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£ THUMUSOFT

Vyvo] metodou Model-Based Design

« Systematické vyuziti simulacnich modelu napfi¢ vyvojovym procesem

simulace modelu

propojeni s pozadavky

/ pokryti poZzadavku (requirements coverage)
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__— soulad se standardy (MISRA, ISO, DO)

— tvorba a sprava testl

s pokryti testy (test coverage)

formalni prokazovani vlastnosti

——— hledani chyb ve zdrojovém kodu v jazyce C

S

prokazovani nepritomnosti chyb v C
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Vyvojovy cyklus V pro standardni (ne-Al) embedded systemy

(System requirements) CFuII integration and test)

(System-level modeD (System integration and test)

(Components) (Component test)
(Generated Code)
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Al modely a jejich vyuziti

machine learning
deep learning

Al model
Vyvoj algoritmu Modelovani soustavy
Pocitacové Zpracovani Analvza dat Dalsi Redukovane Digitalni
vidéni signalu y aplikace modely dvojcCe
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Al a Model-Based Design
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6 https://www.mathworks.com/solutions/ai-model-based-design.htmi



https://www.mathworks.com/solutions/ai-model-based-design.html

. o

£ HHUMUSOFT

Physical Al: posun Al do realnych systému

« Aplikace Al v systémech, které funguiji a interaguiji ve fyzickém svéeté
— posun umeélé inteligence za hranice digitalniho svéta
— systemy, které dokazi vnimat, rozhodovat se a jednat v realnem Case
* Na rozdil od tradiCnich aplikaci Al zahrnuji systém s uzavrenou smyckou

— systém prfimo ovliviiuje své okoli prostfednictvim aktuatord (motory, mechanické soucasti)

— tyto akce nasledné méni sadu vstupu, které systém pfijima

7 https://blogs.mathworks.com/deep-learning/2025/04/08/physical-ai-ai-beyond-the-digital-world/
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Typicky priklad: Asistencni system automobilu

Al algoritmus

detekce jizdnich pruhd a vozidel
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Model dynamiky vozidla

Steering Angle
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Accelaration
imas}

‘ehicle Dynamics
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Lane Following Decision Logic and Controller
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Metrics Assessment

Senzoricka fuze

pro testovani chovani systemu
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Predpisy a certifikace

T\
Co—)
Automobilovy prumysl Letectvi Medicinska zafizeni

A

ICS 43 < 43.040 < 43.040.10 m 2023-06-26 INTERNATIONAL, INSSIoN

ISO/CD PAS 8800 Process Standard for Development and Certification/Approval of | Q search ‘ ‘ = Menu |
Aeronautical Safety-Related Products Implementing Al ARP6983 -

Road Vehicles — Safety and artificial intelligence

This document discusses guidelines for the development of Aircraft Systems leveraging Al

capabilities, taking into account the overall aircraft operating environment and functions. This +— Software as a Medical Device (SaMD)

includes validation of requirements and verification of the design implementation for
Abstract certification and product assurance and guidelines with the assessment of safety. It provides

This document defines safety-related properties and risk factors impacting the insufficient performance practices for showing compliance with the regulations and serves to assist a company in

and malfunctioning behaviour of Artificial Intelligence (Al) within a road vehicle context. It describes a developing and meeting its own internal standards by considering the guidelines herein. Artiﬁ c ial I ntel Iig en ce and Mac h i ne Le a rn i n g

framework that addresses all phases of the development and deployment lifecycle. This includes the

derivation of suitable safety requirements on the function, considerations related to data quality and - -
completeness, architectural measures for the control and mitigation of failures, tools used to support Al, / 2021 2023 2025 2026 2028 2029 \ AI/ M L = Ena e M e Ica Dev I c es

verification and validation techniques as well as the evidence required to support an assurance argument First usable Guidance for  Guidance Finalized Finalized  Adapt
for the overall safety of the system. guidance for  Level 2AI/ML for Level 3Al  guidance guidance  to further
Level 1 AI/ML  (human/ (advanced for Level 1 for Level 3 innovation

(assistance machine automation) and2AI/ML  AI/ML inAl

to hum‘In) (elaming) /j/‘//
e Machine Learning (AT/ML)-Enabled Medical Devices were
- added to the list below. With this update, the FDA has also
l=l=m ] T L —

T added the ability to download the list as an Excel file.

