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Virtual Sensor Modeling
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ekfobj.StateTransitionFcn = nssStateFcn;

ekfobj.StateTransitionlacobianFcn = nssStateFcnlacobian;

= n
ekfobj.MeasurementFcn = nssOutputFen;

ekfobj.MeasurementlacobianFen = nssOutputFenlacobian;
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Grey-Box{&it

« ARMAX, Box-
Jenkins

* sState-space,
transfer function

o TiEEE
(process
models)

PEfE
Process Models
Low-order transfer function models '

Input-Output Polynomial Models
Input-output polynomial models, incl

State-Space Models
State-space models with free, canor

Transfer Function Models
Transfer function models

Linear Grey-Box Models
Estimate coefficients of linear differe

* Nonlinear ARX

e Hammerstein-
Wiener

Kt

P
Nonlinear ARX Models

MNonlinear behavior modeled usir

Hammerstein-Wiener Models
Connection of linear dynamic sy

Nonlinear Grey-Box Models
Estimate coefficients of nonlinea

Neural State-Space Models
Use neural networks to represer

Reduced Order Modeling
Reduce computational complexil

et AR
grey-box
algorithms
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BRENFESH
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Estimate Continuous-Time Grey-Bc
This example shows how to estimate

Estimate Discrete-Time Grey-Box N
This example shows how to create a ¢

Estimate Coefficients of ODEs to Fi
Estimate model parameters using line

Estimate Model Using Zero/Pole/Ga
This example shows how to estimate

Estimate Nonlinear Grey-Box Mode
How to define and estimate nonlinear

Creating IDNLGREY Model Files
This example shows how to write QDI

.;::I.

ArELfh it

» Kalman Filter

* Recursive Least
Square

kr

e

Online Parameter Estimation
Estimate model parameters usi

Online State Estimation
Estimate model parameters usi
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* RNN, LSTM,
GRU

- BRI RA
|8](Neural ODE)
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33
Neural State-Space Model of S| Engine T
This example describes reduced order mod

Neural State-Space Model of Simple Pen
This example shows how to design and trair

Reduced Order Modeling of Electric Vehi
This example shows a reduced order mode!
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Time_2 Input_2 Output_2
Chamber 0 1.494 0.099452 Output - Heater Temperature
0.08  -L506 0.075032 1

016 1494 0136082 o5
024  -1506 0.294812 0
032 1494 0321672 ;5 0 1 2 3 5 5 7
0.4 1.484 0.348532 ]

2 frl %&?E 0.48  -1.506 0.319232
}l 0.56  -1506 0.304572 Input - Industrial Heating Element

}

~
Fan Heating 0.64 1494 0.421792 5
Coil 072  -1.506 0.402252
0.8 -1.506 0.272832 o
. Temperature 0.88 1.484 0.158052 3 3 6 7
Variable Fan Speed PID . 096 1506 0.062822
Controller o Temperature Setpoint 104 1494 -0.15941
Process model with transfer function:
Kp
G(s) = ————— * exp(-Td*s)
1+Tpl*s
SHIBig EEULS
Y 100 Kp = 1.0125
= HlER T SRV P
4\ PID Tuner - Step Plot: Controller effort = = - a X Tp 1 — O . 37 2 8 2
Td = 0.21912
T - .~ N B o e TR —
E | step Plot: Controbereffort § Identified Plant Structure: One Pole + Delay
:5’ Step Plot: Reference tracking Step Plot: Controller effort & & U e ]
— E— 1 — |
i e
09 1 ‘ > x T, Adustor
: 1
g 06 § 06 ‘r g
g §l g
|
03 o
|
02 2 ‘\ / .
0 01 ‘?
" N i " " " ol " " . L
2 - L] 8 10 12 1“4 ‘-’\ 2 4 8 8 1 12 4 3 ' 5
Time (seconds) Time (seconds) Time (seconds)
1) Controller was re-tuned using the new Design Focus "balanced” Controller Parameters: Kp = 0, Ki = 0.355, Kd = 0 - Plant Parameters: K = 10125, T, = ng?m::wmz 5
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order = 6; 1‘%*5?1)?57( 1?1;;-: XY ﬂ'J $$u BE.}E ?ﬁ&

