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Industrial robot process simulation plays an important role in production planning, optimization, and digital twin 

development. However, many existing simulation approaches rely on robot-specific and manually parametrized 

models, which limits scalability in heterogeneous robot environments. This paper proposes a unified machine 

learning–based simulation framework for modelling and simulating process behaviour across different industrial 

robot platforms using a shared task-space learning policy. The proposed approach combines reinforcement 

learning and inverse kinematics with clearly separated roles. The reinforcement learning policy generates end-

effector motion in task space, while inverse kinematics converts the desired motion into robot-specific joint 

configurations and supports geometric feasibility. This separation reduces the dependence of the learning model 

on the joint structure of a particular robot. Experimental evaluation on heterogeneous robot platforms showed that 

the proposed framework can learn accurate target-reaching behaviour in simulation. The best-performing policy 

achieved a success rate close to 1.0, a mean final distance error of 0.0082 m, and a mean final orientation error of 

5.55°. These results indicate that a shared task-space learning policy combined with robot-specific inverse 

kinematics can support scalable robot process simulation.  

1. INTRODUCTION 

Industrial robots play a central role in modern manufacturing because they enable the 

automation of tasks requiring high precision, repeatability, and reliability, such as welding, 

assembly, material handling, and precision manipulation. Their use improves production 

efficiency, enhances quality, and reduces the risks associated with hazardous and repetitive 

work operations [1]⁠. 

With the development of Industry 4.0 and smart manufacturing, the need for digital 

modelling, simulation, and virtual validation of production systems has increased. The 

concept of the digital twin enables a virtual representation of a physical system that can be 
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used to analyse, optimize, and predict its behaviour [2⁠, 3]⁠. In this context, robot simulation is 

important because it makes it possible to evaluate trajectories, detect collisions, and test 

control strategies before their deployment in a real system. 

However, many existing simulation solutions are based on robot-specific models that 

depend on the kinematics, geometry, and control logic of a particular manipulator [3-5]⁠. 

Although such an approach may ensure high accuracy, it limits scalability in heterogeneous 

manufacturing environments. 

In recent years, machine learning methods, especially reinforcement learning, have 

become an important research direction in robot motion planning and control [6–8]⁠. At the 

same time, RL-based approaches often depend on the joint-space representation and 

configuration space of a specific robot, which limits their ability to generalize across different 

robot platforms [7]⁠. 

This work proposes a hybrid simulation framework in which a machine learning agent 

plans the robot tool trajectory in task space, while inverse kinematics solves the corresponding 

joint configurations for a specific robot. The aim of this approach is to reduce robot 

specificity, improve generalization across different robot platforms, and support the 

development of more scalable robot simulation solutions. Figure 1 illustrates the conceptual 

difference between traditional robot-specific simulation pipelines and the proposed unified 

task-space learning framework.  

 

Fig. 1. Comparison between traditional robot-specific modeling and the proposed shared machine learning framework 

for multi-robot simulation 

The main contributions of this work are threefold: 

(1) a robot-agnostic task-space reinforcement learning formulation for industrial robot 

trajectory generation; 

(2) an integrated simulation framework combining reinforcement learning and inverse 

kinematics; and 

(3) an experimental evaluation demonstrating learning stability and transferability 

across multiple industrial robot platforms.  

2. RELATED WORKS  

Robot trajectory planning, simulation, and the application of machine learning in 

robotics have been long-standing research areas. From the perspective of this work, four 
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directions are particularly relevant: classical trajectory planning, reinforcement learning in 

robot control, hybrid machine learning and model-based approaches, and simulation 

combined with the digital twin concept. 

Classical trajectory planning methods are commonly used to generate feasible robot 

motion paths in configuration spaces. Rapidly-exploring Random Tree (RRT) is a sampling-

based planning method that incrementally builds a tree of possible robot configurations and 

is especially useful in high-dimensional spaces. RRT* is an asymptotically optimal extension 

of RRT, meaning that the quality of the generated path can improve as more samples are 

added. The Probabilistic Roadmap (PRM) method constructs a graph of collision-free 

configurations and then searches this graph for a feasible path between the start and goal states 

[9–11]⁠. These methods are effective for finding collision-free trajectories in high-dimensional 

configuration spaces, but they are typically robot-specific because they operate directly in the 

configuration space of a particular manipulator. 

