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Efficient Skill Mastery through Imitation and Biomimicry

(Observation of Expert Behavior|

[Analysis and ﬁnderstanding]

[Imitation JF Behavior]

[Practice and Refinement]

[Master)r'of Skills]

[Safe and Efficient Performance]

This approach mirrors nature's design principles (Biomimicry)



Expert Behaviors-Optimal Control Systems
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Expert Behaviors-Reinforcement Learning Control

Objective Function

/

Control Algorithm

v

£ 1 Control policy

?

!

Expert
Trajectory/Demonstration

Optimal control
* Objective function is known

Reinforcement learning
* System dynamics is unknown

I Control systems

Approximate dynamic programming



Inverse Problem of Optimal Control

-~ P

!

Control Algorithm

Inverse optimal control <
* Objective function is unknown

1 Control policy

* Need system dynamics Controlled System

\
* Bilevel two-loop learning procedure

---low learning efficiency

1 Trajectory
Expert
Trajectory/Demonstration




Inverse Reinforcement Learning Control

?

!

Function
Reconstruction

Control Algorithm

1 Control policy

?

1 Trajectory

Expert
Trajectory/Demonstration

My research:

Data-Driven Model-Free Inverse
reinforcement learning for control
systems

Use only system data to construct
function weights and compute
control policy to achieve imitation
with improved learning efficiency
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New Research

B A new discipline of inverse RL in control theory

Model-Free

Inverse RL

Identify Inverse o Known
objective Optimal Optima objective

Control Control

Model-Based

- Existing research - My research

Advances in Industrial Control
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@ Springer
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Our Results of Inverse Reinforcement Learning
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Inverse RL Diagram

Objective function: Cost function

Evaluate Trail
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Model-Free Inverse RL for DT State-Feedback Control Systems

B Controlled System (Learner)

DT linear system with unknown model/dynamics:

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

B Control Problem

Data-driven model-free inverse RL based controller

Expert
demonstrations | Controfed
Cost function Control policy | e sy;em
COITECIOT |(mmm— updater °
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Model-Free Inverse RL for DT State-Feedback Control Systems

The expert demonstrations are exhibited by an Expert system with the same dynamics
{xT (k+1)=Ax,(k)+ Bu,(k)
Y (k) = Cx, (k)
where the control input #; optimally corresponds to the underlying expert cost function
Vi (xp(k),up (k) = Z (x; (])T Orx,(J) +uy (])T Ryu ()
j=k
which is given by
u, =—K,x. =—(R, + B"P.B)"'B" P, Ax,

and satisfies the DT algebraic Riccati equation

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

Qr + (A— BK)T Pr(A— BK;) + K} P;K; — Pr = 0.

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




Model-Free Inverse RL for DT State-Feedback Control Systems

B Control Problem

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

gt muin Eo (k) = 2 (k)| +||ee (k) — e ()| » I = nQ“f,? g) (k) = x7 (b)|| + | () — - (K|

st.  x(k+1)= Ax(k)+ Bu(k) st.  x(k+1)= Ax(k)+ Bu(k), y(k)= Cx(k)
k =C k . T _gyr T -1 pT .
y(k) = Cx(k) Optimality | @~ P+4 PA-A4 PB(R+B'PB)Y'B'P4=0 o
condition u(k) =—Kx(k)=—(R+ B RB) ' BT PAx(k)- R™'B" Px o

B Controller Design

Goal solution condition
Theorem: If there exists a group of O and R satisfying both (1) and the Lyapunov equation
O+ (A—BKr)"P(A—BKy) + KIRKy — P =0 ©

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



Model-Free Inverse RL for DT State-Feedback Control Systems

B Controller Design

Model-based iteration framework

1. Initialization: select R > (, an initial Q° = 0, and a threshold £>0,set; =0, € (0, 1]
2: Control policy evaluation and update: update p'*' by
QO —P" +(A4-BK,) P"'(4-BK,)+ K} RK, =0.
and control input ! by Modified RL policy iteration
u"' =—K"'x=—(R+B'"P"'B)"B'P" Ax
3. Cost function weight correction: update o™ by
0" -(1-a)0 +a(-P"+ A" P"A-A"P"'B(R+B"P"'B)"'B"P" A)=0 Inverse optimal control

