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• This work presents a model-free inverse reinforcement learning 

(IRL) framework for robotic systems, enabling the recovery of 

control objectives from expert demonstrations.

• A model-based inverse optimal control formulation is developed to 

recover quadratic cost functions using exact Riccati-based gradient 

information. 

• A data-driven off-policy inverse Q-learning method is introduced to 

infer equivalent feedback controllers using only observed state–

action data.

• Results on leader–follower robotic manipulators demonstrate 

effective objective recovery with interpretable controllers and 

satisfactory control performance.
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Inferring expert intent from demonstrations is a key challenge in 

learning-based control.

• Discrete Algebraic 

Riccati Equation 

(DARE):

Model-free IRL by inverse Q-learning  

• Data-Driven H Matrix 

Estimation [2] 

• Simultaneous Perturbation 

Stochastic Approximation (SPSA) [3] 

Inverse Q-learning 

Fig. 3 Leader–Follower Robotic Arms

This work aims to integrate a control system with IRL to learn a reward 

function from demonstrations that captures the task objective and 

guides the manipulator’s behavior.

• Discrete Lyapunov 

Equation:

• Control Gain 

Sensitivity[1] :

IRL for Optimal Control

Given expert demonstrations 

generated by an unknown 

quadratic cost Q, infer the 

equivalent cost such that the 

resulting control policy 

matches the expert's control 

policy.

Conclusion

Model-based and model-free inverse reinforcement learning methods are 

developed for discrete-time linear systems to recover quadratic control 

objectives from demonstrations. Results on leader–follower robotic arms 

demonstrate effective objective recovery and interpretable control behavior.

a) Joint Control Task in Gazebo b) Convergence of the Control Gain of Follower
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