General information October 5, 2022 update: 178 Artificial Intelligence and

Status : Under development

DELIVERABLES

Edition : 1

Technical Committee : ISO/TC 22/SC 32 Electrical and electronic components and general system aspects I

ICS : 43.040.10 Electrical and electronic equ'\pmentl 43.040.15 Car informatics. On board computer
systems

PROGNOSTIC

GAKEHO[DERS Al ROADMAP

European Aviation Safety Agency Al Roadmap


https://www.easa.europa.eu/en/newsroom-and-events/news/easa-artificial-intelligence-roadmap-20-published
https://www.easa.europa.eu/en/newsroom-and-events/news/easa-artificial-intelligence-roadmap-20-published
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Vyvojovy cyklus W: Adaptace V-cyklu pro Al

(Sub)system \ < (Sub)system \

\\requurements & design / equirements verification

Requirements allocated to ML ML requirements
component management verification

\ A

Data Independent data
management Ceaming pmGEED and learning verification

verification
\ A

Learning process Inference model
management verification & integration

\

Model Model
training implementation

10
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Od pozadavku k robustnimu modelu

[ (Sub)system
| . . .
requirements & design \ requirements verification

S

e
[f' (Sub)system \

A

g T

— o —_— e

Requirements allocated to ML ML requirements
component management verification

11

Data Independent data
management Earnlng prﬂges and learning verification

verification

Learning process Inference model
management verification & integration

Model Model
training mplementatm
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Sprava pozadavku -

« Pozadavky na celkovy navrh systemu ¢
« Pozadavky specifické pro Al komponenty | 5[7
* Requirements Toolbox P — |
— vytvareni, propojeni a trasovani pozadavkd % Z:;&
— Requirements Editor = = R
— Traceability Matrix “ggé :ﬂ:m — ;
— Traceability Diagrams e :
- Klicové otazky I —

— Jsou vSechny pozadavky implementovany?

— jak budou pozadavky testovany?

— |lze vysvetlit chovani modelu?

12
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Spravadat =

« Sprava dat urCenych pro u€eni Al modelu
« Oznacovani dat pro ucely uceni
— Image Labeler, Signal Labeler
* Manipulace s daty
— pfimé nacitani dat — pro malé datove sady
— objekty datastore: imageDatastore, signalDatastore, ...
— Uprava dat: TransformedDatastore, augmentedImageDatastore, ...
« Rozsahla data tnte = zasgestaseare with propereies:

Files: {
.. matlabhtoolbox\matlab\demoshexample. tif”;
.. Amatlab\toolbox\matlab\matlab_images\tif\corn.tif’

— tall arrays

1
Folders: {
'...\matlab\toolbox\matlab"
1
Labels: [demos; imagesci]
AlternateFileSystemRoots: {}

ReadSize: 1

SupportedOutputFormats: ["png"” "Jpg” "jpeg” "tif” "tiff"]
DefaultOutputFormat: "png"”

ReadFcn: @readDatastoreImage

13
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Sprava procesu uceni 4

« Pripravna faze pred vlastnim ucenim
 Vybér modelu / architektury sité =
* Nastaveni moznosti pro uceni
— ucici algoritmus, ztratova funkce, hyperparametry
« Interaktivni nastroje nebo funkce = = | T
— Deep Network Designer e ——
— Classification Learner ——=__ o
— Regression Learner = m
« Hledani optimalnich hyperparametru I ——

— nastaveni experimentu

— Experiment Manager
14
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Al modely v prostredi MATLAB

Machine learning Deep learning
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Vytvoreni hluboké neuronové site v prostredi MATLAB

