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Big picture
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Koopman operator
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Koopman operator

]C;gl—)QOf gX-)C

K(agr +B892) = (g1 + Bg2) o f
Linearity =agiof +B8grof

= akg, +BKg



Koopman operator

K:gr—gof g: X—C

(1900 — 1981)

[B. O. Koopman, 1931]
[Mezic, Banaszuk, 2004]
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Koopman operator

K:gr—gof g: X—C

Eigenfunctions Ko=X o <& ¢@Qof =X}

po K=o Linear coordinate
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Koopman operator

Eigenfunctions

A=1

Milan Korda

pofl =X

= g0 =)

iInvariant set

Chirikov standard map
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Koopman operator

Eigenfunctions

A <1
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Bo F¥ =Nk

= {x ! |¢|(x) <} invariant set
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Chirikov standard map
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Koopman operator

Eigenfunctions

A= e
(w rational)

Milan Korda

Bo F¥ =Nk

=  {x:

Chirikov standard map

d(x) =~} periodic set

RRCEL T
......

[Budisic et al. 2012]
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Koopman operator

Eigenfunctions po =X

|Isostables

Isochrons

Ergodic partition 5 P < y

Model reduction [Mauroy et al. 2013]

[Rowley et al. 2009] .
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Prediction

Invariant subspace Hy = span{1, ..., Yn}

N
g= Z cii € Hy
i—1



Prediction

Invariant subspace Hy = span{y, ..., Yn}
N
g=> cthi€Hy
=1
Linear predictor g(x) = CA*z
[ 1(x0) |
C = [C1 ..... C/\/] 0 = w(Xo) =
Yn(x0)




Prediction

Invariant subspace Hy = span{y, ..., Un}
N
g=> cthi€Hy
=1
Linear predictor g(x) = CA*z
[ 1(x0) |
C = [C1 ..... C/\/] 0 = ’lp(Xo) =
Yn(xo)




Linear prediction

Linear

/’N. Zk+1

( }
r’ et
Nonlinear




Approximation of the Koopman operator



Approximation

Hy = span{yn, ..., Yn '}

Goal Kn = PuKpy, Kn:Hyn — Hn

e Construct
e Analyze

IC%/ Py
RY

Kn

Hn




Extended dynamic mode decomposition

Data (X)), (X)L Xt = f(x)
Basis functions v =[Y,..., W]
K
LS problem | Y — A (x)|I2
P A£|Nan§ |1 (x") — Ap(xi)l[3
Koopman approximaton Ky kg = c' Ay k1 g=c'vy

[Williams et al., 2015]



Convergence of EDMD

Knkg = c' Ayt g=c'

Lk = empirical measure
/ on xy, ..., XK

Fact: /C/\/,K — P/AVALKIC‘HN



Convergence of EDMD

Knkg = c' Ayt g=c'

[k = empirical measure
/ on xy, ..., XK

Fact: /C/\/,K = P/AVALKIC‘HN

FaCt ||mK—>oo }CN,K — IC/\/ — P/’[\/LIC|'HN

(iid or ergodic sampling from )



Convergence of EDMD

Knkg = c' Ayt

FaCt: ||mK—>oo ICN,K — IC/V — P/ﬁ/LICrHN

(iid or ergodic sampling from w)




Convergence of EDMD

H = Lo(u)
o span{y;}2, =H
o C:H — H bounded

limyeo [ICvg — Kg|| =0 forall g e
(Converge in strong operator topology)
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Convergence of EDMD

H = Lo(u)
o span{y;}2, =H
o C:H — H bounded

limyeo [ICvg — Kg|| =0 forall g e
(Converge in strong operator topology)

As a result, any finite-horizon predictions converge!
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Convergence of EDMD

H = Lo(u)
o span{y;}2, =H
o C:H — H bounded

limyeo [ICvg — Kg|| =0 forall g e
(Converge in strong operator topology)

As a result, any finite-horizon predictions converge!

Corolla

Under the same assumptions

IMN—oo [ [CANYN —go 112 du — 0
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Convergence of EDMD

H = Lo(u)
o span{y;}2, =H
o C:H — H bounded

limyeo [ICvg — Kg|| =0 forall g e
(Converge in strong operator topology)

As a result, any finite-horizon predictions converge!

Corolla

Under the same assumptions

Spectral convergence more delicate. See

Korda M. and Mezi¢ |. On Convergence of Extended Dynamic Mode Decompo-
sition to the Koopman Operator, Journal of Nonlinear Science, 2017
Milan Korda



Control

(Joint work with Igor MeziC)



Predictor

X1, X2, ...

