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Introduction Torque Prediction Comparison

To evaluate inverse-dynamics modeling performance and generalization, the models

As the demand for automation continues to grow, accurate robot dynamics modeling

has become increasingly important for motion prediction and high-performance are tested on unseen trajectories by comparing the predicted and measured joint

control. Recent advances in Al have enabled learning-based approaches to capture torques. Fig. 4 presents the torque prediction performance of the different methods

complex robot dynamics beyond conventional analytical modeling. However, as and shows that explicit friction modeling improves DeLaN torque prediction accuracy,

robotic systems become more complex with increasing degrees of freedom, effects while allowing the FNN to learn the remaining residual dynamics yields further

such as joint friction, parameter uncertainty, and unmodeled dynamics make accurate improvement. The proposed model achieves the best overall torque prediction

simulation increasingly challenging, contributing to the Sim-to-Real gap. Therefore, performance among the baseline methods considered. Improved performance is

maintained on unseen test trajectories. Overall MSE is reduced by approximately 8.5%

compared with DeLaN-FNN and DeLaN-Friction, and by 32.8% relative to IDIM-LS.

Inverse-Dynamics Torque Prediction on the Same Test Trajectory

develop a hybrid PINN model and a PSO-based excitation trajectory method for P e — Y DIVITS
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physics-informed neural network (PINN)-based approaches provide a promising

solution by combining physical knowledge with neural networks. In this study, we
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accurate robot dynamics modeling.

PINN-based Dynamic Model

Joint 1 Torque Prediction Comparison

Deep Lagrangian Networks (DeLalN) are physics-informed models that learn
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robot dynamics while preserving the structure of Lagrangian mechanics.

However, the standard DelLaN formulation does not explicitly account for

non-conservative and unmodeled effects, such as joint friction. Therefore, we

develop a hybrid inverse-dynamics model (Fig 1) in which DeLaN captures —— ~ 4
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obtain informative data for dynamics modeling, a Friction -
particle swarm optimization (I’SO)-based excitation FNN
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applied to both learning-based and identification-based

dynamics modeling as shown in Fig 3. Control Performance Validation
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Fig 3. Trajectory validation of the two-axis manipulator planned by PSO: (a). collision-avoidance trajectories

of the end-effector (blue) and elbow (green) in Cartesian space. (b). joint-space position, velocity, and -

acceleration response curves e ¢ T, w7 torques (Fig 6), demonstrating that the physical

Fig 6. Control simulation results: Measured
vs DeLaN-simulated joint torques

torques follow the trend of the measured

structure can support model-based control.

Conclusion

By modeling the dominant friction effects separately, the residual FNN can focus on the remaining unmodeled dynamics while preserving the structured physical representation of

DeLalN. Experimental validation on a self-developed 2-DOF manipulator shows that the proposed model achieves the best overall torque prediction performance on unseen
trajectories. In addition, the PSO-based trajectory design successfully generates excitation trajectories satisfying joint and workspace constraints for dynamics modeling. The model

also enables the extraction of inertia and other dynamic terms, supporting future model-based control applications.
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