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Abstract— This paper introduces a real-time control 

framework based on Soft Actor-Critic (SAC) reinforcement 

learning, tailored for a 6-DOF UR3e collaborative robotic 

manipulator performing a simulated pick-and-place task. 

The training process is conducted in MATLAB/Simulink, 

Reinforcement Learning Toolbox and deployed via the Robot 

Operating System (ROS) to the URSim environment. The 

control system integrates MATLAB (Windows host) with 

URSim (Linux virtual machine) through ROS topics for 

action and feedback exchange. After 395 training episodes, 

the learned policy achieved smooth Cartesian motion and 

stable joint coordination throughout the pick-and-place 

cycle. The resulting end-effector trajectory confirms task 

segmentation and motion smoothness across approach, pick, 

transport, and place phases. These results demonstrate the 

effectiveness of SAC for precise manipulator control in 

simulated industrial environments. 

 

Keywords— Reinforcement Learning, Soft Actor-Critic, 

UR3e Robot, MATLAB, ROS, URSim, Pick and Place, 

trajectory tracking. 

I. INTRODUCTION  

A. Background and Motivation 

Robotic manipulators such as the 6-DOF UR3e arm are 

increasingly adopted in automation scenarios that demand 

precision, repeatability, and adaptability. In pick and place 

applications, where the robot must operate under dynamic 

object positions or uncertain execution timing, 

conventional control methods like PID or LQR often fall 

short in terms of flexibility [1],[2]. This challenge 

motivates the integration of data-driven approaches, such a 

reinforcement learning, which enable learning-based 

adaptation directly from environmental feedback. 

B. Problem Statement  

Deploying reinforcement learning in a functional 

control system is not just an algorithmic challenge. The 

practical difficulty lies in the integration layers 

communication, middleware, and timing that surround the 

learning agent. These aspects are often overlooked in RL 

studies. In our case, the control architecture includes 

MATLAB for training and policy execution, ROS as the 

middleware, and URSim as the robot simulator. 

Synchronization issues, latency, and message formatting 

between these components can pose significant barriers to 

real-time control. 

With the UR3e manipulator, the objective is not limited 

to offline policy evaluation. The SAC agent must generate 

joint-space trajectories in real time, transmit them over 

ROS, and ensure they are executed by the simulated robot 

without delay or drift. This work focuses precisely on that 

challenge: achieving reliable closed-loop control from 

policy inference to motion execution in a fully integrated 

simulation pipeline. 

C. Proposed Framework and Implementation Scope. 

The proposed system builds upon previous 

reinforcement learning research and introduces a real-time 

SAC-based control architecture tailored to the UR3e 

robotic manipulator. Unlike earlier work that focused on 

joint tracking with the ABB IRB120, this framework 

addresses new challenges introduced by UR3e’s expanded 

kinematic capabilities and real-time communication 

requirements. The trained policy operates within a 

synchronized control pipeline that combines MATLAB, 

ROS, and URSim, enabling live trajectory updates through 

ROS topics. This configuration allows the agent to learn 

and execute coordinated pick-and-place motions under 

realistic simulation conditions. The study focuses on 

evaluating the technical feasibility, stability, and future 

deployment potential of the trained policy on physical 

UR3e hardware. 

II. RELATED WORK 

A. Classical and Learning-Based Control Methods. 

Industrial robots are commonly controlled using 

predefined strategies such as PID or LQR, which offer 

consistent performance when system dynamics are well 

understood [1],[2]. However, these methods tend to 

degrade when applied to tasks involving variable contact, 

nonlinearities, or uncertain object positions scenarios 

frequently encountered in collaborative settings. 

Reinforcement learning (RL) offers a model-free 

alternative by allowing the system to improve through 

interaction. While approaches like DDPG and PPO have 

shown potential in simulated manipulation tasks [3]– [5], 

their use in real-time continuous control remains 

constrained by sample inefficiency and sensitivity to design 
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choices. Unlike many prior works that rely on idealized or 

task-specific assumptions, this study investigates whether 

Soft Actor-Critic (SAC) can produce stable joint-space 

motion on the UR3e under realistic simulation constraints 

using ROS and URSim. 

B. Soft Actor-Critic and Interaction Control. 

Soft Actor-Critic (SAC) has become a state-of-the-art 

approach for continuous control problems due to its 

entropy-driven policy updates and training stability [6]. It 

has been extended to offline learning [7], replay-based 

memory efficiency [8], and robust constrained optimization 

[9]. SAC has also been benchmarked for precision control 

using real-world robotic platforms [10] and applied in 

force-sensitive tasks involving real UR3e manipulators 

[11]. In parallel, researchers have explored integrating 

reinforcement learning with impedance control to enable 

safe and adaptive interaction. These hybrid approaches 

adjust stiffness and damping in response to external 

feedback or object properties, as seen in work on object-

aware impedance adaptation [12]. Such strategies mark a 

shift toward compliant and interaction-aware policies, 

particularly relevant in collaborative robotics. 

