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Zakladni schéma ridiciho systému — Simulink

akeni
reference odchylka zasah 3s+1 D
= @ 1T " P 45542 |
Regulator Zobrazeni
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A HUMUSOFT
Navrh ridicich systému v prostfedi MATLAB a Simulink

» Propojeni modeli soustav s regulatory - =
— spojité a diskrétni prvky v jednom modelu e A o
— bohaté knihovny vstupnich signald | — e R g
« Libovolna architektura ridicich systému |
— blok PID regulatoru v mnoha variantach : |

— spojite, diskretni, stavove regulatory

— adaptivni a prediktivni fizeni

« Nastroje pro ladéni fidicich systému
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Navrh ridicich systému v prostfedi MATLAB a Simulink

Metody rizeni DATA-DRIVEN MPC

PID CONTROL ] MPC DESIGNER IDENTIFIED PREDICTION MODELS

MPC
- Output LINEAR AND NONLINEAR /
ADAPTIVE / EXPLICIT

A — gy,

__Q-_ E:pl-im] zer l

FUZZY INFERENCE SYSTEMS
MAMDANI AND SUGENO, TYPE-1 AND TYPE-2

FREQUENCY DOMAIN : - —3fFazz =] Tofer Dl z >

COMPENSATORS (TF, zPK, FRD, ...)

B Fuzzy Locic vesiGNER
REINFORCEMENT LEARNING

EXTREMUM SEEKING

GAIN SCHEDULING .
Coin ochedule K . . ; Al Modq!ﬂ.{'ian] | Demod]

[Controller |={ Plact | i . ; Pacameter update Jém

Al a datové orientované
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Navrh ridicich systému v prostfedi MATLAB a Simulink

LAQR / LQG SYNTHESIS POLE PLACEMENT (VY REINFORCEMENT LEARNING DESIGNER
Tune geains b‘j mini miZing Tune gains by chaosing

cost '[r‘unci'uan pole locations

REINFORCEMENT LEARNING CLOSED-LOOP PID AUTOTUNER
B conTroL SYSTEM DESIGNER ALGORITHMS (sac, P50, DA, .

GRAPHICAL TUNING MULTI-LOOP / MULTI-OBJECTIVE TUNING &8 WI
(BODE, NICHOLS, ...) SYSTUNE / LOOP SHAPING g i&"l
Eﬂ, v 'I‘t

ﬁmph l'w!e

_El_c.n'i’ &

Ep:sode

SYSTEM IDENTIFICATION WITH MODEL-BASED TUNING

Al a datové orientované

Phase
Data Madel Canjfr'o“er' an‘l‘!‘a“er
CO-OPTIMIZATION OF PLANT [ controL SvSTEM TUNER funing |
AND CONTROLLER PARAMETERS
R — el B L FUZZY INFERENCE SYSTEM TUNING
>0 PLD Plant f== \
Cof‘ﬂ'ro“er '
A0
B RESPONSE OPTIMIZER B rio Tuner
Ladici algoritmy
-
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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
4 i i )
Y
L é )
optimalizace : L e
reference \ manipulované veliciny
—— < soustava
\ predikcni
model \_ Y,

\_ MPCreguldtor - )

odhadnuté stavy

merené vystupy

pozorovatel stavu

8 https://www.mathworks.com/videos/series/understanding-model-predictive-control.html
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£ THUMUSOFT
Model Predictive Control (MPC)
 Pro predikci vyuziva vnitfni model(y)
l. ’ ’ reference p .\\‘ manipulované veliginy , coustava .
—_ n
Inear I MPC regulator @O
— nelinearni I ochadnuté stav Sfené vy
4 pozorovatel stavu | —
 MPC + Al

— predikéni model muze byt ve formé neural state space modelu
« Typickeé vyuziti MPC
— Fizeni technologickych procesu

— autonomni rizeni vozidel

— robotika
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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 . , .