sys = era(tt order, Feedthrough', true) [~,f] = modalfrf(sys);
[fd, zeta] = modalfit(sys,f,3);
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«=rrrr¥yrvrror»r rror | |Dpiscre time identified state-space model
o
% 1(t+T;) = A x(t) + B u(t) + K e(t)
5 | | y{t) = C x(t) + D u(t) + e(t)
0 5 10 15 20 25 30
Time (s) A=
x1 x2 x3
®1 ©.8339 -@.5523 -8.801899
x2 ©8.5523 @.8323 -8.80714
x3 -@.801099 8.00714 8.2293
x4 -90.083853 -0.201638 -8.970%
x5 -@.901497 @.2a2676 -8.808939%
x6 -0.9084633 2.2003873 2.8006184
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Qutput Function
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Input Nonlineanty - Output Nonlineanty p1 sys(-43)
Input Output
Regressors . f Llnear - /—/ —mh [ I BN B N N ¢'
u(t),uit-1),w(t-1), ... ' AE N X X -C'J_\ -.tl. Qq’
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Grid of trim points Array of State-Space systems
/k. g .
= o =
F:q\\'\.:: - | B S N
| 883 e° 11
:: Se® NN \;.,_M Loop through the grid - Identlfyloca[ model at
e is § SN \\‘-»g__‘ of trim points J . each trim pomt
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Qutput Function

N Nonlinear ARX Models:
N _ v ERRSEMARAN R R A SRR S 2
Regressors Nonlinear . 7= s
Wil — tIEL M 1T R
E—
Function
1 ,
4 N /"« Wavelet Network _ General purpose nonlinear
. Linear regressors . SlngId Network function estimators
« Polynomial regressors * ... _
» Periodic regressors « Gaussian Process State_—of-the-a_rt machine
« Custom regressors «  Support Vector Machine > Iearr_nng a_\l_gorlthms to capture
\ Ex: max(min(u(t — 1),100) — 109 \ Regression Tree Ensembl J nonlinearities

v

Requires Statistics and Machine Learning Toolbox
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Input Nonlineanty

Input _
Linear System

Output Nonline arity Hammerstein Wiener Models:
Hl — | owa IS REEAEMERAS IS E AT R MR A R

l

« Wavelet Network
Sigmoid Network

e Saturation

e Dead Zone

» Gaussian Process

General purpose nonlinear

v

function estimators

Physics inspired nonlinear

v

estimators

Machine learning algorithm to

v

capture nonlinearities

|

Requires Statistics and Machine Learning Toolbox
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Features
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Function
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linsys = ssest(data, 1:10, 'Ts’, 0.1); % Linear model with automatic order selection

Sys = idnIarx{linsys,IE:IFGaussianProcess) % Nonlinear ARX structure using GP
sys.OutputFen.LinearFen.Free = false; % Freeze the linear component

sys.OutputFen = idSupportVectorMachine; % Replace GP with SVM ...

opt = nlarxOptions('Display’, 'on’, 'SparsifyRegressors’, true); % Training options
sys = nlarx(data, sys, opt); % Tune the free parameters of sys

compare(test_data, sys) % validate 10
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LPV(linear parameter-varying)

cstblocks » Linear Parameter Varying hd
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Simulink Model At Area '
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- EASS
s 1ZFEE (ODE) #EZRR B FiE X AImBEIZA/c mex file RE P A M EEFHBURHITIRE
x'(t) = Fit. x(0), ul(t), parl, par2. .... parlV) (1) = dx{lyd () = x(t + T))