4. Set i =i+1, repeat 1-3 until ‘Q”l -0

<ég,

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. 18



Model-Free Inverse RL for DT State-Feedback Control Systems

m Control Algorithm

Data-driven model-free inverse reinforcement Q-learning algorithm

1. Initialization: Set i=0, given R >0,0' >0, and a threshold ¢ >0,a €(0, 1]

2. Kernel matrix evaluation and control policy update: solve /7! by
1. k K+ k+1 |
T o | e G0 | 2 D i ey, (6)7 Ruty (),
ur (k) up(k) | [up(k+1) up (k +1)
and update u™"' by u'"' = —K"'x=—(H""" ' H"'x

3. Cost function weight correction: compute /7!"' = H™' _{Q O}and solve O™ by
0 R

X(k) Q"'x(k) = (- c)x(k) O'x(k) — au(k)’ Ru(k) + {x(" - ”} pi {X("‘ ‘”} L {x(")} e {x(")
uk=1| " |u(k-1) u(k)y| *

4. Set i=1i+1, repeat 1-3 until |0 -0’

<¢.

u(k)



Model-Free Inverse RL for DT State-Feedback Control Systems

B Algorithm Properties

v The data-driven algorithm uses only data, not system model/dynamics
v Each updated control policy stabilizes the controlled system
v' Single-loop learning procedure reduces computation and improves learning efficiency

v’ Tteration is convergent

v The learned cost function may not be unique, but all of them are the desired solution even if the true cost

function of the expert is non-identifiable

v" Degenerate solution (Q=0, R=0) is avoided

20



Model-Free Inverse RL for DT State-Feedback Control Systems

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: 0, =| 0 18 0 |,R, =2],
0 0 14
0.1 0 O
Initial parameters for learning: 9°=| 0 0.5 0|, R=1,a=1 Threshold: & = 6x10~4
0O 0 1

Simulation goal: Using expert’s demonstrations, find controlled system a group of O, R, K using the

data-driven model-free IRL algorithm to realize trajectory imitation.
21



Model-Free Inverse RL for DT State-Feedback Control Systems

B Simulation Experiment

430 T T T T T T 3 T T T T 35
1 N
420& |+”H+1_HT||‘7 2l ——=Y71 | ¢
— — —uT i
410 | s
400 . : 0 ‘ : ‘ :
0 20 40 60 80 100 120 0 50 100 150 200 250
17.5 ‘ . ‘ | : | 6 ‘ : : :
i+1 Y2
174 ‘_'_HQ+ QTH‘_ 4+ —_—=yYr2| ]
17.3F - >k
17.2 ‘ - 0 s ‘ ; J
0 20 40 80 80 100 120 0 50 100 150 200 250
10 T T T T T T 0 T T I
—— K™ — K]
5 4 -0 — W
== =yr3
0 I - | - 4 _20 1 L 1 1 L 1 1 1 1
0 20 40 60 80 100 120 0 50 100 150 200 250 0 50 100 150 200 250
) Tim )
Iteration Steps © Time
Convergence of H',0',K'to H,,0,,K, Imitation performance of output and input

The learned control gain K =[-0.1671 —0.1987 0.1168]
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Model-Free Inverse RL for DT State-Feedback Control Systems

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, 0.1 0 0
“Reinforcement  Q-learning for optimal tracking control of linear discrete-time 0=l 0 05 0|, R=1,7=09
systems with unknown dynamics,” Automatica, vol. 50, no. 4, pp. 11671175, 2014. 0 0 | , v .

Parameter setting:

Y1

——=yri |

-
-—
—_——

I N
0 50 100 150 200

250

Yo

— = =Yr2 )

200

Ys

— = =Yr3||

I
200

Time

I
250

3.5

25|

151

05

-0.5

— — —ur|

——

50 100 150 200 250

Imitation performance of output and input

5.0476x10> 1.1473%x10

1 k' +a

liJ S k) v ()P
a+l 5

ni=1

1.2422

RMSE=

kK =1, a=280 23



Model-Free Inverse RL for DT State-Feedback Control Systems

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.

