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M.A and G. Pannochia, A new formulation of Economic ..., Automatica Vol. 125 (2021)
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BRINGING INFINITY CLOSER!/!

MPC with exponentially increasing weight

Cost function

N
T, @)= 3 (/N [om b+ (1= em)Vi]
k=1
M.A Stability proof for nonlinear MPC design using monotonically increasing weighting ..., Automatica 87, 2018.

M.A Numerical investigation regarding ... Application to the control of real-life cryogenic plant, NMPC workshop 2018.
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M.A Numerical investigation regarding ... Application to the control of real-life cryogenic plant, NMPC workshop 2018.
M.A A new contraction-based NMPC formulation without stability-related constraints. Automatica, 2017.
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k=1 s Y
» / P Y S L S S Sy S LR
: u I A
B AN A A A A w | u |
m £ is the stage cost of interest - -0 - 1
0 1.000 2.000 3.000 4000 0 1.000 2.000 3.000 4.0
m V is a local controlled Lyapunov function cp{:’f‘%ﬁ;ﬁlm Ilmorg;‘;l:\“;f[s:;)l} times
15
m p(0) =1and lim g =0
\P< ) m— oo Py 10 J 200 |
= Assumption: N-reachability over X . MWLMMLJ.MUJ\LWA.JLL 100
0 ol - !
0 1.000 2.000 3.000 4.000 6 8 10 12 14
Time (sec) CPU Time (ms)

Proposition. For sufficiently high 1 — Closed-loop stability
of for any initial state inside Xg.

N
epllan I+ 2 [/N]" llyslly, + cleill®]
k=1

Q1. Are we still minimizing the same

cost? Controller Settings | ¢f m | € N
Questions L . Proposed Controller | 0 3 _[0.01 | 10
Q2. Implication on the computation Controller 1 0 0 | 00110
time! Controller 2 100 [ 0 | 0.01 | 10
M.A Stability proof for nonlinear MPC design using monotonically increasing weighting ..., Automatica 87, 2018.

M.A Numerical investigation regarding ... Application to the control of real-life cryogenic plant, NMPC workshop 2018.
M.A A new contraction-based NMPC formulation without stability-related constraints. Automatica, 2017.
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GPU-related topics Some experiments

DISTRIBUTING THE COMPUTATION rs%‘\
GPU, FPGA ...

Master

update

Shared data D

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘ Thread,, n — 107

—[ Collect results from thread j

Mazen Alamir 7th IFAC Conference on Nonlinear Model Predictive Control 2021 (July 11-14)


https://colab.research.google.com/drive/1CJl4IaQ1s23D5Wn_6P-uIIzIgEfsr5ji?usp=sharing

DISTRIBUTING THE COMPUTATION I_S%A
GPU, FPGA ...

Ex1. Toy example on GOOGLE-COLAB

Master
m 2D discrete time dynamics

= simulate N = 20 steps
m for &= 500000 initial states

update

m time CPU = 2 min.
m GPU-time = 400 j-sec

Shared data D

Thread,, n — 107

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘

—[ Collect results from thread j
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GPU-related topics Some experiments

DISTRIBUTING THE COMPUTATION rs%‘\
GPU, FPGA ...

Ex2. Parametrized stochastic MPC

Master = Cost function J(p | w)
m quantized sets of values P
update = A set of realizations W

s n := card(P) - card(W)
Shared data D

m Task;; J(p(i) |w(j))

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘ Thread,, n — 107

—[ Collect results from thread j
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GPU-related topics Some experiments

DISTRIBUTING THE COMPUTATION rs%‘\
GPU, FPGA ...

Ex2. Parametrized stochastic MPC

Master = Cost function J(p | w)
m quantized sets of values P
update = A set of realizations W

s n := card(P) - card(W)
Shared data D

m Task;; J(p(i’) |w('7))

n — 107

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘ Thread,,

q p (4
—[ Collect results from thread argmin E[7 (p'"), )]
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DISTRIBUTING THE COMPUTATION I_S%A
GPU, FPGA ...

Ex3. single-shooting stochastic MPC

Master

update

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘

Shared data D

Thread,,

_[

Collect results from thread

Mazen Alamir

A cost function J(u = z, w)
A relevant set of realizations W

Ny =N - ny

(2, w(j))

aJ
Task;; < 92

7

n — 107
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DISTRIBUTING THE COMPUTATION rfl%;\
GPU, FPGA ...