>  xT="f(x, u) >
A
uy, U, ... 20
A4
Z+=g(Z, U) X1, Xo, ...
> Zo = P(x0) >
X = h(z)

v RS RN N>



Predictor

uy, o, ...

v

+_ N\ N\
zT = Az+ Bu R, R0, ..

Zo = P (x0) >

X=Cz

v

v RS RN N>



Why linear predictors?

Can design controllers using linear methods

u = Kiift(2)

|

u=k(x) = Kir(1(x))



Why linear predictors?

Can design controllers using linear methods

u = Kiift(2)

|

u=k(x) = Kir(1(x))

Especially suited for Model predictive control (MPC)

e Optimization-based controller
e Fast and effective for constrained linear systems

e Computation speed independent of the size of the lift N



Designing the predictors



Koopman operator for controlled systems

xT=f(x,u),x e R", ueR”



Koopman operator for controlled systems

xT=f(x,u),x e R", ueR”

|
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e Shift operator (Su)(/) = u(i + 1) Space of all control
sequences (Ui)Z, =: u



Koopman operator for controlled systems

xT=f(x,u),x e R", ueR”

|
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e Extended state x := (x, u) € X :=R" x £(R™)
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Koopman operator for controlled systems

xT=f(x,u),x e R", ueR”

|

Xt = Fx) = [f Wg;(@))}

e Extended state x := (x, u) € X :=R" x £(R™)
\_Y_}

e Shift operator (Sw)(/) = u(/ + 1) Space of all control
sequences (Uj)Z, =:u

[Proctor et al, 20106] [Proctor et al, 20106]
Other work

[Williams et al, 2016] [Brunton et al, 2016]



Linear predictors from Koopman - EDMD

Data (X1 () X7 = F
K
min ) — Ad(x)|I3
LS problem L ; [&(x;) — Ap(Xi)ll3

d(x) = [d1(x), ... dn, )] T



Linear predictors from Koopman - EDMD

Data ()1 ()i X = F(xi)
K
LS problem AE@QX% ; lo(x) — Ad(xi)I3
d(x) = [01(x). - .. dn, (X)] " linear operator

Predictor linearinu = ¢i(x,u) = ¥i(x) + Li(u)



Linear predictors from Koopman - EDMD

Data ()1 ()i X = F(xi)
K
LS problem AE@QX% ; lo(x) — Ad(xi)I3
d(x) = [01(x). - .. dn, (X)] " linear operator

Predictor linearinu = ¢i(x,u) = ¥i(x) + Li(u)

Without loss of generality

d(x, w) = [Y1(x), ..., Yn(x), w(0)1, ..., u(0)m] "



Linear predictors from Koopman - EDMD

Data ()1 ()i X = F(xi)
K
LS problem AE@QX% ; lo(x) — Ad(xi)I3
d(x) = [01(x). - .. dn, (X)] " linear operator

Predictor linearinu = ¢i(x,u) = ¥i(x) + Li(u)

Without loss of generality

d(x, w) = [Y1(x), ..., Yn(x), w(0)1, ..., u(0)m] "

K
min Z i (xT) — A (x;) — Bui(0)]3

AeRNXN' BeRNXm



Algorithm summary

Data X=|xi, ....xx], Y=[x{",..., x| U=|u,..., U |
Lifting Xife = [ (x1), ... ¥(xx)], Yie = [0(x{), ..., V(X))
LS problem inEf; 1Yiire — AXjige — BUJ|F mcin X — CXiigt || F
Solution [A, B] = Yiire [ Xiife, U] C = XXITift
P )1 (o) |
SoAEB )= |
re e YN (7o) |




MPC design



Koopman MPC

Nonlinear MPC

minimize le-vz”o_l h(x;) + u!l Ru; + r'u
Ui, Xi
subjectto  xj11 = f (X, uj), I=0,...,
CX(X,') + C,u; < b, 1 =0,...,

parameter xp = x



Koopman MPC

Koopman MPC

minimize Z, 0 ZTQZ, +u'Rui+q' z + r'u

ui,zZj
subjectto z1 = Az + Bu, 1 =0,..., N, —1
Ezi+ Fu, < b, 1 =0,..., Ny, —1

parameter zo = 1(x)

Can handle nonlinear constraints and costs in a linear fashion



Koopman MPC

Dense-form Koopman MPC

minimize  U'HU" +h'U + z) GU
UeRMNp
subjectto LU+ Mzy < c

parameter 2o = ¥(x)

Y K

Kk(x) = : —> xT =f(x,u)

Computation cost independent of the size of the lift!



