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A HUMUSOFT
Model Predictive Control (MPC)

« Prediktivni rizeni zalozené na modelu systému a optimalizaci v realném Case

— pocita optimalni akcni zasah podfizeny zadanym omezenim

ucelova funkce omezeni
o 4 )
optimalizace . L e
reference -\ manipulované veliciny
— 7 soustava
\ predikcni
model \_ Y,

\Regulétor - )

odhadnuté stavy

merené vystupy

pozorovatel stavu

MPC

3 https://www.mathworks.com/videos/series/understanding-model-predictive-control.html
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£ HUMUSOFT
Model Predictive Control (MPC)
 Pro predikci vyuziva vnitini model(y) ll .
— linearni B Regu.ator\ "model \ |
— nelinearni | ooacnutéstawy [ otel stavu e ST ISDY

MPC

« MPC + Al
— predikéni model muze byt ve formé neural state space modelu
« Typické vyuziti MPC
— fizeni technologickych procesu

— autonomni rizeni vozidel

— robotika




B 7
A HUMUSOFT
Jak MPC funguje

- Resi optimalizaéni tlohu v kroku k, jaky optimalni akéni zasah provést k dosaZeni cile

Minulost = Budoucnost

5 T R | . .
it B : | | ! ! — - Planované zmény MV
: | > E ! i i — Aplikované zmény MV
Horizont fizeni i ! ! ! -
Reference i g — *.jﬂ_ Q
! O !
k k+1 k+2 k+3 k+4 k+p

-O- Predikovany vystup
—@- Méfeny vystup



Jak MPC funguje

* Provede prvni krok fizeni (oteviena smycka), vyradi zbytek

£ HUMUSOFT

Minulost = Budoucnost
>
i :_ S -:I ______ | o o o = | 1 1
_—————— = ! ! ! : i — - Planované zmény MV
# | | : | : H . , .
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Reference | — == O
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A HUMUSOFT
Jak MPC funguje

* PocCka na reakci systéemu

Minulost Budoucnost
R —

- - Planované zmény MV
— Aplikované zmény MV

A
-y

Hprizont Fizeni

»
»

=
-
-
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___<>____________________ e

Reference : O
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k k+1 k+2 k+3 k+4 k+p

-O- Predikovany vystup
—@- Méreny vystup



A HUMUSOFT
Jak MPC funguje

* Posune Casovy horizont, zmeri aktualizované vystupy

Minulost Budoucnost
R —

- - Planované zmény MV
— Aplikované zmény MV

e VW

Horizont Fizeni

»
»

Reference ; ; — -

mm—————r
- 1
! - 1
-
| ="
-

»
»

K k+1 k+2 k+3 k+4 k+p

-O- Predikovany vystup
—@- Méreny vystup



.
Jak MPC funguje

- Resi optimalizaéni tlohu v kroku k

Reference

A

£ THUMUSOFT

Minulost _ Budoucnost
R —
R bmm—— - [ —— ; . R

______ Tt ! ! ! - - Planované zmény MV
ke . i » i i — Aplikované zmény MV

Horizont Fizeni : i i

— S U0 O

—“—Q‘—“ : I
k-1 k k+1 k+2 k+3 k+4 k+p

-O- Predikovany vystup
—@- Méreny vystup
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Jak MPC funguje

* Provede prvni krok fizeni (oteviena smycka), vyradi zbytek

Reference

&

£ THUMUSOFT

Minulost Budoucnost
R —

s - oo . 5
—-—-—-—l _____ -: : : l; - Plénované Zmény MV
ke » — Aplikované zmény MV

Horizont Fizeni : i |

— S U0 O

-0 | | '

k-1 k+1 k+2 k+3 k+4 k+p

-O- Predikovany vystup
—@- Méreny vystup



A HUMUSOFT
Jak MPC funguje

* Pocka na reakci systemu, posune Casovy horizont, zmeri aktualizované vystupy

Minulost = Budoucnost
]

| ! ! - - Planované zmény MV
» — Aplikované zmény MV

Horizont Fizehi

»
»

Reference

»
»

K+1 K+2 k+3 k+4 k+p
-O- Predikovany vystup
—@- Méreny vystup
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Jak MPC funguje

. Resi optimalizaéni tlohu v kroku k

Minulost = Budoucnost

&

£ THUMUSOFT

—
- ----- b e L L ____ - - Planované zmény MV
: L , > — Aplikované zmény MV
Horizont Fizehi i i i
Reference N o O O O O
k+1 k+2 k+3 k+4 k+p

