater fexibility,
obviating the need for preplanned trajectories for both arms
before executing an action. Nevertheless, in such ap-
proaches, training from scratch can engender prolonged
training periods. Consequently, various collision avoidance
methodologies for both single-arm [51] and dual-arm robots
[52] integrate strategies such as HER or prioritized expe-
rience replay (PER) [53] to enhance sample efciency
concurrently. Tis latter experience replay assigns higher
priority to experiences that lead to large temporal diferences
and samples them more frequently during the learning
process.

5.1.1.2. Sample Efciency. Similar to performance and safety
improvement, sample efciency seems to be another highly
researched aspect in RL-basedmotion planning.While other
domains, such as robotic manipulation [54, 55], commonly
address this concern through human demonstrations in the
context of via-point experiments, although the endpoint is
known, the computed trajectory may vary based on en-
countered obstacles. Tis constraint may restrict the utility
of human demonstrations for acquiring initial trajectories.
Human demonstrations typically yield geometry-dependent
trajectories, potentially constraining the agent’s capacity to
avoid collisions with obstacles that intersect with said tra-
jectory. Consequently, in the realm of motion planning,
researchers propose alternative strategies.

Two distinct yet comparably aligned strategies are
presented by Shen et al. [56] and Akinola, Wang, and Allen

[57], guided path planning and residual RL, respectively.Te
former introduced a position-based servo method, wherein
the robot advanced toward the target point, and the RL
policy was activated upon detecting a potential collision,
adjusting the robot’s joints accordingly. Te latter, in con-
trast, combined a low-dimensional policy to address the
target-reaching task with residual learning to formulate
a defnitive policy that avoided obstacles while reaching the
target. Terefore, the output of the residual policy was in-
tegrated with the output of the base policy. In both instances,
the authors achieved a reduction in sampling requirements
due to the trajectories established initially, diminishing the
necessity for extensive exploration. However, the latter
method may ofer superior sample efciency due to the
residual learning framework, which reuses the base policy
for the primary task while refning behavior during obstacle
avoidance. Tis allows for more efcient use of samples, as
the system builds on existing knowledge rather than learning
everything from scratch. In contrast, in [56], guided path
planning is efective but may require more samples in dy-
namic environments, as the RL policy is only activated
during potential collisions, limiting its ability to reuse prior
knowledge.

Abdi, Adhikari, and Park [58] also adopted a bifurcated
strategy to address the sample efciency problem in motion
planning, presenting a hybrid approach. In the initial phase
of the task, termed the “active approach,” the authors de-
vised a policy capable of determining a sequence of ele-
mentary actions, such as up, down, right, and left. By
simplifying the problem, they reduced complexity and ex-
pedited the learning process. Once this policy was estab-
lished, the subsequent phase, denoted the “passive
approach,” involved acquiring the necessary angles for the
identifed actions. Tis second network did not necessitate
repeated training; instead, it could be trained once and
subsequently applied. Nevertheless, given the simplicity of
the actions, the authors could only evaluate the approach in
two-dimensional grid world tasks. A year later, the authors
expanded their research to three-dimensional tasks to
overcome these limitations, integrating real-time object
detection and localization for real-world applications [59].

Alternative methodologies, including curriculum
learning [60] and reward shaping [61], have also proven
efective in enhancing training efciency and curtailing
convergence times. Notably, several research studies have
delved into applying reward shaping as a key strategy in this
context. Innovations in dense rewards functions, as pro-
posed by articles such as [62–64], showcased accelerated
learning, quicker convergence, and improved exploration
strategies. Although reward functions varied, all research
studies shared a common thread by primarily mitigating the
challenges associated with exploration blindness.

Other studies, on the other hand, attempt to leverage
environmental data to increase sample efciency. For in-
stance, Bhuiyan et al. [65] employed observations solely
based on virtual laser scanning. Tis approach enabled them
to gather extensive environmental information, rendering
their method less susceptible to environmental complexities
and surpassing other state-of-the-art sampling-based
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planners. On the other hand, as seen in [49], in [66], the
authors reconfgured the confguration space of a multiarm
manipulator, treating it as a single-arm virtual manipulator.
Despite the increased task dimensionality, they utilized
a single RL agent to control all robotic arms. Additionally,
the incorporation of HER further enhanced sample ef-
ciency.Tis research was subsequently expanded a year later,
evaluating the methodology not only with static obstacles
but also with dynamic obstacles following a periodic linear
trajectory [67].

Lastly, some articles seek to address sample efciency
through models. Tis approach is exemplifed by [68, 69]. In
both studies, the integration of model predictive control
(MPC) [70] with RL was employed to enhance sample ac-
quisition with a heightened success rate. MPC, operating
under constraint control, exclusively supplied training
samples for the neural network during the training phase to
ensure the safe operation of the manipulator. Utilizing these
high-success-rate samples expedites the training process,
diminishing early-stage failures in training and enabling the
RL agent to formulate an appropriate policy based on input
observations. Nevertheless, in [69], a noticeable constraint
on generalization capability was acknowledged, under-
scoring the need for future investigations to address this
issue. Ku et al. [71] introduced a hybrid data-model-driven
algorithm to overcome this limitation. Tis approach
combined particle swarm optimization (PSO) [72] with an
actor–critic algorithm, utilizing PSO initially to optimize
model parameters and subsequently pretraining the agent
before starting to interact with the environment. Tis
methodology exhibited adaptability in coping with envi-
ronmental variations. It is worth noting, however, that
nearly all studies focusing on enhancing sample efciency
undergo evaluation in collision avoidance tasks featuring
static obstacles or linear movements.

Despite the potential exhibited by many of the meth-
odologies in the reviewed studies, their generalizability to
dynamic environments and real-world contexts raises sig-
nifcant considerations.

5.1.1.3. Generalization. Indeed, the current challenges in
RL include the ability to generalize and the deployment of
learned policies from simulation to reality. Terefore, there
are motion planning-related studies that focus their con-
cern directly on this topic. Te concepts of generalization
and policy deployment are intricately connected, with
enhanced generalization capability contributing to de-
veloping robust policies that are susceptible to the
simulation-reality gap. In this sense, while some re-
searchers also opt for curriculum learning to facilitate this
sim-to-real transfer and align robot behavior with simu-
lation outcomes [73], others advocate the utilization of
binary rewards at each time step, coupled with diversity
rewards, to obtain robust policies [74]. Curriculum
learning provides strong generalization by employing
a progressive learning approach; however, it can be time-
intensive to design and less adaptable to novel tasks not
encountered during training. In contrast, using binary and

diverse rewards may enhance the robustness of the policy,
though this approach might compromise precise control
during task execution.

