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

Better Explain and Predict

Treat as rational
decision maker

Theory of Mind

Infer G Oals and Intention POliCy Jara-Ettinger, J. (2019). Theory of mind as inverse reinforcement 2

learning. Current Opinion in Behavioral Sciences, 29, 105-110.



We design autonomous systems using optimal control

Hans P. Geering
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Optimal Control VS Inverse Optimal Control

‘ Learn from Demonstrated Behaviors

Challenge to Manually Select l
4 Infer Cost and Control Policy
Cost Function J(x,u,Q,R) \
(] Inverse Optimal Control
—> LQR Controller) — | pjant >
SRR y = X, full state
feedback




To infer goal/cost and optimal control policy

Existing Studies and Challenges

Inverse RL:
Discrete MDP
Decision making
Computation load
Requiring low-level
control

Inverse Optimal
Control:
Continuous states &
controls
Known models
Constant reward

However

Autonomous Control systems
(humans, robots, vehicles):
Model uncertainties
Requiring stability
Noisy observation
Data inefficiency

|

Need Model-free Inverse RL
in control systems



Inverse RL in Control Systems

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

Model-Free Stability Guarantee

RL
Ide’? Hy i eiiEie Optimal Known
o Optima. CI())ntrol cost
Control
Model-Based
Existing

. New research
research

Advances in Industrial Control

Bosen Lian - Wengian Xue -
Frank L. Lewis - Hamidreza Modares -
Bahare Kiumarsi

Integral and Inverse
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for Optimal Control
Systems and Games
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Inverse RL Diagram for Control Systems

Evaluate Trail
Value Function

— Approximate Dynamic Programming

Inverse Optimal Control

Convex Optimization

Improve
Policy
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Our Results of Inverse Reinforcement Learning for Control Systems

$Single-agent Systems
CT: continuous-time

Linear Quadratic Anomaly ‘ Packet Dropout DT: discrete-time
Regulators Detection and _
Correction

Online Adversarial

Online Inverse Q-learning Games

Using Neural Networks Inverse Value Ttera
Q-Learning for LQR
Stochastic Adversarial
Systems Input-Output Apprentice Games
Systems L
Linear systems — — ore Disciplines: Nonlinear System:s
< Reinfor >
Inverse Optima
Antagonistic Expert- , : Itiplayer
‘ Lefe;lrner Gamgs | ‘ Multiagent Graphical iIC)e (};ames
Games

Heterogenous
Multiplayer

; Imitation
| Apprentice Games TO d ay JrS Ta lk

yMultiagent Systems

Accelerated Inverse RL




Model-Free Inverse RL for Discrete-time Optimal Control Systems

m Controlled System (Learner)

Discrete-time linear system with unknown model/dynamics:

{x(k +1) = Ax(k) + Bu(k)
y(k) = Cx(k)

m Control Problem

Data-driven model-free inverse RL based controller

Expert Expert

demonstrations ContéNed behaviors

ey Qe | Cost function )  Control policy | s sy:gn I
COITeCtor | updater
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The expert demonstrations are exhibited by an Expert system with the same
dynamics {xT(k+1) = Ax, (k) + Bu, (k)

yr(k) = Cx, (k)
where the control input #; optimally corresponds to the underlying expert cost function

Vi (xp(k),up (k) = i e () Qrxr () +u, (7)) Ryar ()
which is given by
up ==Ky x, =—(R, + BTB"B)_IBTPTAJCT

and satisfies the DT algebraic Riccati equation

Q,—P.+A"PA-A"PB(R.+B"P.B)Y'B"P.A=0.
or Lyapunov equation

Qr + (A — BK)T Pr(A — BKy) + KX Pr Ky — Py = 0.

