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1 Linear-Quadratic Optimal Control Problems




Linear-Quadratic Optimal Control Problems

We want to find an optimal trajectory (x.(t), wi(t)) with

1 T
ué‘p = arg min JT(a:T(t), ’U,T<t)) = —/ (wT(t)TQ$T<t) + UT(t)TR’U,T(t)> dt,
urcL?(0,T;R9) 2 Jo

where the state x () is specified by the linear time invariant system

$T(t) = Aa:T(t) + B’U,T(t), , t€ (O, T]
wT(O) = Xy,

with 7" € (0, c0).




Linear Quadratic Regulator and the Riccati Equations

It can be shown that the optimal control w.(¢) has a feedback form, such that (see
Anderson):

x7(t) = Azp(t) — Bup(t)
— Axi(t) — BR'BT Pr(t)xh.(t)
— (A — BR'BTPr(t)x%(t)
= ATJI;(t)




Linear Quadratic Regulator and the Riccati Equations

It can be shown that the optimal control w.(¢) has a feedback form, such that (see
Anderson):

x7(t) = Azp(t) — Bup(t)
— Axi(t) — BR'BT Pr(t)xh.(t)
— (A — BR'BTPr(t)x%(t)
= ATJI;(t)

In case of T' < oo, Pr(t) solves the Riccati Differential Equation

—Pr(t) = ATPr(t) + Pr(t)A — Pr(t)BR'BTPr(t) + Q,
Pr(T) = 0.




Linear Quadratic Regulator and the Riccati Equations

It can be shown that the optimal control u%.(¢) has a feedback form, such that (see
Anderson):

z7(t) = Azz(t) — Bur(?)
= Az}(t) — BR™'B' Pr(t)x;(t)
= (A — BR'B'Pr(t))x(t)
= ATw;(t)
In case of T < oo, Pr(t) solves the Riccati Differential Equation
—Pr(t) = A" Pr(t) + Pr(t)A — Pr(t)BR™'B" Pr(t) + Q,
Pr(T) =0.

In case of T"’=" 00, P (t) = P, solves the Algebraic Riccati Equation

Ao +P,A—- P BR'B'P_+Q=0.



Linear Quadratic Regulator and the Riccati Equations

It can be shown that the optimal control u%.(¢) has a feedback form, such that (see
Anderson):

T7(t) = Awr(t) — Bug(l)
= Axzh(t) — BR'B' Pr(t)zi(t)
— (A— BR'B"Pr(t)) k(1)
= ATw;(t)

In case of T < oo, Pr(t) solves the Riccati Differential Equation

—Pr(t) = ATPp(t) + Pr(t)A — Pr(t)BR™'BY Pr(t) + Q,
Pr(T) = 0.

In case of T"’=" 00, Py (t) = P, solves the Algebraic Riccati Equation
Ao +P,A—- P BR'B'P_+Q=0.
Exponential stability concerning the matrix A,, = A — R~'B’ P, can be proven:

I oo, Moo > 0 ||e]| < Mye =",



2 Model Predictive Control (MPC)




Model Predictive Control in Linear-Quadratic Optimal Control

Time ¢

Main Idea: Approximate x_ recursively by finite-time horizon solutions x7..




Model Predictive Control in Linear-Quadratic Optimal Control

Time ¢

Compute w’(t, 2(0)) on [0, 7.




Model Predictive Control in Linear-Quadratic Optimal Control

Determine x%.(¢, 2(0)) on [0, 7] by solving
xp(t,x(0)) = Azxy(t, 2(0)) + Bup(t,2(0)), x3(0,2(0)) = x(0).
(t,2(0)) on [0, 7].

We set o} ,(t) =




Model Predictive Control
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Compute u’.(t, x%,(7)) on [, 7 + T.

Time ¢

T+ T




Model Predictive Control in Linear-Quadratic Optimal Control
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Determine x%.(t, % ,(7)) on |7, 27] by solving

z7(t, @)y (7)) = Az (t, @) (7)) + Bup(t, ®y (7)), (7, ®(T)) = 23 (7).

We set z%,(t) = zi(t, 2%, (1)) on [r, 27].




Model Predictive Control in Linear-Quadratic Optimal Control

uhi(t) \

o

Time ¢

Compute wh(t, z3,(27)) on [27, 27 + T].