Alternatively, Zhang et al. [75] proposed a unifed
representation of obstacles and targets, aiming to capture the
underlying dynamics of the environment. Teir approach
utilized 3D bounding boxes to represent obstacles and target
objects in both virtual and real-world settings, ensuring
independence from the geometry and appearance of the
objects. Tis design choice enabled generalization to unseen
objects and scenarios.

5.1.1.4. Initial Findings. Undoubtedly, enhancing perfor-
mance, safety, sample efciency, and generalization is the
primary focus within the realm of RL applied to motion
planning in via-point tasks. While these aspects are
addressed through diferent strategies, some of these strat-
egies seem to exhibit interconnected infuences on multiple
aspects. Nonetheless, challenges arise where enhancing one
aspect may inadvertently pose a bottleneck to others. At
times, for instance, the enhancement of sample efciency
may compromise the generalizability of the RL agent.
Notwithstanding such challenges, a discernible trend in
recent years involves an increasing inclination toward si-
multaneously addressing multiple aspects, recognizing the
interdependencies among performance, sample efciency,
and generalization. Illustratively, certain studies leverage
models that facilitate the concurrent enhancement of both
sample efciency and generalizability.

5.1.2. Pick-Up, Pick-and-Place, and Welding Tasks. As in
via-point tasks, the exploration of performance and safety,
sample efciency, and generalization constitutes key re-
search areas in these tasks (see Figure 4).

5.1.2.1. Performance and Safety. Some studies concentrate
on computing smooth trajectories [76, 77], while others
endeavor to enhance the robustness of their methodologies
by employing RL as a high-level decision-maker and
seamlessly switching between conventional controllers
[78, 79]. However, the predominant emphasis within this
domain centers on ensuring safety [80].

Wu et al. [81] and Heaton and Givigi [82] focused on
safety considerations, particularly in collision avoidance
during picking-up and pick-and-place tasks, respectively.
Te former specifcally addressed HRI environments,
emphasizing the signifcance of preventing collisions be-
tween a robot larger than a human and the worker to avoid
potentially severe injuries. On the other hand, the latter
evaluated their approach using a dual-arm robot engaged
in a tower-building task, where considerations involved
avoiding collisions with both the robot itself and the
surrounding environment during the execution of picking
and placing tasks. Notably, while both approaches were
posited as applicable in dynamic environments, neither
underwent assessment with moving obstacles. Tis specifc
evaluation was undertaken in [83]. Here, the authors
proposed a real-time collision-free trajectory planner,
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assessed within an HRI scenario, with human arm posi-
tions tracked through the OpenPifPaf human pose esti-
mation method [84]. Despite the encouraging results, their
approach lacked evaluation in a real-world environment,
where potential latency in skeleton tracking might impact
real-time responsiveness to obstacles. Tis same constraint
was encountered by Nicola and Ghidoni [85]. In this study,
the authors concurrently addressed safety and trajectory
smoothness to augment worker trust within an HRI en-
vironment. Teir methodology defned each action as the
concatenation of parametric subtrajectories derived from
polynomial functions. Tis design choice aforded the
authors the fexibility to infuence the grade continuity and
smoothness of the fnal trajectory by controlling the degree
of the polynomial function and to provide a means to
regulate not only the acceleration but also higher order
time derivatives of position, such as jerk or snap. Nev-
ertheless, a recurring observation in many of the men-
tioned studies is the compromise in sample efciency due
to the substantial exploration demands inherent in
these tasks.

5.1.2.2. Sample Efciency. In this context, certain studies
tackle both safety and sample efciency concurrently [86].
For instance, Hu et al. [87] focused on collision avoidance
within welding tasks. Te authors utilized two
action–network structures to enhance sample efciency in
this case. Maintaining identical structures, the main
actor–network and the subactor network difered solely in
the state space they employed, with the latter designated for

guided search on the main network. Tis structure en-
hanced sample efciency by narrowing the exploration
space, although it may require signifcant computational
resources to manage both networks. Within a similar use
case, Zhong, Wang, and Cheng [88], in turn, incorporated
an inverse kinematics module to ofer prior knowledge,
thereby diminishing the need for extensive exploration in
the state–action space. Likewise, to prevent excessive ex-
ploitation arising from this prior knowledge based on
inverse kinematics, they dynamically adjusted the impact of
the inverse kinematics-based action by introducing a gain
module. Tis method might provide better sample ef-
ciency than [87] through the inverse kinematics module,
which accelerated learning by reducing the exploration
space. Additionally, the gain module helped balance ex-
ploration and exploitation, avoiding overreliance on prior
knowledge. Nevertheless, in such methodologies or when
providing human demonstrations, it is worth considering
that initial trajectories may exhibit signifcant dependence
on the provided initial geometry, potentially jeopardizing
the agent’s generalization capability [89]. Hence, akin to
via-point tasks, the concern for generalization ability ex-
tends to point-to-point motion planning tasks such as pick-
and-place.

5.1.2.3. Generalization. Strudel et al. [90] proposed a hier-
archical approach that targeted both sample efciency and
generalization. Starting from simple primitive actions
learned through synthetic demonstrated trajectories using
behavioral cloning, the RL agent executed high-level actions

Primitive
actions

Pick-up,
pick-and-place,

and welding tasks
Sample

efficiency

Inverse
kinematics

Kinematics
and

constraints

Collision
avoidance

Performance
and safety

Smoothness

Robustness

Two
actor

policies

Generalization

Figure 4: Main themes addressed by RL in pick-up, pick-and-place, and welding tasks.
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by combining these low-level skills. Tis approach enhanced
sample efciency by constraining exploration to sequences
with a limited number of primitive actions, while its ver-
satility and robustness to diverse environmental perturba-
tions were bolstered by not necessitating full-task
demonstrations.

5.1.2.4. Initial Findings. Similar to via-point tasks, the
central themes of concern in point-to-point tasks encompass
performance and safety, sample efciency, and generaliza-
tion. However, the strategies to tackle these challenges ex-
tend beyond those discussed in Section 5.1.1. Notably,
incorporating prior knowledge that minimizes the initial
exploration without unduly constraining the agent’s gen-
eralization capacity could be one of the most
prominent ideas.

5.1.3. Contact-Rich Manipulation Tasks. In the realm of
motion planning, while there are studies evaluating its ap-
plications in healthcare contexts [91], the literature pre-
dominantly features investigations targeting industrial
environments. Tese studies commonly seek a trade-of
between safety and performance in remanufacturing tasks.
Some studies also consider aspects such as generalization
(see Figure 5).

