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Abstract: Deep reinforcement learning is emerging as a powerful alternative to traditional inverse kinematics for controlling robotic
manipulators. By learning optimal actions through interaction with the environment, it enables adaptable and precise control in
complex continuous workspaces, making it suitable for dynamic manipulator operations. This paper proposes an actor–critic deep
reinforcement learning framework for manipulator control in a continuous workspace. Conventional inverse kinematics solutions can
become computationally complex for high-degree-of-freedom manipulators or complex kinematic structures. Accurately generating
joint angles by deriving configuration-specific equations therefore remains a persistent challenge. This study employs deep deterministic
policy gradient and twin delayed deep deterministic policy gradient algorithms to directly predict joint angles for target-reaching tasks,
eliminating reliance on conventional inverse kinematics formulations. A key contribution is a simple yet effective linear reward func-
tion that supports stable convergence in continuous action spaces. The proposed framework is implemented using ROS2 and Gazebo
simulation and validated on a custom-built physical manipulator. The work addresses complex equation-based control through rein-
forcement learning and demonstrates proof of concept on a 3-degree-of-freedom manipulator. Experimental results show high task
success rates of 95.77% for the deep deterministic policy gradient algorithm and 94.71% for the twin delayed deep deterministic pol-
icy gradient algorithm, with accurate end-effector positioning within 0.01 m. These results confirm the effectiveness of the proposed
framework for accurate and reliable manipulator control with reduced model complexity and improved real-world applicability.
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1. Introduction

Reinforcement learning (RL) has emerged as a transforma-
tive paradigm in the field of robotics, providing robots with the
capacity to acquire and adjust their behaviors through interactions
with their surroundings. By combining a process of trial-and-
error exploration with the utilization of rewards or penalties,
RL algorithms empower robots to enhance their decision-making
capabilities [1]. This methodology has demonstrated significant
promise across various domains within robotics, encompassing
navigation, manipulation, grasping, and task execution. Tradi-
tional control methods such as Proportional–Integral–Derivative
(PID) control [2], Computed Torque (CT) control [3], Sliding
Mode (SM) control [4], fuzzy control [5], and optimization-
based approaches [6, 7] have historically been used for robotic
manipulator control. These techniques perform well in struc-
tured environments where accurate system models are available.
However, as highlighted by Ajwad et al. [8], their performance
often degrades in complex or dynamic environments due to
strong dependence on precise mathematical modeling and manual
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parameter tuning. This limitation has motivated the exploration
of learning-based approaches for manipulator control.

While machine learning (ML) techniques are effective in pat-
tern recognition and model estimation, and deep learning (DL)
architectures can process high-dimensional sensor data [9, 10],
both approaches typically rely on large, pre-collected datasets.
As highlighted in References [11, 12], they often lack the adapt-
ability required in dynamic or real-time environments, struggle
with generalization to unseen scenarios, and are sensitive to noise
and model variations, making them less suitable for direct low-
level control in robotics. Motivated by these limitations, this work
explores RL as an alternative framework for manipulator con-
trol, enabling policies to be learned directly through interaction
with the environment without requiring explicit system models.
By using RL, the manipulator can learn from its experience by
interacting with the environment, making it more adaptable and
generalizable to different scenarios. It also reduces the collection
of large amounts of data and could promote real-time decision-
making, which would enable the manipulator to provide quick
responses with reliability.

Inverse kinematics (IK) methods require accurate analyti-
cal or numerical models of the robot’s kinematic structure to
compute joint configurations corresponding to a desired end-
effector position. While effective for well-defined manipulators,
these approaches can become increasingly complex for robots with
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higher degrees of freedom, redundant configurations, or intricate
link geometries. In addition, IK solutions are often configuration-
specific and sensitive to singularities within the workspace. As
discussed in References [13–15], these characteristics can limit
adaptability in environments involving modeling uncertainties,
sensor noise, or dynamic disturbances, motivating the exploration
of learning-based control strategies.

Deep reinforcement learning (DRL) provides an alternative
paradigm for manipulator control by enabling agents to learn
control policies directly through interaction with the environment
rather than relying on explicit analytical models [16]. This capabil-
ity is particularly advantageous for robotic manipulators, which
often exhibit nonlinear dynamics, complex joint interactions,
and varying operating conditions. Unlike traditional model-based
approaches, DRL can learn continuous control policies that map
observed states directly to joint actions, allowing the system to
adapt to uncertainties and variations in the environment. Fur-
thermore, actor–critic methods such as deep deterministic policy
gradient (DDPG) and twin delayed deep deterministic policy gra-
dient (TD3) are specifically designed for continuous action spaces,
making them well suited for robotic control tasks where joint
angles must be adjusted smoothly and precisely.

Despite the growing success of DRL in robotic control, its
application to manipulator systems remains constrained by sev-
eral practical and methodological challenges. First, many existing
DRL-based approaches for manipulator control are designed for
discretized or partial continuous workspaces [17, 18], limiting
their applicability in real-world scenarios that demand fine-
grained, continuous control across the entire operational space.
Second, several prior works employ complex reward structures,
including exponential [19], trigonometric [20, 21], or multi-metric
formulations [22], which, while effective in certain scenarios,
can increase training complexity, slow down convergence, and
make reward shaping more sensitive and less generalizable. Third,
although DRL has demonstrated promise in simulation envi-
ronments, relatively few studies provide thorough hardware-level
validation, especially for continuous joint-space control of manip-
ulators [23–25]. This limits the understanding of sim-to-real
generalizability—an essential factor for deploying these systems in
practical applications. To address these gaps, this work proposes
a lightweight, actor–critic DRL-based framework for controlling
a 3-degree-of-freedom (3-DoF) robotic manipulator in a continu-
ous three-dimensional workspace. The proposed approach makes
the following key contributions:

1) An alternative to traditional IK with DRL-based joint angle
prediction, enabling real-time adaptability without relying on
complex kinematic modeling

2) Introduction of a simple, piecewise-linear reward function
that promotes stable learning behavior while reducing reward
computational complexity.

3) Deployment of compact multilayer perceptron (MLP)-based
actor and critic networks within both the DDPG and TD3
frameworks, optimized through systematic hyperparameter
tuning.

4) Comprehensive evaluation of the proposed approach in both
simulated (Gazebo, ROS2) and real-world environments using
a custom-built physical manipulator.

5) Achievement of high end-effector accuracy within 0.01 m
and success rates exceeding 95%, demonstrating robust
performance and effective sim-to-real transfer.

6) The findings underscore the practicality of DRL in manipula-
tor control tasks and provide a model-free control alternative

that avoids explicit IK computation especially in scenarios
involving dynamic and unstructured environments.

