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Artificial Intelligence is Transforming Engineering

GOAL 27 ﬁ

/ ’ 'f i _j'-\ , ;
Robotics & Autonomous Industrial Automation

Patient Monitoring Electricity Use Forecasting Automated Driving

, EXIPO

4\ MathWorks



Artificial Intelligence

- In computer science, artificial intelligence (Al), sometimes called machine
intelligence, is intelligence demonstrated by machines

ARTIFICIAL INTELLIGENCE

Any technique that enables machines to mimic human

intelligence

MACHINE LEARNING

Statistical methods that enable machines to “learn”

tasks from data without explicitly programming
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Integrating Al is a priority for companies today

Average number of Al projects expected

b 10X increase in Al

projects in three years!

* Source: “Al and ML Development Strategies, Motivators and Adoption
Challenges,” Gartner Research Note, published 19 June 2019

2019 2020 2021 2022

n =57 to 63

Gartner Research Circle members with AI/ML projects deployed/in use today, excluding “unsure”

Source: Gartner Al and ML Development Strategies Survey

Q. How many projects are deployed/in use today? How many projects do you estimate in zero to 12 months,

12 to 24 months, and 24 to 36 months?
ID: 390794
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Al skills and data quality are major concerns

Top Three Challenges to Al
and ML Adoption

Skills of Staff

Enterprise _
Iﬁ Maturity Data Scope or Quality

Governance Issues or Concerns

Understanding Al Benefits and Uses

Security or Privacy Concerns
Fear of
Unknown Measuring the Value

Risk or Liabilities

Finding Use Cases

Finding a o
@ Starting Point Defining the Strategy

Finding Funding

56%

Top barriers to successful
adoption of Al

1. Skills of your team

2. Data quality

* Source: “Al and ML Development Strategies, Motivators and Adoption
Challenges,” Gartner Research Note, published 19 June 2019

Integration Complexity
x Vendor
x  Strategy Confusion Over Vendor Capabilities
n =106

Gartner Research Circle members, excluding “unsure”

Source: Gartner Al and ML Development Strategies Survey

Q: What are the top three challenges or barriers to the adoption of Al and ML within your organization?
Rank up to three.

ID: 390794
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But, Deep Learning with MATLAB is Growing Rapidly
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Why MATLAB & MathWorks for Deep Learning?

/Domain-specialized workflows\
for engineering and science
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Al-driven system design workflow
You Should Consider the Entire Process for Al Project

||‘II|||I el @ Al Modeling Sl el |:| Deployment

Preparation and Test
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What is Al Modeling?

- Designing the Neural Network topology
- Training and validating the model with dataset
- Experimenting with and tuning different parameters
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Apps for Al Modeling 2018

(=] 2HIIE HED] - untitled2.mbx*
untitled2.mbx* +

Deep Network Designer

HE M= 124
A2 M 170
3 43 o' c:\Users\wsong\OneDrive - MathWorks\WSONG_Private\Application Engineering\Demos‘Deep Learnir

HEZ Asg el B

[ ?_1
ol Myeuct =dE Mdgde

« Choose from a comprehensive
library of pre-trained models
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« Easily design, analyze, and train
networks graphically

HZEY =7|=t IEt0HE 22 L0 HO| &g 22 Y =72 DE0B e AVE 28E =7 UZEE D20y
1 trainingSetup = load("C:\Usersi\wsong\OneDrive - MathWorks‘\WSONG_Private‘\Application Engineering\D

HI0lE] 74X Q7]

ZH Ho/E2t 4F HOolEE 7IHE LT

« Monitor training with plots of
accuracy, loss, and validation
metrics.