Only measurement data of expert’s x;, ur are available




B Problem

Using expert’s data, find a group of >0, R>0 and P,X for learner to minimize the following
index without knowing system dynamics 4,58

J =min Y |lx(k) — xz (k)| + (k) —ur (k)|
QR 4
st x(k+1) = Ax(k)+ Bu(k), y(k)=Cx(k)
T T T -1 pT
Optimality O-P+A"PA- A"PB(R+B"PB)'BTP4=0

condition | w(k)=—Kx(k)=—(R+B"RB) "' B’ PAx(k)— R 'B’ Px

m Controller Design

Goal solution condition

Theorem: If there exists a group of Q and R satisfying both (1) and the Lyapunov equation
Q-+ (A—BKr)' P(A—BKr)+K+RKy —P =0

then, the control gain K in (2) equals expert’s K, and minimizes J.

12



B  Model-based algorithm

1. Initialization: select R > (), an initial Q° = 0 , and a threshold £>0,seti =0, e 0, 1]
2: Control policy evaluation and update: update p*! by
Q' —-P*"+(A-BK,)"P"'(A-BK,)+ K;RK, =0.
and control input 3™ by Modified RL policy iteration
u™' =—K"'x=—(R+B"P"'B)"'B"P"' Ax
3. Cost function weight correction: update Q"' by
0" -(1-a)0 +a(-P*"'+ A" P A-A"P*"B(R+B"P*"'B)'B"P"' 4)=0 Inverse optimal control

4.Set i=i+1,repeat 1-3 until [0 -Q'|<e.

W. Xue, B. Lian, J. Fan, P. Kolaric, T. Chai, and F. L. Lewis, “Inverse Reinforcement Q-Learning through Expert Imitation for Discrete-Time
Systems”, IEEE Transactions on Neural Networks and Learning Systems, 34(5), 2386-2399, 2023. 13
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B Model-free inverse reinforcement Q-learning algorithm

Kernel matrix evaluation and control policy update: solve H™' by

xr (£) TH”‘ ()| (k+D) TH"” D | o k) Ru, (k
w®)] T L0 | Lt ] Ty gea | T GO O R )

Update control policy y'*! by
ui+1 — _Ki+1x — _(H:;-l )—1H;;-1x

Cost function weight correction: solve Q"' by

T
Hf+l

x(k)' Q™' x(k) = 1 - a)x(k) @'x(k)—au(k)" Ru(k) +a [x(k - 1)} »

x(k-1)
u(k-1)

u(k —1)

I

x(k)
u(k)

|

i+1
p

|

x(k)
u(k)

|
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B Simulation Experiment

The dynamics of the Expert and Learner systems are (F-16 aircraft system dynamics)

[ 0.906488 0.0816012 -0.0005 | —0.00150808 | 0 0 1
A=10.0741349 0.90121 -0.000708383 |,B=| -0.0096 |,C=| O 0.6 0 .
i 0 0 0.132655 | | 0.867345 | -1.26 -0.9788 0.4852 |
15 0 0
Expert’s input: u, (k) =-K,x,(k)=-[-0.1688 —0.2009 0.1285]x,(k) Expert’'s weights: Q,=| 0 18 0 |,R, =21,
0O 0 14
01 0 O
Initial parameters for learning: 9°=| 0 0.5 0|, R=1/,a=1 Threshold: &= 6x10"*
0O 0 1

Simulation goal: Using expert’s demonstrations, find controlled system a group of Q, R, K
using the data-driven model-free IRL algorithm to realize trajectory imitation.

16



B Simulation Experiment

430

420

410

400

17.5

17.4

17.3

17.2

10

T T T T T T T 35 T T T T T
[—[[H = Hyl|] | ¥ u
- = =YT1
— — —uT i
20 40 80 80 100 120 50 100 150 200 250 |
[——[1Q7 - Qrl|] | vz -
—_—— =72
20 40 60 80 100 120 50 100 150 200 250
|—— [IK™! — K|
4 Y3 i
- = =Yr3
20 40 60 80 100 120 50 100 150 200 250 50 100 150 200 250
) Time ;
Iteration Steps Time
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Simulation Experiment (for control performance improvement by correcting cost function)

Comparison method 1:

B. Kiumarsi, F. L. Lewis, H. Modares, A. Karimpour, and M. B. Naghibi-Sistani, 01 0 0
“Reinforcement Q-learning for optimal tracking control of linear discrete-time systems

with unknown dynamics,” Automatica, vol. 50, no. 4, pp. 1167-1175, 2014.