: . > ! ! ; ; — Aplikované zmény MV

Horizont fizeni ' i ' ' '

Reference | — == O
L e Q- !
: O !
¢’O’
e

ay :

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

-O- Predikovany vystup
—@- Méreny vystup



A HUMUSOFT
Jak MPC funguje

* PocCka na reakci systéemu

Minulost Budoucnost
R —

- - Planované zmény MV
— Aplikované zmény MV

A
-y

Hprizont Fizeni

»
»

=
-
-
-

___<>____________________ e

Reference : O

v

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+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

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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Porovnani MPC s tradichimi metodami

* Vyhody
— multivariable controller
« ovlada vSechny ak¢ni (manipulované) veliCiny zaroven
« umi se vyporadat se vzajemnou provazanosti u€inkd akénich veli€in na soustavu
— zahrnuje omezeni
» pocita optimalni akCni zasah podrizeny zadanym omezenim
— prediktivni schopnost
« pocita dopfedu, co miUze nastat
* rozhoduje se vCas na zakladé predikce
* Nevyhody
— vypocetné naroCne, narocné na pamet
— obtizné posouzeni standardnimi metrikami (bezpecnost v amplitudé a fazi, ...)

— musime mit dobry predikéni model
18



£ THUMUSOFT

Neural State-Space model

* 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

@

\ ,%_l.\
NS 7
VR RZEZ NS aﬁ;ﬁ‘.‘\ Xz
Xt = J Xg, Ut SR OSRE20~—S2 SRE2
ESFR ST ODES BRN ® — 2 EOFK TN
SR S S e 7 — SRR NS
. .0“*‘\%‘ % 33:1\3. / AR

— S NN

Ve = g(x¢, uy) N2 .

State Network (f) Output Network (g)
19
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£ THUMUSOFT

Neural State-Space model

* Neural State-Space muze byt i diskrétni

. x ... Stav soustavy
— standardni diskrétni state-space model x4 = f(xg, Uuy) y ... méfeny vystup
u ... vstup
fr9

Vi = g(xk, ug)

... helinearni funkce

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

/

;i
;}Q

PAvVY
V/i\\
N

N/
'«’4

NN

N
¢

AN

¢

{

.}

X1 = f(Xp, ug) |:> :
Vi = g (X, ug)

ANV
R
1

W
)
r/f

})}:‘ \

State Network (f) Output Network (g)



21

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()
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£ HUMUSOFT

ldentifikace Neural State-Space modelu a propojeni s MPC

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

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

* Propojeni s nelinearnim MPC:
— generovat z NSS funkce pro odhad stavu a vypocCet Jacobianu: generateMATLABFunction()

— pouzit funkce v navrhu MPC

22
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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
23
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Ukazka: Ridici systém vytap&ni domacnosti s vyuZitim MPC

Cost function Constraints
Neural state space model

Optimizer \

Ref — ‘ i '
eference . \ Prediction Manipulated variables (MVs)
model

MPC Controller

»
7>

State
estimates

State Estimator

Measured outputs (MOs)

24 https://www.mathworks.com/help/mpc/ug/use-multistage-mpc-with-neural-state-space-prediction-model-for-house-heating.html
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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 — hlavni casti

* Agent [ agent \

— algoritmus policy (politika) oolicy
— algoritmus uceni metodou RL o ,
pozorovani uprava akce
* Prostredi policy
algoritmus
 Data reinforcement
o learning
— pozorovani \ /
— akee odména T
— odmeéna -
prostredi

26
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Reinforcement learning — jak funguje

Princip
— pocitacovy agent se uci optimalnimu chovani opakovanou interakci s dynamickym prostredim

 Cil

— maximalizovat odmeénu v dlouhodobém casovem horizontu / agent \
« Algoritmus policy 205y
— hlubok& neuronova sit (nejéasté;i) pozorovani gglrii‘)’/a akce
— funkce: fidici systém, rozhodovaci algoritmus algoritmus
. Pousiti reinforcement
ouziti learning
— kde jsou tradiCni metody obtizné formulovatelné \ /
— pro obtizné interpretovatelné signaly (napf. obraz) odmena T