~100 typu vrstev

—1 1 [

—a 1 3 r

Deep Network Designer

Pripravené funkce

layers =

opts = trainingOptions('solver');

net = trainnet(data,layers,lossfcn,opts);

scores = minibatchpredict(net,newData);

label = scores2label(scores,classNames);

£ THUMUSOFT

Prizplsobeni na miru

[imageInputLayer(inputSize)
convolution2dLayer(filterSize,numFilters)
reluLayer()
maxPooling2dLayer(poolSize)
fullyConnectedLayer(outputSize)
softmaxLayer()];

uzivatelské smycCky pro uceni siti
automaticka diferenciace

vice vstupu a vystupu
uzivatelské ztratové funkce

GAN, PINN, ...

vhodné pro vetsinu uloh
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Transfer learning
datova sada 1 datova sada 2
e . . y . . s it at
« Vyuziti preddefinovanych a pred-ucenych siti e e
* Funkce pro import s moznosti automatické upravy L nalost sits |
- [net,classNames] = imagePretrainedNetwork(name) @ g @
* Manualni uprava pomoci funkci model 1 model 2

- replacelLayer, addLayers, connectLayers, removelLayers

1 4

Uprava v aplikaci Deep Network Designer

— 0znaceni a smazani vrstev, pridani novych vrstev

— odemceni vrstvy pro Upravu parametr(l | Unlock Layer |

SqueezeNet GoogleNet  /, ResNet- 50 DarkNet- 53

17 https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
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MATLAB a spoluprace s dalsimi nastroji

* Import modelu z prostredi TensorFlow, PyTorch a v otevieném formatu ONNX

- @ transfer learning a uprava modelu
\ . vysvétlitelnost a verifikace

MATLAB Al simulace a testovani

\

« Export modelu

MATLAB Al

{M: komprese a nasazeni

18 https://www.mathworks.com/campaigns/pocket-quides/matlab-python-ai/ebook.html
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Uceni modelu e

= . = & o o
« Ugeni zvoleného modelu / skupiny modeld —— )
» Posouzeni dosazene presnosti modelu et | 1
« Hledani optimalnich hyperparametrt =k b
— spusténi experimentu
— vybeér nejlepsiho modelu

Iterativni proces v ramci W-cyklu ) ey

— zmény nastaveni v pfipadé nedostatenych vysledkt  (“mmiammat )

\
— vybér odlidnych metod pro uceni, ...
\

Inference model
verification & integration

Model
implementation

19
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Verifikace procesu uceni

(Sub)system (Sub)system
requirements & design requirements verification
Requirements allocated to ML ML requirements
component management verification
Data Independent data
management Learning process and learning verification
L verification f

Model
training

Model
implementation

Learning process Inference model
management verification & integration

20
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(— (=) Accuracy: 90.71%
C) e C
) g confusionchart(T,Y)
-

Verifikace procesu uceni

 Testovani modelu

— dulezité je testovat s nezavislou sadou dat

— metriky pro vyhodnoceni uspésnosti site

« Pochopeni chovani modelu (XAl)
— interpretovatelnost modelu, vysvétlitelnost modelu

— vizualizaCni techniky pro pochopeni chovani modelu

Oveéreni robustnosti modelu

-200 -150 -100
Distribution Confidence Scores

— adversarial examples, formalni verifikace

— detekce ,,out-of-distribution” dat verified
—) —l @) —p UNPrOVEnN
\ violated

21
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Interpretovatelnost vs. vysvetlitelnost

* Interpretovatelnost (interpretability)

— odhaleni, jak Al model dospél k danému vysledku

— zalozeno na pochopeni vnitrnino mechanismu modelu
» Vysvetlitelnost (explainability)

— vysveétleni chovani modelu ,lidskymi terminy®

— bez nutnosti porozumeni vnitfrnimu mechanismu (typické pro deep learning)