Koopman MPC summary

At each step k of closed-loop operation

o Set zp = P (x)

minimize  U'HU' +h'U+ z) GU
e Solve UeRMNp
subjectto LU+ Mz < c

e Apply U7.,, to the system



Koopman MPC summary

At each step k of closed-loop operation

e Set zg = P(xk)

minimize  U'HU' +h'U + z/ GU
e Solve UeRMNp
subjectto LU+ Mzy < c

e Apply U7.,, to the system
Main benefits

Computation cost independent of the size of the lift

Can handle nonlinear constraints and costs in a linear fashion



Extensions

e [nput-output systems

xt = f(x,u)

y = h(x)

Solution: Use nonlinear functions of y and its time-delays as basis functions

e Systems with disturbances

xt = f(x, u,w)

Solution: Treat w as an additional input



Numerical examples



Numerical examples

Van der Pol oscillator |
X] = 2X2 oer i
0.4 - —
Xo = —0.8x7 + 2x0 — 1OX12X2 + u ozl |
u o f
RK-4 discretization with 0.01 s sampling interval ~ ©#| 1
-0.4 -
Data: 20 trajectories with 1000 samples each ol |
Lifting: state observable + 100 RBFs 081 1
5 05 1 5 > 25
! Y, T T T T 1 | _T / T T Y\\ T
: /l :-Igguc?pman : II BN AN :-Izgjoepman
1L ' - - Localat0 || 0.8+ .,’ \ - - Localat 0 |
‘4 - - Local at x0 ; N - - Local at x0
’ - - Carleman ,: \ - - Carleman

0.5

-0.5

-1 1 1 1 1 1

0 0.5 1 1.5 2 25 3

Milan Korda time




Numerical examples

Van der Pol oscillator ]
X]_ — 2X2 0.6 |
0.4 - B
Xo = —0.8x7 + 2x0 — 1OX12X2 + u ozl |
u or i
RK-4 discretization with 0.01 s sampling interval ~ <#/ |
0.4 |- B
Data: 20 trajectories with 1000 samples each el ]
Lifting: state observable + 100 RBFs o8 1
o 0.5 1 1.5 2 2.5 3
T T T . 1.5 T — . .
121/—True ! —True /
- -Koopman 3 - -Koopman !
M-~ Local at 0 1k——iocaiat0 : |
08t - - Local at xg -- Local at zg P
- - Carleman - - Carleman i
0.6+

. 15
Milan Korda time

time 53



Numerical examples

Van der Pol oscillator

Xl = 2X2

||Xtrue — Xpred”
Xo = —0.8x1 + 2x0 — 10x2x0 + U RMSE [%] = 100 -

| Xeruel|

RK-4 discretization with 0.01 s sampling interval
Data: 20 trajectories with 1000 samples each
Lifting: state observable + 100 RBFs

N 5 10 25 50 75 100
Average RMSE 66.5% 449% 47.0% 387% 30.6% 24.4%

Milan Korda 54



Numerical examples

Van der Pol oscillator

Xl = 2X2
Xo = —0.8x1 + 2x0 — 10x2x0 + U RMSE [%] = 100 -

RK-4 discretization with 0.01 s sampling interval
Data: 20 trajectories with 1000 samples each
Lifting: state observable + 100 RBFs

Xo Average RMSE
Koopman 24.4%

L ocal linearization at xg 2.83-103%

Local linearization at O 912.5%

Carleman 5.08-10%2 %

Milan Korda

||Xtrue — Xpred ||

| Xeruel|

955



Numerical examples

RK-4 discretization with 0.01 s sampling interval
%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x (= ar\gularl veIoF:lty) measured
_ Data: 20 trajectories with 1000 samples each
X = —(B/N)xo + (km/)xru—11/J

Lifting: state observable + 100 RBFs

X0 = [0.887,0.587]

X

/- -Koopman

T T
| ! '|—True
1 Y 1 ' !
1
1
Lo , v, |-- Local at xq
= 1 T

Prediction
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Numerical examples

RK-4 discretization with 0.01 s sampling interval

%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x> (= angular velocity) measured
_ Data: 20 trajectories with 1000 samples each
Xo = —(B/J)x2 + (km/J)xau — 7/ J