The contributions of this work can be categorized into
two aspects: application-level contributions and methodologi-
cal contributions. From an application perspective, the study
demonstrates the deployment of actor–critic DRL algorithms for
continuous control of a 3-DoF robotic manipulator with success-
ful sim-to-real transfer using a ROS2 and Gazebo framework.
From a methodological perspective, the work investigates a sim-
plified piecewise-linear reward formulation designed to improve
training stability while reducing reward design complexity com-
pared with more computationally complex nonlinear reward
structures commonly used in RL-based manipulator control.

The structure of this paper is organized as follows. Section 2
reviews the existing literature on the topic, covering areas such as
the progression of manipulator control techniques, the applica-
tion of ML and DL methods, and the rise of RL in manipulator
control. It also examines the formulation of reward functions
across different use cases and scenarios. Section 3 introduces the
RL framework for the problem statement, detailing the model
algorithms employed. Section 4 explains the system architec-
ture, encompassing the manipulator design and model structures.
Section 5 explores the kinematic analysis of the 3-DoF manipula-
tor. Section 6 presents the evaluation metrics used, hyperparameter
tuning processes, and training and testing outcomes, including
both simulation and hardware results. Section 7 discusses the key
contribution of the work. Finally, Section 8 provides the paper’s
conclusions and suggests future research directions.

2. Related Works

To understand the research area in manipulator control, a
historical overview of control theory applied to robotic manipu-
lators, focusing on the foundational principles of robot control
in its early stages, as analyzed by Spong [1], was studied.
Ajwad et al. [8] reviewed advanced control techniques for robotic
manipulators, focusing on intelligent PID, robust control, and
adaptive approaches. They highlighted the future trends and open-
source simulators. In Reference [13], the modeling and control
techniques for various robotic manipulators, addressing vibra-
tion issues and evaluating different models and methods, were
reviewed. It also explored various optimization algorithms for
controlling manipulator position, velocity, and vibration. In Ref-
erence [2], a PID controller was used to control the manipulator
that reduces overshoot and conserves electrical energy by dynami-
cally adjusting confidence weights using real-time error and delay.
The CT algorithm has been used in Reference [3] to control the
manipulator integrated with online least squares support vector
regression to improve performance and build an adaptive archi-
tecture without prior system model information. Azeez et al.
[4] proposed an SM control for a 3-link manipulator with a
multi-elite artificial bee colony algorithm for optimal trajectory
tracking and noise cancelation. Wang et al. [5] introduced a
position controller using adaptive fuzzy techniques to enhance
robotic manipulator performance in uncertain environments. The
fuzzy logic was also implemented for a four-axis manipulator
in Reference [26]. In Reference [6], a self-tuning Particle Swarm
Optimization (PSO)-based fuzzy PID controller was proposed to
enhance the robustness and accuracy of manipulators affected
by disturbances and noise. In Reference [7], a hybrid algorithm
combining the Spiral Dynamic Algorithm and Bacterial Foraging
Algorithm was proposed for a flexible manipulator to improve
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exploration, convergence speed, and fitness accuracy. In Ref-
erence [27], alternative methods were also compared such as
adaptive fuzzy and hybrid fuzzy control algorithms for manipu-
lator control through simulations, using performance indices like
steady-state error and maximum error. However, the trend for
controlling robotic arms then shifted toward using ML and DL
techniques.

The use of neural networks has become widespread. Liu
et al. [9] explored artificial neural networks (ANNs) for mod-
eling and controlling robotic manipulators, highlighting their
effectiveness in handling uncertain dynamics and complex struc-
tures. It discusses ANN-based methods and control techniques.
Rawat et al. [11] reviewed intelligent control techniques for robotic
manipulators, including AI-driven methods like neural networks
and metaheuristic algorithms. It highlights their effectiveness in
addressing complex dynamics and enhancing real-world applica-
tions. Jin et al. [10] reviewed the increasing use of neural networks
for controlling robot manipulators in scientific research and engi-
neering applications, highlighting theoretical foundations, recent
progress, and potential directions for practical implementation.
Neural networks offer high-speed parallel processing and promise
labor-saving and accuracy-enhancing solutions in manipulator
control systems. In Reference [28], various ML algorithms in the
context of robotic system design of manipulators were discussed.
Liu et al. [12] presented a neural network-based adaptive control
method for robotic manipulators, highlighting its importance in
tasks like logistics sorting and fruit picking. The proposed method
uses an Radial Basis Function (RBF) neural network and Lya-
punov function for system stability, incorporating back-stepping
control to achieve adaptive and stable closed-loop system perfor-
mance. Li and Li [29] introduced a sparse auto-encoder controller
for manipulator kinematic control, utilizing model-based weights
to improve robustness against noise and parameter uncertainty.
The controller incorporates input saturation and demonstrates
effective path tracking through extensive simulations. Ren and
Ben-Tzvi [14] proposed using modified Generative Adversarial
Networks to efficiently learn inverse kinematics and dynamics
of robotic manipulators with limited data. In Reference [30],
SCARA robots equipped with Convolutional Neural Networks
(CNNs) were proposed that effectively automate waste sorting,
enhancing recycling accuracy and efficiency. Though ML and
DL were widely used for manipulator control, they faced draw-
backs such as high data requirements, significant computational
resource needs, complexity and interpretability issues, risks of
overfitting and poor generalization, and challenges in achieving
real-time performance [10].

RL has become the current trend and technique for robotic
solutions across various domains [31]. It is extensively used in
mobile robots [32], manipulators [33], autonomous vehicles [34],
robotic surgery [35], and industrial automation. This approach
enables robots to learn optimal behaviors through interaction
with their environment, making it versatile and powerful for
diverse applications. Han et al. [17] reviewed recent advances in
DRL algorithms for robotic manipulation, covering methods,
challenges, and solutions.