vit) = H(t, x(e). ul(t), parl, parl, ..., parN) + ei1) !
x(0) = x0

TUE X RV R LR PHARE S

Input-Output Data
Angle
o Estimation data: Time domain data z
Dats has 2 outputs, 1 inputs and 400 samples.
5 Number of states: 2
t): angular position ’
y-| . g p ESTIMATION PROGRESS
5
Algerithm: Nenlinear least sq with m: 1y ch h method
10
e 2 N q—
9 Norm of 3 —crde: Improvem: 153
= Ol C 3= optimalicy Expe d  Ach: d Bisections
=3 Voltage
E 10 L
1.8%9282 - 3.00 145 -
5 1 .1l38814 0.862 2.13 145 22.¢8 0
z 0639664 1.15 1.73 158 85.4 0
3 0.0011775 0.848 38 109 81.6 0
0 4 0106111 0.227 7 1 8.8 0
5 0106082 0.0126 1} 8 .0272 0
5 e 0.00106082 000154 0 13 4.03 & 4.07e-06 0
10
5 10 15 20 25 30 36 40
Time (seconds)
Input-Output Data Termination condition: Near (local) minimum, (norm(g) < tol)..
AngVel Number of iterations: €, Number of function evaluaticns: 13
4 ' Status: Estimased using SSEST
it to estimation data: [98.35:84.42]%, FPE: 0.00107149
2
| @ 1 | le | 0 e
) Jata (Angie]
dfdt x = | | ¥ ¥ | | u 5 modsl: 98.35% | |
2 200 ]
| @ -thl | | thz2 | £ ]
8
5 g -1or 1
2 3 \ . \ . . .
o =
£ 10 Voltage g 4 . . . . . . :
1 @ < < o A ; N data (Angvel) |,
2040 A ¢ ] model 4.42% [
5 ] !
2o ]
y = X s
a < ‘
| e 1| . - |
5 4 .
5 10 15 20 25 30 35 4
Time )
10

5 10 16 20 25 30 35 40 Sto, 12

Time (seconds)
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£ 37 Simulink#2 2! gy Grey-Box Estimation
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Model-Based Calibration Toolbox

~ “
b 2 File Edit Featu Toolk
e ot ol s [ T e 0 o [RERE .
XN = Y ey |G 5 40P® - a-m- F@ &0 xwe
P ) & ] " g
o Pl L = squ = [N Q| B f= - - Processes canre
- v et v Briwrie Taoe g Faar Rastae Back - Forwae apecior o .l 7 Uit S
8 2T n. ¥ wogy
——— | ] I - ==
+ F ‘{_  Import Caibration.
[ R e e L ST e .+ uFea
N
= - | o 4 E b L commmnon sumsouresireee IR J i :
= s o B e iR Al AL
[ s o e s ot % o = 1l | Vaidate
{ 5 1] Epeimer o et T—— 2y
frreanesn . - e |
- zio , [ —— ‘ - | =
L - — - > Tavles &
v S ooy - — el . .
e Ocegl | o8f | — ] 02 a 08 08 1 12 14 15
— : - e 1 —F | . 8 Heraton 7: RMSE=0,0016962, Time=00:03min, Total Time=00.00:26hr
i o8 1 | B | | Data OF
_g g 1 L T | [AT LR Lookup Table ¥ :
1 — 1808 | a g ] 0 [
£ al  @moly Name £ o =
Ley Vaciatie wer un - S TSN~ T~ Az | teesarw
; by etk moced
/ ga x e R
03 e Cm
L . . . = . . . - k&
— * oRi o : 2 s . s P y
02 ==l \ g i
o f b gR
01 ol { Lookp Table Ors. c1
0 o ] i s
o 2z 4« & 8 w0 bl 1 : s -
Time (ssconds) Ievabon ;
osif - - - e - - - -
f— | ] _— —
20x speed-u e e I
= : - . - . . " oc. 0P
- == P S i P 0
-

Simulink Design Optimization<: i FA ##& %t SNSRIREISImulinkiR B F 1R 2 Look-up
BRI BB AR, TEIE Tablem 2 MBRIRITATE, AILUER
S ’ Model-Based CalibrationaJFeature Filling
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Online Parameter Estimation Online State Estimation

A{ffjutf} = H{ij}if{f} + C{ﬂ}l"’(ﬂ xe(t) :ﬂil’.]ltrm{{g((f]);

5 d | zat) | _ s(t)sin(6(t
Al =14+az M +asz™® + .-+ agz™™ at | s(t) (P 2l — A Cy s(t)*)/m
Bg) = (bpl + byz=1 + boz™? 4 -+ f a2z~ ™)k o(t) alt) bl (/L

-1 —3 —HE e s - ppp Mesaurarments
C{Iﬁ]’} — l + 12 -+ Cad i - Messurementiaiss
e taees .
————]
[ e - O+ 4] Tovonapac =t s
P o “ Ty
—
. -
] . sidual Concentration Spee Dnan’
|