Lifting: state observable + 100 RBFs

Xo = [0.404, 0.126]
0.5 ; :

—True

|- -Koopman
-- Local at x

Prediction X -05|

Milan Korda 57



Numerical examples

RK-4 discretization with 0.01 s sampling interval

%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x> (= angular velocity) measured
_ oy y ; Data: 20 trajectories with 1000 samples each
% =—(B/Jpe+ (kn/Jpau =T/ Lifting: state observable + 100 RBFs

Koopman Local linearization at xg

Average BMSE  32.3% 135.5%

Prediction

Milan Korda 58



Numerical examples

RK-4 discretization with 0.01 s sampling interval

x1 = —(Ra/Ly)x1 — (km/La)xou + u,/L,
X0 = —(B/)xo + (km/Jd)xau —11/J

Only x> (= angular velocity) measured
Data: 20 trajectories with 1000 samples each
Lifting: state observable + 100 RBFs

angular velocity

0.6

0.4

0.2

Feedback control Xo ol

7_pred =1s

]

e e e e e = m

R=1 R=001

B —K-MPC
- -L-MPC
- -Reference

Milan Korda

0o 05 1 15 2 25 3

time
59



Numerical examples

RK-4 discretization with 0.01 s sampling interval

%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x> (= angular velocity) measured
_ oy Y ; Data: 20 trajectories with 1000 samples each
% =—(B/Jpe+ (kn/Jpau =T/ Lifting: state observable + 100 RBFs

control action

1
0.5¢
0 [
Feedback control u
Tpred =1s
Q=1 R=0.01 -0.5¢ —K-MPC
- -L-MPC
-1 —Constraints||
0 1 2 3

. time
Milan Korda 60



Numerical examples

RK-4 discretization with 0.01 s sampling interval

%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x> (= angular velocity) measured
_ oy Y ; Data: 20 trajectories with 1000 samples each
% =—(B/Jpe+ (kn/Jpau =T/ Lifting: state observable + 100 RBFs

angular velocity

0.6 :
—K-MPC
IR - -L-MPC 7
0.4 X - -Reference
—Constraints

0.2+

Feedback control Xo  Of

7_pred =1s L-MPC
Q=1 R=0.01 -0.2} infeasible

Milan Korda time 61



Numerical examples

RK-4 discretization with 0.01 s sampling interval

%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x> (= angular velocity) measured
_ Data: 20 trajectories with 1000 samples each
X0 = —(B/)xo + (km/Jd)xau —11/J

Lifting: state observable + 100 RBFs

control action

1
0.8
0.6}
Feedback control u
7_pred =1s 04 |
Q=1 R=0.01 —K-MPC
0.2} - -L-MPC
—Constraint
O .
0 1 2 3

Milan Korda 62



Numerical examples

RK-4 discretization with 0.01 s sampling interval

%1 = —(Ra/La)x1 — (km/La)xou + us/L, Only x> (= angular velocity) measured
_ oy Y ; Data: 20 trajectories with 1000 samples each
% =—(B/Jpe+ (kn/Jpau =T/ Lifting: state observable + 100 RBFs

Feedback control Average computation time = 6.83 ms

Tored =15 (Matlab + gpOASES, 2GHz i7)
Q=1 R=0.01

Milan Korda 63



Powergrid control

(Joint work with Yoshihiko Susuki)



Numerical examples

New England power grid

0i = Wi

H.
—I(,O,' = — 1Dl 4 P
7be

10

— G2 — Z ViVi{Gjj cos(6; — 6;) + Bijsin(6; — 6))}

J=Li

8
10 a7l
| | 29
30 25 L |26 28
2 38
18 27
1 L 24 9
17
16
3 A
1 AR ” 35
39l | 22
4 1 |14
5 6 12 19 23
13 20 _|36
7 31 11
0 34 33 7
8 2
32 5 4
o —_32
3

Milan Korda
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Numerical examples

New England power grid

5,'=Ld,'

H.
—I(,O,' = — 1Dl 4 P
7be

10

—GVE — Z ViVi{Gjj cos(6; — 6;) + Bjjsin(6; — 6;)}

J=1j#i

Setup from [Susuki et al, 2011]

t = 0.67s - fault occurs
t = 1s — faulted line removed

8
10 a7l
| |29
30 25 L |26 28
2 138
18 27
1 mE 24 9
17
FJ( 16
3 9
1 415 35
21
39 L 22
4 1 14
5 6 12 19 23
13 20 _136
7 31 11
10 34 |33 7
8 2
32 5 4
o —_32
3

