Low-Code Al:

Making Al Accessible
to Everyone

< } MathWorks'



1LAB

IMULINK

MATLAB

- MATLAB — Create algorithms and Al Ee— .
models for biomedical data analysis . "' h

- Simulink — Simulate complex medical e,
devices with sensors and software FETTE T

| Simulink

= Over 100 add-on products for -T E tem) e
specialized R&D tasks =[]
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Domain Expertise

Generic Al knowledge
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Researchers

equipped
with Al skill
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Low code tools enable: S
= rapid software development
= minimal manual coding

Benefits of low code tools:

= Shallow learning curve
= Teach how to code
= Solve task first, code later

Not just for beginners

Zoom: 125% UTF-2 LF scnpt




Fundamental knowledge of
Al

@

Design and train Al models
with interactive tools

Automatically generate code
for reuse
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ARTIFICIAL INTELLIGENCE
Any technique that enables

MACHINE LEARNING

_ e Statistical methods that enable machines to “learn” tasks from data without explicitly
machines to mimic human .
: : programming
intelligence
UNSUPERVISED LEARNING SUPERVISED LEARNING

(No Labeled Data ) (Labeled Data )

DEEP LEARNING
(Neural networks with
many layers)

REINFORCEMENT LEARNING
(Interaction Data)



https://www.mathworks.com/discovery/unsupervised-learning.html
https://www.mathworks.com/discovery/reinforcement-learning.html

NeSFISREFS]

Decide on nature of the features ...

Machine Learning

...and the type of model.

/./

l MAMUAL FEATURE EXTRACTION CLASATICANION

* MACHINE LEARNING

CAR v

TRUCK X

BICYCLE X

~

J

A LOT of data is required!!!

Deep Learning

CONVOLUTIONAL NEURAL NETWORK (CNN|

Domain knowledge required!!!

Decide on the architecture.

CAR vV

TRUCK X

BICYCLE X
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FIHKE

Type of Learning

Unsupervised
Learning

Categories of Algorithms

Machine
Learning

Supervised
Learning

. K-Means, . ) Gaussian
Clustering K-Medoids | Hierarchical Vo
Sllizfti Discriminant Nearest
Regression VecFor Analysis Neighbor
Machines
Support L
cre . Discriminant Nearest
Classification Vec?or Analysis Neighbor
Machines

Deep Learning

_—_——————

Neural
Networks

Neural
Networks

Neural
Networks

-— o o o
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= Objective:
— Create a virtual sensor model for non-observable or costly-
to-observe states

= |nputs:
— Excel file with 13 sensors from 1 flight

= Approach:
— Visualize and explore data 45°N
— Clean sensor anomalies %

— Train regression model to predict state

— Share results in a report
40°N

Longitude

70°W

65°W

25



27



R F S IRE L I 4%

= Deep neural networks have many layers

- Data is passed through the network, and the layer parameters are updated
(training)
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- Layers are like blocks
— Stack on top of each other
— Replace one block with a
different one
= Each hidden layer processes
the information from the
previous layer

« Layers can be ordered in
different ways

29
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Feature Extraction - Images Activation Functions

« 2D and 3D convolution * RelLU
« Transposed convolution (...) « Tanh(...)

Sequence Data

Signal, Text, Numeric Normalization
« LSTM * Dropout
e BILSTM « Batch normalization
« Word Embedding (...) ¢« (...)

Research papers and doc examples can provide guidelines for creating
architecture.

Documentation on Network Layers

30


https://www.mathworks.com/help/deeplearning/examples.html
https://www.mathworks.com/help/deeplearning/ug/list-of-deep-learning-layers.html

FRITFEF S vs NEFFIRFEE

Ll
L
1§
>

1. Fine-tune a pretrained model (transfer learning)

Fine-tune network weights

Pretrained CNN -y New Task < Car ‘/
Truck x

2. Train a Deep Neural Network from Scratch
Convolutional Neural Network (CNN)

Learned features 950/ Car v

| 3% Truck x
I T I .

o
| 2% Bicyclex
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= Pretrained models have predefined layer orders and parameter values
= Can be used directly for inference (AlexNet Example)

AlexNet / \ / \
- In ion-v
VGG-16 ResNet-18 CED'[ 0 3 SqueeZeNet
- DenseNet-201 i -
VGG-19 ResNet-101 enseNet-20 MobileNet-v?2
- Xception
GoogLeNet ResNet-50 P ShuffLeNet
\ / / \ . . /
Get started \ Effective for object detection and Lightweight and
with these semantic segmentation workflows computationally
Models efficient

Full list of models available HERE


https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-networks.html
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4\ MathWorks

options = trainingOptions('sgdm’,
'‘MaxEpochs’',4,
‘ValidationData',imdsValidation,
'ValidationFrequency',30,
'Verbose',false,
‘Plots’', 'training-progress');

net = trainNetwork(imdsTrain,layers,options);

