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Goals

Beliefs/
Dynamics

Policy
Outcomes

Treat as rational 
decision maker

Better Explain and Predict

We interact with the world (agent) by understanding its goals

Infer Goals and Intention Policy

(Intentions)

Theory of Mind

Jara-Ettinger, J. (2019). Theory of mind as inverse reinforcement 
learning. Current Opinion in Behavioral Sciences, 29, 105-110.
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We design autonomous systems using optimal control
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Cost Function 𝐽(𝑥, 𝑢, 𝑄, 𝑅)

Challenge to Manually Select

Learn from Demonstrated Behaviors

Infer Cost and Control Policy

Optimal Control VS Inverse Optimal Control

Inverse Optimal Control
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Autonomous Control systems 
(humans, robots, vehicles): 

Model uncertainties 
Requiring stability 
Noisy observation
Data inefficiency

Existing Studies and Challenges
However

Inverse RL:
Discrete MDP

Decision making
Computation load

Requiring low-level 
control

Inverse Optimal 
Control:

Continuous states & 
controls

Known models
Constant reward

To infer goal/cost and optimal control policy

Need Model-free Inverse RL 
in control systems



◼ We pioneer a new discipline of inverse RL in control theory 

Inverse RL in Control Systems

RL

Inverse 
Optimal 
Control

IRL

Optimal 
Control

Model-Free

Model-Based

Identify
cost

Known
cost

Existing 
research

New research
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Stability Guarantee
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Applications to…



Inverse RL Diagram for Control Systems
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Evaluate Trail

Value Function

Improve 

Policy

Improve Cost 

Weights
Expert 

(𝑥, 𝑢∗)

1

2

3

Approximate Dynamic Programming

Inverse Optimal Control

Convex Optimization

Differential Games



Single-agent Systems

Multiagent Systems

Linear systems Nonlinear Systems

Online Inverse Q-learning 
Using Neural Networks Inverse Value Iteration and 

Q-Learning for LQR

Adversarial 
Apprentice Games

Multiplayer 
Apprentice Games

Multiplayer 
Apprentice Games

Multiagent Graphical 
Games

Online Adversarial 
Games 

Antagonistic Expert-
Learner Games

Input-Output 
Systems

CT: continuous-time
DT: discrete-time

Core Disciplines:
Reinforcement Learning; 
Inverse Optimal Control

Anomaly 
Detection and 

Correction

Linear Quadratic 
Regulators
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Heterogenous 
Multiplayer 

Imitation

Stochastic 
Systems

Accelerated Inverse RL

Our Results of Inverse Reinforcement Learning for Control Systems

Packet Dropout



Model-Free Inverse RL for Discrete-time Optimal Control Systems 
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Evaluate Trail Value Function: 𝑃𝑖+1

Improve Policy: 𝐾𝑖+1

Improve Cost Weights: 𝑄𝑖+1 

1

2

3
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Iteration Steps
Time Time

◼ Simulation Experiment
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Parameter setting：

1
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Comparison method 1:

Time Time

B. Kiumarsi, F. L. Lewis, H. Modares, A. Karimpour, and M. B. Naghibi-Sistani, 
“Reinforcement  Q-learning for optimal tracking control of linear discrete-time systems 
with unknown dynamics,” Automatica, vol. 50, no. 4, pp. 1167–1175, 2014.

◼ Simulation Experiment (for control performance improvement by correcting cost function)

Output 

RMSE

Input 

RMSE

Inverse 

RL

5.0476╳10-5 1.1473╳10-4

Com 1 0.4053 1.2422
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Comparison method 2:

Apply the bilevel two-loop learning structure [1, 2] to the proposed formulas.

◼ Simulation Experiment(for learning efficiency improvement by the single-loop learning structure)

Outer 

iterations j

Inner 

iterations i
Total time

Inverse RL \ \ 81 10.360s

Com 2 112 2315 2427 190.576s

[1] P. Abbeel and A. Y. Ng, “Apprenticeship Learning via Inverse Reinforcement 
Learning,” the 21st International Conference on Machine Learning, Banff, Canada, 2004.

[2] K. Mombaur, A. Truong, J P Laumond. From Human to Humanoid Locomotion—An 
Inverse Optimal Control Approach. Auton Robots, 2010, 28:369–383.
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Euler angles Cartesian Position
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Convex Optimization based Inverse RL

Iterative Data-Driven Convex Optimization

Jointly update  
All unknowns 

subject to 
constraints

𝛼∗ linear model

best-fit cost weights 

optimal policy

Cost Policy

Evaluation

𝒎𝒊𝒏 𝜶𝒋
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Convex Optimization

Adaptive Dynamic Programming
Inverse Optimal Control

Allow for constraints
Find best-fit cost without requiring the optimal expert

Model free and update Q and R  
Faster

Wu, J., Xue, W., Lewis, F. L., & Lian, B. (2025). Data-Driven Optimization-Based Cost and Optimal Control Inference. IEEE Control Systems Letters.



Model-Free Inverse RL for Output-Feedback Control Systems 

B. Lian, W. Xue, F. L. Lewis, and A. Davoudi, “Inverse Q-Learning Using 
Input-Output Data”, IEEE Transactions on Cybernetics, 2023. 