Optimization-based trajectory planning methods further improve the quality of robot 

motion. Stochastic Trajectory Optimization for Motion Planning (STOMP) optimizes a 

trajectory by using sampled noisy trajectory variations and evaluating their costs. Covariant 

Hamiltonian Optimization for Motion Planning (CHOMP) formulates motion planning as 

trajectory optimization and improves path smoothness and obstacle avoidance by minimizing 

a cost function [12⁠, 13]⁠. These approaches are useful for generating smooth and feasible robot 

trajectories, but they still mainly address geometric feasibility and usually do not provide a 

robot-independent learned policy. 

Reinforcement learning (RL) has emerged as an important approach for learning robot 

control policies [7⁠, 8]⁠. n continuous action-space problems, algorithms such as Deep 

Deterministic Policy Gradient (DDPG) and Proximal Policy Optimization (PPO) have been 

widely used. DDPG is an actor–critic reinforcement learning algorithm designed for 

continuous control tasks, where the policy directly outputs continuous actions. PPO is a 

policy-gradient method that improves training stability by limiting overly large policy updates 

during optimization [14⁠, 15]⁠. In this work, PPO was selected because it is well suited for 

continuous task-space control and provides stable learning behaviour in simulation-based 

robot training. At the same time, many RL-based methods operate at the joint-space or torque-

space level, which often makes the learned policies robot-specific and difficult to transfer to 

other robot platforms [7]⁠. 

Hybrid approaches combine machine learning and classical robotics methods in such a 

way that the learning component focuses on high-level decision-making or trajectory 

generation, while model-based components ensure motion feasibility [16–19]⁠. Their main 

strength lies in reducing the complexity of the learning problem and making better use of 

structural knowledge. However, many existing solutions still remain centred on a specific 

robot or task. 

Simulation environments play a central role in robot training, validation, and virtual 

testing. MuJoCo is a physics-based simulation environment widely used for model-based 

control, reinforcement learning, and the analysis of robotic systems with contact-rich 

dynamics. Gazebo is an open-source robotics simulator commonly used together with the 

Robot Operating System (ROS) for testing robot models, sensors, controllers, and multi-robot 

systems in realistic virtual environments. Unity is a general-purpose real-time 3D engine that 
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can be extended for robotics and reinforcement learning through the ML-Agents toolkit. In 

this context, Unity provides flexible scene construction, visual simulation, parallel training 

environments, and integration with learning-based control methods [20–22]⁠. 

In this work, Unity was selected as the simulation platform because it allows the creation 

of randomized training scenes, supports parallel reinforcement learning environments, and 

integrates directly with the ML-Agents framework used for PPO-based policy training. This 

makes it suitable for evaluating the proposed task-space learning approach under varying 

target poses, obstacle placements, and robot configurations. To reduce the gap between 

simulation and real-world systems, domain randomization strategies are often used [23⁠, 24]⁠. 

In an industrial context, this is closely related to the concept of the digital twin, whose goal is 

to support system analysis, optimization, and prediction [25⁠, 26]⁠. Nevertheless, many existing 

solutions still rely on robot-specific models.  

2.1. RESEARCH GAP AND MOTIVATION 

Previous literature shows that classical methods provide strong geometric feasibility but 

do not directly support learning or transferability across different robots [9–13]⁠⁠. RL-based 

approaches offer greater flexibility, but they often remain dependent on the robot 

configuration [7⁠, 14⁠, 15]⁠. Hybrid methods are promising, yet they mostly focus on specific 

robots or tasks [16-19]⁠. 

Therefore, the number of solutions that enable the use of a single machine learning 

model for multiple different industrial robots remains limited. This work addresses this gap 

by combining a task-space RL policy and inverse kinematics into a unified simulation 

framework. Table 1 summarizes the key differences between representative classical, 

learning-based, and hybrid approaches, highlighting the gap addressed by the proposed 

framework.  

Abbreviations: RRT – Rapidly-exploring Random Tree; RRT* – asymptotically optimal 

RRT; PRM – Probabilistic Roadmap; STOMP – Stochastic Trajectory Optimization for 

Motion Planning; CHOMP – Covariant Hamiltonian Optimization for Motion Planning; RL 

– reinforcement learning. 

