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Distributed Kalman
Filters for Estimation

Challenges in Distributed Kalman Filters
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To Address the Challenges

Developed Distributed Kalman Consensus
Filter for Estimation with Moving Targets

Analyzed Robustness Margins E—) -




Distributed Kalman Consensus Filter for Estimation with Moving Targets
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Effectiveness
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Faster Convergence

The Convergence of Average Estimation Errors of Each Sensor
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Convergence with Graph Switching

Graph 1

Convergence time/s
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Graph 1

Convergence with Graph Connectivity
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Robustness Margin Analysis
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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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Challenges in Inverse Reinforcement Learning
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Inverse Reinforcement Learning for Optimal Control Systems and Games

v A New Discipline in Automatic Control
v A Hybrid of Reinforcement Learning and Inverse Optimal Control
v' Lyapunov Stability
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Our Results of Inverse Reinforcement Learning

and Correction in

Inverse RL for CT
Autonomous

Tracking Control

Inverse RL DT
Tracking Control

( Anomaly Detection ||

4 Single-agent Systems

CT: continuous-time
DT: discrete-time

)

Online Synchronous Inverse RL for CT

e

Systems

Inverse Value Iteration
and Q-Learning for LQR

Online Inverse Q-learning
Using Neural Networks

Inverse RL for CT Static
Output Feedback Control

%inear systems

Core Disciplines:
Reinforcement Learning;
Inverse Optimal Control

Adversarial Apprentice
Games

Inverse RL for CT
Adversarial Games

Nonlinear Systen.}s

Inverse RL for Inverse RL for CT
Antagonistic Expert- Inverse RL for CT Multiplayer Apprentice
Learner Games Graphical Games Games

Data-driven Inverse RL for
Multiplayer Apprentice
Games

Today’s Talk

v Multiagent Systems

19



Inverse Reinforcement Learning for Adversarial Apprentice Games
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» Model-Free Data-Driven Inverse Reinforcement Learning Algorithm

Algorithm 1 Model-free Integral Inverse RL Algorithm for
Adversarial Apprentice Game

1: Initialization: sclect QY = 0, R, > 0, §; > 0, initial stabi-
lizing «}", and small thresholds &, &. Set j = 0. Apply
qtabllmng i to the learner dynamics (27).
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Extended to Multi-player Apprentice Games
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Lian, B., et al. (2022). Inverse reinforcement learning for multi-player noncooperative apprentice games. Automatica. 22



Inverse Reinforcement Learning for Anomaly Detection and Correction

. @ E'EVCDM

Funded by ARO grant “Graphical Games and Distributed Reinforcement Learning Control in
Human- networked Multi-group Societies”, $391,083.00.
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Correction of Optimizing Autonomous Systems with Inverse Reinforcement Learning,” /EEE Transactions on Cybernefics.
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Algorithm 1 Data-driven Inverse RL for the Normal Behaviors

1: Select Qp =0 € R**, any R=R" € R™" > 0, threshold
e, and stabilizing Ky. Set i = 0. Add probing noise e to

X (1), (1)) at

-

2: Observe the normal behavior trajectories, (
each small interval T.

3: Compute P, and K;;; from

x,{(t + T)[)ixn(t + T) —le"([)ljixn(l)
t+T
— / 2(uf — tn,) " RK ;4 1xd T
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to Step 3.
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Algorithm 2 Inverse RL Algorithm for Anomaly Detection

Algorithm 3 Inverse RL for Anomaly Detection and Correc-

1:

2:

3:

4.

5:

. 6:

- Intention 7
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10:

1

11: else if ||Qw —

tion Algorithm
1: Run Algorithm 2 in Detection Phase to identify abnormal

Run Algorithm 1 to obtained (QM,R) and K.. for online

A A%
(& a"). N behaviors.
Compute J| Qeo — Q°°|| 2: Correction Phase.
If [[Qw. — Q|| > &1, then Select initial Qg = 0 € R**, any R = RT € R™™ > 0, and

Return objective anomaly,
Compute
If | Ko — Kwo|| > &, then
Return intention anomaly;
else if ||K.. — K..|| < &,
Return objective anomaly in Step 4 is false alarm
and the observed behaviors are normal behaviors;
end if

a stabilizing Kp. Set j =0 and a threshold e3.
3: Solve for P;, K;| and Q;; from
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Challenges in Multiagent Control with Reinforcement Learning
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To Address the Challenges
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Distributed Estimation Based Tracking Control of Multiagent Sensor
Networks with Reinforcement Learning

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.

Networked
RL

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



Realtime Distributed Adversary-Actor-Critic Neural Networks

Estimation Error Critic Neural Networks
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Distributed Control for Noncooperative Multiplayer Games with
Reinforcement Learning

Distributed Reinforcement

S [\ Learning
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Distributed Model-free Reinforcement Learning '

Algorithm 2 Data-driven Off-policy RL Algorithm to solve
the Distributed Minmax Strategies in Multiplayer Games
1) Select initial stabilizing control policies K} and Kj; =0
for i€ .4, j€ —i. Set small thresholds ¢; and h = 0. Ap-
ply u; = —Kijx+ & to (51), where K; is a fixed stabilizing
policy and & is a small probing noise.

2) Solve control feedback gains K" and K[! by

\ X7 (04 APEx(t + Ar) — x" (1) Px(r)
P : ., A T p. ph+!l
QY . -, G — 2(u; — ul) " RGK" ' xd1
%@@ Optimal O’ ;% f,
bt ., Ly + f 27 Y (u;— Vi) RiK! xde
o ‘. . Jje—i
Player 1 I Player i l Player N l \ _ fme (I Py 2 Y (hYTR; ’__) -
JeE-i
Distributed Minimax Control Strategy 3) Update control inputs ;"' and vj;"! by
uﬁ"H . K.f:-i-l
vﬁ+l Kﬁ+] x.

4) Stop if [P — P|| < e, ¥ i € 4. Otherwise, set h —
h+1, and go to Step 2.
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Asymptotic Stability |

Distributed minimax strategy

u; £ argminmax V;(x,u;,u_;)
up u_;

\ Lyapunov Theory

Multiplayer dynamic systems

( WL

o —

I@proved Robustness |

* Phase margin: PM| < 60° + o,
* Gain margin: g < GM < oo

where w; > 0and0<a <1.

lim x(t) =0

t -0
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Accelerated Reinforcement Learning for Large-Scale Multiagent Systems

Large-scale Data State Measurements
i L I
| I | p—
i I | Dynamic Mode Reduced System | Xm
| | | H Decomposition to Find ”
Ll e dUCC d Dynamics Control Measurements
| |(Xv-q,Un-1) :
_— (XN’ lfN) i I |
| 1 |
Reinforcement

Sampling Learging

ol Optimal Control

*
E ~55% - I
Stabilize

Large-scale Systems

Donge, V. S., Lian, B., Lewis, F. L., & Davoudi, A. (2023). Accelerated Reinforcement Learning via Dynamic Mode Decomposition. /EEE Transactions on Control of Network Systems.
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