Li et al. [19] introduced a motion planning framework
for redundant robot manipulators using DRL to optimize both
path length and energy consumption. Luipers et al. [22] studied
the computational challenges of robotic learning with reinforce-
ment learning by combining model-based deep RL for planning
and IK for execution. Joshi et al. [20] introduced a DRL
approach for robotic grasping with visio-motor feedback, reduc-
ing the need for hand-designed features and improving grasping

accuracy. In Reference [36], a DRL framework for prioritiz-
ing tasks in redundant robots was introduced, ensuring critical
tasks are smoothly executed using the Deep Q-Network (DQN)
algorithm. Zheng et al. [37] addressed inefficient convergence
in manipulator trajectory planning in dynamic environments. It
introduced an action selection technique and a reward function,
significantly enhancing efficiency in DRL. Honerkamp et al. [23]
presented a DRL approach to enable mobile robots to perform
complex manipulation tasks. It leverages kinematic feasibility as a
dense reward signal and performs across various robot platforms
in both simulated and real-world experiments. In Reference [15],
a DRL approach for solving the complex IK problem of a 7-
DoF robotic manipulator using DQN was proposed. In Reference
[18], a DRL learning-based motion planning algorithm for manip-
ulators to enhance adaptability and autonomy was introduced.
Luipers et al. [22] presented the computational challenges of
robotic learning through RL by combining model-based DRL for
planning and IK for execution using a simulated Franka Emika
Panda robot. In Reference [38], a closed-loop pose/force controller
for a soft manipulator using DRL, promising sim-to-real trans-
fer performance, was developed. The controller leverages domain
randomization and reward engineering to handle complex inter-
actions, revealing emergent mechanical intelligence in the robot.
Carlos et al. [24] developed a simulated 7-DoF robotic manipu-
lator in CoppeliaSim, controlled using an advantage actor–critic
DRL agent. He et al. [39] developed and validated an actor–critic
reinforcement learning control strategy for a flexible two-link
manipulator to achieve vibration suppression and trajectory
tracking. Unlike existing works that focus primarily on discrete
or partially continuous workspaces, or continuous workspaces
confined to small regions, our method successfully handles a con-
tinuous workspace spanning the entire manipulator region. This
not only provides a more comprehensive solution but also ensures
better accuracy and applicability to real-world robotic systems.

In reinforcement learning, the reward function is crucial as
it guides the agent’s behavior by providing feedback on the desir-
ability of actions, helping it learn the most effective strategies.
While complex reward functions such as those involving exponen-
tial [19], trigonometric [20, 25], or multi-metric objectives [22] can
improve learning specificity in some tasks, they often introduce
challenges in convergence stability and interpretability. Designing
and tuning reward functions can be challenging in reinforcement
learning applications. Our approach addresses this by proposing
a piecewise-linear reward structure that simplifies training and
enhances convergence, especially in continuous action spaces.

In contrast to the majority of existing works that focus
on discrete or small-scale continuous workspaces, we propose
a DRL-based control strategy for a 3-DoF robotic manipula-
tor operating within a fully continuous 3D hemisphere-shaped
workspace, as illustrated in Figure 1. Our framework serves
as a viable alternative to IK with actor–critic DRL algorithms
(DDPG and TD3), allowing for direct joint angle prediction
without reliance on explicit kinematic models. To promote
stability and reduce complexity, we introduce a simple, piecewise-
linear reward function and utilize a compact MLP-based policy
architecture. These design choices emphasize ease of implemen-
tation and training efficiency, addressing limitations in reward
shaping and sim-to-real transfer noted in prior literature [19,
22, 38]. The summary of the survey is provided in Table
1. This table summarizes existing DRL-based approaches for
manipulator control and highlights their main advantages and
limitations. In contrast to prior methods that rely on IK, complex
reward engineering, large visual datasets, or high computational
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Table 1
Summary of DRL methods for manipulator control

References DRL method Application Advantages Limitations

[15] Deep Q-Network
(DQN)

Solving inverse kine-
matics for 7-DoF
manipulators

Eliminates explicit
kinematic modeling

Limited scalability for
continuous control

[18] DRL-based motion
planning

Autonomous manip-
ulator motion
planning

Improved adapt-
ability and
autonomy

Requires extensive
training data

[19] Deep reinforce-
ment learning for
motion planning

Path planning for
redundant manipula-
tors optimizing path
length and energy

Handles multi-
objective
optimiza-
tion, adaptable
to complex
environments

Complex reward
design and longer
training time

[20] Deep RL with visio-
motor feedback

Robotic grasping tasks Eliminates hand-
crafted features,
improves grasp
accuracy

Requires large visual
datasets

[22] Model-based deep
RL + inverse
kinematics

Planning and execution
for Franka Emika
Panda robot

Improves planning
efficiency by com-
bining model
knowledge and
learning

High computational
requirements

[23] DRL manipulation
framework

Complex manipulation
tasks with mobile
robots

Works across differ-
ent platforms and
environments

Training complexity
and computational
load

[36] Deep Q-Network
(DQN)

Task prioritization in
redundant robots

Efficient decision-
making for
sequential tasks

Discrete action space
limits control
precision

[37] Improved DRL
with optimized
action selection

Trajectory plan-
ning in dynamic
environments

Faster convergence
and improved
efficiency

Sensitive to reward
design

[38] Deep RL pose/force
control

Closed-loop control of
soft manipulators

Good sim-to-
real transfer
using domain
randomization

Complex reward
engineering

[39] Actor–critic rein-
forcement
learning

Vibration suppres-
sion and trajectory
tracking in flexible
manipulators

Effective control
in continuous
workspace

Training stability
challenges

requirements, the proposed method provides a model-free DRL-
based alternative for direct joint angle prediction. The key
strength of this work lies in the use of a simple piecewise-linear
reward function with compact MLP-based actor–critic networks
under DDPG and TD3 frameworks. The proposed approach
achieves stable learning, high end-effector accuracy within 0.01
m, and success rates above 95% in both Gazebo/ROS2 simulation
and real-world experiments, demonstrating practical applicability
and effective sim-to-real transfer.

3. Reinforcement Learning Formulation

Our proposed framework features a continuous workspace
defined as a hemisphere with a diameter of 0.4 m, offering a total
volume of approximately 0.0168 m3, as shown in Figure 1. This
design enables the manipulator to access all regions within the
hemisphere seamlessly. The framework ensures high precision in

representing continuous values, with a granularity of up to two
decimal places, facilitating fine-grained analysis and control. This
continuous design not only maximizes the manipulator’s opera-
tional reach but also allows for systematic exploration of the entire
workspace.

3.1. Environment

The environment is a 3-DoF robotic arm or manipulator.
Figure 1 illustrates the 3D model of the manipulator in the RViz
visualization tool.

3.2. Agent

The agent is the developed robotic controller, which serves
as the software or brain behind controlling the manipulator. It is
responsible for learning the environment.
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Figure 1
3-DoF robotic manipulator as environment

3.3. State

The state refers to the position of the end-effector within
a 3D workspace. It contains both the home and the destination
coordinates. It is represented as shown in Equation (1).

s =
⎡⎢⎢⎢⎢⎢⎢⎢⎣

x1

y1

z1
x2

y2

z2

⎤⎥⎥⎥⎥⎥⎥⎥⎦
∈ R (1)

where (x1, y1, z1) are the home coordinates, (x2, y2, z2) are
the destination coordinates, and each element x1, y1, z1,
x2, y2, z2 ∈ R in the coordinate space.