=1 - el
T+5 Varying Process e
=
% 20f 7 a0f
mr:i 10 | % 10
E of u g}
. g -0 %-10 r
E-zo F S 20 | B boare
1] 5‘0 TDID Wéﬂ 2(‘]{] 2;0 3(;0 35‘0 4(;0 4%0 0 5‘0 10‘0 1;0 21‘)0 . 250 3(;0 35‘0 4(;0 4;0
¥ Regressors  Inputs Time [s] Time (5]
Farameters [r Parameters [» g g ‘
§ qu 10F i
¥ Cutput o Cutput E g ol HWW\JM
Recursive Least Squares Estimator Recursive Polynomisl Mode! Estimator R e T Tt e e
- . . Time [s] Time [s]
Recursive Least Squares and Recursive Polynomial J
. u
Models blocks and functions st b N PR PR §
= Recursive AR, ARX, ARMA, ARMAX, OE functions Ay

- Blocks and functions support code generation emanFiler - Exdendsd Kalman Fiter nscentad itaiman Fler

. Kalman Filter, EKF, UKF, Particle Filter 14
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Neural State-Space Models:
BIEAEL MEINTS S [EHRA, H A iEge IR 7S R B A0
JE 2 it BR B g 2 M EHE 52 S I 22 P 2%

(popularly known as Neural ODE in deep learning community)

Output Network
P (g) % Define a neural state sapce model

J obj = idNeuralStateSpace(1,NumInputs=4); % no output Y in this case

%% Configure state network
obj.StateNetwork = createMLPNetwork(obj, "state’,LayerSizes=[128 128], ...
WeightsInitializer="glorot",BiasInitializer="zeros", Activations="tanh');

Multi-layer Perceptron (feedforward) _ - _

%% Specify training options for state network
StateOpt = nssTrainingOptions(‘adam');
StateOpt.MaxEpochs = 90;
StateOpt.MiniBatchSize = 100;

Requires Deep Learning TOOIbOX StateOpt.InputInterSample = 'pcchip’;

%% Train the system
obj = nlssest(Ucell,Xcell,obj,StateOptions=StateOpt);

networks

15
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Link to user story

JAl Surrogate Modelj& 2> 25 3R

BT 2R % 47 AT ]
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SUBARL CORPORATION G

The Al surrogate model for studying selective control was built
completely in MATLAB.

The Al model can now reproduce waveforms at any
source pressure, oil temperature, and current. The
calculation time can be significantly reduced while
ensuring the accuracy of hydraulic waveforms.

16


https://www.mathworks.com/company/user_stories/subaru-uses-ai-surrogate-model-to-reduce-transmission-control-system-analysis-time.html
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LSTM

« E.g. Long Short Term Memory (LSTM) networks
Memory learnt during training
+ Useful for highly nonlinear dynamics
— Large training data sets required
— Long training time
— Low interpretability

0.0150

Experiment Manager App

(h)

W,

MathWorks AUTOMOTIVE CONFERENCE 2024

[net, info] = trainNetwork( predictors , responses , networklLayers , trainingOptions);

Training on single GPU.

Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning
(hh:mm:ss) | RMSE \ RMSE \ Loss | Loss | Rate
| S e e e e e e e e e e e e e |
00:00:06 | 1.77 | .68 | 1.5697 | 1.4033 | 0.0049 |
00:00:29 | 9.78 | 12 | 0.3049 | 0.6236 | 0.0049 |
- sequenceinput regressionoutput -
|

LSTM MNetwork - Stateful Predict

Deep Learning Toolbox



https://www.mathworks.com/help/deeplearning/ref/experimentmanager-app.html
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https://ww2.mathworks.cn/company/user_stories/sanden-advances-air-conditioning-modeling-with-deep-learning.html
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Solution

. A Sumitomo hdraulic excavator.

. “Sumitomo Construction Machinery achieved a
15% reduction in fuel consumption without

Results

. sacrificing the excavator’s dynamic performance.
= BRMMERIES T 15% g y P

= TIETIEERD T50% - . .
. AR08 BER 50% reduction in engine speed fluctuations made

possible by Model Predictive Control Toolbox and

The increase in efficiency was due, in part, to a

our improved control design.

_ - Eisuke Matsuzaki, Sumitomo Heavy Industries
Link to user story

19


https://www.mathworks.com/company/user_stories/sumitomo-heavy-industries-speeds-development-of-embedded-model-predictive-control-software-for-hydraulic-excavators.html
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System Analysis
i A Modeling - Optimal Control | y

. EA;: ;ruir::gSystemS JFEQ:]]‘(OI_\?rcI:DSrﬁent
for Control -earning)
Design and
Sata _ Analysis y COHFFO| N J
Design

Al
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ENEESES: =gy ke E

\Y[eYe[=] Prechtive Control
R E S

Receding horizon approach that solves a
constrained optimization problem.