Milan Korda
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Numerical examples

New England power grid
5/ = Wi

H.
——Lah:: — Dty = P

T No control

10
— G2 — Z ViVi{Gjj cos(6; — 6;) + Bjjsin(6; — 6;)}
J=1j#i

AF [HZ)

10
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Numerical examples

New England power grid

5,'=Ld,'

H.
—I(,O,' = — 1Dl 4
7be

10

Control

—GVE — Z ViVi{Gjj cos(6; — 6;) + Bjjsin(6; — 6;)}

J=Li

Actuation:
Cost:

Pred. horizon:

Sampling:

Milan Korda

Fm, or Vi - mechanical power or generator voltage
2 . '
> w? —frequency deviation

1 second

50ms
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Numerical examples

New England power grid

0i = Wi

H.
—I(,O,' = — 1Dl 4
7be

10

— G2 — Z ViVi{Gjj cos(6; — 6;) + Bijsin(6; — 6))}

J=1j#i
15
—G02
—G03
GO4
—GO5
—G06
——G07
10} —GO8|-
—G09
—G10
—
©)
® s
| -,
e
Lo
0&

10

Af [Hz]

1.5¢

0.5+

-0.5F

15f

—G02
—G03

Go4
—G05
—G06
—G07
—G08
—G09
—G10

= Constraint

—G02|]
—G03

G04

—G05
——GO6|-
——Go7
—G08
—G09
—G10]|

10



Numerical examples — NE cascade

/7 NE grid cascade Setup from [Susuki et al, 2012]

0 = Wi t = 0.87s —fault occurs in grid #1
Hy TR, t = 1s— faulted line removed
7be
10
—GVE — Z ViVi{Gjj cos(6; — 6;) + Bjjsin(6; — 6;)}
J=1J#i

Each grid controlled separately

Milan Korda 70



Numerical examples - NE cascade

Milan

No control

Af. [HZ]

10 15 20
10 15 20
_’”"

10 15 20
10 15 20
10 15 20
/—/_’—“

10 15 20
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Af [HZ]

=t = — 4 = | - = ]

F=Ff—T———F - F— 1 —F = F — - —

10

F=Ff—a———F - F— 1 —F = F — - —

et —d——l— =4+ — 4 - |- - — 4 — - —

10

F=Ff—a———F - F— 1 —F = F — - —

| [PUSp [Spgy pUt Uy PRSP NS S [

10

F=Ff—a———F - F— 1 —F = F — - —

et —od——l— =4+ - 4 - |- b — 4 — - —

10

F=Ff—a———F - F— 1 —F = F — - —

|y S St R PR SN B [

10

F=Ff—a———F - F— 1 —F = F — - —

et —dd——l— =4+ - 4 - |- - — 4 — - —

10

F=F—Td————F —F— - —F =+ — - —

0

et —dd——l— =4+ - 4 - |- - — 4 — - —

10

time [s]

time [s]
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____0____0____0____0____0____0____
©YNONT | OYANONT  ©OINONT  OINONT  O¥NONT  OITNONT  OFTNONT

10

0 [rad]

Numerical examples - NE cascade

4D

#3

#4

#5

# 6

_o o o o o o

T .—_41 T T T — T T —_ T T — T T — T T T — T T
+ o | o | {eo o | {eo o E
+ Ho Ho | {o Ho {wo Ho E
+ 1< F 1< 1< 1< 1< 1< E
+ qo do b o qo o qo E
A o A o A o A o | o M| 1N | A
™ N~ O ® N ~ o ® - o ™ N~ O ™ N~ O ® N~ o ®» - o

# 7

time [s]
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Numerical examples — NE cascade

/7 NE grid cascade Setup from [Susuki et al, 2012]

0 = Wi t = 0.87s —fault occurs in grid #1
Hy TR, t = 1s— faulted line removed
7be
10
—GVE — Z ViVi{Gjj cos(6; — 6;) + Bjjsin(6; — 6;)}
J=1J#i

Only the grid where the fault occurred controlled

Milan Korda 73
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10

10

Alf [Hz]

10

10

oTNoNT

o

____
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____
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10
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oTNoNT

o

10
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10

TR
o N — O

—
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Numerical examples - NE cascade
0 [rad]