Parameter setting :

0 05 0f,R=1,y=09
0 0 1

0=

~ At
- ——=yri |

I .
50 100 150 200 250

200 250

L L
200 250

Time

3.5

25

151

0.5

-0.5

— — —ur|

= —

0 50 100 150 200 250

Inverse 5.0476X10> 1.1473%x104
RL
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B Simulation Experiment(for learning efficiency improvement by the single-loop learning structure)

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

440

430 5] Outer Inner
420 | . . N . . Total
o | | | | iterations iterations |
o >0 1090 19%0 2000 Inverse RL \ \ 81 10.360s
il Rl Com 2 112 2315 2427 190.576s
17.6 [ ]
15 * : * . !
0 20 40 60 80 100
i i Y7 - Bl [1] P. Abbeel and A. Y. Ng, “Apprenticeship Learning via Inverse Reinforcement
i _.l' Learning,” the 21st International Conference on Machine Learning, Banff, Canada, 2004.
|
G — : S —— 2] K. Mombaur, A. Truong, ] P Laumond. From Human to Humanoid Locomotion —An
0 20 40 G :?eps %0 100 [nverse Optimal Control Approach. Auton Robots, 2010, 28:369-383.
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< 0-% W M 0.8 ,’_’\—_
-0.2 0.5
0 1 2 3 4 0 1 2 3 4
Time (s) Time (s)
< 02 W . /\ ‘
00 05 : i
0 1 2 3 4 0 1 2 3 4
Time (s) Time (s)
5-0.02 0.02 /
-0.04 N 0F \
-0.02 ‘ ‘ ‘
0 1 2 3
Time (s 0 1 2 3 4
(®) Time (s)
Euler angles Cartesian Position

. : .
‘l s ¢, i "" f
= e o i T T ‘_____.@3-..;;//‘9
A f
N I !
‘ ‘ \.;;\ . f
3 ,
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2 |« Expert Start « Learner Start
. Expert Path —Learner Path
2" |« Expert Finsh « Learner Finish
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Convex Optimization based Inverse RL

Evaluation

Jointly update
All unknowns
subject to
constraints

Cost

Policy

Iterative Data-Driven Convex Optimization

linear model
best-fit cost weights
optimal policy

21



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

/

Convex Optimization

0.3 0.3
KT — K.|| witha=1 K — K.|| with o = 0.8
0.2 0.2
T it i 0.1} 0.}
Zy M7y =z Quzi + uy Rug + Zi ;M 7 N e . : ‘
Teitly _ TR » LT @ity ¥l 0 50 100 150 200 250 0 100 200 300
of 4 SRO hr=R Qeze+ug Rug+ (Ziyy) ' S Zy 03
o Sj+1 - Mj+1 - 0 o2 Kl — K, || with a = 0.6 o2 K" - K. | with a = 0.4
| o1 > F(Q,R) =D 0.1} 0.1}
+1 _ +1 +1 :
Step 2 K — (M) ML % 10 20 30 a0 o 200 400 600
0.3 1
N~ ~ — K - K,|[ with a = 0.2
Adaptive Dynamic Programming 02 05l
Inverse Optimal Control 0-1¢
\ %0 200 400 600 800 1000 % 2 4 6 8
Iteration 7 Iteration 7

Model free and update Q and R Faster

22
Wu, J., Xue, W,, Lewis, F. L., & Lian, B. (2025). Data-Driven Optimization-Based Cost and Optimal Control Inference. I[EEE Control Systems Letters.