3. METHODOLOGY 

This work proposes a hybrid robot simulation framework that combines reinforcement 

learning and inverse kinematics to enable the use of a single machine learning model across 

multiple different industrial robots. The central idea of the approach is to separate trajectory 

planning from the robot’s kinematic realization: the agent plans the tool motion in task space, 

while inverse kinematics determines the joint configurations for a specific robot. 

The proposed system consists of four main components: the simulation environment, 

the machine learning agent, the inverse kinematics solver, and the robot model. The agent 

generates the desired incremental tool motion in task space, while inverse kinematics converts 
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this motion into robot-specific joint configurations. The robot model then executes the 

resulting configuration in simulation. After the inverse kinematics step, the full robot 

configuration is evaluated for feasibility, including workspace limits, obstacle collisions, 

robot-body collisions, end-effector collisions, and self-collision cases. 

Table 1. Comparison of representative motion planning and learning-based approaches 

Method Planning space 
Learning-

based 
Robot-specific Collision-aware Cross-robot transfer 

RRT [9]⁠ Configuration space No Yes Yes No 

RRT* [11]⁠ Configuration space No Yes Yes No 

PRM [10]⁠ Configuration space No Yes Yes No 

STOMP [12]⁠ 
Trajectory/configurat

ion space 
No Yes Yes No 

CHOMP [13]⁠ 
Trajectory/configurat

ion space 
No Yes Yes No 

Deep RL control 

[7⁠, 14]⁠ 

Joint space/action 

space 
Yes Yes Limited No 

Visuomotor RL  

[5⁠, 6]⁠ 

Task-dependent 

control space 
Yes Yes Limited Limited 

Sim-to-real RL  

[23⁠⁠, 24]⁠ 

Usually joint or task 

space 
Yes Usually yes Limited Limited 

Hybrid learning + 

model-based 

methods [16–19]⁠ 

Mixed/hierarchical Yes Usually yes Yes Limited 

Proposed 

framework 

Task space + inverse 

kinematics 
Yes No Yes Yes 

This division of responsibilities makes it possible to keep the learning policy as robot-

independent as possible, while robot-specific feasibility is still checked at the simulation level 

(Fig. 2).  

 

 Fig. 2. System architecture of the proposed hybrid simulation framework integrating task-space reinforcement learning, 

inverse kinematics, and robot-specific execution 
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Training is conducted in a Unity-based physics simulation environment that includes the 

robot model, the target object, workspace boundaries, and obstacles. The coordinate axes 

shown in Fig. 3 define the task-space reference frame used for the end-effector motion. In 

Unity, the X and Z axes describe the horizontal workspace directions, while the Y axis 

describes the vertical direction. At the beginning of each episode, the position and orientation 

of the target object, the placement of obstacles, and the robot’s initial configuration are 

randomized. This setup improves the generalization capability of the policy and supports the 

learning of a more robust strategy. Fig. 3 illustrates the main elements of the training 

environment, including the robot, target pose, workspace boundaries, and obstacles.  

 

Fig. 3. Unity-based simulation environment used for task-space reinforcement learning: (a) industrial robot model, (b) 

target object or target pose, (c) workspace boundaries, and (d) randomly placed obstacles. The X, Y, and Z axes indicate 

the Unity task-space coordinate frame used for defining end-effector motion, where X and Z represent the horizontal 

workspace directions and Y represents the vertical direction 

Robot trajectory planning is formulated as a Markov decision process. The state space 

includes the relative geometry of the tool and the target object, as well as environmental 

features such as obstacle locations. The action space is defined in task space and consists of 

incremental translational and orientation changes of the tool:  

𝑎𝑡=(Δ𝑥,Δ𝑦,Δ𝑧,Δ𝑟𝑜𝑙𝑙,Δ𝑝𝑖𝑡𝑐ℎ,Δ𝑦𝑎𝑤)      (1) 

The reward function encourages approaching the target, aligning the orientation, 

avoiding collisions, and successfully completing the task. Figure 4 summarizes the 

observation space, action representation, and reward structure.  