TR
o N~ O

Ik

TR
o N ~ O

™

RIS

i i
o N — O

4

RIS

i A
o N — O

LO

F

i AN
o N ~ O

i AN
™o N~ O

# 7

10

10
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time [s]

time [s]
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Numerical examples - NE cascade

Milan Kc

# 1

4D

#3

#4

#5

#06

# 7

oooo oooo oooo cooo ocooo oooo
oON O oON OO oN PO oN OO oON OO

ohrO®

o000
ohvprO®

0 [rad]

0.2F
0.1

0.2F
0.1

0.2F
0.1

0.2F
0.1

0.2F
0.1

0.2F
0.1

0.2F
0.1

2 4 6 8 10
‘__’G\\_‘ﬁ.

2 4 6 8 10

2 4 6 8

2 4 6 8 10

2 4 6 8 10

B

2 4 6 8 10

2 4 6 8 10
time [s]
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Numerical examples - NE cascade

Control action of Grid #1

Milan Korda
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Numerical examples - NE cascade

Computation time =~ 10ms per grid
(Matlab + gpOASES, 2GHz i7)



PDE control

(Joint work with Hassan Arbabi)



Numerical examples

Burgers’ equation

oy 9%y 9y
a —Uﬁ —l‘y& = U(t,X)

y(x,0) = yo(x), periodic boundary
Setup from [Peitz, Klus 2017 ]

Milan Korda
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Numerical examples

(t,3) = (D)0 + 02(E)x)

oy 9%y 9y
a —Uﬁ —l‘y& = U(t,X)

y(x,0) = yo(x), periodic boundary 1
from [Pei |
Setup from [Peitz, Klus 2017 ] v1(x)
el Va(x)

Milan Korda



Numerical examples

u(t,%) = () + (a0

8_y_ué92_y+ a—y:u(tx)
ot “oax2 Y ox ' (1)) < 0.1, |u(t)] <0.1

y(x,0) = yo(x), periodic boundary

Tracking piecewise-constant reference

Milan Korda
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Numerical examples

u(t,%) = 13 () 03) + 2 )12()

8y &y Oy _
E_U@—H/&_u(t’)() lu1(t)] < 0.1, |u(t) <0.1

y(x,0) = yo(x), periodic boundary

Milan Korda
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Numerical examples

u(t,%) = () + (a0

8y &y Oy _
a_,/ﬁ_ﬂ/&_u(t,x) lu1(t)] < 0.1, |u(t) <0.1

y(x,0) = yo(x), periodic boundary

0.8

—Flow Mlean

— -Reference

10

Milan Korda



Numerical examples

u(t,%) = () + (a0

8_y_1/82_y+ a—y—u(tx)
ot oax2  Yax 1\ (1)) < 0.1, |u(t)] <0.1

y(x,0) = yo(x), periodic boundary

0.15

0.1

0.05

-0.05

0.1

-0.15
0
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Numerical examples

Burgers’ equation

oy 9%y 9y
a —Uﬁ —l‘y& = U(t,X)

y(x,0) = yo(x), periodic boundary

Tracking time-varying reference

Milan Korda
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Numerical examples

Burgers’ equation

oy 9%y 9y
a_”@”&_“(“)

y(x,0) = yo(x), periodic boundary

u(t, x) =t (t)va(x) + wa(t)va(x)
(D) <1, Ju() <1

Milan Korda
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Numerical examples

u(t,%) = () + (a0

e
ot UOXQ yax

= u(t, x) lui(t)] <1, Juo(t) <1

y(x,0) = yo(x), periodic boundary

Milan Korda

-0.02
-0.04 ;
-0.06 |
-0.08 |

Control input
0.1

. T T “ T T _u1
0.08 —U,0
0.06 i
0.04 i

0.02

-0.1°
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Numerical examples

u(t,%) = 13 () 03) + 2 )12()

Oy 0%y oy
a—uﬁ—l_ya_X_U(t’X) ]ul(t)\ﬁl, |U2(t)’§1

y(x,0) = yo(x), periodic boundary

Computation time ~ 2ms
(Matlab + gpOASES, 2GHz i7)

Milan Korda
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Open problems

Accuracy of the predictors for finite N

Choice of observables

Guarantees on the controllers (stability, optimality)

Control for other classes of predictors (bilinear)

arXiv preprint: Korda M. and Mezi¢ |. Linear predictors for nonlinear dynamical systems: Koop-
man operator meets model predictive control, arXiv, 2017



Question time

Thank you