Model-Free Inverse RL for Output-Feedback Control Systems

Demonstrated Objective with Reward Weights
System (Q",R") on (yx, uy)
Xk+1 = Axg + Buy, Input u; | Output yy
Y = kaa
. —_ * — * — *
= , 17— Demonstrated Agent +~——— Stat::: O_PIiB ?;ntml > =Ky Ky Cx = —K'x
% * =
V(xk)=2(ij yj+ujR uj) * s
=k
’ Demonstrations
Current | Historic Historic |Current

Yk | Yk-1s"""2Yk-N Ug-1,""" Ug-N Uk

Mode-free Inverse RL

|

|

K;C=K"=(R"+B"P'B)"' (B"P*A+L")

where P* > 0 and L* satisfy the discrete-time algebraic Riccati

New (Q,R) =y K equation (ARE)

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

0=A"P'A—P* +CTQ*C-ATP*B(R* +B"P*B)"'B" P*A
+ (LT (R*+B"P*B)"'L".

g

0= (A—BK")TP*(A—BK*) - P*+CTQ*C+ (K*)TR*K".



B Algorithm Design

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

0=(A—BK*)"P,(A—BK*)— P, +CTQ,C+ (K*)"R.K",
K.C=(R.+B"P.B) ' (BTP.A+L,),
L. = (R.+B"P.B)K,C —B"PA.

Algorithm 1 Model-Based Inverse RL Algorithm for Discrete-
Time Static OPFB Control Systems

1:

Initialization: Select arbitrary R, = R € R™"™ > 0, a
small threshold &, and a tuning parameter & € (0, 1]. Give
(A,B,C) and K*. Set i =0, Q9 =0, and Ly = 0.

Evaluate P, using Lyapunov equation

0= (A—BK*)TP(A—BK*) - P,+CTQ;,C+ (K*)TR.K*.

: Improve K;;| and L,y using static OPFB control

Kii1 = (Re+BTPB)"{(BTPRA+L;,)CT (cCT)7!,
Lis1 = (R.+BTPB)K;;1C — BT PA.
Improve Q;.; relying on inverse optimal control
Qiy1 = a(CC")"'C[P;— (A— BK;;1C)" P(A - BK; 1, C)
—C'K/\\RKi1C— L K* — (K*)"Li + L Ki, C
+CTKl L] CT(CC) 7 + (1 — @) Q.

: Stop if ||K;y; — K[| <8, or set i —i+1 and go to Step 2.

Only measurement data of expert’s uy, y, are available

24



B Model-free algorithm framework

2: Evaluate P: using Lyapunov equation
Replace ¢ fommg Lyaptiov €4

0= (A—BK*)TP(A—-BK*)—P,+CTQ,C+ (K*)TR.K*
Model-free version to update P* (H'):

T
r %=[U 1an Yiww %)
i | Xk X1 i | X1 T AT T
H' = H x, C" QiCx +u, Rou
2 Lk] [um] Lk ]+ TCT QiCx 1 ul Rty

+1

——>

. S
2 H'zi — zp o\ H'zj1 = yi Qi + g Reuig.

- [H H
Hl = [ XX XU c R(n+m)x(”+m)
H,, H,, ’

. Hl'iJU Hl'l:fY Hl":fu
H = |:H1£.{U H;{Y Hf}u e R(thV+pN+m)x(nW+pN+m),
Hy Hy H,
A Hi —
H =C"Q,C+A"PA ¢ R, v
H, = (H,,)" =ATPBeR™",
H., =R, +B"PBcR™",

uu
=D H. D, € R"™*"™  Hj,, = DL H} D, € R"™*PN,
Hj,, =D, H}, e R"*"  Hyy =DJH,D, e RPN*PY,
Hyy = (Hpy)" € RPVY,

Hiy = ()7 €RPPY.

Hj, =D} H}, € RPN,
H:;U = (HE’M)T € RmXMN:



Algorithm 1 Model-Based Inverse RL Algorithm for Discrete- Model-free version to update K; 1 and L; 4 :
Time Static OPFB Control Systems

1: Initialization: Select arbitrary R, = R € R™™ > 0, a

small threshold &, and a tuning parameter & € (0, 1]. Give K 1Cx; = Kiy 1 yx

(A,B,C) and K*. Set i =0, Qo =0, and Ly = 0. — (R, + BTPB) "1 (BTPA + L)x,
2: Evaluate P, using Lyapunov equation — (R, +BTPB) (BT PAD,Up_1_n