Outer Inner
. . . Total
iterations iterations i

0 5(|)0 10|00 15'00 2oloo Inverse RL \ 10.360s
178 T T T T T
17.7 jf — =l Com 2 112 2315 2427 190.576s
17.6 b
- , . . , l Under threshold HK T —K, H < 0.05 for each inner-loop converged K’
0 20 40 60 80 100
= | | ' =T [1] P. Abbeel and A. Y. Ng, “Apprenticeship Learning via Inverse Reinforcement
1 KL ] Learning,” the 21st International Conference on Machine Learning, Banff, Canada,
2004.

0 20 40 60 80 100

e [2] K. Mombaur, A. Truong, J] P Laumond. From Human to Humanoid Locomotion—

An Inverse Optimal Control Approach. Auton Robots, 2010, 28:369—-383. 2



Model-Free Inverse RL for DT Output-Feedback Control Systems

Demonstrated Objective with Reward Weights
YA (Q",R") on (Y, )
Xk+1 = Axg + Buy, Input u, | Output y;
Yk = Cxg,
v (T [ Demonstrated Agent +~—— smf ?—.Plil:(?;nm —— =Ky =K Cn = -Kx
Vi)=Y (vjQ"yj+u;Ruj) : Ik
=k
’ Demonstrations
Current | Historic Historic | Current
Y o [Yk-1,""2Yk-N Ug-1,""Ug-N | Uk
Mode-free Inverse RL K;C=K"= (R"+B"P*B) ' (B'P*"A+L")
1 l where P* > 0 and L* satisfy the discrete-time algebraic Riccati
New (Q,R) wemmp K equation (ARE)

0=A"P'A—P* +CTQ*C-ATP*B(R* +B"P*B)"'B" P*A
+ ()T (R*+B"P*B)"'L".

g

_ , _ _ _ 0= (A—BK")TP*(A—BK*) - P*+CTQ*C+ (K*)TR*K".
B. Lian, W. Xue, F. L. Lewis, and A. Davoudi, “Inverse Q-Learning Using Input-
Output Data”, IEEE Transactions on Cybernetics, 2023.



Model-Free Inverse RL for DT Output-Feedback Control Systems

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.

2: Evaluate P, using Lyapunov equation

B Algorithm Design

Goal: Using expert’s demonstrations, find

- — N\Tp(A *\ _ p T *\T *
a group of O, R, such that 0= (A—BK*)"P.(A—BK*) = Pi+C" Q,C + (K*)"R.K*".

3: Improve K;| and L;. using static OPFB control
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.

Kii1 = (Re+BTPB)"{(BTPRA+L;,)CT (cCT)7!,
Lis1 = (R.+BTPB)K;;1C — BT PA.
4: 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.
5: 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

26



Model-Free Inverse RL for DT Output-Feedback Control Systems

2: Evaluate P; using Lyapunov equation
Replace
0=(A—BK*)"P(A—BK*)—P,+CTQ,C+ (K*)"R.K".

Model-free version to update P! (H'):

System State Xy =D,Up_14-N +Dka—l:k—N Vv = [B AB ... AN*IB] , i
. AN 0 CB CAB ... CAN-2B

Reconstruction A )
o Y1 D, = Vy — AN (MIMy) ' ML Ty, CAN-2 0 0 CB ... CANB

Ug_> Vk—2 D, = AN (MyMy) ' My, My = : Iv=|: ’ -
Uk-1:4-n = » Ye-tan = CA 0 ... ... 0 CB
Uy Ve N C 0 0 0 0 0
= [UT yr uT];ir
r Z k—1k-N Th—1:k—N U
i|Xk| _ | X+l i|Xk+1 T AT . T — T r7i T 7l T T
" |:uk:| a |:uk+1} " LHJ T C Ot Rty 23 H'zg — 2 1 H' 21 = Yy Qivie + Uy Retty.

Hyy Hyy Hy,
e R(mi\’+,m’\.’+m)><(t?ll\/'wﬂth’\/”rrn)7

o= [HYU Hyy Hy,
H, Hy H,
Hng = DEH;DM € RMNX’"N, H[i}Y = DgHirDy c RmepN’
Hiy = DU H.D, € RIVPY
by — (Hyg T € RV,
Hiy = (Hy,)" e R™PY.