Ex3. single-shooting stochastic MPC

&ster = A cost function J(u = z, w)
= A relevant set of realizations W
update " ny=N-ng

aJ )
m Task; +— — (2, w )
Bz;

Shared data D

n — 107

Thread,,

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘

—[ Collect results from thread
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GPU-related topics Some experiments

DISTRIBUTING THE COMPUTATION rs%‘\
GPU, FPGA ...

Ex3. single-shooting stochastic MPC

&ster = A cost function J(u = z, w)
= A relevant set of realizations W

update BNy, =N-:n,

aJ )
m Taskj; +— — (2, w )
Bz;

Shared data D

= update < One-step fast gradient!

n — 107

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘ Thread,,

—[ Collect results from thread
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GP

-related topics Some experiments

DISTRIBUTING THE COMPUTATION rs%‘\
GPU, FPGA ...

Ex3. single-shooting stochastic MPC
ster = A cost function J(u = z, w)

= A relevant set of realizations W

update

B ny =N ng

Shared data D

aJ )
m Taskj; +— — (2, w )
Bz;

= update < One-step fast gradient!

n — 107

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘ Thread,,

—[ Collect results from thread

https://colab.research.google.com/drive/1CJ14IaQ1s23D5Wn_6P-ullzIgEfsr5ji?usp=sharing

Number of scenarios = 20000 1 = time.time() Combined therapy

Prediction Horizon = 20 _ _

gpu computation time = 0.0002663135528564453 Grad(x0_gpa, U_gpa, W_gpu, I_gpu, G_gpu, mode gpu, | Mg = 4, My = 13
id=(256, 16, 1), block=(256, 1, 1

Number of individual tasks = 800000 - z;e_im“ b B 0B n, =2, N =20
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GPU-related topics Some experiments

DISTRIBUTING THE COMPUTATION
GPU, FPGA ...

<

NVIDIA.

Master

update

Shared data D

‘ Thread ‘ ‘ Threads ‘ ‘ Threads ‘ Thread,,

—[ Collect results from thread

Y

n — 107

GPU-Based NMPC of a semi-active suspension
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DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension. K.M.M.Rathai  O.Sename

Half-Car SA-suspension
mets = —F. ((sag) — P (sar)
Lol o(sag) — Lrls r(sar)

Mys, 0Zus,e = Fr o — o o(sap)

1.6

Mys,rZus,r = Ft,r — Fs r(sar)

(2) left, (r) right, (s) chassis, (t) wheel

i = —ks,i(25,i(0) — zus,i) + sa;

Fyi = —kt,i(zus,i — 2ri) 1€ {¢r}
Road profile <—J

75

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019
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DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension. K.M.M.Rathai  O.Sename
Half-Car SA-suspension sa; = kozq i +cozaq.; + feditanh(a1zy ; +a2z4,;) ‘
mszZs = —F. y(sap) — Fs p(sar)
Imé =LpF. y(sap) —LpF. ,(sar)

Mys, 0Zus,e = Fr o — o o(sap)

Mys,rZus,r = Ft,r — Fs r(sar)

(2) left, (r) right, (s) chassis, (t) wheel

i = —ks,i(25,i(0) — zus,i) + sa;

Fyi = —kt,i(zus,i — 2ri) 1€ {¢r}
Road profile <—J

75

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019
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GPU-related topics  Use-case

DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension.

K. M. M. Rathai O. Sename

Half-Car SA-suspension

mate = —F, ((sag) — Fu(sar)

1.6

Lol y(sag) — €p s v (sar)
Mys, 0Zus,e = Fr o — o o(sap)
Mys,rfus,r = Ft,r — Fs r(sar)

(2) left, (r) right, (s) chassis, (t) wheel

sa; = kozq,i +coZd,i + feditanh(a1Z4 ; + a2zq4,;) ‘

Fo ;= —ks,i(25,(0) — zy4s,i) + 804

Fyi = —kt,i(zus,i — 2ri) 1€ {¢r}
Road profile <—J

Control objetive
= Comfort (4 |25])
= Ride handling (4 [6%])

= Box constraints on z/u

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019

Mazen Alamir
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GPU-related topics  Use-case

DISTRIBUTING THE COMPUTATION

GPU-Based MPC of a semi-active suspension.