EXPLAINABLE INTERPRETABLE FIRST-PRINCIPLES
MACHINE LEARNING MACHINE LEARNING MODELS
MODELS MODELS

BLACK BOX GRAY BOX WHITE BOX

22
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Vizualizacni metody pro deep learning

o Metody pro obrazova data T Acmvations I MetOdy pro ne-obrazova data

Grad-LAM: Validation Observation 5

» CAM & Grad-CAM

Channel 1

Trained Metwork

58

A B

RN :

.3. »Occlusion Sensitivity ) E
p==st=d -
ONONG
=

> LIME

Grad-CAM

LSTM Activations

» Gradient Attribution —»

DRISE Map: Custom Detector

Hidden Unit

=T < = I - LN * 5 B i VE R o

T T - T - T B T R -
- LN A NS L N
Time Step

detekce objektu vysvétleni detekce (D-RISE) Activations

23
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Overeni spravneho fungovani site

i Start with a clear understanding of the problem you are trying to solve and the specific reasons why you
might want to use explainable AT models.

» ,Cheat sheet” s praktickymi radami @

2  Whenever possible. use an inherently explainable model. such as a decision free, or a rule-based model. On
the other hand, CNMs are amenable to post-hoc XAT techniques based on gradients and weight values.

ExrtaihabLe In&rrret&bl& First-Principles
Models Models Models

BLACK BOX GRAY BOX WHITE BOX

pochopeni problému ~ proC potrebujete XAl

Visualize ond assess the model outputs. This can help you understand how the model is making decisions

iInherentné vysvetlitelné modely vs. post-hoc XAl T ————

Image LIME Grad-CAM

vizualizace a posouzeni vysledku

dodateCny kontext

4  Consider praviding additional context around the decisian-making process ¥o end-users. such as feature

d O k u m e n ta Ce Ce I é h O p ro CeS u imporfance or sensitivity analysis. This can help build frust in the model and increase transparency.

E ) Fealure ImFr::rEcmr.t
r SehsiEivaJ Avmljsi.a
EXPLC\EV\&bl‘: I Output Probabilities
Al

a M 0 b PE

5 Finally. document the entire process. including the data used. the model architecture. and the methods
used to evaluate the model's performance. This will ensure reproducibility and allew others to verify your
results.

||||||||| Data Preparation s @ou Madeling mp |£ Syskem Design mep @ Deployment

24 https://blogs.mathworks.com/deep-learning/2023/06/27/explainable-ai-xai-implement-explainability-in-your-work/
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Verifikace Al modelu

4 )
» Deep Learning Toolbox Verification Library
— cil: zajistit robustnost a spolehlivost hlubokych neuronovych siti
* Formalni metody pro ovéreni robustnosti \_ .

— proti tzv. adversarial examples

/ verified

ﬁ

\ violated

« Odhad citlivosti sité na drobné zmeny vstupu

« Rozdéleni dat na in-distribution a out-of-distribution

— |ze sledovat za béhu nasazené sité
25 https://www.mathworks.com/matlabcentral/fileexchange/118735
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2 HUMUSOFT
Constrained Deep Learning

* Neuronove site, které integruji do procesu uceni zadana omezeni

— napriklad monoténnost, konvexnost, apod.

Monotonicity Boundedness Hobustness

flx) < fy)

[F()-fly)| <Ad

Convex Met._.

flZ)=t"fO)+(1-0*fly)

Monotonic._..

iz=tx-'|-[1—t]-,f ¥

26 https://www.mathworks.com/matlabcentral/fileexchange/162651
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féHUMUSOFT@
Od implementace k verifikaci pozadavku
I:’f. (Sub)system \] [*'f _(Sub)system \\\'
\ :iaqulrements & desm_l_.'/ x\fqmrements uenﬁcatmij