21
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=  MIMO control technique that solves a constrained optimization problem

In receding horizon fashion

Cost function Constraints

Optimizer

Reference

State

estimates *

MPC Controller

\

Prediction

model

*
Manipulated variables (MVs)

State Estimator
KF, EKF, etc.

Measured outputs (MOs)*

MathWorks AUTOMOTIVE CONFERENCE 2024

22



MathWorks AUTOMOTIVE CONFERENCE 2024

B R
U HIRIRmniEE

Prediction model specification

Linear MPC Nonlinear MPC

LTI =5 T Rl =
Control System Toolbox MPC Controller MATLAB & # LT RIREATIRE

Simulink Control Design Optimizer Analytical models with

ML EHRE

Symbolic Math Toolbox

—= Neural-ODE models with
Prediction System Identification Toolbox
model and Deep Learning Toolbox

Data-driven models with

System ldentification Toolbox

23
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MPC with system identification
Neural state-space prediction model

Cost function Constraints
Neural state space model

Optimizer \

Reference — ' '
: \ Prediction Manipulated variables (MVs)
model

MPC Controller

State
estimates

State Estimator
KF, EKF, etc.

Measured outputs (MOSs)

24
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75 & Neural State SpaceFi MR B FIIEZLMEMPCH TiEHIZ= BAMAR R %

- Plant: BEEZEMARS
« Goal: Minimize energy cost and maintain house temperature within a
range, e.g. [20 °C, 22 °C]

Cost function Constraints
Outdoor

l temperature (MD)

Optimizer \
Prediction model

Reference : \ %%% £ Heater (MV)" @

0 O

MPC Controller
|

Measured house temperature (MO)*
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z5& Neural State SpaceFUNREZE AYIELZE EMPCH TEHIZ AMA RS

NMPC with neural state-space prediction model
control design workflow

ugmmmn ) FRRZHERESEIA Y Closedloon RELEBAEE

§

F AR 7S 2 [E AR B o] 4% 1o B F R TS BUR A 75 72

ERES

> g cost, prediction horizon,
BLEMEBSH constraints, #1 weights

{5 F SER BRI Zx M0 2% 1% F B shid 59 4 Akt AT EE eR 3%
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VTR

{52 FA L2 PO £ AR 725 B 1) T

BERZITMPC

Closed-loop

KENTE
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B4 R FNERE

AREBSimulink block BFSEIM4E

ZMEMPC

TFJREE I ERAREINZ
neural state space FN1&RAY

Automatic differentiation #1 code

generation

e ES
|40 S 4

amplo

soq

House Heating System

RN Z TR AT

UEVAFZEMPCH THEFI S MR R S
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https://ww2.mathworks.cn/help/mpc/ug/use-multistage-mpc-with-neural-state-space-prediction-model-for-house-heating.html
https://www.bilibili.com/video/BV12g4y117Dj/

By B L2 (o) R

PNEES:

Dynamic Programming

Y]
Problem-solving technique that involves
breaking down a complex problem into smaller
subproblems and storing the solutions to these
subproblems in memory.

MathWorks AUTOMOTIVE CONFERENCE 2024

Reinforcement Learning
sE{l= 3]

Optimal control technique that trains an
‘agent’ through trial & error interactions with
an environment

28



MathWorks AUTOMOTIVE CONFERENCE 2024

HEV Control — fE =258

 RRERE: KBEMPUTER (AW B Tyonang = Teng + ?2?7
HIBERTHARE (B I &)1 S

Wheel and Brake Electric Machine Wheel and Brake

/<\ .