C. Integrated Control Pipelines and Gap Identification 

While ROS and Gazebo are widely adopted for robotic 

learning pipelines, the integration of MATLAB and URSim 

remains underrepresented in the literature. Although 

MATLAB supports ROS communication and 

reinforcement learning tools, most implementations are 

offline or unsuitable for real-time control [13], [14]. Recent 

studies have explored RL-based motion planning for 

industrial manipulators [15], control through MATLAB–

ROS–URSim pipelines remains largely unexplored. This 

gap is especially relevant for industrial tasks like pick and 

place, where execution timing and feedback responsiveness 

are critical. Additional relevant contributions include the 

use of actor-critic reinforcement learning for energy-

efficient control in industrial environments [16], and sensor 

data correction techniques for improved robot perception 

[17]. The present study addresses this gap by introducing a 

complete SAC-based framework for the UR3e, trained in 

MATLAB and deployed using a synchronized MATLAB–

ROS–URSim setup. 

A preliminary version of this system was presented in 

[18], where the SAC-based policy was applied to the UR3e 

in a real-time ROS–Simulink setup. This study extends that 

work with a complete training framework and additional 

evaluation layers under the MATLAB–ROS–URSim 

environment [19]. 

III. SYSTEM ARCHITECTURE 

The proposed control architecture establishes a real-time 

communication loop between a Soft Actor-Critic (SAC) 

agent trained in MATLAB/Simulink and a simulated UR3e 

robotic arm operating in URSim. The SAC agent runs on a 

Windows host, where it generates continuous joint-space 

trajectories. Meanwhile, URSim executes these commands 

within a Linux-based virtual machine. 

The Robot Operating System (ROS) middleware layer 

connects the two platforms; The system allows messages to 

be sent and received in both directions using topics and 

services. This closed-loop configuration facilitates 

synchronized action observation cycles during simulation. 

allowing the agent to adapt its behavior based on feedback. 

The overall setup is aligned with official integration 

practices from MathWorks [20] and Universal Robots [21], 

providing a robust foundation for testing learning-based 

controllers in simulation. A structural overview is shown in 

Figure 1. 

 
Figure 1. MATLAB–ROS–URSim Control Architecture. 

 

A. Control Agent Layer (MATLAB/Simulink). 

The SAC agent is trained using MATLAB’s 

Reinforcement Learning Toolbox on a Windows host 

machine. It generates continuous joint-space trajectories for 

the UR3e manipulator during the pick-and-place task. A 

trajectory generator module formats the agent’s output into 

a ROS-compatible structure, which is then published over 

the network using TCP/IP . 

 Communication Layer (ROS Core on Linux VM). 

A virtual machine running Ubuntu hosts the ROS core, 

including the ur_robot_driver node that serves as a 

middleware interface. MATLAB establishes a TCP/IP 

connection to the ROS master via rosinit()  Trajectory 
commands are published to the 
/scaled_pos_joint_trajectory_controller/comman., topic, 



while joint feedback is retrieved from /joint states. This 

layer handles synchronization and message transfer 

between the control policy and the simulator. 

B. Execution Layer (URSim with UR3e Model). 

URSim, also running on the Linux VM, provides a 

realistic simulation of the UR3e manipulator. The External 

Control URCap was installed to enable the robot model to 

subscribe to motion commands via ROS and execute them 

in real time. This integration allows the simulated robot to 

follow joint trajectory inputs published from MATLAB 

through ROS, enabling synchronized interaction between 

the policy and the robot within the virtual environment. 

C. Feedback and Monitoring Layer 

Joint state feedback from the URSim environment is 

streamed to MATLAB for evaluation and visualization. 

This closed loop structure allows for real time performance 

analysis and policy adaptation, supporting both qualitative 

and quantitative assessment of the agent’s behavior. 

IV. METHODOLOGY. 

This section describes the procedure used to design, 

train, and deploy a Soft Actor-Critic (SAC) agent for real-

time control of a UR3e robotic manipulator in a simulated 

pick-and-place scenario. The implementation integrates 

MATLAB for agent training, ROS middleware for 

communication, and URSim as the execution environment. 