 

Fig. 4. Reinforcement learning formulation of the proposed framework: (a) observation space based on relative target 

and environment features, (b) task-space action representation for incremental end-effector translation and rotation, and 

(c) reward structure combining positional progress, orientation alignment, collision penalties, and success reward 
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The output of the machine learning model is converted into robot joint configurations 

using an inverse kinematics solver. In this work, the BioIK framework is used, as it makes it 

possible to account for tool position, orientation, and joint constraints. It serves as a bridge 

between the robot-independent task-space policy and the joint-level control of a specific 

robot.  

3.1. COLLISION CHECKING AND ROBOT-BODY FEASIBILITY 

This work presented a hybrid simulation framework that combines task-space 

reinforcement learning and inverse kinematics to support the use of a shared learning policy 

across heterogeneous robot platforms. As summarized in Fig. 5, the RL agent generates end-

effector motion in task space, while inverse kinematics converts this motion into robot-

specific joint configurations. Full-body feasibility is then checked in simulation using the 

available robot, gripper, workspace, and obstacle collision geometry. 

 

Fig. 5. Reinforcement learning pipeline of the proposed framework, including state observation, task-space end-effector 

action generation, inverse kinematics, robot-specific joint configuration, full-body collision and feasibility checking, 

reward calculation, and PPO policy update 

The experimental results showed that the proposed framework can learn accurate target-

reaching behaviour in simulation. In the best-performing configuration, the policy achieved a 

success rate close to 1.0, a mean final distance error of 0.0082 m, and a mean final orientation 
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error of 5.55°. A second evaluated model achieved a success rate of 0.9995, a mean final 

distance error of 0.0285 m, and a mean final orientation error of 12.87°. These results indicate 

that a shared task-space policy combined with robot-specific inverse kinematics can support 

scalable simulation across different robot platforms. 

The main limitations are that the experiments were conducted in simulation, detailed 

collision-rate metrics were not separately logged, and real robot dynamics, sensor noise, 

delays, and process-specific gripper geometries were not experimentally evaluated. Future 

work should focus on sim-to-real transfer, more detailed dynamic constraints, quantitative 

feasibility metrics, and validation on additional industrial scenarios.  

4. EXPERIMENTAL SETUP 

The objective of the experiments in this study was to evaluate whether the proposed 

hybrid simulation framework can learn the robot tool trajectory in task space in such a way 

that the target position and orientation are reached while avoiding undesirable collisions. It 

was also evaluated separately whether the same control policy can be applied to multiple 

different industrial robots without using an action space that depends on the number of robot 

joints. 

The experimental environment was implemented in the Unity game engine using the 

ML-Agents framework and the PPO algorithm. Unity was used to construct the 3D training 

scene, including the robot model, target object, workspace boundaries, and obstacles. The 

ML-Agents framework provided the interface between the Unity simulation and the 

reinforcement learning algorithm. It was used to define observations, task-space actions, 

rewards, episode termination conditions, and parallel training environments. PPO was used 

as the policy optimization algorithm. 

Each training episode took place in a bounded workspace containing the robot base, the 

initial tool position, the target object, and obstacles. The position and orientation of the target 

object, as well as the placement of obstacles, were randomized between episodes in order to 

improve the generalization capability of the policy. Fig. 3 illustrates the training environment. 

The agent’s action vector consisted of six components describing the incremental 

translational and orientation changes of the tool in task space:  

𝑎𝑡=(Δ𝑥,Δ𝑦,Δ𝑧,Δ𝜙,Δ𝜃,Δ𝜓)      (2) 

All actions were normalized to the range [−1, 1] and scaled according to the maximum 

translational and rotational step sizes. The action-scaling parameters were adjusted during 

training in order to support a coarse-to-fine learning strategy. In the initial training phase, one 

action step corresponded to a maximum translational change of 0.3 m along each Unity task-

space axis and a maximum rotational change of 80° around each orientation axis. In the later 

training phase, the scaling was changed to a maximum translational change of 0.6 m and a 

maximum rotational change of 20° per action step. This adjustment allowed the policy to 

maintain sufficient translational motion range while reducing the maximum rotational change 

for more stable final orientation alignment. The observation vector included the relative 
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geometry of the tool and the target, as well as environmental features, but not the robot joint 

angles, in order to keep the policy as robot-independent as possible. 