. [HL HI
Hi= |72 w| o R(HM)X(HmJ,
A
H, . =C"Q,C+A"PA c R™", P pTHE e gmNxm
H.f _ Hi T — ATPB Rnxm HU” =D“H{“ €eR ?
xu ( ux) — 1 € 3 H;’u ED}:H;L, c ]RpNxm,
Hyy = (Hp,)" € R™",

H. =R, +B'PBcR™™,



Model-Free Inverse RL for DT Output-Feedback Control Systems

Algorithm 1 Model-Based Inverse RL Algorithm for Discrete- Model-free version to update K;,; and L; .1 :
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; = Ki1yx

(A,B,C) and K*. Set i=0, Q9 =0, and Ly = 0. — (RE—FBTRB)_I(BTHA-I—L,').X;C
2: Evaluate P, using Lyapunov equation — (R, +BTPB) (BT PAD,Up_1_n

0= (A—BK*)"P(A—BK*) - Pi+C"Q:C+ (K*)"R.K". +BTPAD,Y;_14_n) + (R +B'PB)'Lix;
3: Improve K;; and L;.| using static OPFB control = (H.,,) " (HyUi 14N +Hy Y 14-n)

i =17
Kir1 = (R.+B"PB) ' (BTPA+L)CT (cCT)™! + (Hy,) ™ Li(x),

Liy1 = (R.+BTPB)K;;1C — BT PA.

4: Improve Q;,; relying on inverse optim“ Lit1(x¢) = [(R. + BTPB)K;;1C — BT PA]xx

T T
Qi+1 = a(CCT)"'C[P,— (A— BK;11C)" P,(A— BK;;C) = (Re +B' PB)K;+1Cxy — (B PADUy—1:4-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.




Model-Free Inverse RL for DT Output-Feedback Control Systems

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

1:

Initialization: Select arbitrary R, — RL € R™™ > 0, a Model-free version to update Q;44:
small threshold &, and a tuning parameter o € (0, 1]. Give

(A,B,C) and K*. Set i =0, Qo =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;;, using static OPFB control \ C'Qi11C = a(K;11C— K*)" (R, +B" PB)(Ki;1C — K*)

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

Improve Q;;; relying on inverse optimal control Multiply X),
Qi+1 = a(CC")"'C[P — (A—BK;;1C)" (A — BK;; | C)
—C'K/\\RKi1C— L K* — (K*) L+ L{ K; 1 C |
+CTKl L L]CT(CCT) T + (1 — ) Qi Vi Qi+ 13k = 0(Kir1Cxi + uy) " Hyy, (Kiy 1Cxe +u) + vt Qivie

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




Data-Driven Model-Free Inverse RL for Linear Systems

N RCSUltS fOI' COIltlIlUOUS-Tlme Llnear SyStems Algorithm 2 Model-free Inverse Q-learning Algorithm

Input: Any R = R" > 0. Threshold £ >0, z = [x},u}|"

For CT linear system with unknown dynamics: Output: Converged values Q™ and K*.
1: Imitialization: i = 0. Q” > 0.
x(x) = Ax(t) + Bu(t) 2: Evaluate H' using Integral RL by

T i T i
t)H z(t) —z (t +At)H z(t + At
Algorithm 1 Model-based Inverse Value Iteration Algorithm < (OH'2(t) =2 (e + AnH2(t + A1)

t-+Ar .

Input: Any R = RT > 0. Threshold £ > 0. (A,B). K. = f (x4 Q'xa + ugRug)dr.

Output: Converged values O and K. i I‘ P ) .
1: Toldalis tiqn: i—o. QU > 0. 3: Evaluate «'"' (i.e., K'"") using Optimal Control by
2: Evaluate P’ using Lyapunov Equation u't = —(H, ) (H,,,) 5.

0= (A—BK;)"P'+ P'(A—BK,;) + Q' + (K4)"RK,. 4: Improve Q' using I0C by
i i1 . . ~ t-+AL .
3: Improve K''' using Optimal Control » f A0 xudr
: S p
K™+ =R"'B'P. tHaAr A i1 TR( i+
: = x,;0'x, di‘—i—f Uy — U Rluy;—u'" " )dr.
4: Improve Q' using 10C t ¥ t (s 4 )
Qill - _(A_BKiII)TPi_Pi(A_BKi{l)

5: Stop if ||Q'"! — Q|| <&, orset i —i+1 and go to Step

_(Kill)'l‘RKHl. 2

5: Stop if |Q"'' —Qll <&, orset i —i+1 and go to Step 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 Learning

30
Systems, 2022, conditionally accepted.



Data-Driven Model-Free Inverse RL for Linear Systems

. . . Algorithm 2 Model-free IRL algorithm for inverse H.. control
m Results for Continuous-Time Linear Systems - Initialize wih K> 0, 750, 00> 0, and 29— 0, and st
i=0.

