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Abstract

Uncertainties such as friction and payload variation in the dynamic model of a robotic manipulator
are the core bottleneck limiting its trajectory-tracking accuracy. To address this problem, this pa-
per proposes a composite control framework combining “offline deep-learning inverse-dynamics
feedforward compensation + online recursive least-squares (RLS) output-layer adaptation”. First,
approximately 156,000 state-torque sample pairs were collected under closed-loop conditions us-
ing multi-sine persistently exciting trajectories, and a multilayer perceptron (MLP) inverse-dynam-
ics model was trained on these data. The learned feedforward torque was then combined with a
low-gain PD feedback loop to form the NN-FF controller. RLS was further employed to update the
network’s output-layer weights online, yielding an ANN-FF controller capable of adapting to sudden
payload changes. Systematic experiments on a high-fidelity numerical simulation platform of a 2-
DOF manipulator show that the learned model achieves a torque-prediction RMSE of 0.087 + 0.004
N'm, a reduction of approximately 91%~92% relative to the nominal rigid-body model (1.00 N-m),
with R% > 0.998. Across six test trajectories, NN-FF achieves a mean task-space tracking RMSE of 0.49
mm, representing improvements of approximately 30.5-fold and 16.1-fold over PID (14.86 mm) and
computed-torque control (7.85 mm), respectively. Under a sudden 1.0 kg payload change, ANN-FF
completes the main readjustment of its output-layer weights within approximately 3~4 s, with the
steady-state error settling at 1.01 mm—a reduction of about 82% compared with the frozen model
(5.49 mm). The amortized per-step computation time of ANN-FF is approximately 160 ps, satisfying
the requirements of 1 kHz real-time control. These results provide a feasible pathway for data-
driven high-precision manipulator control that balances accuracy, robustness, and real-time per-
formance.
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Table 1. Dynamics parameters of the robotic manipulator

=1 B NFESH
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o5 m 3.0 2.0 kg
K 1 0.35 0.31 m
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Table 2. Network architecture and training hyperparameters
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Figure 1. System modeling and control framework. (a) Schematic diagram of the 2-DOF planar manipulator, with an optional
end-effector payload mp; the gray dashed line marks the workspace boundary. (b) Composite control architecture: the learned
inverse-dynamics model provides feedforward torque 7, PD feedback provides corrective torque s, and the RLS module
updates the network’s output layer online. (c) Example multi-sine persistently-exciting reference trajectories used for data collec-
tion. (d) Coverage density of end-effector positions in the training data across the workspace; the black solid and dashed lines denote
the circular and ““figure-eight”-shaped test trajectories, respectively. (¢) Distribution of the two joint torques in the dataset
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Figure 2. Learning performance of the inverse-dynamics model. (a) Training and validation loss curves. (b) (c) Density scatter
of predicted vs. true torque for Joint 1 and Joint 2, with coefficient of determination R?; the dashed line is the ideal diagonal.
(d) Comparison of prediction-error distributions between the learned model and the nominal rigid-body model. () Prediction
error as a function of peak joint velocity: the nominal model’s error grows with velocity, revealing unmodeled friction, while
the learned model remains stable across the full velocity range. (f) Per-joint torque-prediction RMSE comparison
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Figure 3. Trajectory-tracking performance comparison of the four controllers. (a) (b) Actual end-effector paths for the circular
and “figure-eight”-shaped trajectories. (c) Task-space error time history for the “figure-eight”-shaped trajectory. (d) Detail of
Joint-1 angle tracking. (e) Task-space RMSE for the two trajectories. (f) Joint-1 torque output comparison
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Figure 4. Ablation experiments on model capacity and data volume. (a) Torque-prediction RMSE as a function of hidden-layer
width. (b) RMSE as a function of training sample size. (c) RMSE as a function of network depth. (d) Summary of the width and
depth sweeps on the “parameter-count vs. accuracy” plane
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Figure 5. Robustness analysis (“figure-eight”-shaped trajectory, 5 seeds). (a) RMSE as a function of end-effector payload mass.
(b) RMSE as a function of sensor-noise amplification factor. (c¢) RMSE comparison under nominal friction (light) vs. 50% increased
friction (dark). (d) Heatmap of the RMSE degradation factor relative to the undisturbed baseline across the different perturbation
conditions
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Figure 6. Generalization to unseen test trajectories. (a)~(d) End-effector paths for the Lissajous, five-pointed-star, rounded-
square, and random-spline trajectories. (¢) Summary of task-space RMSE across the six trajectories x four controllers
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Figure 7. Online adaptation under a sudden payload change (t =6 s, +1.0 kg). (a) Tracking-error time history. (b) Detailed
comparison from 1 s before to 5 s after the change. (c) RMSE before the change, during the 0~3 s window after the change,
and at steady state. (d) Frobenius norm of the adaptive output-layer weights relative to their initial values over time
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Table 3. Task-space tracking RMSE of the four controllers on the six test trajectories
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