3.4. Actions

The actions correspond to the joint angles of the manipu-
lator. The joint space is defined by (𝜃1, 𝜃2, 𝜃3), with each angle
ranging from

−𝜋
2

to
𝜋
2
. This is represented in Equation (2).

a = ⎡⎢⎢⎣
𝜃1𝜃2𝜃3
⎤⎥⎥⎦ ∈ [−𝜋

2
, 𝜋
2
] (2)

where 𝜃1, 𝜃2, 𝜃3 are the joint angles of the manipulator and each
angle 𝜃i ∈ [−𝜋

2
, 𝜋

2
].

3.5. Rewards

The reward function R is formulated to guide decision-
making based on the Euclidean distance D between target
coordinates and end-effector coordinates of the robotic manipu-
lator. Specifically, R follows a piecewise structure: if D falls within
the narrow interval [-0.01 m, 0.01 m], the reward is computed as

k

D+ 𝜏 , where k = 500 and 𝜏 = 0.1. This formulation ensures a high

reward when the end-effector is near the target, inversely scaling
with the distance D. Conversely, outside this range, R adopts a
linear penalty proportional to D but negatively scaled by k. Thus,
the function optimizes performance by incentivizing proximity
to the target while penalizing deviations, leveraging a nuanced
reward strategy. This piecewise and linear function adjusts the
reward based on proximity to the target within a specific

tolerance, with k scaling the reward magnitude inversely propor-
tional to D when within range and directly proportional when
outside it. The simple reward function is provided in Equation (3).

R = { k

D+ 𝜏 i f D 𝜖 [−0.01, 0.01]−k × D otherwise
(3)

The symbol × denotes standard scalar multiplication
between the constant k and the distance D. The positive reward
parameter kwas set to 500, calculated using Equation (4). A scalar
value of 100 was chosen for simplicity, although any positive
constant could be used, as this factor primarily serves a scaling
purpose. Additionally, for the positive reward, a constant 𝜏 = 0.1
was incorporated to ensure nonzero divisibility.

k = 100
Workspace Radius

(4)

Unlike several prior works that use complex or nonlinear
reward functions, such as exponential [17], trigonometric [22, 25],
or multi-objective formulations [19], our approach adopts a simple
piecewise-linear reward structure.

To demonstrate that the proposed reward function performs
better than nonlinear functions, the following reward functions
were designed to compare with our novel approach, as shown in
Equations (5) and (6).

R = {−k × (1 − tanh |D|) i f D 𝜖 [−0.01, 0.01]−k × tanh Dotherwise
(5)

R = { k

D2 + 𝜏 i f D 𝜖 [−0.01, 0.01]−k × D2 otherwise
(6)

In Equation (5), the reward is based on the hyperbolic tan-
gent function, providing a smooth, bounded response as the error
changes. In Equation (6), the reward uses an inverse quadratic
form near the target and a quadratic penalty when the error moves
outside the tolerance range. These functions are used to evaluate
the effectiveness of the proposed reward design against nonlinear
alternatives.

The agent was trained with the reward functions for
10,000 episodes, and the resulting success rates are shown in
Figure 2. All reward functions were evaluated under identical
training conditions, including the same network architecture,
hyperparameters, and environment configuration, ensuring a fair
comparison of learning performance. The proposed linear reward
function achieves a higher success rate and demonstrates faster
learning compared to the quadratic and tanh-based reward func-
tions. While the quadratic and tanh functions improve gradually,
their final success rates remain lower than that of the proposed
approach, indicating the effectiveness of the linear reward design.

The cumulative rewards obtained using the different reward
functions during training are shown in Figure 3. The proposed
linear reward function shows a steady improvement in rewards as
training progresses. In comparison, the quadratic and tanh-based
reward functions exhibit smaller reward improvements and greater
variability. This indicates that the proposed reward design provides
more stable learning and better reward accumulation over time.

While the choice of a piecewise-linear reward function has
not been extensively benchmarked in literature for manipulator
control tasks, it is empirically validated in this study to yield stable
convergence and a high success rate exceeding 95%. This simpli-
fication not only reduces reward computational complexity but

Pdf_Fol io:5 05



Journal of Computational and Cognitive Engineering Vol. 00 Iss. 00 2026

Figure 2
Reward function performance comparison

Figure 3
Accumulated reward performance comparison

also facilitates more interpretable learning dynamics, contributing
to the practical applicability of the proposed DRL framework.

Compared with the nonlinear reward formulations evaluated
in this study, the proposed linear reward function demonstrated
faster convergence and more stable reward accumulation during
training. As observed in Figures 2 and 3, the proposed formu-
lation achieved stable convergence in approximately 31% fewer
training episodes than the quadratic and tanh-based reward func-
tions. In addition, the linear reward structure avoids repeated

nonlinear operations associated with trigonometric or exponential
reward calculations, thereby reducing computational overhead
during reward evaluation.

The structure of the reward function plays a crucial role in
determining the stability and convergence behavior of reinforce-
ment learning algorithms. In continuous control problems such as
robotic manipulator motion, overly complex reward formulations
may introduce steep gradients or highly nonlinear reward varia-
tions that can destabilize policy updates. In contrast, the proposed
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piecewise-linear reward provides a smoother and more predictable
learning signal for the actor–critic networks. This enables the critic
network to estimate value functions more reliably, which in turn
stabilizes actor updates and reduces oscillations during training.
Consequently, the proposed reward formulation improves both
convergence efficiency and learning stability.

3.6. Deep Deterministic Policy Gradient

DDPG is an actor–critic reinforcement learning algorithm
designed for continuous action spaces. It combines deterministic
policy gradients with deep neural networks to learn control poli-
cies directly from high-dimensional state representations. DDPG
has been widely applied to robotic control tasks due to its ability
to handle continuous joint actions efficiently [21].

3.7. Twin Delayed Deep Deterministic Policy
Gradient

Twin Delayed DDPG (TD3) extends DDPG by introducing
mechanisms to mitigate overestimation bias and improve training
stability. These include clipped double Q-learning, delayed policy
updates, and target policy smoothing [40]. TD3 has demonstrated
improved robustness compared to DDPG in several continuous
control benchmarks [41].

4. System Architecture

The system architecture outlines the overall framework that
integrates the manipulator with the control algorithms. This
involves both the physical and software components necessary for
effective operation and learning. In this section, the manipula-
tor design for simulation and hardware with a model architecture
developed for DDPG and TD3 is discussed.