L

K. M. M. Rathai

e

O. Sename

Half-Car SA-suspension

mate = —F, ((sag) — Fu(sar)

1.6

Lol y(sag) — €p s v (sar)
= Fy 0 — Fs o(sag)

Mus,rZus,r = Ft,r — Fe v (sar)

Mys,0Zus,0

(2) left, (r) right, (s) chassis, (t) wheel

sa; = kozq,i +coZd,i + feditanh(a1Z4 ; + a2zq4,;) ‘

Fo ;= —ks,i(25,(0) — zy4s,i) + 804

Fyi = —kt,i(zus,i — 2ri) 1€ {¢r}
Road profile <—J

Control objetive
= Comfort (4 |25])
= Ride handling (4 [6%])

= Box constraints on z/u

Manipulated variables

m u:= (¢yp,dr) € E? c R?

= Eis a quantized (discrete) set.

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019

Mazen Alamir
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GPU-related topics  Use-case

DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension.

K. M. M. Rathai O. Sename

Half-Car SA-suspension sa; = kozg,; +cozq,i + feditanh(a1zg ; +a2zg ;) ‘

mgis = —F. y(sap) — F. ,(sap)
° S ( ) ' ! Control objetive Manipulated variables
Lo0 = Lol y(sag) = brl's.r(sar) = Comfort (J |2s]) n u:= (¢g, Pr) € E? c R?
Maus,eZus,e = Fio = Is 1(sag) = Ride handling ({ |62|) = Eis a quantized (discrete) set.
musvrzusqr =Ftr— Fs (Sar) m Box constraints on z/u
(2) left, (r) right, (s) chassis, (t) wheel
Fs,i = —ks,i(2s,i(8) — 2us,i) + 505

Fyi = —kt,i(zus,i — 2ri) 1€ {¢r}
Road profile <—J

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019
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GP

-related topics Use-case

DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension. K.M.M.Rathai  O.Sename
Half-Car SA-suspension sa; = kozg,; +cozq,i + feditanh(a1zg ; +a2zg ;) ‘
mszZs = —F. y(sap) — Fs p(sar)
° S (sae) ' ! Control objetive Manipulated variables
I.6 = €oF. y(sap) — L. F. (sar . . .
x ol o (sag) = LrFs r(sar) = Comfort (| |%s]) » u:= (¢g,dr) € E2 C R?

Mus ofus e = Fro = Foo(sap) = Ride handling ({ |é2|) = Eis a quantized (discrete) set.

Muys,rZus,r = Ft r — Fs (sar) = Box constraints on z/u

(2) left, (r) right, (s) chassis, (t) wheel

i = —ks,i(25,i(0) — zus,i) + sa;

Fy i = —kt,i(Zus,i — 2r,i) @€ {Lr}
Road profile <—J

75

< 5

Smsec

State of the art general NLP solver

ACADO-qpOases / multiple shooting

= Symbolic automatic differentiation

4-th order Runge-Kutta integrator

m Code-generation based

Standard p.w.c control profile

projection of the quantized set

Monitor the # iterations Ny

MATLAB/SIMULINK, Intel Core i7 PC

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019
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GP

-related topics Use-case

DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension. K.M.M.Rathai O, Sename
Half-Car SA-suspension sa; = kozq,i +coZd,i + feditanh(a1Z4 ; + a2zq4,;) ‘
mszZs = —F. y(sap) — Fs p(sar)
N S ¢ ) ' ! Control objetive Manipulated variables
I,0 =Ly, y(sap) — £yl - 5 G
x b e(sag) — LrFs p(sar) = Comfort (| [%s]) . wi= (6p, br) € E2 C R?

Maus,eZus,e = Fio = Is 1(sag) = Ride handling ({ |62|) = Eis a quantized (discrete) set.