Requirements allocated to ML ML requirements
component management verification

\ 7

Data Independent data
management Ceaming pmGEED and learning verification

verification
\ A

Learning process Inference model
management verification & integration

\

Model Model
training implementation

27
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Implementace modelu = -~

Priprava modelu pro implementaci

— optimalizace modelu pro cilovou platformu

— kvantizace, pruning, projekce

Automatickeé generovani ko

Code

Generation

i

£ HUMUSOFT

veererwone ooz [

da
New

REPORT
@
Back
nav

~ MATLAB Source
Function List Call Troe

= 1) predictCodegen.m
fx predictCodegen

= #) DeepLeamningNetwork.p
fx delete - 4
Jx DeepLearning
Jx prepareVectorData - 5
Jx setNetworkName -~ 1

fesewp 2

twork 3

~ Generated Code

[) DeepLeamingNetwork.cu
[) DeepLeamingNetwork.n

() MWCudaDimUtility.npp

[} cpp_mexapi_version.cpp
() predict.cu

() predicth

() prediciCodegen.cu

[) predictCodegen.h

[) predictCodegen_data.cu

[) predictCodegen_data.n

[ predictCodegen_inftakze.cu
() predictCodegen _
() predictCodege
[ predictCodegen_mexutit.cu
() predictCodegen_mexutiLh

tiakze.n

wernal_types.h

) rvodictCodenen_terminate o

12 [—— B B ® ¥
s | o~ | Horkas Sk nkiner Cpons et | Fopan
oot quarizason | Sy gt Suancs |
) ) ) Dymaric Range of Caiestad Lapers 2
oy Hamme [Minvatoe [btarvaloe | Guantize tayer | » e 2 2 212 e 3= zn
e
Activations 0.0000 10000
=t ]
ieights 06m  1me|
Bas. T 3129s| 32958
Activations | 85628 61104 H H :
~ el T El
[ Adtiations | 10,0000 61104
* wopooldd. 1
— =
Ratars oo
- conv, 2 |
Weights | 03152
Biss. T 19042
Adtiations | 7.2904
- o2 £l
Acthation 10,0000 29660 H
< peai s
Farsemir O]
Actiations. | 0.0000 39605 b

Vakoaon Surensry
4 Validation Results

Number of samples: 824

e
earnatie parameter memany (D) L8130 o403 74641
Computehecuracy ason 05006 07087

39 namespace coder {
40 namespace internal {

41 void Deeplear mrk_nredlct( ForCodegen®_6 *obj,
42 onst IntB_T varargin_1[784],
43 renl:z T varargout_1[2])

4

{
45 real32_T(‘gpu_datalnputsSingle 6_f1)[784];
46  checkCudaError (mwCudaMalloc(&gpu_dataInputsSingle ©_f1, 3136UL), _ FILE _
47 B [ 2
48 ¢ DeepLearnmgnemork predxc( k<<<dim3(7VU, 1U, 1U), dim3(128U, 1U, 1U)>>>(
49 varargin_1, 'gpu_dataInputssingle 6_f1);
50 checkCudaError(
51 cuaiﬂe-cpy(ob) >getInputDataPointer(8), *gpu_dataInputsSingle ©_f1,

52 obj->getlayeroutputsize(o, ), cudane-cpynev:cetonevxce).
53 ORI L INE =
54 try

{
55 obj->predict();

56 )} catch {Std::runtime_error const &err) {

57 checkRunTimeError(err.what(), __FILE__, _ LINE_);
$8 ) cateh (...J {

59 checkRunTimeError("", __FILE_, _ LINE_);

60

61 checkcudaError(cudnnemcpy(vararuout 1, obj->getLayerOQutput(12, @),

62 »>getlayer0utpu 1ze(1Z, "

63 cudaﬂ py jevicerobevice),

64 FILE_, __LINE

65 ) checkCudaError(MudaFree( gpu_ datalnputss:nqle ©_f1), __FILE__, __LINE_);

pace internal

68 /7 o
1/ pace coder

71 // End of code generation (predict.cu)
72

| sUMMARY | ALLMESSAGES (0) | BUILDLOGS | CODE INSIGHTS (0) | VARIABLES | =



)