REMEE
layers = [

imageInputLayer([28 28 1])
convolution2dLayer(3,8, 'Padding',1)
batchNormalizationLayer

relulLayer

maxPooling2dLayer(2, 'Stride',2)

33


https://www.mathworks.com/help/releases/R2022a/deeplearning/ref/trainingoptions.html
https://www.mathworks.com/help/releases/R2022a/deeplearning/referencelist.html?type=function&category=deep-learning-with-images&s_tid=CRUX_topnav
https://www.mathworks.com/help/releases/R2022a/deeplearning/ref/trainnetwork.html
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groupedConvolution2dLayer
transposedConv2dLayer
transposedConv3dlLayer

fullyCannectadLayer
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DESIGNER

g fullyConnectedLayer .2

Basinitialesr

INPUT
axa
w 2 X MAgeingul sy : I - |
- imageinputLayer Name [ fe ‘
e npSiEze aulo
oAl Imagesdinputiayer X
* B convi QuiputSize ‘ 10 |
SELNE TS N d
sequencelnpuilayer Weghts {1
m v Bas 8
N rolinputLayer ) ifeki_conwt 1
+ P : - L Weghdl earnRateF actor | 1 |
INVOLUTION AND FLILL INNECTED WeaML2Faclor | 1 |
convolution2dLayer W‘; Biast eamRataF actor | 1 !
Buasst 2Factor | 0 I
convolution3dLayer =
Weghtsindializer | Qlorol

2L Zoomin
W Copy =
New | Duplcata Fit (= Zoom Out Auto Analyze  Export
10 View Arrange -
FiLE EUILD NAVIGATE LAYOUT _ANAIVSIS  EXPORT 2
LAYER LIBRARY Designer Data Training Q | ¥ PROPERTIES

»

Select layers from
layer library

Edit parameters of
individual layers

Drag and connect
layers on canvas
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Photos / Video Captured

« Technician
* Inspection Camera

Environment Containing
Objects of Interest

Image Analysis Output Results
anomaly detection, defect classification,
object localization, etc.

35
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= Use transfer learning to visually
Inspect pills and classify them
based on the type of defect

= You will learn how to:
— Modify an existing deep learning
network
— Train a deep learning network to
classify images
— Analyze the behavior of the deep
learning network

Correct normal classification GradCam Analysis LIME Analysis

36
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(Generative Adversarial Networks, GANS)

Epoch: 1, Iteration: 6, Elapsed: 00:00:15
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(Siamese networks)
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Previous
Layer
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Pass
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Laver Next
y Layer
_.[ Forward } Z Forward
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memory
[ Backward ) [ Backward
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aw dZ
[ Update )
| Weights |
o -4

Link: EX BEMREZ ] EEIR

.
.

classdef mylLayer < nnet.layer.Layer % & nnet.layer.Formattable (Optional)

end

properties (Learnable)
% (Optional) Layer learnable parameters.
% Layer learnable parameters go here.

end

methods
function layer = myLayer()
% (Optional) Create a myLayer.
end
function [Z1, ..., Zm] = predict(layer, X1, ..., Xn)
% Forward input data through the layer at prediction time and
% output the result.
end
function [Z1, ..., Zm, memory] = forward(layer, X1, ..., Xn)
% (Optional) Forward input data through the layer at training
% time and output the result and a memory value.
end
function [dLdX1, ..., dLdXn, dLdW1, ..., dLdWK] =
backward(layer, X1, ..., Xn, Z1, ..., Zm, dLdZ1, ..., dLdZm, memory)
% (Optional) Backward propagate the derivative of the loss
% function through the layer.
end

end


https://www.mathworks.com/help/releases/R2022a/deeplearning/ug/define-custom-deep-learning-layers.html
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https://www.mathworks.com/help/deeplearning/examples/train-generative-adversarial-network.html

GAN EB=FERIIRK R o

,ﬁ; "
¥4
GAN i — T 0 %11 < [8|gY1E (x)
DX) - R ->1  ERHFSE (G pe ;
. | %v ‘e’ XY | A
_&._5?.%% EI"J Tﬁgi III %ﬁ BHLE  (2) G(2)

(—1) * mean (log (D(G(z))))
2 D(G(z)) #iL1RY, R#EE/IME

F1 7l 83 HU I 52 2R 2
(—1) * mean (log(D(X))) + | (—=1) * mean (log (1 — D(G(z))))
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4\ MathWorks:
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aBl: 4 RRBEY GANs

- C-GAN

EHEHRIHIME R GAN —FhER, BAEIZES

Generator

Fake Images

A

Sunflower

i._.!h.!\

Real Images

Dlscrlmlnator

44

TREPOFATIRE

/ﬂ'

Predicted Labels
Real or Fake

4\ MathWorks

Generate Daisy flower!