— autonomni systémy, robotika, ... prostiedi

27
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Porovnani RL s tradicnimi ridicimi systemy

Tradicni ridici systém

pozorovani

RL algoritmus

[policy )

/‘
reference

v

regulator

4

odmeéna
ladici algoritmus + kritérium pro ladéni

lporuchy

akce
akéni
zasah

/

soustava

prostredi

mereni

N

chovani

28
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System reinforcement learning

w0

policy

pozorovani Uprava akce
policy

algoritmus
reinforcement
learning

\ J

odmeéna T

prostredi
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Tradicni ridici systemy

* Pro jednoduché systemy funguje dobre

akeni
reference 74sah
regulator soustava

mereni

29
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Tradicni ridici systémy

* Pro komplexni systemy
— rozdeleni do mensich Casti resenych nezavisle
— nekolik ridicich smycCek, kaskadoveé fizeni, kompenzacni vazby, atd.
— uskali: volba vhodné architektury, provazani smycek pri ladeni

regulator

kamera

akeni

senzory zasah

30



Alternativa: reinforcement learning

« Slouceni celého ridiciho systemu do jediné funkce

— vstupem jsou vSechna pozorovani

— vystupem je pfimo akcCni zasah na nejnizSi urovni

kamera

regulator

n

/r—

extrakce

senzory

»

priznakl

31

reference

| dopredna

D

) 4

—CO~

P
regulator

4

vazba
\

P ——
regulator

]
—

s

P
regulator

pozorovani

—-

regulator

(policy)

l akéni zasah

&

£ THUMUSOFT

akéni
zasah
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Reinforcement learning agent

Algoritmus ,policy”

— mapovani vstupniho stavu na vystupni akci

Q-Learning

Vnitfni reprezentace

— hluboka neuronova sit

SAC

 Algoritmus ,reinforcement learning”
— Uprava policy
— maximalizuje odménu v dlouhodobém Casovém horizontu
— k dispozici mnoho ruznych algoritmu
* Implementace
— objekt v prostredi MATLAB, blok v prostredi Simulink

32

£ HUMUSOFT"
Custom REINFORCE DON
agents Q
DDPG
Reinforcement Learning Agents TD3
MBPO
PPO TRPO A2C, A3C
@ agent IxT ASACAgent
Mobservation
Areward action p
Misdone
FL Agent
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£ HUMUSOFT

Prostredi

Systém (soustava) a jeho okoli vyuzity k uceni

Uceni
— dynamicky proces

— agent interaguje s prostredim

Vypocet odmeny

— ohodnoceni prinosu akce

UcCeni s realnym systémem

AL N i ety . gD P PP PR PR R e b

— nakladné, pomalé, rizikove

— _ - . -~

= vyuziti simulovaného prostredi —V .

33
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Model prostredi

« Simulacni model prostredi vytvoreny v nastroji Simulink / Simscape
— dynamicky model systému a jeho okoli
— lze vyuzit nastroje pro fyzikalni modelovani

— pozorovani, akce a vypocCet odmeny soucast modelu

(%)
2
g
\

&

RLAgent

* Model prostredi vytvoreny prostredky jazyka MATLAB

— funkce a tridy v jazyce MATLAB
34
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* Reinforcement Learning Designer app
— Iinteraktivni navrh a uceni agenta

— pruvodce vybérem typu agenta

— vybér RL algoritmu

* Pripravené funkce a objekty

— navrh a u€eni pomoci pfikazu

* Bloky v prostredi Simulink

— RL Agent — simulace a uCeni agenta

— Policy — simulace a nasazeni naucené funkce policy

REINFORCEMENT LEARNING

Nastroje pro (deep) reinforcement learning

&
£ THUMUSOFT

TRAIN SMULATE | TRAINING RESULT )
O
= 2 & %% &
Open  Save Import | Mew | New Edit | Bort
Session  Session - - - -
fuE ENVRONMENT|__AGENT _| ResulTs z
Agents agenti_Traned » | agentl Training Progress
agent1 - 1
agent!_Trained » Overview
Episode number: 535/10000
Start time: 13-Jan-2023 11:15:42
~Hypes
Duration: 00:06:11
‘Agent Options Critic Optimizer Options
Final result Training finished afer all
- agents reached siop fraining
Ervironments Sample time Leamn rate 0.0001

Discrete_CartFole

Gradient threshoid

» More Options

criteria.