5.1.3.1. Performance and Safety. Veraamani and
Muthuswamy [92] introduced a hybrid multirobot system
for sheet metal milling. Te system comprised a serial
manipulator responsible for the machining operation, with
its end-efector serving as a tool, and two fxtureless as-
sembly platforms providing support from beneath the sheet
metal. Employing inverse kinematics and prioritized RL to
control the serial manipulator robot and the two robots
acting as swarm robotic fxtures, respectively, the authors
proposed a hierarchical-based decentralized ofine planner.
Tis planner efectively coordinated all three robots, cal-
culating optimal collision-free trajectories during machin-
ing. However, the increased number of agents could lead to
higher computational complexity. Te approach ensured
precise support and improved machining quality, but its
reliance on static task planning may limit adaptability in
dynamic environments. Tis approach was refned to extend
its control strategy to drilling processes in a subsequent
study [93], introducing a revised fve-step locomotion
strategy that enhanced path planning and reduced detours,
yet the ofine nature of the planning remained a constraint
for real-time applications. Te refned strategy successfully
handled various drilling patterns while maintaining optimal
coordination, though it may still face challenges in irregular
environments.

In [94], in turn, the authors directed their attention to
disassembly within an HRI environment. Tey operated
under the assumption that the human collaborator could be
positioned either to the right or left of the robot and might
traverse from one side to the other. Te robot was tasked
with extracting a peg assembled on a base to the opposite
side of the human; a maneuver devised to avert potential

collisions. To tackle the challenge of generalization, the
authors introduced randomization elements, such as varying
the rotation of the base or adjusting the friction between the
two objects. However, the task performed served as a rudi-
mentary proof of concept. Te robot started with the peg
already grasped, and the disassembly process involved only
a minor translation, rendering it a somewhat simplistic
demonstration.

5.1.3.2. Initial Findings. It is noteworthy that numerous
manufacturing tasks not only require carrying the robotic
manipulator from one point to another but also intricate
robotic manipulation. In this context, concurrently
addressing the environment’s safety to prevent potential
collisions and optimizing task performance can prove
particularly advantageous, especially in environments where
robots assume a pivotal role.

5.1.4. Multiple Tasks. Occasionally, a control policy un-
dergoing slight variations may behave correctly across dif-
ferent settings or tasks. In such scenarios, it becomes
imperative to train policies that exhibit a high generaliz-
ability, facilitating seamless transferability across diverse
tasks (refer to Figure 6).

5.1.4.1. Generalization. One potential strategy to achieve
this is the employment of sparse rewards, fostering the
development of policies less susceptible to performance
variations resulting from minor disparities among envi-
ronments. However, the absence of explicit guidance
during the learning process may lead to the emergence of
suboptimal policies. To address this challenge, Al-
Gabalawy [95] employed HER to enhance the sample ef-
fciency of his approach, which he subsequently assessed in
the context of FetchSlideball and FetchToss tasks. Both
tasks involved a robotic arm to move an object to a des-
ignated point, potentially beyond the arm’s immediate
reach. Te sole distinction between the two environments
lays using a ball instead of a cylinder, accompanied by an
increased distance to the goal. Nevertheless, the study
outcomes were deemed less satisfactory, with the author
concluding that HER encounters difculties in tasks
characterized by extensive goal distances and intricate
solutions.

Still, Liu et al. [96] also leveraged HER as a mechanism to
address the challenges associated with sparse rewards. Tis
particular investigation focused on cooperative tasks in-
volving reaching, pushing, and picking and placing with
a dual-arm robot, all while ensuring collision avoidance
between the two arms. Notably, each arm was autonomously
controlled by an independent agent, prompting the adoption
of a centralized training framework with decentralized ex-
ecution. To facilitate this, the authors introduced a multiarm
actor–critic algorithm. In this algorithm, the critic com-
ponent could access supplementary information regarding
other agents’ policies, while the actor component exclusively
acquired local information. Despite evaluating tasks
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considered relatively straightforward, as opposed to [95], the
authors achieved optimal results, even when deploying their
approach in reality.

5.1.4.2. Initial Findings. Evidently, the employment of
sparse rewards represents sparse rewards represent a viable
strategy for acquiring generalized policies conducive to
seamless transferability across analogous tasks. However,
their usage is often accompanied by HER. Tis integrated
approach serves the twofold purpose of enhancing sample
efciency during the learning phase and mitigating the risk
of developing suboptimal policies.

5.1.5. Other Tasks. Up to this point, all studies assessed their
approaches to tasks falling within the predefned labels.
Nonetheless, there might exist studies whose application
scenarios cannot be readily classifed into these established
categories. Notably, there is only one study with a use case
distinct from those mentioned previously, focusing on
navigating a robot through a duct, commonly referred to as
the duck-enter task. In a sense, this task consists of guiding
the robot from an initial point to a target position within the
confnes of a duct, presenting challenges owing to the re-
stricted space and complex interior (see Figure 7). Likewise,

the skills developed for such operations could potentially
fnd application in more prevalent manufacturing scenarios
like paint spraying or welding.

5.1.5.1. Performance and Safety. Addressing the constraints
of tight spaces, Hua et al. [97] concentrated on RL safety,
specifcally emphasizing robot safety achieved through
collision avoidance. Terefore, their proposed trajectory
planner decomposed the duct entry task into two subtasks:
a reachability task managed by the inverse kinematics of the
redundant robot end-efector and an obstacle avoidance task
treated as an RL-based self-motion optimization problem.
Notwithstanding, despite the favorable outcomes achieved,
the authors underscored the need to address limitations
associated with generalization.

5.1.5.2. Initial Findings. Despite the lack of literature
addressing motion planning tasks that deviate slightly from
those expounded upon in preceding sections, a recurring
challenge is discernible. Frequently, obtaining a policy that
performs well in a specifc environment poses limitations on
its applicability in environments exhibiting small variations.
Achieving a trade-of between performance and agent
generalizability becomes essential in such scenarios. To

Contact-rich
manipulation

tasks

Task
efficiency

Collision
avoidance

Performance
and safety

Domain
randomi-

zation
Generalization

Figure 5: Main themes addressed by RL in contact-rich tasks.

Multiple
tasks
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and safety
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avoidance

Figure 6: Main themes addressed by RL across multiple tasks.
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address this challenge, domain randomization stands out as
a commonly employed technique.

Figure 8 presents illustrative examples of the evaluation
scenarios discussed, while Table 3 provides a comprehensive
overview of the key features of the motion planning articles
reviewed employing RL.