-O- Predikovany vystup
—@- Méreny vystup
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Princip MPC fizeni

 MPC algoritmus — co resi v kazdém kroku?
— aktualizace vystupu modelu soustavy dle realného stavu
— predikce budouciho vystupu soustavy na zakladé modelu (na nékolik krokt dopfedu)
— vypocet optimalni hodnoty manipulovanych veli€in (QP uloha) pro dalSi kroky
— cil: aby predikovany vystup dosahnul referen¢ni hodnoty ,,optimalnim zptusobem®
— (dalSi krok = opakovani postupu)
 Parametry MPC
— vypocetni perioda
— horizont predikce — kolik kroktl dopfedu pocita predikci
— horizont fizeni — pro kolik krokt dopfedu propocitava manipulované veli¢iny (akéni zasah)

— omezeni vstupu a vystupu dana fyzickymi parametry systému

13
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Tvorba MPC

* Pripravené funkce
— pro ruzné typy MPC

« Graficka aplikace MPC Designer
— pro linearni implicitni MPC

* Bloky v prostredi Simulink
— obecné MPC rlznych typu

— specializované pro konkrétni ulohy

MPC DESIGMER

TUNING

o H =

Open  Save
Session  Session

Controllers

mpct

Scenarios

scenariol

&8

g & &

a4 @

@

£ THUMUSOFT

MPC ] Linearize Import  Import Plot Edit Compare Export
Structure  Attributes  Model  Plant  Controller  Scemario v Scenario > Controllers ~ Controller ~
STRUCTURE IMPORT SCENARIO RESULT =
scenariol: Input scenariol: Quiput
Input Response (against internal plant) Qutput Response (against internal plant)
300 32
s
3 290
=
s 280
S P N g -
2 2n0 )
= |
260 |
. 301 ! 28 |
g - o X
E 3005
g TUNING
E 300
& Sample time[ 0.1 c : v ]
= 2995 MPC Controller{mpcSofe_~ | Predicon horizon[ 10| | Robust Closed-Loop Performance Aguressive | LSF @
2 nternal Plant(plant__ <] ‘”""":l Constraints Weights Estimation 0 Review  Store Expart
ow Control horizon| 2 Models ~ || : . Design Controller Contraller ~
Slower State Estimation Faster
29? contRoLLER HoRZON Desien PERFORMANCE TUNING Anavsis
= Plants scenario?: Input scenariol: Output
E 05 plant
E
3 0 Input Response (against internal plant) Qutput Response (against internal plant)
3
2 05
= 10 &l mpcSoft
Ll
0 2
T Y o
s =)
Controller 2 =)
mpcNone \ S
mpcHard 40 J 0
mpcSoft

Library: mpclib

Simulink

UBRARY DEBUG MODELING
] Open £ =
'y s [ 5] i
ave - -
Mew Library Signal
~ & Print - Browser Table
FLE LIBRARY PREPARE 1 ANNOTATION
mpeiib
® [Fmpclb ¥
@
[#] o ma e *
Explicit Adapéve Noriinear
- o wec v~ - o N
sialis
Yma el - tast_my
WIPC Controller Explcil MPC Conroller “Aapsrea MPC. Comralier [ —
switcn swich
Nerinear
ma
Waltipla e MPC
privadBEY rETE——
[
ot et {Muple Siages)
“Aunoemated Drving last_my
md i
Mutiple MPC Contolers Mustple Expicit MPG Contrllers Wllstage Nonlivear MPC
[ ‘Simulink Blacks 10 work with Model Predicsive Gontrol Toolex
n Copyright 1990-2024 The MalhiWorks, Inc.
» | g
Ready 100%

1 2 3 4 5 6
Time (seconds)




A HUMUSOFT
Ukazka: Navrh jednoduchého MPC

" . model_plant_MPC - Simulink

SIMULATION MODELING FORMAT
.| Open ~ 151 Stop Time - \ ]
&G = _— q& & > ¥y
g - - - -
New ©H 28v€ Library Signal ‘%‘ Step Run Step Data
> = Print ~ Browser Table H@ Fast Restart Back ~ - Forward Inspector
FILE LIBRARY PREPARE SIMULATE REVIEW RESUL..
§ model_plant_MPC — -
2 (=]
gl e |*& model plant MPC - g
3 5
g @
= | & H
¢
E
) Scope
=3
= SCOPE MEASUREMENTS
mo =
— e /(1) ul®) I Tref
=%}
1 1
D MPC mv L Ll - Lal -
u(t) d ol y(t)
1 ref Integrator 1 Integrator 2
ref
- MPC Controller
i
»
Ready 150%