4.1. Manipulator design

The manipulator design, illustrated in Figure 1 using the
RViz 3D visualization tool, features a 3-DoF configuration. This
design includes three distinct segments: the torso, the upper arm,
and the lower arm. Specifically, the torso and upper arm each
have a length of 15 cm, while the lower arm measures 5 cm. The
workspace of the manipulator is designed as a hemisphere with a
radius of 20 cm, allowing the arm to operate within this spatial
volume.

4.2. Hardware design

To assess the real-time performance of the trained model, a
physical 3-DoF manipulator was constructed and integrated with
hardware components. The manipulator’s joint angles are sent by
the microcontroller to the manipulator, interfacing with a Python
script that executes the trained model’s predictions. This control
system is shown in Figure 4.

4.3. Denavit–Hartenberg parameters

The Denavit–Hartenberg parameters constitute a standard-
ized set of four parameters crucial for defining the geometric and
kinematic properties of robotic manipulator joints. The labeled
diagram of a 3-DoF manipulator is shown in Figure 5; it illus-
trates a robotic arm capable of moving in a plane by adjusting the
angles (𝜃1, 𝜃2, 𝜃3) at each joint. By manipulating these angles,

Figure 4
Control system block diagram for hardware

Figure 5
3-DoF manipulator diagram

the arm can reach different positions and orientations within
its workspace, which in this case is a hemisphere. Each link in
the arm is connected to the previous one by a rotational joint,
allowing movement in a specific plane. Based on the diagram,
the calculated values of the Denavit–Hartenberg Parameters for a
3-DoF manipulator are shown in Table 2.

Table 2
Calculated values of Denavit–Hartenberg parameters

Link
Link
length

Twist
angle

Link
offset

Joint
angle

L1 0.15 90 0.0 𝜃1
L2 0.15 0 0.0 𝜃2
L3 0.05 0 0.0 𝜃3

4.4. DDPG model architecture

The DDPG model architecture depicted in Figure 6 employs
anMLP for both the actor and critic networks. The actor network
has 6 input layers and 3 output layers, tailored to accommodate
the dimensions of the state and action spaces, respectively. It has
2 hidden layers with 256 neurons in each layer. The Leaky ReLU
activation function is utilized in the input and hidden layers to
introduce nonlinearity and enhance learning capabilities. The out-
put layer uses the TanH activation function, which provides joint
angle values in the range of [−1, 1]. These values are then lin-
early transformed to the range of [−90, 90]. The critic network
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Figure 6
Model architecture of DDPG agent

has 9 input layers and 1 output layer. It has 2 hidden layers with
256 neurons in each layer. The Leaky ReLU activation function
is utilized throughout the model. The output layer provides the
action-value function Q(s, a), where s is state and a is action.
This architecture is structured to facilitate effective learning and
adaptation in complex reinforcement learning tasks.

4.5. TD3 model architecture

The TD3 model architecture depicted in Figure 7 follows
a variant of the DDPG architecture with an additional critic
network, enhancing its capacity for robust performance in rein-
forcement learning tasks. During training, this configuration
involves comparing the action-value function Q(s, a) predicted
by both critic networks and selecting the minimum value to guide
actor network updates. The architecture utilizes an MLP for both
the actor and the two critics. The number of layers and neu-
rons and the type of activation function used are similar to the
DDPG architecture. This structured approach aims to optimize
learning efficiency and achieve reliable performance in complex
control scenarios.

5. Kinematic Analysis of 3-DoF Manipulator

The 3-DoF manipulator has been analyzed quite compre-
hensively in terms of its reachable points in the space of states.
It was concluded that certain points were unreachable due to
constraints associated with the manipulator’s configuration. By
identifying unreachable points owing to configuration restrictions,
the training dataset was cleansed to improve the performance of
the learning agent. This was done strategically to prevent unneces-
sary inefficiencies and errors on the part of the agent as it tries to
access places that are difficult to reach. The reachable workspace

of the manipulator is depicted graphically in Figures 8 and 9,
showing three-dimensional and two-dimensional views of the
reachable valid points, respectively. The careful selection of learn-
ing points increases the effectiveness of learning but also ensures
that the agent operates within feasible configuration constraints,
hence allowing reliable and accurate control of the manipulator.

6. Results and Discussions

In this section, the results and performance of our proposed
framework are presented and discussed. We provide a detailed
analysis of the results obtained from the hyperparameter tuning,
training, and testing phases, as well as in-depth insights from the
simulations and hardware performance evaluations.

6.1. Evaluation criteria

It will be important to set specific requirements in the per-
formance analysis of our agent. For the case of the trained model,
performance assessment is obtained through the evaluation of the
success rate, defined as the proportion of successful episodes out
of the total number of episodes, given by Equation (7).

Success Rate = Number of Success ful Episodes
Total Number of Episodes

(7)

The second is the mean square error, defined as the average
squared difference between the values estimated and the true val-
ues. It measures how well the model performed, as it describes
whether the model’s predictions fit the correct outcomes or not,
given by Equation (8).

MSE = 1
n
∑n

i=1
(ei − e′i)2 (8)
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Figure 7
Model architecture of TD3 agent

where ei represents the ground truth joint angle values, e′i are
the predicted joint angle values, and n is the total number of
observations.

The third criterion is Euclidean distance. It is a measure of
the two-dimensional, linear distance between two points within
Euclidean space. This is the measure oftentimes utilized to state
measures of similarity or dissimilarity between pairs of points, as
described in Equation (9).

d = √∑n

i=1
(xi − yi)2 (9)

where (x1, x2, . . . , xn) and (y1, y2, . . . , yn) are the coordi-
nates of the two points in n - dimensional space. In reinforcement
learning for manipulator control, Euclidean distance defines the
measure of how close the end-effector goes to the target des-
tination. This metric is used principally in simulation with the

specially designed manipulator. A trial was considered successful
if the Euclidean distance between the end-effector position and
the target position was less than 0.01 m at the end of the episode.

6.2. Hyperparameter tuning

Tuning hyperparameters in reinforcement learning is crucial
for optimizing algorithm performance, enhancing convergence
speed, and improving stability. In this work, a systematic
approach was employed to tune the hyperparameters. The hyper-
parameters considered include Number of Neurons, Hidden
Layers, Learning Rate (𝛼), Discount Factor (𝛾), Exploration Rate
(𝜀), Soft Update Rate (𝜏), Batch Size, and Max Steps. The hyper-
parameters tuned for the DDPG algorithm are explained below.
The initial values of the hyperparameters were randomly selected
and shown in Table 3.
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Figure 8
3D view of manipulator’s reachable points

Figure 9
2D view of manipulator’s reachable points
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Table 3
Initial hyperparameter values

Hyperparameter Values

Neurons 64
Hidden Layers 64–64

Actor Learning Rate and Critic Learning Rate 0.001–0.001

Gamma 0.9
Epsilon 0.3

Tau 0.003
Replay Buffer 10000

Batch Size 64
Max Step 64

6.2.1. Number of neurons
The tuning process began with adjusting the number of neu-

rons in a single hidden layer. Keeping all other hyperparameters
the same as in Table 3, initially, 64 neurons were used, and while
the success rate increased, it quickly plateaued, indicating no fur-
ther capacity for learning. Next, 128 neurons were tested, showing
some initial promise but ultimately achieving the same success
rate as 64 neurons. Subsequently, 256 neurons were evaluated,
and this configuration outperformed the previous two, exhibiting
a steady improvement in performance. As a result, 256 neurons
were selected. These results are illustrated in Figure 10.