T EEATE
Tinin(®) = Taet = Tiax (@) /S'i';nsi"e Transmifs.iirj E '|'T
Pcphg(SOC) = Phare = Pgiscng(S0C) | | M
Chﬂ ($00) = Ipate = In’fschg ($0C) -
SOChpin = S0C = S0C 1y

HV Battery

i E 1;;]__{ : g%m I\ %%% 1%1:# HE Whee];_-r;; Brake Electric Machine Whee;;_r;; Brake
Mt gE
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Equivalent Consumption Minimization Strategy AR

(ECMS)

numstatesPerTime = [1 3 3 3 1];
v=[1;
% SIS E N=5 NI EREIE
V(1,5)=0;
Mu = @;
% @ FEhATaZ
for k = 4:-1:1
% BRI AR
for ns = 1:numstatesPerTime(k)
% EHETNANESE (M FHZINRES)
for j = l:numstatesPerTime(k+1)
% TGS (x (ns L k) TRE SRR N AY R
2.u(3) = L(k.ns, k+1,§)+V(3,k+1);
end
% W& (x(ns ), k) TRITAARNIESIELIR MBS
[V(ns,k), index]=min(3_u);
Mu(ns,k) = index;
clear J_u;
end

120 | 0OLF

- FEEslE
A RE 2
- ﬁﬂ%glzij]}% /Hs} ; :: 4y 0®84 -
ﬁ]:ﬂ"]ﬁg;;&ﬁﬁ n M/ 0%8
v HTFRAME e e e m s e e e e .

Motor Whesal Torqua (Nm)

0®88 -

0666~
I2%)

Power (kW)
)

HiTIE R o5 H s 2 2P ST A 55
i / Efk+1 z)fk(xlz»uk) )
_ e e V(xy,N) = h(xy, N
min Pequivalent(t) | r,/ Vixg, k) = Er{lllr(l {Ly (e, ug) + V(i (e, ug), k + 1)}
=l - ug €Uk (xk)
where s( ¢ | / | k=N-1,..,1
8 BIHE: FoitEk= 4HT?|JE’]%/\THSOC('U(M)TEI’\J@’L?I%I

2 V(SOCy, klk = 4). AR EEIHE, THEEEKRZI, BHAR
ol S R S S S S BEEMUHRSERRITHEIEES, TSRS NZ
TN T Tt 7T T %/\Jku(xk,kmr“ﬁ’n1a«~é&v(xk,kﬁu%/\ﬁ,ﬁﬁtm
THIEFEFEMuU(xy, k)
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TLZENFES]

OBSERVATIONS ACTIONS
07} (12 () (gh .
Policy update
0.68 - o
Reinforcement

0.66 | ] Learning
8 0 @3 2 &) ag) Algorithm

0.64 -

0.62 -

06 Gy B BP | REWARD

015 1‘ 115 é 215 I; 315 ljf 415 é 515 ENVIRONMENT

FF 1] K

- ERTEBEFZERLXNNFIIREKE])R
- —IEFE SRR, BESHENRIERZERIISG “Ehelrs”
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Reinforcement Learning Toolbox

- MATLABZE#/ SimulinkiE®! 5SIMERIEO

— BFIH “RLAgent’ &R
- BIEERERRIM LS
- BREMR

— Q-Learning

— DQN / Double DQN

— SARSA

— REINFORCE™

— DDPG

— A2C*l,*2

— FH1TFSJ(GORILA/A3C™L2)

- PPO

- RERA

—

ik

| o

l
RS H

A
IR E
<

REE
etk

MathWorks AUTOMOTIVE CONFERENCE 2024

fx B
v
TR pIREREE
v
$ FE X R
v
TC  HERme Lk
v
S gk
v
V)  GERBIE
- v
m EmERE

32



MathWorks AUTOMOTIVE CONFERENCE 2024

Reinforcement Learning Z54& ECMSE % B THrE XA HE F2

ECMS Controller i

Ppq (t) = R
a’;g’;mia (1 Poac (0.0 4 A @) 50€())

bat

1
1
1
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1
1
1
: y N A
BIRER I
pd 1
1
1
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1
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1
1
1
1
1

AR -
E:2iEgltn2-4
Y HHYEEH

I
1
1
1
1
in i
I
= I
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H I
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= RL Agent
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by | observation
g
P reward action —
—— isdone
RL Agent
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K A Simulinkgysz 1t = 2] /7 2 (DDPGRY 5 F)

S5 ARG AR

e IR T —1
I B

.4

I RE VRN

MathWe | MMT

 IME-HIENTR
+ Rh-2R R

X1 7.