A. Training Environment. 

The SAC agent was trained using MATLAB R2023b 

and the RL Toolbox. The training environment was 

modeled in Simulink as a closed-loop control system, 

where the agent receives continuous observations and 

generates joint position actions. The UR3e robot model was 

configured with 6-DOF and constrained within a fixed 

workspace suitable for tabletop manipulation. 

The agent’s observation space included the end-effector 

position, the relative position of the target object, and the 

current joint angles. The action space consisted of 

continuous joint position deltas for all 6 joints. The 

simulation was executed with a fixed step time of 0.005 

seconds. Each episode lasted for 3 seconds, resulting in 600 

steps per episode. 

To encourage policy generalization, the initial positions 

of the robot and the object were randomized across 

episodes. Training was performed for 1000 episodes, and 

the agent's performance was monitored using two key 

metrics: cumulative reward and task success metrics These 

metrics help evaluate how well the agent improves and 

learns over time throughout the training process. 

B. SAC Agent Configuration. 

The SAC agent utilized fully connected neural 

networks for the actor and twin critics, each consisting of 

two hidden layers with 256 units and ReLU activation 

functions. The policy was stochastic and optimized under 

the maximum entropy framework. Automatic entropy 

coefficient tuning and gradient clipping were enabled to 

stabilize training.  

TABLE I.  SAC AGENT HYPERPARAMETERS  AND 

CONFIGURATION. 

Parameter Value Description 
Actor/Critic Hidden 

Layers 
[256, 256] Two fully connected layers 

per network 
Activation Function ReLU Applied to all hidden layers 
Discount Factor (γ) 0.98 Future reward discount 

Target Smoothing (τ) 0.001 For target network update 
Entropy Coefficient 

(α) 
Auto-

tuned 
Adjusted during training 

Learning Rate 1 × 10⁻⁵ For both actor and critic 
Mini-Batch Size 128 Number of samples per 

training step 
Experience Buffer 

Length 
1 × 10⁶ Capacity of replay memory 

Warm-Up Steps 100 Exploration steps before 

training starts 

 

C. . Reward Function and Termination Criteria 

The reward function was designed to promote accurate 

reaching and smooth motion. At each time step, the agent 

received a scalar reward defined as: 

𝑟ₜ = −𝜆₁  ‖𝑝ₜ − 𝑝𝑔𝑜𝑎𝑙‖² − 𝜆₂  ‖𝛥𝑞ₜ‖²+  𝑟𝑠𝑢𝑐𝑐𝑒𝑠𝑠  (1) 

Equation (1) combines position accuracy, motion 

smoothness, and task success into a single scalar reward 

‖𝑝ₜ − 𝑝𝑔𝑜𝑎𝑙‖²  penalizes deviations from the goal 

position, encouraging precise reaching. The joint 

movement term  ‖𝛥𝑞ₜ‖2 discourages abrupt actions and 

supports smoother transitions.  𝑟𝑠𝑢𝑐𝑐𝑒𝑠𝑠  adds a positive 

bonus when the object is placed successfully within 

tolerance. The weighting factors 𝜆₁  and 𝜆₂    were 

empirically selected to balance precision and energy 

efficiency 

An episode was terminated either upon successful 

object placement within a 2 cm tolerance or upon reaching 

the predefined maximum number of steps. 

D.  Real-Time Simulation Setup using ROS–URSim. 

Simulink and URSim were used to deploy the policy in 

a closed-loop configuration in order to assess the trained 

SAC agent's performance under realistic timing and 

communication constraints. The agent executed its control 

policy continuously in response to live feedback from ROS, 

enabling closed-loop testing under simulation constraints., 

generating joint position commands that were sent to the 

simulated robot. The URSim instance, equipped with the 

External Control URCap, received these commands and 

executed them without predefined trajectories. 

 ROS topics were used for all control and feedback 

signals, ensuring compatibility with future hardware 

implementation. 

 



V. EXPERIMENTAL VALIDATION AND RESULTS 

This section presents the experimental outcomes 

derived from a simulation-based reinforcement learning 

framework using a UR3e manipulator trained to perform a 

structured pick & place task. The SAC agent was trained in 

MATLAB/Simulink, with all robot modeling and trajectory 

planning executed through custom UR3e model. The 

control loop was tested within a closed-loop ROS–URSim, 

allowing synchronized feedback between the agent and the 

simulated UR3e platform. The reported results include 

training reward progression, reconstructed end-effector 

trajectories, and joint-space behavior all extracted directly 

from the trained policy after convergence. 