◼ Algorithm Design
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Only measurement data of expert’s 𝑢𝑘 , 𝑦𝑘 are available

Goal: Using expert’s demonstrations, 
find a group of Q, 𝑅𝑒 such that 



Model-free version to update 𝑃𝑖 ( ഥ𝐻𝑖):

System State 
Reconstruction: 

Replace

◼ Model-free algorithm framework



Model-free version to update 𝐾𝑖+1 and 𝐿𝑖+1 :



Model-free version to update 𝑄𝑖+1:

Multiply 𝑥𝑘



Model-Free Inverse RL for Continuous-time Linear Systems

For CT linear system with unknown dynamics:

28

ሶ𝑥(𝑥) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡)

B. Lian, W. Xue, F. L. Lewis, and T. Chai, “Inverse Value Iteration and Q-Learning: Algorithms and Stability”, IEEE Transactions on Neural Networks and 
Learning Systems, 2022, conditionally accepted.



Inverse RL for Systems with Disturbances

For CT linear system with disturbances:
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ሶ𝑥 𝑥 = 𝐴𝑥 𝑡 + 𝐵𝑢 𝑡 + 𝐷𝑑(𝑡)

W. Xue, B. Lian, J. Fan, T. Chai, and F. L. Lewis, “Data-Driven Inverse Reinforcement Learning for Expert-Learner Zero-Sum Games”, IEEE 
Transactions on Automation Science and Engineering (conditionally accepted). 



Objective

Expert ሶ𝒙𝒆

𝒗𝒆

Update Objective 
Weights

𝒗𝒍

Learner ሶ𝒙𝒍

Outer Inverse Optimal Control Inner Reinforcement Learning

Two-loop inverse Reinforcement Learning

Objective

Optimal
(𝒙𝒍

∗, 𝒖𝒍
∗, 𝒗𝒍

∗) 
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UNKNOWN

Expert
Dynamics:   ሶ𝑥𝑒 = 𝑓 𝑥𝑒 + 𝑔 𝑥𝑒  𝑢𝑒 + ℎ 𝑥𝑒  𝑣𝑒

Objective:   𝑉𝑒 = ׬
0

∞
𝑥𝑒

𝑇𝑄𝑒𝑥𝑒 + 𝑢𝑒
𝑇𝑅𝑒𝑢𝑒 − 𝑣𝑒

𝑇𝑆𝑒𝑣𝑒𝑑𝜏

Learner
Dynamics:   ሶ𝑥𝑙 = 𝑓 𝑥𝑙 + 𝑔 𝑥𝑙  𝑢𝑙 + ℎ 𝑥𝑙  𝑣𝑙

Trail Objective:   𝑉𝑙 = ׬
0

∞
𝑥𝑙

𝑇𝑄𝑙𝑥𝑙 + 𝑢𝑙
𝑇𝑅𝑙𝑢𝑙 − 𝑣𝑙

𝑇𝑆𝑙𝑣𝑙𝑑𝜏

Optimize
Optimal 

States and 
Controls

Optimize

Same

Data-Driven Inverse RL for Adversarial Apprentice Games
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31Lian, B., et al. (2021). Inverse reinforcement learning for adversarial apprentice games. IEEE 

Transactions on Neural Networks and Learning Systems.
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Accelerated Inverse RL in Large-Scale Systems

Dynamic mode decomposition:
reduced order data

dynamic mode

Donge, V. S., Lian, B., Lewis, F. L., & Davoudi, A. (2024). Efficient Reward Shaping for Multiagent Systems. IEEE Transactions on Control of Network Systems, 12(1), 687-699.
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Order Reduction

Inverse RL

◼ Reduced-Order Inverse RL Algorithms
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500× speedup

Inverse RL Control of 10 Linear Aircraft Dynamics
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Lian, B., Xue, W., Lewis, F.L., and Davoudi, A. Nash-minmax strategy 
for multiplayer multiagent graphical games with reinforcement 
learning, IEEE Transactions on Control of Network Systems, Apr. 2024.

Lian, B., Lewis, F. L., Hewer, G. A., Estabridis, K., & Chai, T. Online 
learning of minmax solutions for distributed estimation and tracking 
control of sensor networks in graphical games. IEEE Transactions on 
Control of Network Systems, 9(4), 1923-1936, 2022.

Model multiagent graphical games to find adaptive 
optimal control strategy of each agent and design RL to 
solve HJB equations online. 

Local 
Estimation

Local 
Tracking

Neural 
Network Based 

RL

Minmax 
Strategies

Target

Online Data-Driven RL Control
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If any question, please contact 
bzl0098@auburn.edu
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  J ( x , u , Q , R )


  ( x ,    u ∗ )


   P  i + 1


   K  i + 1


   Q  i + 1


      𝛼 ∗


  𝒎 𝒊 𝒏     𝜶 𝒋


   u k ,  y k


   R e


   P i  


     H - i


   K  i + 1


   L  i + 1  


   Q  i + 1


   x k


   x . ( x ) = A x ( t ) + B u ( t )


   x .  ( x ) = A x  ( t ) + B u  ( t ) + D d ( t )


     𝒙 . 𝒆


   𝒗 𝒆


   𝒗 𝒍


     𝒙 . 𝒍


  (  𝒙 𝒍 ∗


   𝒖 𝒍 ∗


   𝒗 𝒍 ∗ )


     x . e = f  (   x e ) + g  (   x e )


   u e + h  (   x e )    v e


   V e =  ∫ 0 ∞   x e T  Q e  x e +  u e T  R e  u e −  v e T  S e  v e d 𝜏


     x . l = f  (   x l ) + g  (   x l )


   u l + h  (   x l )    v l


   V l =  ∫ 0 ∞   x l T  Q l  x l +  u l T  R l  u l −  v l T  S l  v l d 𝜏
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