6.2.2. Hidden layers
Having the number of neurons in the first hidden layer fixed

at 256 and all the other hyperparameters with the same value as in
Table 3, different neuron counts were tested in the second hidden

layer: 64, 128, and 256. Once again, the configuration with 256
neurons in the second layer outperformed the others, showing a
significant increase in the success rate. Consequently, the model
with two hidden layers, each containing 256 neurons, was selected.
These results are illustrated in Figure 11.

6.2.3. Learning rate (𝛼)
The learning rate in RL controls the magnitude of updates to

model parameters during training, balancing speed and stability
in convergence. In DDPG and TD3, separate learning rates for
the actor and critic networks help optimize policy and value esti-
mation independently; a lower rate for the critic stabilizes value
estimates, while a higher rate for the actor allows faster policy
improvement based on updated critiques. Having fixed the num-
ber of neurons and hidden layers and all other hyperparameters
with the same value as in Table 3, different learning rates for actor

Figure 10
Hyperparameter tuning for number of neurons
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Figure 11
Hyperparameter tuning for hidden layers

(𝛼a) and critic (𝛼c) were tested as shown in Figure 12. A learn-
ing rate of 0.002 for both the actor and the critic yielded the best
performance in terms of success rate compared to other values.

6.2.4. Discount factor (𝛾)
The discount factor in RL determines the importance of

future rewards by exponentially reducing their impact on current

decisions. In DDPG and TD3, it balances immediate and long-
term gains, guiding the critic network’s value estimation by
prioritizing rewards within a relevant time horizon, which indi-
rectly influences the actor’s policy updates. With the number of
neurons, hidden layers, and learning rate held in the selected val-
ues and all the other hyperparameters with the same value as in
Table 3, the discount factor was tested using values of 0.5, 0.7,

Figure 12
Hyperparameter tuning for learning rate (𝛼)
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0.9, 0.95, and 0.99. As illustrated in Figure 13, a discount factor
of 0.9 resulted in a higher success rate compared to 0.99, 0.95,
0.7, and 0.5, although the differences were marginal. Therefore, a
discount factor of 0.9 was selected.

6.2.5. Exploration rate (𝜀)
With the number of neurons, hidden layers, learning rate,

and discount factor held in the selected values and all the other

hyperparameters with the same value as in Table 3, the exploration
rate values of 0.2, 0.3, and 0.4 were tested, with an exploration
rate of 0.3 yielding the highest success rate compared to the oth-
ers. This is illustrated in Figure 14. As a result, an epsilon of
0.3 was selected. The exploration rate in RL defines the proba-
bility with which the agent chooses to explore new actions rather
than exploit known rewarding actions in epsilon-greedy strategies.
A lower epsilon encourages exploitation, while a higher epsilon

Figure 13
Hyperparameter tuning for discount factor (𝛾)

Figure 14
Hyperparameter tuning for epsilon (𝜀)
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increases exploration. Balancing exploration and exploitation is
crucial to ensure that the agent does not prematurely converge on
suboptimal policies.

6.2.6. Soft update rate (𝜏)
The number of neurons, hidden layers, learning rate, dis-

count factor, and exploration rate were held in the selected values,
and all the other hyperparameters were set to the same value as
in Table 3. The soft update rate was tuned, with a value of 0.003
delivering the best performance compared to other values; there-
fore, 0.003 was chosen, and this is illustrated in Figure 15. Here,
the soft update rate controls the rate at which the target network
is updated with the learned network’s parameters. A smaller tau
results in slower updates, ensuring smoother transitions and more
stable learning, while a larger tau leads to quicker updates but
may cause instability.

6.2.7. Batch size
The number of neurons, hidden layers, learning rate, dis-

count factor, exploration rate, and soft update rate were held in
the selected values, and all the other hyperparameters were set to
the same value as in Table 3. Batch size in RL refers to the num-
ber of samples used to compute updates during training, affecting
the stability and efficiency of learning. In DDPG and TD3, a
larger batch size can lead to more accurate gradient estimates
for both the actor and critic networks by averaging over diverse
experiences, while smaller batch sizes may enable quicker updates
and exploration but can introduce noise, potentially destabiliz-
ing training. The batch size was tested with values of 32, 64, and

128. As shown in Figure 16, a batch size of 64 yielded the high-
est success rate compared to 128 and 32, and therefore, 64 was
selected.

6.2.8. Max step
The maximum number of steps per episode was tuned, with

256 steps yielding the highest success rate, although 128 steps
were also very close, as shown in Figure 17. The maximum step
limit determines how long an agent is allowed to interact with the
environment in a single episode. A higher maximum step count
can provide the agent with more opportunities to learn from its
actions, while a lower count may expedite learning but can also
limit the agent’s ability to explore its environment thoroughly.
Therefore, a maximum step count of 256 was selected for optimal
performance.

The summary of the selected values for all the hyperparam-
eters is shown in Table 4.

6.3. Training results

6.3.1. Deep reinforcement learning using DDPG
The DDPG algorithm was trained with a precision require-

ment of 0.01 m, aiming for the manipulator to accurately reach
target positions within this tolerance. The agent demonstrated
robust performance, achieving the desired destinations reliably
within the specified tolerance. The accumulated rewards obtained
over 20,000 training episodes are presented in Figure 18, where
positive y-axis values denote the reward points accumulated by the
agent during training. Evaluation of performance also included

Figure 15
Hyperparameter tuning for tau (𝜏)
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Figure 16
Hyperparameter tuning for batch size

Figure 17
Hyperparameter tuning for max step
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Table 4
Tuned hyperparameter values

Hyperparameter Values

Neurons 256
Hidden Layers 256-256

Actor Learning Rate and Critic Learning Rate 0.002-0.002

Gamma 0.9
Epsilon 0.3

Tau 0.003
Replay Buffer 10000

Batch Size 64
Max Step 256

Figure 18
Accumulated rewards (DDPG algorithm)

a success rate analysis, as depicted in Figure 19, which indicated
a commendable success rate of 93.72%. This metric underscores
the model’s effective learning and adaptation to its environment.
Additionally, Figures 20 and 21 illustrate the Actor Mean Square
Error and Critic Mean Square Error, respectively. In DDPG, the
objective of the actor network is to learn a policy that maximizes
the expected return by producing actions that lead to high Q-
values as evaluated by the critic. To achieve this, the actor’s loss
function is defined as the negative Q-value of the chosen action,
which the critic estimates given the current state, as shown in
Equation (10).