Model Predictive Control in Linear-Quadratic Optimal Control
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Time ¢

Determine x%.(t, % ,(27)) on [27, 37| by solving
z7(t, @) (27)) = Amy(t, ),(27)) + Burp(t, @,(27)),
We set o} ,(t) = x(t, 23,(27)) on |27, 37].

T + 27

xp(21,x,(27)) = x),(27).



Model Predictive Control in Linear-Quadratic Optimal Control
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Time ¢

Compute wh(t, z3,(37)) on [37, 37 + 7.




Model Predictive Control in Linear-Quadratic Optimal Control
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Time ¢

Determine x%.(t, % ,(37)) on [37, 47| by solving
e7(t, 23,(37)) = Awr(t, 23,(37)) + Bur(t, x3,(37)), @737, 2),(37)) = @)(37).
We set 3, (t) = xk(t, 2},(37)) on [37, 47].




Model Predictive Control in Linear-Quadratic Optimal Control

The MPC dynamics can thus be expressed with a periodic feedback operator:

Ty (t) = (A — BR'B"Pr(t mod 7')) x(t)

= AT,Tm*M(t>'




Model Predictive Control in Linear-Quadratic Optimal Control

The MPC dynamics can thus be expressed with a periodic feedback operator:

i, (t) = (A — BR'B'Pr(t mod T)) x,(t)

= AT,TCB}(M(t)-

Stability (Veldmann and Zuazua, 2022)

There exists a constant ji7 , = i — Mo K[ e 2=(T=7) such that
|2 ar(t)] < Mooe™ 77|y (1)
For ur - > 0, the MPC strategy is stabilizing.

» Choosing 1" — 7 big enough, will result in a stabilizing algorithm.



3 Random Batch Method (RBM)




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w.(t) of

min  Jr(up(t)) = /O (21 (t) Qur(t) + wl(t) Rur()) dt,

ur(t)eL2(0,T;R9)
CiZT(t> = Aa:T(t) + B’U,T(t), mT(O) =xy !
Main Idea: We approximate the dynamics by replacing A by - potentially - sparser matri-

ces.




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w.(t) of
' )R dt
ol H0) = | (70
Axr( ) + B'u,T( ), xr(0)=xo 7
» Decompose the matrix A as

M
A:ZAm.

m=1




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w.(t) of
' )R dt
ol H0) = | (70
Axr( ) + B'u,T( ), xr(0)=xo 7
» Decompose the matrix A as

M
A= Ay, eg A=A+ A,

m=1




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w/( t of
= Axy ) + BuT( ) x7(0) =g ?
» Decompose the matrix A as
M
A= Ay, eg A=A+ A,

m=1

» Enumerate the 2" subsets of {1,2,..., M} as S;, 5, ... Sou. Assign to each
subset S, a probability p,,.



The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w/( t of
= Axy ) + BuT( ) x7(0) =g ?
» Decompose the matrix A as
M
A= Ay, eg A=A+ A,

m=1

» Enumerate the 2" subsets of {1,2,..., M} as S;, 5, ... Sou. Assign to each
subset S, a probabmty Pus €.9. S1 = {A1}, So ={As}, S3={A1, Ao}, Sy = 0, with
P1=P2=P3 = P4 =



The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w.(t) of

min /0 ' Qxr(t) + uwh(t) Rur(t ) dt,

uT(t)eL2(O,T;]Rq
= Axy ) + Bup(t), xp(0)=x"
» Decompose the matrix A as

M
A= Ay, eg A=A+ A,

m=1

» Enumerate the 2" subsets of {1,2,..., M} as S;, 5, ... Sou. Assign to each
subset S, a probabmty Pus €.9. S1 = {A1}, So ={As}, S3={A1, Ao}, Sy = 0, with
P1=P2=DP3 = P4—=

» Divide [0,7] into K sublntervals [ti—1,tx) of length h. For each [tj_1, t;), randomly
choose an index wy, € {1,2,...,2"} according to the probabilities p,,. Set
w = (w1, ws, ..., WEg).