Sample based T=5.0000

15
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Typy MPC v prostredi MATLAB

16

r . y rd r
Linearni Linearni MPC model Implicit MPC
soustava (MPC)
A
7 Nékolik linearnich 7
Nelinearni MPC modelt Gain-scheduled MPC
soustava (Multiple MPC)
A o
Linearni MPC model (
adaptovany pro Adaptlve_/LTV MPC
aktualni pracovni bod (Adaptive MPC)

Nelinearni MPC model

Online optimalizace

&

£ THUMUSOFT

Pred-vypoctené reseni
optimalizace pro rychlejSi vypocet

N
Explicit MPC
J
N
Multiple Explicit MPC
S

Nonlinear MPC
Multistage Nonlinear MPC

Vsechny typy MPC
podporuji generovani
C/C++ kodu
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Volba typu MPC dle pozadavku

* Model soustavy =
— linearni / nelinearni -

, Nelinearni

™) Omezenl soustava

Implicit MPC

&

£ THUMUSOFT

— linearni / nelinearni

Ucelové funkce

— kvadraticka / ne-kvadraticka

Hardwarove zdroje

— pozadovana vypocetni perioda, dostupna pamet

Gain-scheduled MPC

Explicit MPC

(

.

Adaptive MPC

~

J

Nonlinear MPC
Multistage Nonlinear MPC

Multiple Explicit MPC




Rychlost a pamétové naroky ruznych typu MPC

Memory Efficiency

Nonlinear MPC

Adaptive MPC

LTV MPC

LTI MPC

Gain-scheduled LTI MPC

Explicit MPC

Gain-scheduled
Explicit MPC

Speed

&

£ THUMUSOFT



£ THUMUSOFT

Model Predictive Control: pod pokliCkou

MPC
AT FUTuiRE 1Al 1
A - Optimization Plant
___.-"' - - -2 Rl T . . I -
| P . . mm‘ﬁ :.r:.r:ltr ol moves ¥ = f(xl u,v, d)
reference . ___.-"'f.-. . “[ 'f) Y= ﬂ'{xr u, v, d} d( k)
ref(k -
£ - _T
— e e e e e e
i kel ks e L1

Prediction Model

{x‘ = f(x,u,v)
y=g(xuv)

Kalman Filter

State Estimation

hy——

Correct: fklk—lﬂyklt’?ﬁ' =3 iﬁ.’lk

Predict: Eye, Wi, Vi = Fre1|k

19
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Linearni MPC = tloha kvadratického programovani s omezenimi

linearni predikéni model
x = Ax + Bu
y =Cx

kvadratické programovani (QP)

kvadraticka ucelova funkce

(1
] = (ref, —y) Wy(ref, —y) + (refy, — W Wulref, —w) + Q)™ W, (Au) wmmp " {EZTHZ I TZ}

Az <b

linearni omezeni Ib<z<ub
Ymin < y < Ymax» Umin Su< Umax, Aumins Au < Aumax
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£ HUMUSOFT

Nelinearni MPC = tloha nelinearniho programovani s omezenimi

nelinearni predikéni model

{x = f(x,u)
y=gXxu) nelinearni programovani (NLP)
min f(z)
obecna nelinearni tuéelova funkce : ’
J = cost(x,u) gi(z) <0,ief{l,.. m}

hj(z) =0,j €{1,..,p}
Z€EZ

obecna nelinearni omezeni
c = ineq(x,u), ceq = eq(x,u)



Kdy pouzit MPC vs LOR vs PID

Typ fizeni

MPC

LOR/LQG

P1D

Zalozenona MIMO

optimalizaci

ano

ano

ne

ano

ano

ne

Zahrnut
model

ano

ano

ne

Omezeni
stavu/akcéniho
zasahu

ano

ne

ne

MozZnost
,nahledu do
budoucna“

ano

ne

ne

Naroky na
pameét

vysoke

nizké

Nizké

&

£ THUMUSOFT

Vypocetni naroky na
béh

vysoke
(vyjma Explicit MPC)

nizké

nizké



£ THUMUSOFT

Al model pro predikci: Neural State-Space

* Nelinearni MPC muze vyuzivat Neural State-Space model

* Co je Neural State-Space
X ... stav soustavy
y ... méfeny vystup

yve = g(xg,up) w..vstup
f, g ... nelinearni funkce

— standardni state-space model Xy = f(x;, ug)