5.2. Combination of RL With Other AI Control Techniques

5.2.1. RL With APFs. APFs model the robot’s motion by
defning attractive and repulsive forces within the envi-
ronment, directing the agent toward a target position while
steering clear of obstacles [98]. Within the literature, there
exists research that integrates this technique with RL,
aligning with the primary themes of performance and safety,
as well as sample efciency. In the following, the subsequent
review delves into the studies identifed in the literature that
combine RL with APFs according to the type of task in which
they assess their approach, alongside their principal
contributions.

5.2.1.1. Via-Point Tasks. APFs struggle to avoid collisions
near the target due to potential similarities that might occur
between attractive and repulsive forces, leading the agent
into local minima. Te combination of RL and APFs is
intended to improve this aspect along with sample efciency
(refer to Figure 9).

5.2.1.1.1. Performance and Safety. Li, Gong, and Yu [99]
proposed a hybrid approach combining RL and APFs to
overcome the limitation of the latter control technique in
collision avoidance. Initially, APFs were employed to
perceive the environment and create a collision-free tra-
jectory. When the manipulator entered the efective col-
lision radius of a dynamic obstacle or a collision event
occurred, the so-called distance or force enhancement
factors were activated to move away from the obstacle or
impact site, respectively. To ensure the functionality of the
method, both factors were integrated into the learning
reward, representing the distance between the robot and
the obstacle and the collision force. However, although the
study did not explicitly emphasize sample efciency, RL
can also be employed as a plausible strategy to improve the
convergence times of APFs. Indeed, APF method’s output
contains many trajectory nodes, which reduces the
computational speed of the robotic inverse kinematics
analysis.

5.2.1.1.2. Sample Efciency. As an illustrative case, Fang and
Liang [100] utilized RL to flter unnecessary trajectory nodes,

reducing the computational load of robotic inverse kine-
matics analysis during path planning, improving efciency,
and reducing energy consumption.

Tus far, the two previously mentioned methodologies
employed APFs as the principal approach for motion plan-
ning, utilizing RL as a supplementary tool for refning tra-
jectories computed by the former. However, these control
techniques can be reversed. Zheng et al. [101] prioritized RL as
the primary method for trajectory planning in dynamic
scenarios, employing APFs to formulate reward functions. In
this context, APFs were integrated to facilitate real-time
obstacle avoidance by confguring the obstacle as an exclu-
sion potential reward function and the target position as an
attraction potential reward function. Tis strategy efectively
minimized invalid exploration, thereby enhancing sample
efciency. Although utilizing APFs as the primary approach,
with RL refning trajectories, can enhance sample efciency
and reduce computational cost in static or semidynamic
environments, APFs may restrict the policy’s adaptability in
more complex, dynamic scenarios, where local minima can
create bottlenecks. Conversely, employing RL as the primary
method can improve sample efciency in dynamic envi-
ronments by minimizing invalid exploration through the
guidance of APF-based reward functions. Nonetheless, the
authors noted a reduction in generalizability due to the re-
ward function capturing only scenario-specifc features.

5.2.1.1.3. Initial Findings. In summary, the synergistic use of
APFs and RL holds promise for enhancing sample efciency
and reducing algorithm convergence times. However, akin
to other methods, the combined use of these control
techniques may create a bottleneck that challenges the
generalization capability of the agent.

5.2.1.2. Pick-and-Place Tasks. Te combination of RL with
APFs can also be harnessed to enhance other aspects of an
agent’s performance, including accuracy (refer to Figure 10).

5.2.1.2.1. Performance and Safety. In [102], RL was applied
to motion planning across large ranges, while APF was only
employed as an attractive potential feld for local position
adjustments in pick-and-place tasks. Tus, the switch be-
tween motion planning algorithms occurred when the
distance between the efector and the target position fell
below a defned threshold. Notably, the authors employed
a simplifed APF algorithm, omitting the establishment of
repulsive potential felds. Tis simplifcation obviated the
need to select control points on the manipulator’s links and
calculate distances between these points and obstacles. By
sidestepping these complexities, the authors averted local

Other 
tasks

Performance 
and safety

Collision 
avoidance

Figure 7: Main themes addressed by RL in other tasks.

12 International Journal of Intelligent Systems

 ijis, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/int/1636497 by M

ondragon G
oi E

skola, W
iley O

nline L
ibrary on [02/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



minima arising from similar attractive and repulsive forces,
thereby facilitating high-accuracy motion planning.

5.2.1.2.2. Initial Findings. Integrating RL with APFs may
fnd utility in tasks demanding high precision. In situations
where RL could yield noisy movements, mainly when the
manipulator is near the target point, APFs, with their in-
herent attraction capability, excel in executing tasks with
enhanced accuracy.

5.2.2. RL and RRTs. In addition to studies that integrate RL
with APFs for motion planning, a body of literature explores
the combination of RL with RRTs. Tis latter control
technique employs probabilistic algorithms to iteratively
expand a tree structure from a randomly sampled confg-
uration space, thereby generating feasible paths [103]. Tese
studies also address performance and safety, sample

efciency, and generalization. Te ensuing section com-
prehensively examines these papers, according to their use
case and respective contributions.

5.2.2.1. Via-Point Tasks. In via-point tasks, current research
encompasses the three primary lines of investigation,
namely, performance and safety, sample efciency, and
generalization, often addressing them collectively (see Fig-
ure 11). Improving the performance and safety of policies
can be targeted at manifold aspects.

5.2.2.1.1. Performance and Safety. Jing et al. [104] were
pioneers in integrating RRTs and RL in surface inspection
applications, specifcally targeting cycle time reduction.
Teir methodology involved employing RRTs to randomly
sample viewpoints surrounding the target object, followed
by applying an online RL-based tree search planning

(a) (b)

(c) (d)

(e) (f )

(g)

Figure 8: Motion planning evaluation scenarios: (a) and (b) via-point tasks [44, 51]; (c) pick-up tasks [90], (d) and (e) pick-and-place tasks
[78, 89]; (f ) disassembly tasks [94]; (g) duck-enter tasks [97].
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algorithm. Tis RL algorithm determined the optimal
viewpoint for guiding the robot to fulfll surface coverage
requirements. Te implementation resulted in an average
cycle time reduction of 24%. Despite this success, the authors
acknowledged limitations in sample efciency.