The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

Can we approximate the minimizer w.(t) of

min /0 ' Qxr(t) + uwh(t) Rur(t ) dt,

uT(t)eL2(O,T;Rq
= Axy ) + Bup(t), xp(0)=x"
» Decompose the matrix A as

M
A= Ay, eg A=A+ A,

m=1

» Enumerate the 2" subsets of {1,2,..., M} as Sy, Sy, ... Syu. Assign to each
subset S, a probabmty Pus €.9. S1 = {A1}, So ={As}, S3={A1, Ao}, Sy = 0, with
P1=P2=DP3 = P4—=

» Divide [0,7] into K sublntervals [ti—1,tx) of length h. For each [tj_1, t;), randomly
choose an index wy, € {1,2,...,2"} according to the probabilities p,,. Set
w = (w1,ws, ...,Wg), €.9.

‘wlzl‘WQ:1‘(,U3—4 w4—3‘w5—3 w6—2 W7 = 4‘(,08:2‘
0 h 2h 3h 4h 5h 6l 7h T
Time ¢




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

» Define the mapping ¢ — Aj(w, 1)

Aplw,t) = Y ==, t € [teo1,tr),

mGka

where m,, is the probability that m is an element of the selected subset, i.e.

Tm = Z Pw-

we{w|meS,}




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

» Define the mapping ¢ — Aj(w, 1)
Am

Aplw,t) = Y =, t € [tr—1,tr),

mGka

where m,, is the probability that m is an element of the selected subset, i.e.

Tm = Z Puw;

we{w|meS,}

e.g. Ap(w,t) = 2Ay, fort € [0,2h), Ap(w,t) = 2A; + 245 = 2A, for t € [2h, 3h), ...




The RBM in Linear-Quadratic Optimal Control (see Veldman and
Zuazua, 2021)

» Define the mapping t — A (w,t)

Ap(w,t) = Z —, t € [tk—1, k),

TﬂGS@k

where 7, is the probability that m is an element of the selected subset, i.e.

Tm = Z Puw

we{w|meS,}

e.g. Ah(w, t) = 2A,,fort € [O, Qh), Ah(w, t) = 2A; +2A, =2A,fort € {Qh, 3h),
» Compute the minimizer u},(w, t) of the ‘simpler’ LQR problem

T
uRELIgl(i({lT;Rq) Jp(w,u) = /0 (zr(w, ) Qzr(w,t) + ugr(t) Rug(t)) dt,

Tp(w,t) = Aj(w,t)xr(w,t) + Bug(t), zr(w,0)=x.



The RBM in Linear-Quadratic Optimal Control

The RBM dynamics can be expressed with a randomized feedback form:

Th(w,t) = Ap(w, t)xh(w,t) + Bup(w,t)
- Ah(wv t)wE(wa t) o BR_lBTPR(wa t)w}k%(wa t)
- (Ah(w7 t) o BR_lBTPR(wa t))w}k%(wa t)a

where Pp(w, t) solves the Randomized Riccati Differential Equation

- PR<w7 t) — Ah(wa t)TPR<w7 t) + PR(w7 t)Ah<w7 t)
— Pp(w,t)BR'B" Pr(w, t) + Q,
PR(w, T) = 0.



4 Model Predictive Control with Random Batch Method




RBM-MPC

up(w, 1)

zy plw,

Time ¢

Main Idea: Approximate x recursively by finite-time horizon solutions =’.(w, t), which

are based on randomized predictions.




RBM-MPC
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Time ¢

Compute u}(w, x(0)) on [0, 7], 21 = 0.




RBM-MPC

up(w, 1)
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w’]‘V[_R(w, t) ‘

Time ¢t

Determine x’.(w, t, x(0)) on [0, 7| by solving

rr(w,t, :13(03) Axp(w, t, x(0)) + Bup(w, t, z(0)),

) = 2(0).

xp(w, T, 2(0

We set 7}, ;(w,t) = a5 (w,t,2(0)) on [0, 7], £2) =

Ww.




RBM-MPC

-----------------------------
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up(w, 1) ‘

/‘"’t\
5
=
8
T

Time ¢

Compute uj,(w,t, x5 (20, 7)) on [7, 7+ T1.

T+ T




RBM-MPC
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Time t

Determine x-(w, t, x}_,,;(£20, 7)) on [, 27] by solving

- A%;(W, 2 wE—M(‘(Z()? T)) + BUE(QJ, t wE—M(Q()a T))a

= mE_M(QO, T).

xp(w, 7, xh_ 3,2,

We set 7, (w, 20, 1)

xh(w,t, x5, (2,7)) on [1,27], 21 = {2, w}.