44


https://www.mathworks.com/help/releases/R2022a/deeplearning/ug/train-conditional-generative-adversarial-network.html

i;j Live Editor - CADL_Demo\Deep Dive into Deep Learning Modeling CN\Deep Dive into Deep Learning Modeling CN\2_CGAN\CGAN_Example.mix * = [

I LIVE EDITOR INSERT VIEW

CD:' ™ LD Compare w @ Normal v E i Refactor' E:-_] Section Break u u : D
New Open Save i Go To S hind X B I UM Code Control Task % 8 %3 Run Run Apdilunes
v v ¥  |i= Export ¥ Y w Bookmark ¥ v v @ 3 [E Section Run to End
FILE NAVIGATE TEXT CODE SECTION RUN
| CGAN_Examplemix* | + |
O

Pause  Step Stop

Generated Images Epoch: 1, Iteration: 21, Elapsed: 00:00:18

Generator
091 Discriminator

0.6 ’ V' N\L . S /..\.

057

04 N

037

0.2}
0.1f /
5 10 15 20 25

Iteration

Score

BRI, s O 2 (A R PR b U P O RN SRR A . Wl RS o 2 R AR SRR IE AR BENS /L B T N R 1) — K.

VI 25 ) Sk A e ) ) s R 2 1 o B R AT DG B o] AR I 2% 2 BT VR4S 2. 15 2% [l Monitor GAN Training Progress and Identify Common Failure Modes.
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https://physionet.org/
https://archive.physionet.org/challenge/2017/training2017.zip
https://archive.physionet.org/challenge/2017/training2017.zip
https://www.mathworks.com/help/deeplearning/examples/classify-ecg-signals-using-long-short-term-memory-networks.html
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https://ww2.mathworks.cn/help/deeplearning/examples/modulation-classification-with-deep-learning.htmllassification-with-deep-learning.html
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https://www.mathworks.com/help/lidar/ug/pointseg.html
https://www.mathworks.com/help/lidar/ug/PointPillars.html
https://www.mathworks.com/help/phased/ug/modulation-classification-of-radar-and-communication-waveforms-using-deep-learning.html
https://www.mathworks.com/help/phased/ug/pedestrian-and-bicyclist-classification-using-deep-learning.html
https://www.mathworks.com/help/comm/ug/modulation-classification-with-deep-learning.html
https://www.mathworks.com/help/comm/ug/design-a-deep-neural-network-with-simulated-data-to-detect-wlan-router-impersonation.html
https://www.mathworks.com/help/reinforcement-learning/ug/train-biped-robot-to-walk-using-reinforcement-learning-agents.html
https://www.mathworks.com/help/reinforcement-learning/ug/train-ddpg-agent-for-pmsm-control.html
https://www.mathworks.com/help/finance/machine-learning-for-statistical-arbitrage-iii-training-tuning-prediction.html
https://www.mathworks.com/help/finance/machine-learning-for-statistical-arbitrage-iii-training-tuning-prediction.html
https://www.mathworks.com/help/images/segment-3d-brain-tumor-using-deep-learning.html
https://www.mathworks.com/help/images/deep-learning-classification-of-large-multiresolution-images.html
https://www.mathworks.com/help/audio/ug/Speech-Command-Recognition-Using-Deep-Learning.html
https://www.mathworks.com/help/audio/ug/cocktail-party-source-separation-using-deep-learning-networks.html
https://www.mathworks.com/help/deep-learning-hdl/ug/defect-detection-example.html
https://www.mathworks.com/matlabcentral/fileexchange/72444-anomaly-detection-and-localization-using-deep-learning-cae
https://www.mathworks.com/help/driving/ug/train-a-deep-learning-vehicle-detector.html
https://www.mathworks.com/help/driving/ug/create-occupancy-grid-using-monocular-camera-sensor.html
https://www.mathworks.com/help/robotics/ug/avoid-obstacles-using-reinforcement-learning-for-mobile-robots.html
https://www.mathworks.com/help/robotics/ug/avoid-obstacles-using-reinforcement-learning-for-mobile-robots.html
https://www.mathworks.com/help/predmaint/ug/wind-turbine-high-speed-bearing-prognosis.html
https://www.mathworks.com/help/predmaint/ug/fault-diagnosis-of-centrifugal-pumps-using-residual-analysis.html
https://www.mathworks.com/help/images/multispectral-semantic-segmentation-using-deep-learning.html
https://www.mathworks.com/help/images/multispectral-semantic-segmentation-using-deep-learning.html

Low-Code Al
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% 7B 2RI B E XML