£ THUMUSOFT

Komprese modelu

« Snizeni pamétovych a vypocetnich naroku nasazeného modelu
— embedded Al > edge Al > tinyML o

Analysis for Network Compression 74 274.8k 1MB
Analysis Date: 04-Ju 4 ayers
Maximum Compression Minimum Network Size
Pruning Projection Current Network M8
96.2% 97.9% Pruning
mbine tochniques for further co Projection
-
Y Layer Information Settings + Layer Parameter Memory
r u n I I I Name. Type Pruning  Projection  Numberof  Learnables Number of
les Memory (KB) States
I L) ) 48 1.7500 0| =
3 [BNinp Batch Normalization | & ® 32 0.1250! 2
5 |S1U1_conv1 |2 Convalution ) [) 2320 9.0625 ]
-4 4 o o 7 ~ I 7 [ -4 6  [SIUI_BN1 |Batch Nomaizaton | @ 2 %2 01250 2
- O S ral lel I I l le u eZI C CaS I S I e = Lot o - - = ’
9 |swiBNz |Batch Nomawzation | @ S 2 0.1250 2
12 |S1U2_com1 2D Comouton | @ o 2320 9.0625 a
13 [S1U2.BN1 |Batch Normaization | @ % 2 0.1250 2

ressi

mpressibie

* Projekce

DEEP NETWORK QUANTIZER

— aplikace PCA na aktivace vrstev E o (S S s i e

FILE CAUIBRATE QUANTIZE VALIDATE EXPORT
net - Layer Graph f

About Quantization | Dynamic Range Statistics

Dynamic Range of Calibrated Layers (] Legena

[l = # [data] Layer Name MinValue |MaxValue |Quantiy 5 » 2 » 24 23 212 16 2.
T
T Activations 0.0000| 2550000 ]
® relu_convl v
! ~ data_normalization
# pooll Activations -124.4884| 1716490
T
- - conid
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Verifikace a integrace modelu pro inferenci = &
« Dvé dulezité provazané faze nasazeni Al modelu

— prechod modelu z teoreticke roviny do prakticky provozovaného nastroje
 Verifikace implementovaného modelu

— overeni presnosti modelu v implementovaneé podobe

— zasadni zejména pro bezpecnostné kritickeé aplikace o
 Integrace modelu

— zapojeni modelu do SirSiho navrhu A P

— propojeni s dal§imi algoritmy I i =7

— testovani v kontextu celkové funk&nosti R F’

Simulink jako platforma pro integraci
— integrace muze byt feSena soucasné s predchozi fazi implementace
— testovani prostrednictvim simulaci a nastroju pro tvorbu a spravu testu (Simulink test)
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Jak zahrnout Al model do Simulinku

Modely pro machine learning
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31 Neural State Space Model

ClassificationNeuralNetwork Predict

b

IDNLARX MODEL

Nonlinear ARX Model

$ix

# . HUMUSOFT"

Bloky pro neuronove vrstvy

nput @ output [

Input Layer
Mormalizations

Input Layer Mormalizations

Activation Layers

Activation Layers

r 1 Bhooes

= Eﬁ@ Labels

Image

Pooling Layers

Fooling Layers

Deep Leaming Object Detectar

Detekce objektu

Combination Layers

Combination Layers

Convolution and
Fully Connected Layers

Convolution and Fully Connected Layers

Mormalization Layers

Mormalization Layers

Sequence Layers

Sequence Layers

Utility Layers

Utility Layers

... a dalsi pripravené bloky v toolboxech.
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Nezavislé overeni dat a procesu uceni

— C
) ) -
(G 2
(- -

* Nasleduje po dukladném ovéreni inferenéniho modelu na cilové platformé

« Ovéreni, zda byly datové sady v prubéhu vyvoje radné spravovany
— nezavislé prezkoumani které potvrdi, Ze trénovaci, validacni a testovaci datové sady:
— a) splnuji striktni pozadavky na spravu dat
— b) jsou uplné a reprezentativni pro vstupni datovy prostor dané aplikace

