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𝑗
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Fig. 1 Ford Taurus
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Average Covariance Value 𝑃22

Effectiveness

Lian, B., et al. (2019) "Distributed consensus-based Kalman filtering for estimation with multiple moving targets." In 2019 IEEE 58th Conference on Decision and Control.

Lian, B., et al. (2020). Distributed Kalman consensus filter for estimation with moving targets. IEEE Transactions on Cybernetics.



The Convergence of Average Estimation Errors of Each Sensor 

By DKCF By KCF[5] 

[5] Olfati-Saber, Reza. "Distributed Kalman filtering for sensor networks." 2007 46th IEEE Conference on Decision and Control.
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Faster Convergence
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Robustness Margin Analysis

Lian, B., Lewis, F. L., Hewer, G. A., Estabridis, K., & Chai, T. (2021). Robustness analysis of distributed Kalman filter for estimation in sensor networks. 

IEEE Transactions on Cybernetics.
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Standard Kalman filter                           Distributed Kalman filters      

• Phase margin:              𝑃𝑀 < 600 𝑃𝑀 < arccos(
1

2
−

(𝛼𝑖
∗+2)𝛼𝑖

∗

2
)

• Gain margin:             
1

2
 < 𝐺𝑀 < ∞

1

2+𝛼𝑖
∗ < 𝐺𝑀 < ∞

                                                                                                   𝛼𝑖
∗ is related to the neighbor numbers of sensor i.

Sensor Target

Improved Robustness

Funded by ONR grant “Optimal Design for Assured Performance of Interactive  Multibody Systems: 

Guaranteed Controls for Multi-pursuers, Estimation, Optimal Learning, Scalable Uncertainty 

Sampling, and Time-critical Communication”, $815,019.00. 
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Unknown A, B, f(x), and g(x)

𝑀 𝑞 ሷ𝑞 + 𝑉 𝑞, ሶ𝑞 + 𝐺 𝑞 = 𝜏

ሶ𝑥 = 𝐴𝑥 + 𝐵𝑢

ሶ𝑥 = 𝑓(𝑥) + 𝑔(𝑥)𝑢

𝑥 =
𝑞
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✓ A New Discipline in Automatic Control

✓ A Hybrid of Reinforcement Learning and Inverse Optimal Control

✓ Lyapunov Stability

Inverse Reinforcement Learning for Optimal Control Systems and Games
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Inverse Reinforcement Learning for Adversarial Apprentice Games
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Lian, B., et al. (2021). Inverse reinforcement learning for adversarial apprentice games. IEEE 

Transactions on Neural Networks and Learning Systems.



Extended to Multi-player Apprentice Games

Player 1

Player 2

Player N

Cost 𝑉𝑒1

Cost 𝑉𝑒2

Cost 𝑉𝑒𝑁

⋮

Optimal Behaviors

of Player 1

Inverse 

Reinforcement 

Learning

Identify Expert Cost 𝑉𝑒1

Expert Learner

Cost 𝑉𝑙1

Cost 𝑉𝑙𝑁

Player 1

Player 2

Player N

⋮ ⋮ ⋮ ⋮ ⋮

22

Optimal 

Behaviors

Cost 𝑉𝑙2

Lian, B., et al. (2022). Inverse reinforcement learning for multi-player noncooperative apprentice games. Automatica.



Bosen Lian, Yusuf Kartal, Frank L. Lewis, Dariusz G. Mikulski, Gregory R. Hudas, Yan Wan, and Ali Davoudi, (2022). “Anomaly Detection and 

Correction of Optimizing Autonomous Systems with Inverse Reinforcement Learning,” IEEE Transactions on Cybernetics.

Unknown autonomous system with normal behavior Model unknown test behavior

Objective

Intention

Inverse Reinforcement Learning for Anomaly Detection and Correction

26

Funded by ARO grant “Graphical Games and Distributed Reinforcement Learning Control in 

Human- networked Multi-group Societies”, $391,083.00. 
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Distributed Estimation Based Tracking Control of Multiagent Sensor 

Networks with Reinforcement Learning

Performance Cost Function

Lian, B., et al (2022). Online Learning of Minmax Solutions for Distributed Estimation and Tracking Control of Sensor Networks in 

Graphical Games. IEEE Transactions on Control of Network Systems. 35

Funded by ONR grant “Optimal Design for Assured Performance of Interactive  Multibody Systems: 

Guaranteed Controls for Multi-pursuers, Estimation, Optimal Learning, Scalable Uncertainty 

Sampling, and Time-critical Communication”, $815,019.00. 
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• Phase margin: 

• Gain margin:

where 𝜔𝑖 > 0 and 0 < 𝑎 < 1 .
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Accelerated Reinforcement Learning for Large-Scale Multiagent Systems
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Donge, V. S., Lian, B., Lewis, F. L., & Davoudi, A. (2023). Accelerated Reinforcement Learning via Dynamic Mode Decomposition. IEEE Transactions on Control of Network Systems. 42
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Dynamic Mode Decomposition
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   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


   V  e 1


   V  e 2


   V  e N


  ⋮


   V  e 1


   V  l 1


   V  l N


  ⋮


  ⋮


  ⋮


  ⋮


  ⋮


   V  l 2


   V 1


   V 2


   V N


  ⋮


  ⋮


   V 1


   V 2


   V N


  ⋮


  ⋮


   V i


  ⋮


  ⋮


   𝜔 i > 0


  0 < a < 1


      lim  t   → ∞ ⁡  x  ( t ) = 0


    ( X 1 ,  X 1 )


    ( X 2 ,  X 2 )


    ( X  N − 1 ,  U  N − 1 )


    ( X N ,  U N )


   x 1


   x 2


   x m


   u 1


   u 2


   u m


     x ~ k ∈  ℝ  n M


     u ~ k ∈  ℝ  m M


   x   i k ∈  ℝ n


   u   i k ∈  ℝ m


      𝜉   ~ k ∈  ℝ r


  r   < <   n M


   ℝ  96


   ℝ 4


   ℝ  96