2 imdsTrain = imageDatastore("C:\Users\wsong\OneDrive - MathWorks\WSONG_Private\Application Enginee
3 [imdsTrain, imdsValidation] = splitEachlabel(imdsTrain,®.7);

%o Lhel U= HSH A DL IVNE ZHOHEAZ.
augimdsTrain = augmentedImageDatastore([224 224 3],imdsTrain);
aucimdsValidation = auementedImaceDatastore([224 224 31.imdsValidation):

« Generate equivalent MATLAB
code to recreate design
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Apps for Al Modeling

Experiment Manager

e Saves time during trial-and-error
model selection

« Sweep over hyperparameter
combinations

« Sort, filter, monitor training plot,
confusion matrix

« Allows you to replicate research
and track results

2020

Experiment Manager

EXPERIMENT MANAGER

B o d K 7

Layout Stop  Training Confusion @ Filter
- Plot Matrix
FILE ENVIRONMENT RUN REVIEW RESULTS FILTER | EXPORT
EXPERIMENT BROWSER aseline Tuning Baseline Tuning | Result1

~ (3 DigitsClassifier

~ Result Details
~ /& Baseline Establishment

[ sweep Initial Learing Rate Baseline Tuning 2712020, 12:53:36 PM I
E Baseline run triow Experiment Source) @ Complete 7 A Stopped (4]
~ Jd Baseline Tuning O Running 1 = Queued 8
[ Result1 {(Running)
E Larger Initial Learning Rate Range
[ sweep Leaming Rate Conv Size and
i Add Conv-Batch-ReLu Banks Trial Status Progress Elapsed Time mylnitialLearn... convFilterSize Training Accu... Trai
E Vary Filter Size of First Conv2D Layel 1l & Complete I, 100 .0 % 0 hr 0 min 16 sec 1.0000e-6 3.0000 12.5000
[ Train Validation Spiit Study 2 & Complete I 1 00.0% 0 hr 0 min 15 sec 1.0000e=-5 3.0000 25.7813
3 & Complete I, 1 00.0°% 0 hr 0 min 14 sec 0.0001 3.0000 64.8438
4 @ Complete I 1 00 .0 0 hr 0 min 16 sec 0.0005 3.0000 90.6250
5 & Complete I 1 00 0% 0 hr 0 min 15 sec 1.0000e-6 4.0000 11.7188
B & Complete I, 1 00 .0 0 hr 0 min 15 sec 1.0000e-5 4.0000 23.4375
7 & Complete I 1 00.0% 0 hr 0 min 17 sec 0.0001 4.0000 72.6563
] © Running | | 51.4% 0 hr 0 min 7 sec 0.0005 4.0000
B = Queued 0.0% 1.0000e-6 5.0000
10 = Queued 0.0% 1.0000e-5 5.0000
11 2= Queued 0.0% 0.0001 5.0000
12 = Queued 0.0% 0.0005 5.0000
13 == Queued 0.0% 1.0000e-6 6.0000
14 = Queued 0.0% 1.0000e=5 6.0000
15 E= Queued 0.0% 0.0001 6.0000
Queued 0.0% 0.0005 6.0000
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Get benefits from Apps

- Designing the Neural Network
topology

- Training and validating the
model with dataset

- Experimenting with and tuning
different parameters
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How about advanced deep learning model training?
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* Image to Image Translation Using GAN
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Answer is “You can now train advanced models with MATLAB”
Variational Autoencoder (VAE)

One shot learning Using Siamese Networks

4

) + Binary Cross
Identical networks :Ith shared weights ’ loss
‘ Subnetwork
ol s F2
\ J ( NP8
| |
Encoder Decoder
= Neural Style Transfer

label
Fl
Subnetwork

Image Captioning using Attention

?

Initial Attention
State Decoder

dog
%

Attention
Decoder

sitting
ﬁ

Attention
Decoder

CF

Attention
Decoder

some
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Attention
Decoder

grass
T.