RBM-MPC

up(w, 1) ‘

(w,t

Time ¢

Compute uj(w,t, x5, _,,(£21,27)) on 27,27 + T].

T+ 21




RBM-MPC
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Time ¢t

Determine x-(w, t, x,({21,27)) on [27, 37| by solving

Tp(w, t,xpn_y(021,27)) = Axp(w, t,xp_ 3, (21,27)) + Bup(w, t, xp_y (21, 27)),
xp(w, 21, 2 3, (21,27)) = )y, (£21,27).

We set 7}, (w, 21,t) = xh(w, t, x5, (£21,27)) on [27,37], (29 = {21, w}.




RBM-MPC

(w,t

S
T 2T 3T
Time ¢

Compute uj(w,t, x5, _,,(£22,37)) on [37,37 + 1.




RBM-MPC

w,t)
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Time ¢

Determine o (w, t, x}_,;({29,37)) on [37, 47| by solving

Tp(w, t, e 3 (£29,37)) = Axp(w, t, @ 3,(22,37)) + Bup(w,t,xp_y({2,37)),
xp(w, 31, xh_1;(£29,37)) = ({29, 37).

We set &}, ,,(w, 29,t) = & (w, t, x}_,;(£22,37)) on [37,47], 25 = {(2, w}.




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) := E(|5(t) — zr-u(t)]),

where
. (t) = Az’ (t) + Bu.(t)
— Ax* (1) — BR'B'P x* (1)
and

Tpoy(w,t) = Axp_y(w,t) + Bup(t)
— Ax’ (w,t) — BR'B Pp(w,t mod 7)xh(w,1).

Here, x},(w, t) solves for t € (7;, 7i+1], ¢ > 0:

Tp(w,t) = Ap(w, t)xp(w,t) + Bup(w,t)
R R R

Tp(w, i) = @Ry (7).




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le()]) == E(le,(t) — xRk (),
Using the formula for the dynamics yields

é(w,t) = Al (t) — xR (W, 1) + Blug(t) — up(w,t))

0]




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le()]) == E(le,(t) — xRk (),
Using the formula for the dynamics yields

é(w,t) = Alx,(t) — xR _py(w, 1) + Blug(t) — up(w,t))

o0

— Ae(w.t) — BR™BT(Pyao(t) - Palw.t mod 7)xj(w,1)),

o0




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le()]) == E(le,(t) — xRk (),
Using the formula for the dynamics yields

é(w,t) = A(x(t) — xRy (w, 1) + Blug(t) — up(w,t))

o0 09

— Ae(w,t) — BR'B" (P x’ (t) — Pp(w,t mod 7)xh(w,t))

o0

= Aye(w,t) — BR'B'(Pyxh y(w,t) — Pp(w,t mod 7)xkh(w,t))




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le()]) == E(le,(t) — xRk (),
Using the formula for the dynamics yields

é(w,t) = A(x(t) — xRy (w, 1) + Blug(t) — up(w,t))

o0 09

— Ae(w,t) — BR'B" (P x’ (t) — Pp(w,t mod 7)xh(w,t))
= Aye(w,t) — BR'B'(Pyxh y(w,t) — Pp(w,t mod 7)xkh(w,t))
= Aye(w,t) — BR'B'(Py, — Pp(w,t mod 7))xk(w, )

+ Pyo(xh_y(w,t) — xp(w, t)).




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) == E(le,(t) — @R (t)]),
Applying the variation of constants formula, taking norms and the expected value, yields

E(le(t)]) < /0 e~ IIBRlBTII(]E(HPoo — Pr(s  mod 7)][ |&R(s)])

+ | P | E(|5_ 1/ (5) — w;(s)p) ds.




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) == E(le,(t) — @R (t)]),
Applying the variation of constants formula, taking norms and the expected value, yields

E(le(t)]) < /O e IIBR‘lBTII(lE(HPoo — Pr(s  mod 7)][ |&R(s)])

1P| (|2 (s) — w*R(s)|)) s,

We have ||e~!|| < M e F~!.