Yet, the combination of RRTs and RL presents
a promising strategy to overcome the sample efciency
challenges inherent in RL. Studies such as [105, 106] con-
currently tackled sample efciency and other performance
aspects such as safety and energy optimization, respectively.
Notably, optimal RRT (RTT∗) was employed in both cases.
In [105], RTT∗ facilitated trajectory exploration for multiple
robot arms, while Q-learning was utilized to ensure collision
avoidance between these arms. Tis combination of control
strategies empowered each robot arm with the fexibility to
adapt to unforeseen circumstances through RL while
guaranteeing optimality via graph search. Similarly, in [106],
RTT∗ capabilities were harnessed for initial random sam-
pling. However, in this case, the authors leveraged the RL
agent’s replay bufer to optimize the policy based on ac-
cumulated exploration experiences progressively. While
none of the papers explicitly focused on enhancing sample
efciency, the method utilized in [105] has the potential to
lead to faster convergence. However, it may prove less

efective in optimizing energy usage and adapting to un-
known environments. In turn, [106] ofers improved long-
term sample efciency by integrating RL with traditional
path planning, allowing for energy-efcient solutions
through policy optimization. However, this method may
require higher computational resources during initial
learning phases due to the complexity of energy optimiza-
tion across multiple dimensions.

5.2.2.1.2. Sample Efciency and Generalization. In contrast,
alternative investigations sought to simultaneously address
sample efciency, generalizability, and policies’ robustness
to mitigate the simulation-reality gap. Zhou et al. [107]
exemplifed this approach by introducing a motion planning
strategy rooted in residual RL. Teir methodology was
initiated with an initial policy derived from RTT∗, which
served as both a directional guide and a means to simplify
the convergence challenges of the RL algorithm. Te RL
component supplemented the initial policy by providing key
elements such as self-adaptation and generalization. Nota-
bly, it could avoid complex obstacle geometries that were not
considered in the initial policy. In turn, Zhang, Guo, and Bai
[108] utilized RRTs to compute heuristic reward functions
employed in training an RL agent. Tese reward functions

Via-point
tasks

Filter
APF’s

trajectory
nodes

Reward
shaping

Collision
avoidance

Performance
and safety

Sample
efficiency

Figure 9: Main themes addressed by RL in via-point tasks in combination with APFs.

Pick-and-
place tasks

Performance
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Figure 10: Main themes addressed by RL in pick-and-place tasks in combination with APFs.
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not only expedited the convergence speed during training
but also yielded a robust policy capable of zero-shot de-
ployment in a real-world environment.

5.2.2.1.3. Initial Findings. Te minimal computational re-
quirements of RRTs for trajectory generation in an envi-
ronment can be harnessed to diminish the exploration times
needed by an RL agent during the learning process. Fol-
lowing this, RL can be employed to fne-tune these trajec-
tories or acquire more generalized motion patterns.

5.2.2.2. Multiple Tasks. Within the literature, several studies
that combine RL with RRTs also assess their methodologies
across diverse tasks. While some tasks involve point-to-
point actions, such as picking-up objects, many are entwined
with contact-rich manipulation tasks, such as pushing an
object on a surface or assembly processes. Tese in-
vestigations typically employ RL to enhance performance or
generalization, while RRTs are tasked with improving
sample efciency (see Figure 12).

5.2.2.2.1. Performance and Safety. An illustrative instance is
the work by Yamada et al. [109], where the emphasis lies on
manufacturing performance and sample efciency. Te

authors proposed a framework coupling an actor–critic
algorithm with an RRT-based motion planner. In this setup,
while the motion planner performed large joint displace-
ments and explored obstructed environments with collision-
free trajectories, the RL policy handled fne manipulations
within the agent’s action space. Nonetheless, the authors
outlined the translation of their outcomes into real-world
applications as a future research direction.

5.2.2.2.2. Generalization. Indeed, sample efciency and
robustness to the simulation-reality gap were two of the
main concerns of the authors in [110]. Employing a meth-
odology akin to [109], the authors utilize RRTs to generate
a reference path, deemed computationally more efcient
than generating a path through RL from scratch. Sub-
sequently, the policies were parameterized with goal loca-
tions to enhance generalization, allowing the agent to be
trained for multiple goals concurrently.

5.2.2.2.3. Initial Findings. As stated before, similar to in-
tegrating RL with APFs, the combination of RL with RRTs
holds the promise of enhancing the sample efciency of
motion planning algorithms. RRTs can generate a reference
trajectory with lower computational demands compared to

Reward
shaping

Via-point
tasks

Sample
efficiency

Collision
avoidance

Cycle
time

reduction

Performance
and safety

Generalization

Residual
RL

Energy
optimization

Figure 11: Main themes addressed by RL in via-point tasks in combination with RRTs.
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RL. Following this, RL can be utilized to refne the initial
trajectory or execute various types of manipulation tasks.

5.2.3. RL and Multiple Control Techniques. RL, APFs, RRTs,
and various other control techniques for motion planning
possess distinct advantages and shortcomings contingent
upon the specifc robotic context. Te efcacy of these
control strategies varies, implying that optimal performance
hinges on selecting the most suitable control strategy for
a given circumstance.

5.2.3.1. Multiple Tasks. At times, RL may operate as a dis-
crete agent, triggering low-level controls contingent on the
task requirements and environment conditions (see
Figure 13).

5.2.3.1.1. Performance and Safety. Sacchi et al. [111] de-
veloped a high-level decision-making RL agent collision
avoidance capability and the computational expense asso-
ciated with diferent control strategies. Among three alter-
native motion planning strategies, APFs, convex
optimization, and joint space position control, this agent
could dynamically choose the most appropriate strategy
based on the encountered circumstances in via-point, pick-
and-place, and welding tasks. Tis dynamic strategy selec-
tion mechanism aimed to optimize the execution of a given
task by adapting to the specifc demands of the robot’s
environment.

5.2.3.1.2. Initial Findings. On occasions, employing a sin-
gular control method may not be optimal, especially when
the same method is intended for diverse tasks or scenarios.
In such instances, implementing a high-level controller to
discern the most suitable low-level control method proves to
be a valuable proposition.

Table 4 provides a comprehensive overview of the key
features of the motion planning articles reviewed employing
RL with other control techniques.

6. Analysis

6.1. Testing Scenarios. Experiments involving via-points [44]
or point-to-point tasks such as pick-up [81], pick-and-place
[85], or welding [88] represent predominant use cases for
evaluating the efectiveness of RL policies in the motion
planning of robotic manipulators. Te prevalence of these
tasks is evident in the schematic diagram presented in
Figure 14, which encompasses the 79 articles reviewed,
revealing that around 88% of these studies are associated
with one of these specifed tasks. Note that there are more

use cases than reviewed papers, as there are works that cover
multiple tasks.

Among these tasks, the via-point experiment stands out
as the most frequently employed use case. In such experi-
ments, the robotic manipulator initiates from an initial
position and, at each time instant, endeavors to compute
a feasible trajectory until it reaches a designated target point,
systematically steering clear of potential collisions with its
surroundings. In such instances, the RL agent’s observations
often include the robot’s joint confguration, the fnal target’s
location, the spatial arrangement of obstacles within the
environment [50], or the relative position between the robot
and the obstacles [23].