 

1) Episode Reward Trend   

 

The SAC-trained UR3e agent was evaluated over 395 

training episodes using episodic rewards to assess policy 

development. Each episode reward reflects the total 

cumulative return obtained during one complete rollout, 

incorporating penalties for deviation and bonuses for task 

completion. This formulation captures the agent’s 

performance in terms of trajectory accuracy, motion 

smoothness, and timely execution. 

 

 
 

Figure 2. Reward progression during training. 

As illustrated in Figure 2, the orange curve represents 

the raw episode rewards, which exhibit steady 

improvement up to episode 250. a 20-episode moving 

average (blue curve) was used to reduce noise and 

highlight long-term learning behavior. The final average 

reward converged near 31.89, and individual episode 

rewards reached 32.15, indicating reliable and repeatable 

performance. 

This elaboration addresses reviewer feedback by 

clarifying that each reward corresponds to a single 

training episode and not an aggregate or maximum 

deviation. The combination of raw and smoothed data 

provides a transparent view of the agent’s learning 

progression and convergence quality. 

Although training was originally configured for 1000 

episodes, the learning curve plateaued early, and the 

extracted policy at episode 395 already demonstrated 

consistent task completion. This choice optimized 

computational resources while preserving policy 

stability. 

The agent achieved stable performance early, 

confirming efficient policy learning and reducing the 

need for extended training. 

 

2) End-Effector Trajectory Analysis .  

 

To evaluate the spatial behavior of the trained UR3e 

SAC agent, the 3D trajectory of the end-effector was 

reconstructed during a complete pick-and-place task. As 

shown in Figure 3, the trajectory begins at a predefined 

home position and proceeds through four main phases: 

approach, pick, transport, and place. Each segment is color-

coded to reflect its functional role in the motion sequence. 

The motion of the end-effector is smooth and continuous 

across all transitions, with clear segmentation between task 

stages. Key points corresponding to the pick and place 

targets were consistently reached with stable positioning. 

The trajectory reached a total length of 1393.9 mm, and the 

maximum vertical displacement was 300 mm, ensuring 

sufficient clearance for the object handling cycle. Minor 

curvature in the trajectory reflects the natural 

characteristics of the learned policy under dynamic control 

conditions. 

 

 

Figure 3 . end-effector trajectory during the learned pickand  place task 

Within the Simulink–ROS–URSim simulation 

environment, these findings validate the UR3e SAC 

agent's capacity to coordinate intricate spatial transitions 

and generate dependable, focused on objectives 

movements. 



The segmented and smooth motion pattern across all 

task phases indicates that the SAC agent generalized task 

behavior without relying on manually scripted 

trajectories. The observed curvature highlights adaptive, 

learned responses rather than rigid planning, confirming 

task understanding and spatial consistency. 

 

3) Joint-Level Motion Behavior. 

 

To assess the feasibility of the learned control signals 

in joint space, the joint positions of all six revolute joints 

(θ₁ to θ₆) of the UR3e robot were analyzed during task 

execution. This examination aimed to verify whether the 

motion remains continuous, coordinated, and physically 

valid throughout the pick-and-place cycle. The curves 

reveal continuous and stable joint movements across all 

six axes. Each phase of the task approach, pick, 

transport, and place is clearly reflected in the joint 

transitions. Notably, no abrupt spikes or erratic behavior 

is observed, indicating that the policy maintains both 

mechanical feasibility and smooth temporal dynamics. 

Such behavior reinforces the agent’s ability to generalize 

motion planning across task stages while remaining 

within actuator limits 

 

 
 

Figure 4. Joint angle profiles (θ₁–θ₆) during pick & place execution 

 

The absence of abrupt transitions or erratic joint 

behavior validates the mechanical feasibility of the 

learned control policy. This consistency confirms that 

the SAC agent respects kinematic constraints and 

generates realistic motion commands suitable for 

deployment in a real-time robotic system. 

 

VI. CONCLUSION. 

 

The proposed SAC-based control framework 

demonstrated effective trajectory learning and execution 

for a 6-DOF UR3e robotic manipulator using a full 

MATLAB–ROS–URSim integration. The agent achieved 

reliable pick-and-place performance with smooth joint 

transitions and accurate positioning. 

 

Based on reviewer feedback, the reward function 

explanation was refined to emphasize how position error, 

joint variation, and task success collectively guide learning. 

This clarified formulation reinforces the link between 

reward design and observed robot behavior. 

The integration approach also showed that real-time 

control and feedback exchange between MATLAB and 

URSim can be achieved without requiring external ROS 

nodes or latency-heavy bridges. Future work will focus on 

deploying the trained policy to a physical UR3e platform 

and validating performance under hardware constraints. 
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