Muys,rZus,r = Ft,r — Fs - (sar) = Box constraints on z/u

(2) left, (r) right, (s) chassis, (t) wheel

Fs,i = —ks,i(2s,i(8) — 2us,i) + 505

Fy i = —kt,i(zus,i —2r:) 1€ {£}

< 5

Smsec

Road profile ‘J State of the art general NLP solver GPU/Simulation based solver
m ACADO-qpOases / multiple shooting = Constant profile
u Symbolic automatic differentiation u Card(E)’ possibilities
m 4-th order Runge-Kutta integrator = Each is simulated by a single thread
m Code-generation based = If 3 admissible solutions:
= Standard p.w.c control profile Take the cost minimizer
m projection of the quantized set = otherwise:
= Monitor the # iterations Ny Minimize the constraint violation

MATLAB/SIMULINK, Intel Core i7 PC NVIDIA GTX 1050 / 768 CUDA cores

K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019
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DISTRIBUTING THE COMPUTATION @ @

GPU-Based MPC of a semi-active suspension. K.M.M.Rathai  O.Sename

(FA) Feasibility

(CT) Computation Time

(NCLO) Normalized Closed-Loop Objective
(Ns) number of Newton iterations

sa; = kozg,; +cozq,i + feditanh(a1zy ; + a2z

(ng) card(E)
TEET Control objetive Manipulated variables
ACADO-QPOASES NMPC CONTROLLER " o )
= Comfort (1 |2s]) m u:= (¢y,¢r) EE°CR
N. [ FA Max CT (ms) | NCLO s
ST e — = Ride handling (1 [6°|) = E is a quantized (discrete) set.
o f b oo = Box constraints on z/u
25 v 39 0.6317

TABLE Il
PARALLELIZED PNMPC METHOD

{ng,.ng.} | FA | Mean CT (ms) | Max CT (ms) | NCLO
2.7} 4 035 062 04679
(4.4} v 035 0.60 04640
{8, 8} v 035 0.61 04646
{16, 16} v 0.36 055 0.4588 State of the art general NLP solver GPU/Simulation based solver
(3 | v 041 0.67 04568
m ACADO-qpOases / multiple shooting = Constant profile
(Courtesy K. M. M. Rathai) )
i - = Symbolic automatic differentiation = Card(E)? possibilities
ol u 4-th order Runge-Kutta integrator = Each is simulated by a single thread
as0)
= = Code-generation based = If 3 admissible solutions:
£ 250 = Standard p.w.c control profile Take the cost minimizer
L Feo
00 150 m projection of the quantized set = otherwise:
20
o ‘:Z ® Monitor the # iterations N; Minimize the constraint violation
0z 03 04 08 0z 04 0o
Gomputation time (ms) Gompuiaion tme (ne) MATLAB/SIMULINK, Intel Core i7 PC NVIDIA GTX 1050 / 768 CUDA cores

(Courtesy K. M. M. Rathai)
K. M. M. Rathai et al., GPU-based parametrized NMPC scheme ...|EEE Control Systems Letters, Vol. 3, Number 3, 2019
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STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics & = f(z,u,w)
Cost J(ul(z, w))
Constraints  g(ul|(x, w))

w-statistics W

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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Machine Learning-related topics = Stochastic NMPC by supervised clustering

STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics & = f(z,u,w)
Cost J(ul(z, w))
Constraints  g(ul|(x, w))

w-statistics W

Dy,-FIFO

Dn

L e !, 1, g, gl

u

w'

5 5 5 5 Solve Deterministic NMPC
(w2, g, g0,

*

(5,5 =

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.

w'
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Machine Learning-related topics = Stochastic NMPC by supervised clustering

STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics 2 = f(z,u, w)
Cost J(u|(x, w))

Constraints  g(ul|(x, w))

w-statistics W

Dy,-FIFO
14 Dn v
0 (w[l] § uLe] X Jy] X gy])k Thread <— 'm[é-
T PERE)
Solve Deterministic NMPC (2]

(), ul2) S g2l e w

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.

(w1 g0 gy,
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Machine Learning-related topics = Stochastic NMPC by supervised clustering

STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics 2 = f(z,u, w)
Cost J(u|(x, w))

Constraints  g(ul|(x, w))

w-statistics W

Dy,-FIFO

Dn

Thread <— w[e]

¢ (Wi, g gLy,

Solve Deterministic NMPC

(w2 g2 g2l

(i, 1 g0y,

.