While these tasks are instrumental for assessing the
viability of the proposed RL-based motion planning ap-
proach, it is imperative to contemplate the ultimate role of
the robotic manipulator in practical scenarios. As auto-
mation and decision-making capabilities in robotics ad-
vance, robots are increasingly tasked with performing
intricate manipulation assignments [112]. In such cases, the
learned policy must be capable of sequential decision-
making by composing simpler behaviors. For instance, in
HRI assembly or disassembly operations, the robot must
adeptly calculate a collision-free path, avoiding collisions
with humans and the surrounding environment while, at the
same time, maintaining workfow efciency through the
execution of the designated manipulation tasks. However,
RL faces challenges with temporally extended tasks. Fur-
thermore, within workspaces characterized by a signifcant
degree of variability stemming from the unpredictability
inherent in human behavior, the efcacy of a manipulation
task might be contingent upon the person’s location. Could
RL, therefore, be utilized to automatically generate the
necessary abstractions for both motion planning and sub-
sequent tasks? Approaches such as goal-conditioned RL
[113] or hierarchical RL [114] ofer a way for the agent to
focus on which states to reach rather than how to reach
them. In this sense, recent studies have demonstrated the
efectiveness of RL in concurrently managing manipulation
and collision avoidance tasks [94]. Tese methods hold
signifcant potential, particularly for policy implementation
in industrially relevant environments. In this regard, there
exists a promising avenue for further research aimed at
imbuing manipulator robots with heightened cognitive
abilities in such multifaceted tasks.

6.2. RL Algorithms. Following the taxonomy of RL algo-
rithms described in Section 3.1, all the reviewed papers
utilize model-free algorithms. Tis is grounded in the fact
that most of these papers assess the efectiveness of their

Performance
and safety Generalization Goal

locations
Task

efficiency
Multiple

tasks

Figure 12: Main themes addressed by RL across multiple tasks in combination with RRTs.
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approaches in dynamic environments featuring moving
obstacles, where the modeling of transition dynamics is
unfeasible (see Table 5. Note that there are fewer algorithms
than articles reviewed as some studies do not specify the
algorithm employed).

Within the model-free algorithms category, value-based
and actor–critic algorithms prevail. Nonetheless, the former
often operate within discrete action spaces. Notably, a sig-
nifcant portion of works employing value-based algorithms
evaluate their approaches in two-dimensional grid world
scenarios, where the robot end-efector must be moved
between grid positions [27, 38, 58]. Consequently, actor–
critic algorithms emerge as the preferred option for re-
searchers tackling challenges in more realistic environments.
Among these algorithms, SAC [115], DDPG [116], and PPO
[117] constitute the most frequently adopted choices, as
illustrated in Figure 15 (58 actor–critic algorithms consid-
ered). While PPO is an on-policy algorithm, adjusting the
policy to maintain a relatively minor deviation from the
preceding one, SAC and DDPG are of-policy algorithms.
Tese two algorithms employ a replay bufer memory to
archive experiences, leveraging the most valuable in-
formation for efcient training. SAC strives to optimize both
the maximum entropy and the discounted long-term return.
Te integration of maximum entropy aids in augmenting
exploration where it is deemed essential. Conversely, DDPG
is characterized as a deterministic algorithm using deep
function approximators to learn the policy and estimate the
value function within continuous, high-dimensional action
spaces.

6.3. Safety. Safety in RL represents one of the main bot-
tlenecks to the safe and productive use of robots in real
manufacturing or healthcare contexts. Tis safety concern is
primarily associated with the training phase, where the robot
must adhere to specifc safety requirements during explo-
ration. Unlike scenarios such as video games, where an RL
agent operates within the same state space in which it was
trained, this cannot be guaranteed in robotic applications.
Robots may encounter unforeseen perturbations that push
them beyond their training space, leading to an entrance into
an unknown state not accounted for during training.
Consequently, safety considerations in motion planning
extend to both the learning phase [118, 119] and the
postdeployment phase [120, 121].

Concerning safety during the learning phase, Brunke
et al. [119] established a framework with three safety levels.
Safety Level 1 promotes safety and robustness in RL but does
not assure strict adherence to safety constraints. One

approach to achieving this is by introducing a penalty when
undesired collisions with the environment occur during the
learning process [45]. Safety Level 2 aims to enhance per-
formance safely by learning uncertain dynamics.While there
are no rigid safety guarantees at this level, it allows for
estimating the likelihood of safety issues, often leveraging
prior knowledge. For instance, Park et al. [49] utilized an
LSTM network to predict the positions of dynamic obstacles
in the robot’s environment. Lastly, Safety Level 3 involves
providing safety certifcates to a controller that does not
inherently consider safety constraints, potentially achieved
through modifcations to the controller output. Tis level is
less prevalent in motion planning as it necessitates a strin-
gent constraint model to guide RL agent learning in highly
variable environments. How can these safety assurances,
therefore, be integrated into the RL agent’s training process?
Te emergence of shielded RL presents a promising avenue
for safe exploration. Shielded RL involves the integration of
an external safety mechanism, or “shield,” which oversees
the learning process of an RL agent. Te shield’s role is to
scrutinize the agent’s actions and intervene when it detects
potentially unsafe behaviors, thereby preventing the agent
from executing actions that might lead to undesirable states.
In such instances, the shield proposes an alternative action to
the one suggested by the agent, ensuring the agent transi-
tions to a safe state (see Figure 16). While predominantly
assessed in discrete environments, exemplifed by grid world
scenarios [122], researchers have already started its appli-
cation in continuous HRI environments for collision
avoidance in conjunction with formal verifcation methods.
For instance, Tumm and Althof [123] proposed a high-
frequency formal verifcation safety shield for HRI settings.
Tis shield continuously sampled the full range of actions
available to the agent and verifed the safety of each action
during its execution at a high frequency. As a result, the
shield was able to stop the robot before any potential col-
lision with a human, while still allowing the RL agent a high
degree of freedom in its movements. Nonetheless, the
success rate in certain experiment was below 70%, indicating
that further research is needed to advance these hybrid
technologies.