0= (A—BK*)"P,(A—BK*) - P,+CTQ,C+ (K*)TR.K*. +BTPAD,Y;_1.4_n) + (Re+BTP.B) ' Lix;
3: Improve K;; and L;.| using static OPFB control = (H.,,) " (HyUi 14N +Hy Y 14-n)

i =17y,
Kiy1 = (R.+B"PB) ' (BTPA+L;))CT (cCT) !, + (Hy,) ™ Li(x),

4: Improve Q;,; relying on inverse optimal control Lit1(xx) = [(Re +BTHB)IG+1C —BTR'A]):}C

T T
Qi+1 = a(CCT)"'C[P,— (A— BK;11C)" P,(A— BK;;C) = (Re+B' PB)K;+1Cxy — (B PAD,Uy—1:x—N
—CTK" \R,Kii C— LTK* — (K*)TL;+ LTK;11C +B" PADyY;_1:4_n)
+CTKL L] CT(CCT) ™ + (1 - ) Q. = H,, Kir1yk — (HuyUk—1:6-n + Hyy Yi—1:4-n)-

5: Stop if ||Kiy; — K[| < 8, or set i — i+ 1 and go to Step 2.




Algorithm 1 Model-Based Inverse RL Algorithm for Discrete-
Time Static OPFB Control Systems

1: Initialization: Select arbitrary R, = R! € R™" >0, a Model-free version to update Q;1:

small threshold &, and a tuning parameter o € (0, 1]. Give
(A,B,C) and K*. Set i =0, Qo =0, and Ly = 0.
2: Evaluate P; using Lyapunov equation

0=(A—BK*)TP(A—BK*)—P,+CTQ,C+ (K*)TR.K*.

3: Improve K;;1 and L;;; using static OPFB control CTQ;'HC: a(K,-HC—K*)T(RE +BTP;-B)(KI-+1C—K*)

Kii1 = (Re+BTPB) ' (BTPA+L)CT (cCT) 7!, +cTo.c.
Liy1 = (R.+B"PB)K;1C —BTPA.

4: Improve Q;:; relying on inverse optimal control Multiply Xje
Qi+1 = a(CC")"'C[P — (A—BK;;1C)" (A — BK;; | C)
—C"K[ R K1 C— L[ K* — (K*) L+ LT K; 11 C |
+CTKl L L]CT(CCT) T + (1 — ) Qi Vi Qi+ 13k = 0(Kir1Cxi + uy) " Hyy, (Kiy 1Cxe +u) + vt Qivie

— : Thi (p. T .
5: Stop if |[Kiy; —K;|| < 5, or set i —i+1 and go to Step 2. = (K1 +ur)” oy, (K1 yic+ i) + i Qi




Model-Free Inverse RL for Continuous-time Linear Systems

Algorithm 2 Model-free Inverse Q-learning Algorithm

For CT linear system with unknown dynamics: Input: Any R = R" > 0. Threshold & > 0, z = [x},u}|"
Output: Converged values O and K™.
x(x) = Ax(t) + Bu(t) 1: Initialization: i = 0. Q° > 0.

2: Evaluate H' using Integral RL by

Algorithm 1 Model-based Inverse Value Iteration Algorithm
Input: Any R = R" > 0. Threshold € > 0. (A,B). K.

2V () H'z(t) — 2" (1 + At)H'z(t + Ar)

tHAL .
Output: Converged values QO and K=. = / (xyOQ'xg + u)Rug)dr.
I
I: Initialization: i = 0. Q" > 0. 3. Fval 1 e K1) usine Onfimal Control b
2: Evaluate P' using Lyapunov Equation - Evaluate u™" (Le,, ) using Optimal Control by
e . - i+l i legi T
0= (A—BKy)"P'+ P'(A—BK,;)+ Q' + (K4) 'RK,. ' = —(Hyp,) (Hypu,) Xa

: Improve Q''! using IOC by

t-+AL T it ]
f xy 0  x4dt
1

3: Improve K''! using Optimal Control

K+ =R 1BTP,

2 : i1 o ~ AL i-+At ) . .
4: Improve Q' using 10C _ ng‘xddTJrf (ug— ) TR(uy — i ).
in :_(A_BKHl)'l‘Pi_Pi(A_BKHl) I d
— (K TRKH!,

5: Stop if ||Q'"! — Q|| <&, orset i —i+1 and go to Step
5: Stop if |0 —Qll <&, or set i —i+1 and go to Step 2. 2.