Lactor = −Q(s, a) (10)

where −Q (s, a) represents the critic’s estimate of the expected
return for state s and action a chosen by the actor. Minimiz-
ing this loss function allows the actor to indirectly maximize the
expected return, aligning with the goal of policy improvement.
As training progresses, the actor’s loss typically becomes more
negative, reflecting enhanced policy performance through higher

expected returns. Meanwhile, the critic’s loss trends toward zero
as training progresses, indicating effective learning and conver-
gence of the model. Together, these findings demonstrate that
the DDPG model has learned the task effectively and achieved
proficient performance in controlling the manipulator within a
challenging continuous state space.

6.3.2. Deep reinforcement learning using TD3
The TD3 algorithm was trained with a precision require-

ment of 0.01 m, necessitating the agent to accurately position
the manipulator. Figure 22 illustrates the accumulated rewards
obtained over 30,000 training episodes, where positive y-axis val-
ues represent the reward points accumulated by the agent during
its learning process. Evaluation of performance included an anal-
ysis of success rate, as depicted in Figure 23, which indicated a
notable success rate of 93.62%. This metric underscores the algo-
rithm’s effective learning and adaptation capabilities within its
operational environment. While both algorithms achieved high
success rates, the DDPG-based agent converged in fewer episodes
compared to TD3, suggesting faster policy stabilization under our
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Figure 19
Success rate (DDPG algorithm)

Figure 20
Actor network Mean Squared Error (MSE)
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Figure 21
Critic network MSE

Figure 22
Accumulated rewards (TD3 algorithm)
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Figure 23
Success rate (TD3 algorithm)

simplified network and reward settings. This observation aligns
partially with the findings in References [38, 39], where TD3 gen-
erally provides greater robustness but at the cost of longer training
due to its dual critic structure and policy delay mechanisms. Our
empirical results demonstrate that for this specific 3-DoF task,
DDPG offers a better trade-off between performance and training
efficiency.

6.4. Testing results

Following training with DDPG and TD3, the models were
evaluated in the manipulator’s workspace environment, and the
testing success rates are summarized in Table 5. In training,
the actor–critic networks learn by interacting with the environ-
ment, using experience replay and target networks for stability.
In testing, only the trained actor network is used to select deter-
ministic actions without exploration noise. The success rate for
both algorithms was tested over 100,000 trials. The end-effector of
the manipulator was able to reach the target destination 95.77%
of the time within a threshold of 0.01 m for the DDPG algo-
rithm. The remaining were within a threshold of 0.015–0.020 m.
The end-effector of the manipulator was able to reach the tar-
get destination 94.71% of the time within a threshold of 0.01 m
for the TD3 algorithm. The remaining were within a threshold
of 0.015–0.020 m. Therefore, during testing, DDPG exhibited a
marginally higher success rate compared to TD3. Even though
the difference is marginal, ultimately, DDPG was chosen as the
final algorithm due to its comparative simplicity relative to TD3,
its lesser time taken to train the agent, and its strong perfor-
mance in the test scenarios. This selection underscores DDPG’s
effectiveness in achieving desired outcomes in the manipulator
control task, aligning with practical considerations of simplicity
and performance efficacy.

Table 5
Success rate of the DRL algorithms

Algorithm Training (%) Testing (%)

DDPG 93.72 95.77
TD3 93.62 94.71

6.5. Simulation

The Gazebo simulator was utilized to simulate the manip-
ulator. The trained agent model was integrated into the control
node to choose the next action of the manipulator. Demonstrated
in Figures 24 and 25, the manipulator exhibits its capability to
navigate from any random initial state to a predefined target
point. It achieves this with precision, typically within 0.01 m of
the target position. The target that the manipulator has to reach
is represented as a yellow-highlighted box.

6.6. Hardware

To assess the real-time performance of the trained model,
a physical 3-DoF manipulator was constructed and integrated
with hardware components. The robot is controlled through an
Arduino UNO board and servo motors rated at 83.3 RPM with
a torque capacity of 1 kg/cm. A task was considered success-
ful when the end-effector reached the target position within an
error threshold of 0.01 m from the desired destination. This suc-
cess criterion was consistently applied during both simulation
and real-world experimental evaluation. The manipulator’s joint
angles are sent by an Arduino microcontroller, interfacing with
a Python script that executes the trained model’s predictions.
Figures 26 and 27 visually depict the manipulator in operation
during these real-time tests. The model successfully maneuvered
the manipulator to designated target destinations, achieving
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Figure 24
Manipulator moving to target: [0.07, −0.18, 0.16]. (a) Initial

position of the manipulator and (b) final position of the
manipulator

positional accuracy within a tolerance of 0.01 m. Verification of
these results was conducted using accompanying graph sheets,
confirming the manipulator’s precise movements and validating
the efficacy of the trained model in practical hardware implemen-
tation. To evaluate the positioning accuracy of the manipulator
in the physical setup, a calibrated graph sheet with a 0.01 m
grid resolution was placed beneath the workspace to provide a
spatial reference for the end-effector position. The target posi-
tions generated by the DRL policy were visually aligned with
the grid intersections, allowing the positional deviation between
the commanded target and the achieved end-effector location
to be estimated. Multiple trials were conducted across differ-
ent target locations within the reachable workspace to assess
the consistency of the learned policy. The observed positioning
error remained within approximately 0.01 m, confirming that the
trained agent was able to reproduce the target positions with
satisfactory accuracy in the real-world environment.