— neural state-space model ma funkce f a g reprezentovany neuronovymi sitémi

Ve = g(xe, ue) N N

State Network (f) Output Network (g)
23
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Al model pro predikci: Neural State-Space

* Neural State-Space muze byt i diskrétni

— standardni diskrétni state-space model

Xp+1 = f (g, ug)
Vi = g(Xg, ug)

V...
u ... vstup
f. g

&

£ THUMUSOFT

stav soustavy
méreny vystup

... helinearni funkce

— diskrétni neural state-space model ma funkce f a g reprezentovany neuronovymi sitémi

X1 = f(Xp, ug)
Vi = g (X, ug)

=

A\

\

I

S

;
'/,;
&)

4

7
\

’{

3

/

b
4/
N
)y

\

%
\

9

)

Y,
Ny,
W

A

7,

(X

3

M
N

j
)

?;}o

A

)
)

4

\

o

()
\
Ny

N

)

W\

N

State Network (f)

Output Network (g)
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Neural State-Space model

« Typicka sit pro spojity NSS

— pro jeden stav, jeden vstup, vystup = stav

nss = idNeuralStateSpace(1,NumInputs=1)

Nnss =

Continuous-time Neural ODE in 1 variables
dx/dt = f(x(t),u(t))
y(t) = x(t) + e(t)

f(.) network:

Deep network with 2 fully connected, hidden layers
Activation function: Tanh

&

£ THUMUSOFT

~+ INPU

E imagelnputlLayer
A”?l! image3dinputLayer
m sequencelnputLayer
ﬁ featurelnputLayer

inputLayer

roilnputLayer

4
SEEE
-

<]

pointCloudinputlayer

convolution1dLayer
convolution2dLayer
convolution3dLayer
groupedConvolution2dLayer
transposedConvidlLayer
transposedConv2dLayer

transpesedConv3dLayer

WEHHERAEAEE

fullyConnectedLayer

=

eeeeeeee

4]

» Automatizovane vytvoreni siti s uzivatelskymi parametry: createMLPNetwork()



.
ldentifikace Neural State-Space modelu a propojeni s MPC

26

* Postup identifikace NSS modelu
— ziskat data z realné soustavy vstup-vystup: iddata()
— vytvorit neural state-space objektu: idNeuralStateSpace()
— vytvorit neuronove sité pro funkce f a g: createMLPNetwork()
— nastavit predvolby pro uceni siti: nssTrainingOptions()

— identifikovat model (= uCeni siti): nlssest()

* Propojeni s nelinearnim MPC:

&

£ THUMUSOFT

& ZoomIn
N 2 Zoom Out lyze | Export
w
Newor  suwo NAVIGATE sis | exporr
Layer library signer
=8 (=E = ‘|
featurel; featurelnputLayer
= [ o
=
= . |
(= ~
5 point )
. actt
~ CONVOLUTIO! e
.
[l )
B ‘ g 2 ‘
== Tullys
=) ~
L
(g a2 ~ Ovenview
§ A& =
i —
— —
] 5 o —
Tully L
Rl ¢
N

— generovat z NSS funkce pro odhad stavu a vypocCet Jacobianu: generateMATLABFunction()

— pouzit funkce v navrhu MPC
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Navrh nelinearniho MPC

Vytvoreni objektu nelinearnino MPC

— obecny nelinearni MPC: nlmpc()

— vicestupriovy nelinearni MPC: nimpcMultistage()

Specifikace predikCniho modelu
— zadani funkci f a g pro vypocet stavu a vystupu

— pro lepsi vykon specifikovat funkce pro vypocet jejich Jakobianu

Zadani optimalizacniho kritéria, omezeni, feSice a dalSich parametru

Volani MPC
— volani objektu MPC z prostredi MATLAB: nlmpcmove()

— simulace v prostfedi Simulink: bloky pro volani MPC ruznych typu

Generovani kodu z MPC algoritmu a nasazeni na cilovou platformu

27
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Ukéazka: Rizeni systému metodou MPC s Al modelem

Cost function Constraints
Neural state space model

Optimizer \

Reference X \ Prediction ‘ Manipulated variables (MVs)
model

MPC Controller

»

State
estimates

State Estimator

Measured outputs (MOs)

28 https://www.mathworks.com/help/mpc/ug/use-multistage-mpc-with-neural-state-space-prediction-model-for-house-heating.html
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Vyvo] Model Predictive Control v prostredi MATLAB