« Ovéreni procesu uceni
— overeni, zda byl trénovany model uspokojive verifikovan, v€etné nezbytnych analyz pokryti
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Verifikace pozadavku =

« ZavérecCna cast W-cyklu

« Ovéreni, ze byly veSkeré pozadavky
— a) implementovany v podobé navrhované funkcnosti

— b) splnény v podobé provedenych testu

£ THUMUSOFT

* Provazani pozadavku s implementovanymi funkcemi a testy

— klicoveé pro uzavreni smycCky vyvojoveho procesu

— spusténim vSech definovanych testl ovéfime, ze pozadavky byly adekvatné implementovany

Index ]
> |h| XRPD_System

v [k XRPD_SystemMLC..

v E XRPD_ML_HLR
B 11 XRPD_ML_INT...
B 12 XRPD_ML_DES...

v B 13 XRPD_ML

v B 131 KRPD_ML_1
B 1311 XRPD_ML_1.1
E 1.3.1.2 XRPD_ML_1_2
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ML compenent requirement for X-Ray Pneumonia Detector (XRPD)

Intreduction

ML component description

ML compeonent requirements

ML compeonent input

ML compeonent input should be 2812841

ML component input data (training) should be 28x28x1
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Shrnuti: Vyvojovy cyklus W ~ propojeni Al a MBD

Define Requirements

(Sub)system
requirements & desig

)

Requirements allocated to ML
component management

Prepare Data

Test Model

C

earning proces
verification

Data
management

Learnrng process
management

Design Experiments

Train Model

>/ \<

(Sub)system
requirements verification

o
£ HUMUSOFT’

ML requirements
verification

(a2

Independent data
nd learning verification

Inference model
verification & integration

Mcdel
implementation

Verify Requirements

EC

Integrate Into Simulink

&

Com

ress Model

-
JAWA
T

Code Generation
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Dalsi informace a priklady

Série &lanko (S0 )
- ééSt 1- l:IVOd (Requirementsallocatedto ML)
component management verification
— cast 2. pozadavky a modelovani
Data Independent data
— gast 3. verifikace ugeni - () ( )
— gast 4. implementace a verifikace poZadavk m / \Gn;g;i:;:i:,;g;gm

Model Model
training implementation

Ukazky:
— End-to-End Al Workflows

— Verify an Airborne Deep Learning System
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https://blogs.mathworks.com/deep-learning/2023/07/11/the-road-to-ai-certification-the-importance-of-verification-and-validation-in-ai/
https://blogs.mathworks.com/deep-learning/2023/10/03/verification-and-validation-for-ai-from-requirements-to-robust-modeling/
https://blogs.mathworks.com/deep-learning/2024/02/07/verification-and-validation-for-ai-learning-process-verification/
https://blogs.mathworks.com/deep-learning/2024/04/30/verification-and-validation-for-ai-from-model-implementation-to-requirements-validation/
https://www.mathworks.com/help/deeplearning/end-to-end-workflows.html
https://www.mathworks.com/help/releases/R2023b/deeplearning/ug/verify-an-airborne-deep-learning-system.html
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Vybraneé uzivatelskeé reference

 Al-Powered Virtual Sensor Delivers Real-Time Cabin Air Mass Flow Estimation

— Mercedes-Benz Research & Development

 TinyML to Enhance Performance of Field-Oriented Control

— STMicroelectronics

- Implementing a Workflow for Deploying and Integrating Deep Learning "h ].
Networks on PLCs for Industrial Automation =

— Beckhoff Automation GmbH & Co. KG



https://www.mathworks.com/company/user_stories/ai-powers-real-time-cabin-comfort-at-mercedes-benz.html
https://www.mathworks.com/company/user_stories/st-mcus-tiny-ai-improves-field-oriented-control.html
https://www.mathworks.com/company/technical-articles/enhancing-quality-control-with-machine-learning.html
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Dekuji za pozornost
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