On the other hand, despite the robot undergoing
training in a safe space, its deployment may expose it to
states beyond the training space, triggered by unforeseen
external perturbations. In such scenarios, methodologies like
shielded RL may not adequately account for unexpected
disturbances in dynamic environments, where the shielding
mechanism’s efcacy might be limited. Furthermore, their
application in expansive, continuous action spaces remains
a topic requiring thorough investigation. In this context,

Multiple
tasks

Performance
and safety

Collision
avoidance

Figure 13: Main themes addressed by RL across multiple tasks in combination with other control techniques.
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alternative research [124] proposes an approach akin to
shielded RL, specifcally designed for situations where the RL
policy has already been deployed on a physical robot, self-
stabilization [125]. Tis concept enables the system to au-
tonomously return to a valid state, mitigating the absence of
centralized control.

Moreover, a signifcant portion of the reviewed literature
on motion planning focuses on HRI environments [43, 46].
In these contexts, ensuring human safety is paramount.
Consequently, standards such as ISO 10218-1/2 [126, 127]
and the technical report ISO/TS 15066 [128] delineate safety

specifcations aimed at mitigating potential hazards in HRI
workspaces. To achieve this, four fundamental operational
modes for using collaborative robots are defned, namely,
safety-rated monitored stop, hand guiding, speed and sep-
aration monitoring, and power and force limiting. However,
when an RL algorithm functions as a motion planner,
computing collision-free trajectories, it is worth noting that
stringent safety constraints may not always be guaranteed,
leading to the possibility of occasional collisions. In sce-
narios where the promotion of workfows without safety-
induced production halts is desired, the robot should be

66%
9%

7%

5%

Via-point Welding

Pushing or sliding

Pick up

Contact-rich
tasks and others

Pick and place

2%

11%

Figure 14: Motion planning tasks.

Table 5: Types of algorithms employed in reviewed studies.

Model-based and model-free Model-free
Actor–critic Value-based Policy-based Actor–critic
1 23 0 50

TD3

OtherPPO

21%

3%

9%

33%

SAC

34%

DDPG

Figure 15: Actor–critic algorithms employed in motion planning tasks.
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equipped with a power and force-limiting module. Tis
module serves to diminish risks following an inadvertent
collision with a human collaborator.

Lastly, beyond ensuring safety, it is equally important to
address the perceived safety by users interacting with the robot.
Tus, it is not enough for robot trajectories to be merely safe,
and they should compute smooth trajectories, allowing users to
experience trust, comfort, and a sense of control [129].

6.4. Reward Shaping. Te RL formulation represents goals
through rewards. Rewards can be provided only at the end of
the episode, resulting in sparse rewards [30, 79], or they can
be issued at each time step t, known as dense rewards
[41, 52]. Dense rewards ofer intermediate feedback to the
agent, indicating the quality of the action taken in the
previous time step toward achieving the fnal goal. Tis
intermediate signal is particularly crucial in problems with
long experience streams, as it facilitates learning in
exploration-intensive spaces. For instance, Peng et al. [64]
designed three reward functions, namely, the posture re-
ward, the stride reward, and the stage incentive mechanism.
Te posture reward was proposed to reduce the blindness of
exploration and accelerate the learning process by modeling
the distance and direction constraints of the robot.Te stride
reward aimed to enhance the stability of learning by con-
sidering both distance and movement distance of joint
constraints. Lastly, the stage incentive mechanism was di-
vided into the hard- and soft-stage incentive rewards that
combined the two previous rewards. Te hard-stage in-
centive reward segmented the robot’s workspace into a fast-
approach zone and a slow adjustable area, applying the
posture and stride rewards, respectively. Meanwhile, the
soft-stage incentive reward continuously adjusted the
combination of both rewards, resulting in faster conver-
gence, improved stability, and increased robustness.

Some studies also combine dense and sparse rewards
during learning, providing both intermediate feedback and
an episode termination reward based on the fulfllment of
pre-established conditions [24, 59]. In [94], the authors
utilized a dense reward function to guide the robot through
disassembly and collision avoidance tasks. Upon successful
completion of the extraction or upon reaching an undesired
state, the RL agent was either granted a high reward or
incurred a penalty, after which the training episode was reset
to its initial state.

In motion planning, dense rewards are frequently linked
to the Euclidean distance between the robot and the target
point, exhibiting an inversely proportional relationship
where a smaller Euclidean distance yields a higher positive
reward, and an increased distance results in a corresponding
penalty. Te efcacy of dense rewards in enhancing sample
efciency has been substantiated in motion planning liter-
ature [62, 63]. Nevertheless, formulating these functions can
be intricate, prompting some researchers to opt for sparse
rewards during learning. While sparse rewards contribute to
the development of more robust policies with enhanced
generalizability, they carry the risk of some agents failing to
reach the target point during training and getting trapped in
local minima. Consequently, contemporary approaches
increasingly integrate sparse rewards with methodologies
such as HER [66, 67].

6.5. Sample Efciency. RL is characterized by prolonged
learning times, spanning from minutes to hours or even
days, particularly for applications of moderate complexity.
Te agent’s exploration predominantly infuences the
temporal aspect of learning during training, wherein actions
and interactions with the environment contribute to the
accumulation of knowledge.

In contrast to certain domains where leveraging prior
knowledge, such as human demonstrations, can efectively
reduce training times by bypassing the need to learn from
scratch, this approach encounters challenges in motion
planning. Te difculty arises from the geometric de-
pendency of initial trajectories provided by demonstrations,
posing limitations on generalization capability. Tis geo-
metric dependency becomes particularly critical in scenarios
involving moving obstacles, as it may lead to collisions,
jeopardizing the safety of the robot and its surroundings.

Presently, addressing sample efciency in motion
planning involves diverse perspectives, including curricu-
lum learning [60], reward shaping [64], or employing
models [68]. However, an emerging research direction in-
volves the integration of RL with more conventional AI
techniques in motion planning [100, 110]. Combining APFs
or RRTs with RL ofers a synergistic approach that capitalizes
on the strengths of both paradigms, enhancing sample ef-
fciency in robotic motion planning. APFs provide a com-
putationally efcient means of generating collision-free
paths by modeling attractive and repulsive forces, guiding

Agent

Environment

Action, at

Safe action

Shield
Reward, rt+1State, st

st+1 rt+2

Figure 16: Shielded RL scheme.
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the robot toward its goal while avoiding obstacles. RRTs, on
the other hand, excel at exploring the confguration space
and efciently sampling feasible trajectories. RL may sub-
sequently be employed to refne the initial reference tra-
jectories posited by APFs or RRTs, thereby mitigating the
inherent limitations of these methodologies and generating
policies that outperform the results that would be provided
by these techniques individually. An example of the benefts
arising from the combination of both techniques is dem-
onstrated in [105]. In this study, the authors integrated RTT∗
with a value-based RL algorithm to address a collision-free
trajectory planning problem involving multiple robot arms.
Initially, each robot arm searched for a trajectory to the
target posture using RTT∗, followed by the application of Q-
learning to prevent collisions between the arms. Te results
revealed a reduction in trajectory planning time by more
than 20% compared to using RTT∗ alone. Moreover, this
hybrid approach also outperformed the use of RL alone. In
[107], the authors combined RTT∗ with an actor–critic RL
algorithm, which not only accelerated convergence but also
achieved a higher average reward compared to the RL
algorithm alone.