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

28
Learning Systems, 2022, conditionally accepted.



Inverse RL for Systems with Disturbances

Algorithm 2 Model-free IRL algorithm for inverse H.. control

1: Initialize with R >0, y> 0, Q" >0, and L” = 0, and set
i=0.

: Policy correction: Update policy P, control gain K*'! and
disturbance gain L''! by

For CT linear system with disturbances:

x(x) = Ax(t) + Bu(t) + Dd(t)

[S]

Algorithm 1 Model-based IRL for inverse H., control xr(t+T) Pxr(t+T) —xr(t)" Pxr(t)
1) Initialize with R >0, y>0, Qf’ >0, L%=0, and i =0. s / e | rdT— 2y / ' ”‘d;;; Lt erdr
2) Policy correction: Update policy P' by 1 Ji

' R .
= / (x-;Q'x-r t (ur —e)" R(ur —e)
JI
FPxp(L)T Lixr)dx.

(A —BKy)" P + P/(A — BKy)
~Q' —K{RKr —y(L')L".
: Cost function weight construction: Update cost function

weight Q1! by

t+T
T i+l
Lil I l_,DTPi. /, * 0 \(IT -
I = —[x(t + T)" Px(t + T) — x(¢)T P'x(¢)

4) Cost function weight construction: Update Q''! by /”T(’?u"'RK""x- b7 (KiHY)TRK )

3) Action update: Update u''', K" and L' by
“il 1 Kil |-‘_ R IB’l-[,i.\-

QHI — AT[)[ [)iA } (K”])TRKHI ,Y:(Lifl)TLl'll- e 4T o ) ) )
y ,},2/ (zdlLlllx xr(Llll)TLlllx)drl'
JI

5) Stop if it converges. Otherwise, set i =i+ 1 and repeat 4: Stop if it converges. Otherwise, set i =i+ 1 and repeat
steps 2 to 4. steps 2 to 3.

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).
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Data-Driven Inverse RL for Adversarial Apprentice Games

" * \
P 4“‘75 \ X
Wy

Expert Learner “““/ el
2 "" D namics: @xe) ‘l@xe) Up "@xe) Ve Dynamics: X'l :@xl) @xl) U, ‘@xl)ﬁ%/ 5 “

\
Objective: V, xe+u ue— edT Trail Objective: Vl=f x! Qux; + ui Rju; — vf S;v,dr %

&0

" Expert x,
v, l Optimize > Objective
Objective ‘ | / ‘Optimize v
|—> S%It):sn:rllld O*pti:n a*l Learner x;
Controls 4/ Same / (X1, uy, vp) J
Oﬁter Inverse Optimal Control Inner Reinforcement Learning
\ J
Y

Two-loop inverse Reinforcement Learning



Algorithm 1 Model-free Integral Inverse RL Algorithm for
Adversarial Apprentice Game
I: Initialization: select Q) > 0, R; > 0, §; > 0, initial stabi-
lizing «}", and small thresholds &, &. Set j = 0. Apply
smhlllz.mg uy to the learner dynamics (27).
2:_ﬂute_r j_lterat_lnn loop ha_sed on Invelse_np_thnal control

set i =0, and use initial stabilizing u’m
4:  Off-policy Integral RL for solving V/, u; and v"

I
I

I

v/ (it + 1)) = v (i) :
_f”z((H}HH”)Tﬁf(m—Hfi} :
- (7Y s ) e |
I

I

I

I

I

I

I

(Ao1104-J30)
r 311}[[.1129"[ ],UQIIIQO.IO}U!Q}I - |

+T .
=fr (-?T{I:)qu(ﬂ]
- (Hf'-}rﬂmf‘. + ('»'f"}TS,vf’)dr
50 Stopif [V —v/"""| < g, then set V/ =V, uf = u
P ;W 1 LR
and v/ = v, DlhﬂrWlb:. LCI i+ i+ 1 and go to Step 4.

u_pdate using the_expert’s

demonstratinn ",

AT

f q" ()0 'q(x)dt

I
f=T . . .