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) := E(|5(t) — zr-u(t)]),

Applying the variation of constants formula, taking norms and the expected value, yields

E(le(t)]) < /O e IIBR‘lBTH(E(HPoo — Pr(s  mod 7)][ |&R(s)])

1P| (|2 (s) — w*R(s)|)) s,

For s € [7;, 7;11], we have

@plw, ) < [@hoas(7)] + VT BUR 2 < [ as (014 VITC)




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) == E(le,(t) — @R (t)]),
Applying the variation of constants formula, taking norms and the expected value, yields

E(le(t)]) < /O e IIBR‘lBTH(E(HPoo — Pr(s  mod 7)][ |&R(s)])

1Pl | Ejp_py(s) w2<s>|>) s
For s € [r;, 7;11], we have

[@R(w, s)| < [@f 1 (7i)] + VTIBUR| L2700 < @R (T)|(1+ VTTC)

and

E(||Poc = Pr(s  mod 7)]| |&R(s)|)
< (IlPx~ = Pr(s mod 7)|| +E(||Pr(s mod 7) — Pr(s mod 7)||))E(|z}(s)|)




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) := E(|5(t) — zr-u(t)]),

Applying the variation of constants formula, taking norms and the expected value, yields

E(le(t) /Ile INIBR 1BTH( ([|Poo = Pr(s mod 7)[| [zR(s)])

1P| (|2 (s) — w*R(s>|>) ds.

For s € [r;, 7;11], we have

h(w, s)| < |2k (1) + VT BuR| 20y < |2 ai(7)|(1+ VTTC)

and

E(|[Po — Pr(s  mod 7)][ [&R(s)|)
< (|\|Poo — Pr(s  mod 7)|| +E(||Pr(s mod 7) —

~

Pp(s_mod T>||1)E<|wz<s>|>

-~
SK06_2NOO(T_T) Q R,BT,A \/ Var -I—Var




Error Estimate
For ¢t > 0, we want to determine the expected error

E(le®)]) := E(|5(t) — zr-u(t)]),

Applying the variation of constants formula, taking norms and the expected value, yields

Be(t) < [ et 1R B (P~ Prls mod 7l o))
P E(|2 s (s) — a;*R(s)|)) s,

For s € [7;, 7;11], we have

E(|zR(s) — @R_p(s)])

< V/||A||72 + 27+/h Var[A] (1 + \/T_TO) E(|xR(7)])-




Error Estimate

This reduces to

t
E(le(t)) < Clroay | By () ds,

> 7, =5— (s mod T)

» limr 00, n20 Crrn) — 0




Exponential Stability
Do the RBM-MPC dynamics,

m.j;%—M((’Jv t) - ij‘?—M(“’? t) + BU’E(wa t)
= Ax} (w,t) — BR'BYPp(w,t mod 7)xh(w, 1)
xp g (w,0) = x,

result in a stable trajectory?




Exponential Stability
Do the RBM-MPC dynamics,

Tpy(w,t) = Az (w,t) + Bup(w,?)
— Ax’_(w,t) — BR'BTPp(w,t mod 7)xf(w,t)
wE—M("da O) = &0,

result in a stable trajectory?
There exists a constant
BR—0 = T, — Srrn = floo — Moo K e 20T — 5, (2)

such that

E(|&g_p(8)]) < Moo|aole™ 5. (3)
For ur_nr > 0, the RBM-MPC trajectory is exponentially stable.



Exponential Stability
Do the RBM-MPC dynamics,

Tpy(w,t) = Az (w,t) + Bup(w,?)
— Ax’_(w,t) — BR'BTPp(w,t mod 7)xf(w,t)
wE—M("da O) = &0,

result in a stable trajectory?
There exists a constant
HR—M = T, — Srep) = foo — MoK e 277 — G, (4)

such that

E(|&g_p(8)]) < Moo|aole™ 5. (5)
For ur_p > 0, the RBM-MPC trajectory is stable.



Exponential Stability
Do the RBM-MPC dynamics,

Tpy(w,t) = Az (w,t) + Bup(w,?)
— Ax’_(w,t) — BR'BTPp(w,t mod 7)xf(w,t)
wE—M("da O) = &0,

result in a stable trajectory?
There exists a constant
BR—0 = T, — Srrn = floo — Moo K e 20T — 5, (6)

such that

E(|@h_(t)]) < Mo|@ole™ . (7)
For ur_p > 0, the RBM-MPC trajectory is stable.
> limy, 0 Sirrp = O(Vh)



*
Convergence to

For E(|e(t)]) := E(|z*,(t) — % _,,(t)|) we found

t
E(le(t)]) < Ciron / e —IE (|ahy_ (7)) ds,

with 7, = s — (s mod 7).