Lastly, although none of the reviewed articles employed
this method, interactive RL ofers another promising avenue
to enhance sample efciency. Tis approach can involve
either an artifcial or human supervisor. An artifcial su-
pervisor, often another RL policy, creates the so-called
teacher–student framework. In such cases, the teacher
policy can provide corrective guidance to the student policy,
narrowing the exploration space and accelerating learning.
Te student policy can potentially outperform the teacher,
balancing guidance with independent exploration to
maintain generalization [130]. Alternatively, if a human is
included in the apprenticeship loop, they could apply their
cognitive skills and life experience models to provide both
corrective actions and evaluative feedback, efectively
replacing rewards and penalties coming from the environ-
ment [131].

6.6.GeneralizationandSimulation-RealityGap. Te training
process of robot learning necessitates a substantial number
of training episodes and a thorough exploration of the
environment. Insufcient exploration can result in sub-
optimal policies that introduce uncertainty when encoun-
tering unfamiliar states, jeopardizing both the robot and its
surroundings. Furthermore, during the learning phase, the
agent’s exploratory behavior may exhibit potentially haz-
ardous or unexpected robot actions, rendering direct robot
training in real-world settings nearly impractical. Conse-
quently, RL algorithms have conventionally been developed
and evaluated within simulation environments. Indeed,
unlike in other RL felds, all reviewed articles learn in
simulation when it comes to motion planning. However, the
inherent mismatches between simulation and reality have
occasionally hindered the implementation of policies in real-
world settings. Remarkably, nearly 60% of the reviewed
papers did not transfer their control policy to a real robot.

Numerous investigations concentrating on enhancing
sample efciency [89, 97, 101] underscored the need to
augment the generalization capabilities of their approaches
in forthcoming research. Conversely, employing static ob-
stacles or obstacles featuring random or linear motions
within a singular plane might underrepresent hazardous
scenarios, thereby constraining the agent’s generalizability.
Other approaches rely on specifc movements replicating
those of a human collaborator [51, 94]. However, focusing
exclusively on realistic user movements may also under-
represent unforeseen human behaviors. Terefore, to what
extent could combining random obstacles and realistic
human movements improve collision avoidance and motion
planning? Incorporating both types of obstacles during
training could enhance the policy’s generalization capabil-
ities. Nevertheless, for the moment, introducing perturba-
tions in the environment [110] or randomizing the domain
[41, 90] represents potential strategies in addressing this
limitation and fostering improved generalizability of the
agent, consequently yielding more robust policies.

Matlab PyBullet Gazebo

22%

20%

10% 12%

14%

22%

Other

MuJoCo

CoppeliaSim
(V-REP)

Figure 17: Simulators employed in motion planning tasks.
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On the other hand, selecting an appropriate simulator
for learning purposes signifcantly infuences the successful
deployment of policies onto physical robots. Aspects such as
sensor support or physics engines should be considered for
realistic simulations [132]. Although the specifc simulators
utilized by certain research studies are not always explicitly
mentioned, it is noteworthy that Matlab4 [35, 71], Coppe-
liaSim5 [88, 111], and PyBullet6 [57, 87] are the simulators
most commonly used by researchers to train RL policies
around motion planning (refer to Figure 17, 69 papers
considered).

CoppeliaSim and PyBullet are widely utilized simulators
in various robotics domains due to their onboard sensors
like RGBD, LiDAR, and force, along with inverse kinematics
capabilities. However, both exhibit certain limitations
concerning realism, as indicated by [132]. In this regard,
simulators such as NVIDIA Isaac Sim7 are emerging as
viable alternatives that aim to bridge this gap by ofering
improved capabilities. Furthermore, NVIDIA has also in-
troduced its Isaac Gym simulator8, specifcally designed for
training RL agents, which has gained initial attention from
researchers [73]. Notably, Isaac Gym enables the simulta-
neous launch of multiple environments with minor con-
fguration variations, facilitating the expedited acquisition of
new experiences through exploration. Recent studies ac-
tively address the challenge of enhancing sample efciency
and generalizability, which were previously seen as potential
bottlenecks. Te ongoing advancements in this direction,
particularly with the aid of the aforementioned simulator,
have the potential to not only yield more robust RL-based
solutions but also extend the applicability of this control
technique to currently unexplored scenarios.

7. Conclusions

Tis paper presents a comprehensive review of recent ad-
vancements in RL within robotics, with a specifc emphasis
on motion planning. It provides an in-depth overview of
current literature and a high-level analysis of prevailing
trends and unresolved challenges in this domain.

From an applied perspective, this review identifes two
primary trends in researchers’ choices for evaluating their
methodologies. Predominantly, studies conduct evaluations
using via-point experiments, which involve computing
feasible trajectories from an initial point to a target point,
alongside actor–critic algorithms. Within this type of al-
gorithms, the SAC, DDPG, and PPO agents are particularly
prominent.

On a theoretical level, RL research in motion planning
tasks prioritizes three main objectives: enhancing policy
performance, improving sample efciency during training,
and expanding policy generalization capabilities. In terms of
performance improvement, a major challenge lies in en-
suring the safety of learned trajectories. Current studies
largely implement Safety Levels 1 (soft safety constraints)
and 2 (probabilistic safety constraints), which do not in-
corporate stringent safety constraints. Future research
should therefore shift toward Safety Level 3 (hard safety
constraints) approaches, which can provide safety

certifcations. For sample efciency enhancement, a pre-
vailing trend is to integrate RL with other more sample-
efcient AI techniques, such as APFs or RRTs. Lastly, many
studies underscore the need to improve generalization and,
consequently, addressing the gap between simulation and
real-world application. Notably, over half of the reviewed
works do not test their approaches in real environments.
Future eforts should prioritize the development of realistic
simulation environments coupled with techniques like do-
main randomization, enabling policies to maintain both
performance and safety when deployed in real-world sce-
narios despite minor environmental variations.

Nonetheless, amid the diverse lines of ongoing research,
the main research paradigm emphasizes the defnition of
high-level goals for robots.Tis paradigm seeks to enable the
achievement of these goals while upholding performance in
real-world scenarios, irrespective of the dimensionality and
exploration space in which the robot operates.
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