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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Machine Learning-related topics = Stochastic NMPC by supervised clustering

STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics & = f(z,u,w)
Cost J(ul(z, w))
Constraints  g(ul|(x, w))

w-statistics W

Dy,-FIFO
~
>
£
e g Dn v
0 (w[l] § '“’LE] X Jy] X gy])k Thread <— ’Ur[é]

5 5 5 5 Solve Deterministic NMPC
(w2, g, g0,

(it 1 g0 gy,

.

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics & = f(z,u,w)
Cost J(ul(z, w))
Constraints  g(ul|(x, w))

w-statistics W

Clustering on (w4, Jy)

NPT W
Dy-FIFO O
s )
o> L
£
e | g Dn
p w4, W, 718 glely, Thread, CEEHL

5 5 5 5 Solve Deterministic NMPC
(w2, g, g0,

(it 1 g0 gy,

.

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics & = f(z,u,w)
Cost J(ul(z, w))
Constraints  g(ul|(x, w))

w-statistics W

Clustering on (w4, Jy)
induced clusters on w

wat, SgG
Dy,-FIFO } ,_,9.’.' ;;‘:._._ o (1) @
5 @' o 0®
£
e | g Dn
p w4, W, 718 glely, Thread, CEEHL

5 5 5 5 Solve Deterministic NMPC
(w2, g, g0,

(it 1 g0 gy,

.

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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Machine Learning-related topics = Stochastic NMPC by supervised clustering

STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

Dynamics 2 = f(z,u, w)

ne
minU;/;, cJ(uw | (2, w' )

w, >
Cost J(u|(x, w))
under
Constraints  g(u|(z, w)) 1_ e
(#) o) <
w-statistics W 9w |(z, N+ € 79T =K
t=1,...,n¢
Clustering on (w4, Jy)
\ induced clusters on w
D,-FIFO s Al @)
b £ T Cw o (2
~ iy
o e D E))
£
e | g Dn
p (¥, w4 g1 gLy, Thread, [EEHE

5 5 5 5 Solve Deterministic NMPC
(w2, g, g0,

(it 1 g0 gy,

.

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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Machine Learning-related topics = Stochastic NMPC by supervised clustering

STOCHASTIC MPC USING SUPERVISED CLUSTERING

Distributing the data building over the real-life time

el 2 tumor cell population;
Dynamics = f(z,u,w i . (%) 3 circulating lymphocytes population;
Y f( T ) ur_r::go Z Pi J(u ‘(x' “ )) a3 chemotherapy drug concentration;
Cost J(u|(z, w)) e ra=l 24 effector immune cell population;
B under u, rate of introduction of immunotherapy drug;
Constraints  g(u|(z, w)) 1_ e uj rate of introduction of chemotherapy drug.
(i) (i)
w-statistics W g(u [(z,w ")) + - ’7(,( < and the dynamics is given by
i=1,...,n4 &y = awy (1 - bay) — 124wy — kywaas
&y = —0xg — kaZ3Ta + 52
Clustering on (w4, Jy) By = —oxs + Uz
¥ induced clusters on w i =gh—z»-‘z 4 — 74 — pozams — krzazs + s101.
2
Dy-FIFO o (1)
= O w(z)
S WG
£
e | & Dn
¢ e e e 1l
0 (w[],uL]yJ,[(]’gL])k Thread <— w

Solve Deterministic NMPC

Thread — w2

(w2 g2 g2l

(it 1 g0 gy,

Thread Rkl

M.A On the use of supervised clustering in stochastic NMPC design. IEEE-TAC. Volume 65, Issue 12, 2020.
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STOCHASTIC MPC USING SUPERVISED CLUSTERING
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Machine Learning-related topics = ML-Model-based monitoring control updating period in NMPC

MONITORING CONTROL UPDATING PERIOD

New ML-induced opportunities (preliminary)
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Discussion: Threats & suggestions for a data-dominated future

Threat: Recycling old recipes ...

Finding a solution to a real-life Exhibiting sufficient conditions for such a solution
problem with provable qualities to exist.
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Discussion: Threats & suggestions for a data-dominated future
Suggestions . ..

Avoid problems for which we already got solutions (including models)
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Discussion: Threats & suggestions for a data-dominated future
Take home message . ..

We have assets & strengths!
Let’s avoid to get lost in Random Forests! :-)

Keep critical and focus on the right fights!
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What if (Success) < (3 model)?
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