RL Agent
_ ST BE 1k
5\ 30 BUE RS
E5/&EE., B8/ L TIREF are
+ Critic [ ¢ — —
- Actor MZ& “ s
- DDPG & RefR rIDDPGAgent
train F PRSI Deep Network Designér

(Deep Learning Toolbox)
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FI A Simulinki# 1 Ti24L = )R IZ2(DDPG & g7~ )
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Overview of Reinforcement Learning Toolbox Features

MathWorks AUT i FAFFAEED IR SX

\\ BEXEE

FEHEE

Agents and Algorithms

~ MBPO |

Q,SARSA, DON,  A2C, A3C, TD3, | TRPO
REINFORCE, - SAC /
' DDPG, PPO |

\l C++/GPU code gen :\

\: Prioritized and Hindsight replay memory \

EEX ~ Modular objects for custom training loop

Environments

Automatic reward

Create MATLAB "
and Simulink

generation
~environments *
Training
~ Train built-in agents ~ Multi-agent training ~ Reinforcement
o - Learning Designer
~app

~Learn from data

' Parameter tuning " Evolution strategy k\

| \ Enhanced data logging and visualization \
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Reinforcement Learning Toolbox A TR — &5 RS G =R F1 R

Vitesco Technologies Applies Deep Reinforcement
Learning in Powertrain Control

Challenge

Speed up development and prototyping in the face of 1
global climate change and to conform to more stringent

ACCELERATED PROTOTYPING
emission laws

Solution

Use Reinforcement Learning Toolbox to quickly prototype,
generate, and optimize reinforcement learning agents

Key Outcomes Simulink model incor
= Fast prototyping of reinforcement learning agents and
reduced development time

A perspective on

. Usg of Simulink for state-of-the-art plant modeling e g de p I Oyl n g M ach ine
= Quick start enabled through use of documentation and oduced develon

examples for reinforcement learning algorithms eloed b lest ot H
= Fast resolution to technical issues with dedicated calls e o > Learn I ng to

reinforcement leai
- Vivek Venkobarao,

with MathWorks experts

augment classic

control design

Ali Borhan
Manager — Cummins R&T

RL replacing classical controls
(Link to customer presentation)

November 5, 2020

RL augmenting classical controls
(Link to customer presentation)

Deep Learning Helps Detect Gravitational Waves

Hunting for Black Holes with Artificial Intelligence

RL for complex nonlinear control

(Link to article) .



Reinforcement Learning Toolbox A

Krones AG Builds Reinforcement Learning—Based Process
Control in the Blow Molder Contiloop Al for PET and rPET Bottles

Using Simulink and Reinforcement Learning Toolbox, Krones AG
designed the Contiloop Al blow molder controller agent, which =]
uses parameters such as air temperature and humidity, light & .
transmission, and material temperature to continuously adjust '
process parameters. The Al is trained for new material and
conditions using the Krones lloT platform

Key Outcomes/Advantages:

= Improved bottle quality with less scrap through use of Al
algorithms and monitoring

* Reduced number of operator interventions and manual
errors

= Achieved continuous measurement of bottle quality and drift
detection at an early stage

= Developed comprehensive workflow—from data analysis
over embedding the plant model to deployment of trained
agent—using Simulink and Reinforcement Learning Toolbox

Contiloop Al with information flow for the blow process.

ient Learning-based 5G Vulnerability Analysis”
artin Rotary & Mission Systems 13
LM Fellow in Cyber Innovation, RMS Moorestown

“Our initial experience came from several use cases
implemented with MATLAB and Simulink, and the
exchange with MathWorks was very valuable to
overcome the difficulties in development,
generalization, and deployment of the closed-loop Al
application.”
- Benedikt Béttcher, Krones AG is of many and is being used in many different
environments. The system complexity and dynamic nature of it add to the challenge of identifying

vulnerabilities. Data security, user privacy, integrity and ity are just some of the
obvious concerns with 5G. And these complicated problems cannot be solved by traditional methods

achnology that transforms our society. And yet, there are many potential attack
actors could take advantage of. To better protect our critical infrastructure and the
‘e need to identify as many vulnerabilities as we can so they could addressed.