Although differences typically exist between simulation envi-
ronments and physical robotic systems, explicit calibration or
compensation strategies were not required in this study. The
simulation environment was implemented in Gazebo using a
robot model that closely matched the physical manipulator in
terms of link dimensions, joint configuration, and kinematic
structure. Because the system is a relatively simple 3-DoF

Figure 25
Manipulator moving to target: [0.12, 0.14, 0.13]. (a) Initial
position of the manipulator and (b) final position of the

manipulator

Figure 26
Manipulator moving to target: [0.07, −0.18, 0.16]

manipulator operating in a controlled environment without exter-
nal disturbances, the trained policies transferred directly from
simulation to hardware with minimal performance degradation.
Nevertheless, in more complex robotic systems or dynamic envi-
ronments, additional techniques such as domain randomization,
system identification, or sim-to-real adaptation strategies may be
necessary to further reduce the simulation–reality gap.
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Figure 27
Manipulator moving to target: [0.15, 0.06, 0.21]

7. Discussion

This study explores the application of DRL as an alter-
native to traditional IK for manipulator control in continuous
workspaces. The results obtained from both simulation and real-
world experiments affirm the effectiveness of the proposed DRL
framework as an alternative to traditional IK for manipulator
control. The use of actor–critic methods, particularly DDPG
and Twin Delayed DDPG (TD3), enabled continuous joint angle
prediction with high accuracy, eliminating the need for explicit
kinematic modeling. The performance metrics—task success rates
of 95.77% for DDPG and 94.71% for TD3, and end-effector
positioning accuracy consistently within 0.01 m—highlight the
practical reliability of the learned policies.

One of the key findings was the superior convergence speed
and marginally better accuracy achieved by DDPG compared
to TD3. This contrasts with existing literature [17, 40], where
TD3 is often preferred for its robustness and stability in high-
dimensional, stochastic environments. In our experimental setup,
however, the combination of a low-dimensional action space, a
simple reward function, and a lightweight MLP architecture may
have favored DDPG by reducing policy variance and improv-
ing sample efficiency. These observations reinforce the notion
that algorithm selection should be task-specific and that increased
architectural complexity does not always yield better outcomes.

The proposed piecewise-linear reward function contributed
significantly to the learning stability and interpretability of the
training process. Prior works [19, 20, 22, 35] commonly employ
complex or compound reward structures involving trigonometric
or exponential terms, which, while expressive, often require exten-
sive tuning and can introduce instability. Our empirical results
suggest that minimalist reward design, when well-aligned with
task objectives, can offer a practical alternative for effective DRL
training, particularly in scenarios where precise control (within
0.01 m of the target) is required without high computational cost.

The framework demonstrated robust sim-to-real transfer
without relying on domain randomization, adversarial train-
ing, or extensive parameter tuning. The real-world manipulator
closely mirrored the simulated policy behavior, with no signifi-
cant degradation in task performance. This finding underscores
the generalizability of the learned policies and validates the use
of physics-consistent simulation environments (e.g., Gazebo +
ROS2) as effective proxies for training reinforcement learning
agents.

Although this study focuses on a 3-DoF manipulator, the
use of a lower-dimensional system was intentional. It provides

a sufficiently complex yet tractable platform for evaluating
learning behavior, reward shaping, and sim-to-real performance
of DRL-based control. This controlled setup enables clearer
attribution of performance improvements to architectural and
algorithmic choices while avoiding confounding factors associated
with higher-dimensional redundancy. This approach is consis-
tent with several benchmark DRL studies [15, 17, 22], which
begin with low-DoF systems for algorithm development. Nev-
ertheless, extending the framework to higher-DoF manipula-
tors, more complex tasks, and dynamic environments remains
necessary to fully establish its scalability.

Although TD3 was proposed to address instability issues
in DDPG through techniques such as clipped double Q-learning
and delayed policy updates, the experimental results in this study
showed comparable performance between the two algorithms,
with DDPG exhibiting slightly faster convergence. This outcome
is likely influenced by the relatively low-dimensional control prob-
lem considered in this work, involving a 3-DoF manipulator
operating in a controlled environment. Under such conditions,
the overestimation bias and instability that TD3 is designed to
mitigate may not be strongly manifested.

8. Conclusion and Future Scope

This study proposed a DRL-based control framework for
a 3-DoF robotic manipulator operating in a continuous three-
dimensional workspace. It serves as an alternative to traditional
IK methods by using actor–critic DRL algorithms, specifically
DDPG and Twin Delayed DDPG, to enable direct joint angle pre-
diction based on end-effector target positions. A key aspect of the
proposed method was the use of a simple, piecewise-linear reward
function, which reduced training complexity while ensuring sta-
ble convergence and precise control. The proposed linear reward
formulation reduced reward design complexity while achieving
faster convergence of approximately 31% fewer training episodes
compared with the evaluated nonlinear reward functions, demon-
strating that simplified reward engineering can be effective for
continuous manipulator control tasks.

The manipulator was modeled and trained in the Gazebo
simulation environment using ROS2 and tested in both simulated
and real-world conditions. Training was performed for 20,000
episodes for DDPG and 30,000 episodes for TD3, respectively.
The trained agents achieved high task success rates: 95.77% for
DDPG and 94.71% for TD3, with consistent end-effector posi-
tioning accuracy within 0.01 m. The DDPG agent exhibited faster
convergence and slightly better accuracy than TD3 in this setup,
which may be attributed to the simplicity of the reward function
and the task environment. Despite TD3 being generally known for
greater stability due to its clipped double Q-learning and delayed
policy updates [17, 40], our empirical findings suggest that DDPG
offers improved sample efficiency and faster stabilization in this
specific 3-DoF scenario.

The proposed architecture, based on a simple MLP, demon-
strated consistent performance across simulation and hardware,
highlighting the effectiveness of the sim-to-real transfer without
the use of domain randomization. This validates the robustness
and applicability of the proposed approach in real-time control of
robotic manipulators.

That said, several limitations remain. The system was tested
in a static and obstacle-free environment, and the manipulator
was constrained to a 3-DoF configuration. While this reduced-
dimensional setup was intentionally chosen to isolate the effects
of learning architecture and reward design, it does not represent
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the challenges of higher-dimensional, redundant, or dynamically
interacting manipulators. Furthermore, the impact of distur-
bances, sensor noise, and external environmental variability was
not explored in the current scope.

In future work, several research directions will be explored
to address the current limitations of the proposed framework.
First, the approach will be extended to manipulators with higher
degrees of freedom (e.g., 6-DoF and above), where redundancy
and increased joint coupling introduce additional control com-
plexity. Techniques such as hierarchical reinforcement learning or
modular policy architectures may be investigated to manage the
expanded action space efficiently. Second, the framework will be
enhanced to operate in dynamic and uncertain environments by
incorporating obstacle avoidance and disturbance handling. This
could involve integrating perception modules such as computer
vision or depth sensing to enable environment-aware decision-
making. Third, improvements in sim-to-real transfer will be
investigated using techniques such as domain randomization and
adaptive policy learning to improve robustness against modeling
inaccuracies. Finally, the proposed control strategy will be eval-
uated on more complex robotic tasks, including pick-and-place
operations, assembly processes, and human–robot collaborative
scenarios to assess its practical applicability in industrial and
service robotics.
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