. . . 9. — ate policy 2. ¢ min R o
For CT linear system with disturbances: . P?ll(') coTre(ttfon.il{led ate policy P!, control gain K*'' and
disturbance gain L'"" by

x(x) = Ax(t) + Bu(t) + Dd(t) xr(t +T)T Pixr(t +T) —xr ()T Pixr (¢)
Algorithm 1 Modcl-based IRL for inverse H., control
1) Initialize with R >0, y>0, Q" >0, LY =0, and i = 0.

T ) I
—2 / e" Rk xpdt — 29 / di L' xpdt
Jr JI

2) Policy correction: Update policy P' by S / o (5 Qixr + (ur — )" R(ur —e)
- - - ; , T o »
(A—BKr)" P+ P'(A— BKr) +Pab (LY Lixy)dr.
0 kT 2 riNTyi
= —Q'—KyRKy —y (L)' L". 3: Cost function weight construction: Update cost function

= - : a2 it1
3) Action update: Update «'*', Ki'! and L' by Wit O by

it

T
W = kit — R BT Pix /, TO M xdr
Lt %D'I’Pi. » = —[x(t 4+ T)" Px(t + T) — x(t)" P'x(¢)

' - /l | T(2u7.RK"' x4+ (K1) RK* x)dt
4) Cost function weight construction: Update Q''! by e

; ; ; ’ 3 : p— ’ a2 2dT L x — xT (LT i) "
QIH: AT pi P‘A{(KHI)TRK”I }"(L‘”)TL’”, }'—/’ (2" L -5 (P L x)d‘t]
4: Stop if it converges. Otherwise, set i =i+ 1 and repeat

5) Stop if it converges. Otherwise, set i =i+ 1 and repeat Steps 2 10 3.

steps 2 to 4.

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 31
on Automation Science and Engineering (conditionally accepted).



Two-player Inverse RL

Lian, B., Xue, W., Xie, Y., Lewis, F. L., & Davoudi, A. (2023). Off-policy inverse Q-learning for discrete-time antagonistic unknown systems. Automatica,
155, 111171.

Xue, W., Lian, B., Fan, J., Chai, T., & Lewis, F. L. (2023). Inverse reinforcement learning for trajectory imitation using static output feedback control. IEEE

Transactions on Cybernetics.

Multiplayer Inverse RL

Lian, B., Xue, W., Lewis, F. L., & Chai, T. (2022). Inverse reinforcement learning for multi-player noncooperative apprentice games. Automatica, 145,
110524.

Lian, B., Donge, V. S., Lewis, F. L., Chai, T., & Davoudi, A. (2022). Data-driven inverse reinforcement learning control for linear multiplayer games. IEEE
Transactions on Neural Networks and Learning Systems.

Multiagent Inverse RL

Donge, V. S., Lian, B., Lewis, F. L., & Davoudi, A. (2022). Multi-agent graphical games with inverse reinforcement learning. IEEE Transactions on Control
of Network Systems.

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

Systems.

Online Adaptive Inverse RL

Lian, B., Xue, W., Lewis, F. L., & Chai, T. (2021). Online inverse reinforcement learning for nonlinear systems with adversarial attacks. International
Journal of Robust and Nonlinear Control, 31(14), 6646-6667.

Lian, B., Xue, W., Lewis, F. L., & Chai, T. (2021). Robust inverse Q-learning for continuous-time linear systems in adversarial environments. IEEE

Transactions on Cybernetics, 52(12), 13083-13095.
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  ( x ,    u ∗ )


   x T


   u T ,  y T


   Q T +   ( A − B  K T ) T


   P T  (  A − B  K T ) +  K T T  P T  K T −  P T = 0


   Q 0 = 0


  𝜀 = 6 ×   10  − 4


   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 )