The PPO algorithm was used for training for up to 2,000,000 steps. The simulation used 

25 parallel training environments to increase data collection efficiency and improve 

convergence. The main hyperparameters, including the learning rate, batch size, buffer size, 

and discount factor, are presented in Table 2.  

At the beginning of each episode, the initial tool position was reset and a new target 

pose was generated while avoiding overly simple initial conditions. In addition, the target 

orientation and obstacle placement were randomized. This strategy reduced the risk of 

overfitting and supported the development of a more robust policy. 

The reward function combined positional progress, reduction of orientation error, 

collision penalties, and rewards for successfully completed episodes. An additional fine-

shaping component was used near the target to improve final alignment accuracy. Fig. 4(c) 

summarizes the reward structure. 

Collision handling was included in the simulation loop after the inverse kinematics step. 

The computed joint configuration was checked against the robot body collision geometry, 

obstacles, workspace limits, and the end-effector collision model. Collision events were 

penalized in the reward function, and severe collisions or invalid configurations terminated 

the episode. This allowed the policy to learn task-space motions that were not only directed 

toward the target pose but also feasible for the robot model used in the simulation. 

The generalization capability of the framework was evaluated on three heterogeneous 

robot platforms: the Fanuc LR Mate 200iD/4S, the Fanuc CRX-10iA, and the ABB CRB 

15000 GoFa 5 kg. These robots were selected because of their different geometries, 

workspaces, and application profiles. Their main specifications are presented in Table 3.  

Table 2. PPO hyperparameters and training settings used in the experiments 

Parameter Value 

Trainer PPO 

Learning rate 3e-4 

Batch size 2048 

Buffer size 40960 

Gamma 0.99 

Lambda 0.95 

Clipping epsilon 0.2 

Hidden units 256 

Number of hidden 

layers 
2 

Max training steps 
2,000,0

00 

Time horizon 256 

Parallel environments 25 
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Table 3. Evaluated heterogeneous robot platforms used for cross-platform transferability assessment 

Robot platform DOF Reach Payload Repeatability Role in evaluation 

Fanuc LR Mate 

200iD/4S 
6 550 mm 4 kg +/-0.01mm 

compact industrial 

manipulator 

Fanuc CRX-

10iA 
6 1249 mm 10 kg +/-0.04 mm 

collaborative industrial 

robot 

ABB CRB 

15000 GoFa 5kg 
6 950 mm 5 kg +/-0.02 mm 

collaborative robot for 

transfer evaluation 

This heterogeneous selection supports the main objective of the study: to investigate 

whether a shared task-space learning model can be applied across different robot platforms 

without defining a separate joint-space action representation for each robot. The comparison 

should therefore be interpreted as a cross-platform transferability evaluation, not as a 

performance comparison between industrial robots and cobots. 

5. RESULTS AND DISCUSSION 

This section analyses the performance of the proposed hybrid machine learning and 

inverse kinematics–based simulation framework on the basis of training logs and final 

evaluation metrics. The evaluation is not intended to compare the selected robots and cobots 

as machines designed for the same industrial task. Instead, the selected platforms are used to 

test whether the proposed task-space policy can be executed across heterogeneous robot 

geometries through robot-specific inverse kinematics. 

The training process showed stable convergence for both best-performing training runs. 

As shown in Fig. 6(a), the cumulative reward increased during training, indicating that the 

policy gradually learned actions that improved task completion. At the same time, Fig. 6(b) 

shows that the episode length decreased from the maximum episode length toward shorter 

episodes, which indicates that the target pose was reached with fewer simulation steps as 

training progressed. 

 

Fig. 6. Training convergence of the proposed framework during PPO optimization for the two best-performing training 

runs: (a) cumulative reward, (b) episode length, and (c) episode success rate over training steps. The cumulative reward 

and success rate increase during training, while the episode length decreases, indicating that the policy learns to reach 

the target pose more efficiently and reliably 
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Fig. 6(c) shows that the episode success rate increased and approached 1.0 in the final 

phase of training. These trends support the conclusion that the policy learned a more efficient 

and reliable task-space control strategy.  

The PPO learning dynamics supported this trend: policy entropy decreased during 

training, indicating that initially exploratory behaviour became more stable, while the 

extrinsic reward increased consistently with the task-performance improvements shown in 

Fig. 6. 