< 2017

Linear MPC

LTI MPC
Adaptive MPC
LTV MPC

Online constraints
Online weights
Simulink blocks

Code Generation
MATLAB Coder
Simulink Coder
Embedded Coder

Simulink PLC
Coder

App
MPC Designer

2018

Linear MPC

Run-time time-
varying weights

Nonlinear MPC

Generic Nonlinear
MPC

ADAS Blocks

Automatic Cruise
Control

Lane Keeping
Assistant

Code Generation
ACC block
LKA block

2019

Linear MPC

Run-time horizons

Nonlinear MPC

Simulate as
Adaptive and LTV
MPC

ADAS Blocks

Path Following
Control

Code Generation
PFC block

2020

Linear MPC

Interior-Point QP
Solver

Run-time time-
varying constraints

Code Generation

Generic Nonlinear
MPC

Plug in
FORCESPRO QP
solver

Numerous examples have been added to MPC Toolbox in the past releases,

especially in the Nonlinear MPC, ADAS and Code Generation areas.

2021

Linear MPC
Support “quadprog”

Nonlinear MPC

Multi-stage
nonlinear MPC

Hybrid MPC

Finite Control Set
(FCS) MPC

Code Generation

Multi-stage
nonlinear MPC

GPU Coder support

ISO 26262
compliance

Plug in
FORCESPRO NLP
solver

2022

Nonlinear MPC

Support neural
networks for
prediction model

Passivity-based
constraints

ADAS Blocks

Vehicle Path
Planning

Code Generation
VPP block

MISRA C
compliance

P

L

£ THUMUSOFT

2023

Nonlinear MPC

Automatic
differentiation for
multistage
nonlinear MPC

New NLP solver:
C/GMRES

Code Generation

ISO 26262
compliance for
multistage
nonlinear MPC
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£ HUMUSOFT

Reinforcement learning (RL)

» Jedna z metod strojového uceni (ML)

machine learning

/—/%

unsupervised learning supervised learning reinforcement learning
(neoznacCena data) (oznacCena data) (data z interakce)

9
-0

L

* Deep reinforcement learning

— metoda reinforcement learning aplikovana pro hluboké neuronove sité



A HUMUSOFT
Reinforcement learning a ridici systemy

* Metoda strojového uceni
— pocitaCovy agent se ucCi optimalnimu chovani opakovanou interakci s dynamickym prostredim

 Cil: maximalizovat odménu v dlouhodobém ¢asovém horizontu

« Algoritmus policy agent
— hluboka neuronova sit' (nejCastéji) policy
— implementuje: regulatory, rozhodovaci algoritmy pozorovani Gprava akce
] ] policy
* Pro komplexni systémy lgoritmus

— kde jsou tradicni metody obtizné formulovatelné re”l‘égfr‘;]?r%em

odména

prostredi

31 https://www.mathworks.com/videos/series/reinforcement-learning.html
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Nastroje pro reinforcement learning

 RL ,prostredi”
— vytvorené v MATLABuU
— model systému v Simulinku
« Navrh, uCeni a simulace agenta

— pripravené funkce

— Reinforcement Learning Designer app

« Simulink: pripravené bloky

— RL Agent — simulace a uCeni agenta

— Policy — simulace a nasazeni naucené funkce policy

32



P
B P

£ HUMUSOFT

Modifikace pouziti RL pro slozité systemy

« Vyuziti RL agenta pro kompletni (,end-to-end®) fizeni muze mit néktera uskali
— RL agent je ,black-box*

— obtizné dosahnout spravného nauceni

* s ohledem na vSechny aspekty fizeni ]
« vnimani + planovani + vlastni fizeni Measurements |  Reinforcement Motor torque
L .. ) ) o Learning Agent
— nelze formalné zarucit spravné chovani L

33



A HUMUSOFT
Modifikace pouziti RL pro slozite systemy

A4
A4 Y 4 L] . v Y 4
 Reseni — kombinace RL a tradichich metod:
Modified
Manipulated Manipulated
Planning/Scheduling Postprocessing Module :
with References/ Control mnmf?r::.:;::: Variables (Constraint enforcement, Variables
Reinforcement Parameters| (PID,LQR, MPC,...) heuristics, ...)
Learning
( Perception Measurements
L Measurements
V3 ™\ N
Reinforcement
Reinforcement Learning Agent
Learning Agent Switch s
Manipulated J Au
~ 7 O\C Variables pl_ N Manipulated
(= ™\ © Traditional Controller u Variables

Manipulated
Variables

(PID, LQR, MPC, ...) \J/

Backup
=

Controller

Measurements.

Measurements Observations

34 Practical Reinforcement Learning for Controls: Design, Test, and Deployment
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