Custom training loops,
Custom loss functions

Automatic Differentiation, Shared Weights
3-D layers, MIMO

Code generation support

Higher Order Derivatives, 1-D Convolution

Short-time Fourier transform layer
Signal Processing Toolbox

GANSs, Siamese Networks
CGANs
Graph Convolutional Networks

BIFECHBEXME, RE&EEEZRNWR LIS

R2019b

R2020a
R2020b
R202la

R2021b

R2019b
R2020a

R202]a

100

150 200 250

Epoch: 984, Iteration: 5900, Elapsed: 00:45:18

300 350 400 450 500

53
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ST LE Data Sets for Deep Learning
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Usa these data sefs to get started with deep learning applications

— ] Image Datis Sets
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https://www.mathworks.com/help/deeplearning/ug/data-sets-for-deep-learning.html
https://www.mathworks.com/help/stats/sample-data-sets.html
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- ENME(E&S W)
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- IEHIGREE D)

- IBEARS I (Simulink)
- REEMBAREEZ

. &Rl

- BEIR

- HEFEHIE

. 85T 500+ SEEERGI!

Statistics and Machine Learning Applications

Apply statmben and machrw leamimg methods 1o nduniry-apecific workflown

Slatstes and Machine Leaming Tooibox™ provides tools 1o describe, analyze, and moded data. Apply these tools, in combination with
other MATLAE® sociboxes, to perform industry-specic workflows. Some of the application areas include

Aecrospace — Explore radar and other signals, detect anumalies, and bulld predictive modets

- Bk hnology and Ph d ~ Analyze chrvcal data, and perform modelng and simulation for drug dacovery and
developrment

* Communications and Signal! Deap L earning Applications
+ Energy Production — Forecas ¢ oo oo NG Wordowns Wit Goengdiine viBhn, ImaQE pIOCesEng Micematng driving sonan. audio, taxt analytics and
Industrial Automation and Mg o stinal s

manufaciuring processes and
Liso Doco Luarming Tosbas 'Y 1o incotporais deop Saming ) COmputer wson, amage precessing. ausomaied iving sgnal rocessng, audio tost

*  Medical Devices ~ Bufdinte! anaiytics. and comgutatona firance apglcanons
eapplications whde complying

+  Quantitative Finance and Rish
nsk, and fraud detection

Deep Learning with Seonsien,

Extursd dep bsarring workBows usng Serubnk
Compurter Vision Using Deep Learming
Aerospwe Exton deop laaming workfoas with commpudes vision appiicatons
Rodor Target Classification Usiry
Classdy radar returns using mact

Image Processing Using Deep Laarmeng
Extrnd deeg aarring workTiowns Wit Imegs procssaing sopleations

Automated Driving Using Deep Learning
Extoras deeo lnarming workfows with automaled deaing applcations

B‘med‘m"’gy and Phart Licar Processing Using Deep Leameng

Extond dae laaming workioes for Lidar pot doud processing
High-Throughput Sequencin ! =3

Gene Expreasion Prafile Analysiy 53018l Processing Using Desp Learning
This example shows 6 numbes of Extand deop learring workBows with sgra! proosesty) appdicabons

Audio Processing Using Deep Learning
Extona doop leaming workliows with audio and speodh processing apoicatons

Wirnkess Commumications Using Dwep Lusrming
Exlernd doeg bearring workBows with wirsiss Sommunicaions system sepbcatiors

Remfoccement Learmang Using Deep Neural Networkn
Train doop neuns notwors aponts by imleracting with an unknown dynamic niveorment

Text Analytics Uaing Deep Loaring
Extong daep bearing workfows with bt anadySes appdoations

Competational Finance Using Deep Lresmng
Exianc doop lesrrang workfoms with commpulational fnance sppbcahons
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https://www.mathworks.com/help/deeplearning/deep-learning-applications.html
https://www.mathworks.com/help/stats/statistics-and-machine-learning-applications.html

MG E RO

Predictive Maintenance

Anomaly Detection and Condition
Monitoring

Al Modeling

Model design and

tuning Wireless Comms
Data Synthesis for 5G Channel

| Estimation

a2 Hardware
[ oH o] o o
—aa accelerated training

* Interoperability

Robotics
Path Pianning & Process
. Optimization

56

Geospatial Analysis Lidar Radar
Hyperspectral Image 3-D Point Cloud Object
Classification Detection

Computational Finance
Trading & Risk Management

Automated Driving
Pedestrian & Vehicle Detection

Controls Systems
PID Tuning & System Scheduling

Audio

Speech Recognition

Medical Imaging
Tumor Detection

Visual Inspection
Defect Detection
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https://github.com/matlab-deep-learning/ MATLAB-Deep-Learning-Model-Hub
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Key takeaways

@

Ease-of-use through
Interactive tools

Al accessible to everyone

Interactive tools can
enhance programming skills
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