Training Information

Results formation (rIDQNAgent):
experience 1 500
rrainStats 1 500
500
Episode QD: 56.147
400 [ More Details. |
B
§ 300 Plot Options
Show EpisodeQD
_ﬁ 200 =
i []ShowlastN episodes
100
Episode reward Episode Q0
ek 100 500 —— Average reward

[E1 Training result opened: trainStats1

[Quadruped Walking Robot Example}

[T e

L

obsw e

Observation

N r »
Reward
»| meas isdone >
Check If Done

cumulative reward 4@
isdone

Quadruped Robat
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Ukéazka: Rizeni hladiny v nadrzi metodou RL

36
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de reward for riwatertan

bsi,
Y ""“’Laye
(73
Y
®rel,
S
pa[hom N
®ady
Y
[ 7
y
N
.
Crit
Oy,
‘out

L]
actyy,
¢ Puy o
*
Acep,
ay
gy, - X
Iss [v]
86/5000
09-Jan-2023 17:44:30
00:04:37

Training finished after all
agents reached stop training

10 +_rJI P errar
, oilbstnations abgervation
Desired |
Water Level I 2
generate observations
P error
riveand P e fi 1 i
; reward N hesght
S —
calculate reward Water-Tank System
I height . | slop B isdone
stop simulation
400 |-
200 -

criteria.

Training Information

-200
0

30 40
Episode Number

60 70 80

Agent Status

rDDPGAgent Training finished

Episode Information (iDDPGAgent):

Episode reward: 779
Average reward: 803.2
Episode QO: -2.1373
"~ More Detalls...
Plot Options
[V Show EpisodeQ0
[_]Show last N episodes
Episode reward Episode Q0

Average reward

bl

https://www.mathworks.com/help/reinforcement-learning/ug/create-simulink-environment-and-train-agent.html
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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

37
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Modifikace pouziti RL pro slozite systemy

A4
A4 Y 4 L] . v Y 4
 Reseni — kombinace RL a tradichich metod:
s Modified
anipulated Manipulated
Plannlng;?&hodullng References!/ Control m:f;“:;:':' Vesiables (zoo:t:'um’:m:.ﬁm Variables
Reinforcement  Parameters| (PID,LQR, MPC,...) 9 heuristics, ...)
Learning
( Perception | Measurements
L Measurements
e B o
Reinforcement
Reinf
Loarn?nr:.A"g‘::'t Switch Learning Agent
{ 5 Manipulated J Au
Z\C Variables 1 N\ —
(= ™\ Traditional Controller u Variables

Manipulated
Variables

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

Backup
=

Controller

Measurements.

Measurements Observations

38 Practical Reinforcement Learning for Controls: Design, Test, and Deployment
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£ HUMUSOFT®

Ukazka: Rizeni inverzniho kyvadia

" £ - E]
Qube Servo Swing Up with Reinforcement Learning l
Z0OH
w | sensor
o m ) 1'E auterLoopRed
actian o B el
= [
£ | la=t_action 1.
m m 1 R =
u 4
Outer Loog Cantral = m
- _ P senmar - o X
oo © | Training Progress
nner Loop Contrel PthinSAGAgent £9QQq Episode number: 1781000
art time: -dan- :
I Start time: 06-Jan-2022 15:56:56
= ube servo Duration: 01:27:09
: Final result: Training finished after all
agents reached stop
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