The development of final pose accuracy is shown in Fig. 7, while the corresponding 

quantitative evaluation results of the best-performing policies are summarized in Table 4. As 

shown in Fig. 7(a), the final distance error decreased during training for both best-performing 

runs. Fig. 7(b) shows a similar decreasing trend in the final orientation error. These trends 

indicate that the policy did not only learn to complete the task more frequently, but also 

improved the accuracy of the final end-effector pose. This is further confirmed by the 

quantitative results in Table 4, where Best model A achieved a mean final distance error of 

0.0082 m and a mean final orientation error of 5.55°, while Best model B achieved a mean 

final distance error of 0.0285 m and a mean final orientation error of 12.87°.  

Table 4. Quantitative final evaluation results of the best-performing policies, including success rate, final pose error, 

and episode length 

Model Success rate Mean end distance (m) Mean end angle (deg) Mean episode length 

Best model A ~1 0.0082 5.5473 74.9877 

Best model B 0.9995 0.0285 12.8671 148.6766 

     

 

Fig. 7. Final pose-error convergence of the two best-performing training runs: (a) final distance error and (b) final 

orientation error over training steps. Both error measures decrease during training, showing that the policy improves not 

only target-reaching success but also final pose accuracy 

As shown in Fig. 7(a), the final distance error decreased during training and stabilized 

at 0.0082 m for Best model A and 0.0285 m for Best model B, as reported in Table 4. 

Figure 7(b) shows that the final orientation error also decreased during training and reached 

5.55° for Best model A and 12.87° for Best model B. These values indicate that the policy 

improved both positional and orientational alignment, rather than only increasing the episode 

success rate. Such behaviour is expected in tasks where reaching the target pose requires both 
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rapid translational approach and more precise rotational adjustment. From a practical 

perspective, this is important because in industrial robot applications it is not sufficient merely 

to reach the vicinity of the target position; the correct orientation of the tool is also required. 

The final evaluation results are summarized in Table 4. Best model A achieved a success 

rate close to 1.0, a mean final distance error of 0.0082 m, a mean final orientation error of 

5.55°, and a mean episode length of 74.99 steps. Best model B achieved a success rate of 

0.9995, a mean final distance error of 0.0285 m, a mean final orientation error of 12.87°, and 

a mean episode length of 148.68 steps. These results show that both policies learned 

successful target-reaching behaviour, while Best model A achieved lower final pose error and 

shorter episodes. 

Obstacle avoidance and self-collision penalties were included during training, but 

detailed feasibility metrics such as collision rate, self-collision rate, IK failure rate, and 

workspace violation rate were not separately logged. This is a limitation of the current 

evaluation and should be addressed in future work. Nevertheless, collision feedback was 

included after the inverse kinematics step, allowing obstacle contacts, invalid configurations, 

and robot-body collisions to influence policy learning through the reward function.  

6. CONCLUSION AND FUTURE WORK 

This work presented a hybrid simulation framework that combines task-space 

reinforcement learning and inverse kinematics to support the use of a shared learning policy 

across heterogeneous robot platforms. As summarized in Fig. 5, the RL agent generates end-

effector motion in task space, while inverse kinematics converts this motion into robot-

specific joint configurations. Full-body feasibility is then checked in simulation using the 

available robot, gripper, workspace, and obstacle collision geometry. 

The experimental results showed that the proposed framework can learn accurate target-

reaching behaviour in simulation. In the best-performing configuration, the policy achieved a 

success rate close to 1.0, a mean final distance error of 0.0082 m, and a mean final orientation 

error of 5.55°. A second evaluated model achieved a success rate of 0.9995, a mean final 

distance error of 0.0285 m, and a mean final orientation error of 12.87°. These results indicate 

that a shared task-space policy combined with robot-specific inverse kinematics can support 

scalable simulation across different robot platforms. 

The main limitations are that the experiments were conducted in simulation, detailed 

collision-rate metrics were not separately logged, and real robot dynamics, sensor noise, 

delays, and process-specific gripper geometries were not experimentally evaluated. Future 

work should focus on sim-to-real transfer, more detailed dynamic constraints, quantitative 

feasibility metrics, and validation on additional industrial scenarios.  
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