RL blow molder control
(Link to customer story)

Solution: Our 5G security team built 5G models in a sy i { and i if
threat vectors based on industry consortiums (e.g. 3GPP, NSA's ESF, etc.); MATLAB's reinforcement
learning tool box was used to expose 5G vulnerabilities and optimize attack patterns based on an

objective function. Our 5G security team i potential and used the Digital
Twin to assess their i
Better Better Accuracy
* MATLAB'’s simple drag-and-drop GUI interface « MATLAB's Reinforcement Learning

and feature-rich reinforcement learning toolbox
made it easy for our engineers to analyze 5G
vulnerabilities, and come up with optimized
solutions.

toolbox offers metrics for verification and
validation purposes. As a result, our RL
model achieved a 100% accuracy score

RL in cybersecurity
(Link to customer presentation)

THER—RFIRRI
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B0~

||:|

“Collaboration with a Purpose”

5G is a critical infrastructure that we must
protect from adversarial attacks. Itis not
sufficient to address known vulnerabilities;
instead we need to leverage relnl‘orcement

to any
threat vectors and remediate them. MATLAB's

Ibox allows us to
quickly assess 5G vulnerabillties and identify
mitigation methods. 1)

Faster
«  Built-in Math and functions libraries ta
shorten development/analysis
* Responsive technical support
solve issues quickly and profe

EM Environment

Radar
Transmitter

Radar Receiver

Resource
Management

= Threat
Range Profile / Assessment
Classification

Waveform
SIGIGESS

Decision
Process

RL for radar design

(Link to customer presentation) -


https://www.mathworks.com/videos/5g-vulnerability-analysis-with-reinforcement-learning-toolbox-1653522898058.html?s_tid=srchtitle
https://www.mathworks.com/company/user_stories/krones-ag-builds-reinforcement-learning-based-process-control-in-the-blow-molder-contiloop-ai-for-pet-and-rpet-bottles.html?s_tid=srchtitle
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*E % SRS Reinforcement Learning Onramp
LAY /?\

Reinforcement Learning Toolbox product page

This free, two-hour tutorial provides an interactive introduction to
reinforcement learning methods for control problems.

Reinforcement Learning Onramp R

Launch the course

Instructor-led training

E nviron ME/\+

Demo videos

AISEH (Z) MIHEIRRES], MaEIEREIEEEFS

MATLAB

Documentation and examples written for
engineers and domain experts

WRTEE

#MATLAB FERIZ S A TER

Observotion
(stote)

Joint angles

Tech Talk video series on Reinforcement Bl v

<) MathWorks'

Accelerating the pace of engineering.and science ﬁ M ATLA B

Learning concepts for engineers

LR, AEFRSRARE, EEtRARITHMLATL, AMETRaEFENZSUHERNE
BiFLERSE R MAP fRE, ETHEIERLEI VTESERITSHE, ULhHES
. . EEGHLE N BRI RC SUREERIFESSE, BilRE2EdEEERRY (EMENS
Relnforcement Learnlnq e_books BERKA, RERREMEZENEESDN) , AEERMEEEINRITEESMN.
LigtTETA— MR, MiX RS REREERNEIE AR AL ETRT—Phh2aE,
HEHERA T RER AT LUEE BN A B R SRS LRE, SACEREATLUBIE &L
7 = EalEeEI, FIERGENSRMEIRE, SR RE, GMmENEEN ECMS &%, &
1'%1 E I =} HE AN ES BEFFBRER SOC FENEM ERERIE,

BEE Al B95IN, BIEZRAIMFRESSEE—LAA, BT iETHEN D kEE— M
ERBMNERE, BTREFFASEE, MUEmNSEFEREENFANESESRE,
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https://www.mathworks.com/learn/training/reinforcement-learning-in-matlab-and-simulink.html
https://www.mathworks.com/videos/search.html?q=&fq%5B%5D=video-external-category:demo&fq%5B%5D=product:RL&page=1
https://www.mathworks.com/help/reinforcement-learning/examples.html?s_tid=CRUX_topnav
https://www.mathworks.com/videos/series/reinforcement-learning.html
https://www.mathworks.com/campaigns/offers/reinforcement-learning-with-matlab-ebook.html
https://mp.weixin.qq.com/s/G9Nbf2wlAanOO8guWbnvzQ
https://mp.weixin.qq.com/s/G9Nbf2wlAanOO8guWbnvzQ
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Features
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Cost function Constraints
| | Neural state space model

Reference Prediction Manipulated variables (MVs)
model

MPC Controller

State
estimates
State Estimator

KF, EKE, elc. Measured outputs (MOs)
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