- [ (T Rz — 26, Rue] + (v})T ] ) e
[}
Vi (st 4+ 1))+ Vi (x(0)):

7: Stop if [|Q]"' — Q]|| < €. Otherwise, set """ =/ and
J 4+ j+1, then go to Step 3.

Lian, B., et al. (2021). Inverse reinforcement learning for adversarial apprentice games. /[EEE
Transactions on Neural Networks and Learning Systems.
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Accelerated Inverse RL in Large-Scale Systems

Contr c-] Weight M AS 0C
- Revised State Per f{}rmance
§ \. Reward Weight Functi
UNCL10T
/ 4 Update
R
l 1
Target MAS : M%b Data
i Lo Trajectories
o
|
ﬁ ........... -~ N
DMD-Preconditioning | IOC |_____ 0C !
' Updth | | Update |
Dynamic mode decomposition: e - T T
reduced order data L _:
dynamic mode Data-efficient Inverse RL
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B Reduced-Order Inverse RL Algorithms

Algorithm 1 Data-efficient Model-free Scalable Inverse Rein-

forcement Learning Algorithm

1 Start: Given [, set h = 0, and select a small threshold e.
For MAS in (2), select initial Q° > 0 and R, > 0.

2 Data collectlon For h =0, 1 2,...,0—1, collect target

& (De, Ac):
o Take data matrices (v;,%2) and (%, 1.,) as inputs.
b Augment 1/)2 fﬂﬁl and wcz = fﬂbel

o Compute SVD: (U, S,V) < 41, (Ue, Se, Ve) < e, -
e Truncate: (U,S,V) < 1, (Ue, Se, Ve) < e,
. Output' Identify (D, A) and (D, A,).

Order Reduction

ate-T0s matrlx and feedback gam
using (40a) and update K"*! as in (40b).
6 Update state reward welght Compute Q"+ using (40c).
7 Stop if | Kt — K|| < e. Otherwise, set h < h + 1 and
O=—=2LL1) 4

8 Retrleve.

Inverse RL

KM = DKM (41)
Q"' =D'Qr*'D. (42)

Pr

'k

pmm(Ae®Ae) e Rlx(r(r+1)/2)
pmu(IpN ® Ae) c RlxrpN

Puu €
0x(A®A)

R1x(N(PN+1)/2)

T
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Inverse RL Control of 10 Linear Aircraft Dynamics

TABLE |
COMPUTATIONAL TIME FOR REWARD-SHAPING USING [20] VS
ALGORITHM 1
Spatio- .
g . temporal Dimension of (;omp utational
cenario di . time
imensions operators (Seconds)
of state
Without Pre- 1 %820
conditioning R30% 1800 'gﬁ §$x4ﬁ5 545.347
[20] 1
With Precon- 3x 1800 pri € RIX91
ditioning R 0,5, € RIX6 107

500x speedup
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Online Data-Driven RL Control

#Sensor 4

Target : Local Local
® ® Sensor o . .
o Estimation Tracking
N\

\ “eSensor 3 Lian, B., Lewis, F. L., Hewer, G. A., Estabridis, K., & Chai, T. Online
_ 1 learning of minmax solutions for distributed estimation and tracking
R N control of sensor networks in graphical games. IEEE Transactions on
g -l Minmax NPTORRERSRN _ | Control of Network Systems, 9(4), 1923-1936, 2022.
R Strategies 5
®Sensor 6 ® Sensor 2
s Target

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

Cost
Vi (e uigp Wi—ip) » U—i)
WRL
Nash-minmax strategy:
Nash inputs u;; , u; ;)
Worst-case inputs v*;

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. Ry Multiple control

input players . o
mput play xi(:):Ax,-(t)—i-iEIBi-ilui-il 36




|

AUBURN

UNIVERSITY

Thank you!

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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