E(|@h_y(7,)]) < Muclaole = mod D,




*
Convergence to =

For E(le(t)|) == E(|z}(t) — x}_,,(t)|) we found

t
E(le(t)]) < Ciron / et =IE |25y (7)) ds,

with 7, = s — (s mod 7).

EOZCE—]\J(T@)D < Moo‘2130|€_(8_(5 mod T)),U/sz\ﬂfz.

Convergence of the RBM-MPC Trajectory

There exists a (-5 > 0 such that

_:uRfMt _ _,uoot
E(le(t)|) < C[Trh]Moo|CB0|€”R‘MTe c : (8)
o Moo — UR—M




Convergence to x
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5 Numerical lllustration




The 1-D Wave Equation in the LQ Optimal Control Setting

Wave Equation with a control term u(t) € L*([0,T]; R)

O*s(x,t) 02825(x, t)

o2 ox?

+ 8z — L)ult),

> (=0, L]
> 0<t<T
» s: (2 x[0,T] — R: vertical deflection.




The 1-D Wave Equation in the LQ Optimal Control Setting

Wave Equation with a control term u(t) € L*([0,T]; R)

Os(x,t) 2 0%s(x,t)

Ot2 ox?

+0(x — L)u(t),

> 2 =10,1]

> 0t T

» s: (2 x [0,T] — R: vertical deflection.

The Spatial Discretization yields the linear standard form:

[ i(t))
s, (t)
$1(1)

\sx.(1)/



The 1-D Wave Equation in the LQ Optimal Control Setting

We set N, = 11 and decompose the matrix A as

1 1
A _ ONva{E ]vaNm _ ONxaNx §]Nm7Nm ONxaNz §[Nm7Nx
=\ 2A, 0 = 2A + 2 A ;
ccAp On,.nN, ccAp1 On,.n, c"Apo On, N,

TV TV

Al AQ
with
—2 2 00
1 -2 1 00 0
. 1 -2 1 . 0 0 0
AD}l - A0 1 -1 O AD72 - A2 O —1 1
Az 0 0 0 Az 1 -2 1
0 0 0 1 -2 1
00 2 2

To the subsets {4} and {4}, we assign each a possibility of 3 and to the subsets
{A;, Ay} and () the probability 0.




Simulation




Applied Control and Error of the Trajectory w.r.t 7

10 Applied Control 0.3 Error in Deflection
Reference
8 RBM-MPC
l 0.25
\
! |\ 0.2
2 i
I
= I | falL | . T =
=1 O bl TSP N AR AT %015
| L 1| i | _u
- (R i
0.1
46
6t
0.05
8t
_10 L L 1 1 ] 0 1 1 1 L
0 10 20 30 40 50 0 10 20 30 40 50

t[s] t[s]

Here: h =7 = At = 0.050 sec, T" — 7 = 9.950 sec.




Applied Control and Error of the Trajectory w.r.t 7

Applied Control

—
(=1
1

Reference
RBM-MPC

u(t)
o & A~ N o N &2 o o

L
=)

0 10 20 30 40 50
t[s]

Here: h = At = 0.050 sec, T' — 7 = 9.50 sec.

[=(8)]

Error in Deflection

10 20 30 40 50
t[s]



Applied Control and Error of the Trajectory w.r.t 7

Applied Control

Reference
RBM-MPC

10 -

u(t)
o

-10 1

t[s]

Here: h = At = 0.250 sec, T' — 7 = 9.50 sec.

[=(8)]

Error in Deflection

10 20 30 40 50
t[s]



6 Perspectives




Perspectives

» Analysis of Computational Costs
» Numerical Convergence Rates
» Possible Extension:

> Non-linear Dynamics
> Constraints on Control or State
> Decomposition of the matrix B
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» Analysis of Computational Costs
» Numerical Convergence Rates
» Possible Extension:

> Non-linear Dynamics
> Constraints on Control or State
> Decomposition of the matrix B

Thank you for your attention!
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