Attention
Decoder

<stop>
T

Attention
Decoder

Create
Context
Vector

Features

Encoder
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You now have 2 options to train Deep Learning model 2019

* For a Simple Deep Learning model * For a Advanced Deep Learning model
» Use Apps or High-Level API « Use Low-Level API
net = trainNetwork() for 1 = 1:epoch

[loss, Grad] = dlfeval(@iLoss, ...
images, labels, net);
[net.Learnables, ~] = adamupdate(...
net.Learnables, grads);
end

Generator

Rea/ /mage5 Real or Fake

Dlscrlmmator

Fake Images
JAMWML L, Ux
Predicted Labels

4\ MathWorks 14



You now have 2 options to train Deep Learning model 2019

* For a Simple Deep Learning model  When to Use?
» Use Apps or High-Level API * Relatively Simple Deep Learning
model
net = trainNetwork() « Object Recognition / Detection
« Semantic Segmentation

9 ‘pn .
% | « Sequence Classification
« Time Series Forecasting

« Single Command to train Network

» Leverage Apps for training, validating
and tuning parameters

4\ MathWorks



You now have 2 options to train Deep Learning model R2019

 When to Use? * For a Advanced Deep Learning model
» Advanced Deep Learning model « Use Low-Level API
training
. f 1 = 1 h
* Generative Models . %loss,egﬁzd] = dlfeval(@iLoss, ...

 Networks needs custom loss function, images, labels, net);
custom training rules [net.Learnables, ~] = adamupdate(...

_ o net.Learnables, grads);
« Multiple Network training end

Generator

Fake Images

* Low-level coding required for network

training ”“"m

« Automatic differentiation for compute

. . < - Predicted Labels
Real or Fake
. Rea/ Images
gradients s

Discriminator

\B EXIPO ) 4@\ MathWorks 16
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Structure of a Low-Level API - Custom training loop

Convert network and data Calculate forward processing, loss and gradient

function [loss, Gradient ] = myfunction(data,net,...)

net = dlnetwork(lgraph)
data = dlarray(data) 10SS = XXXXXXX

.. Gradient =|dlgradientf{loss, net.Learnables)
Manual Training loop )

for 1 = 1 : epoch IJ

[loss, Gradient ] = dlfeval(@myfunction, data,net, ... )

[net.Learnables, ~ ] = adamupdate(net.learnables , Gradient, ... )

end

- Custom training loop for the network training
.- Can define custom loss function for gradient calculation
- Compute gradients using Automatic Differentiation

[LAB BEXIPO &\ MathWorks



Let’s briefly work through with GAN!
Generative Adversarial Network

Train to trick the Discriminator

A

Generator

Fake Images : ¥ 4

»
SN

15

?’ ,‘v_, ’ ";_.'_N'.;,'!‘ ‘ ’ gear
) | N £ 'l,‘ & R ,.1.“
4 | ’ o :

tatent Vector | Predicted Labels
Real Images Real or Fake
Discriminator
Train to judge real / fake correctly Generate an image similar to real images

Svavoks



Generative Adversarial Network in Action — Networks

Generator

Fake Images

Mg,

4”

Predicted Labels
Real or Fake

nﬂlﬂﬂwmmﬂm v’-’: 1
\ -
Real Images
. W~

Discriminator

or qzy = B «
ME 2HEY| SN o 24 A5 24 WHEWA
o= = M
ot we gt YO0t 24 LRSI
A= Eloj=2 [ IIE] Glo|H =3
_ - inception_4a- inception_4a-
imagelnputLaye | fﬁﬂ convolution2dL ‘ ﬁ convolution2dL
image3dinputlLayer
ﬂ sequencelnputLay... E inception_da-r... E inception_da-r..
relul ayer reluLayer
roilnputlLayer
T @a... inception_da-... G2+ inception_da-
convelution2dLayer ... | | ﬁ convolution2d convolution2dL
El convolution3dLayer
[ ar. [ inception_da-r ( inception_dar
groupedComvolut. o er v
transposedConv2._. =
B transposedconya... =7 ncaption_ds-... |
.‘I P .a depthConcaten.
E fullyConnectedlLa
— ﬁ inception_4b-... ﬁ inception_4b- |
n IstmLayer convolution2dL convolution2dL

144

({1
0=

n

\B EXIPO

=
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4 imagelnputLayer

=

: tconv1
‘ transposedCon ‘

1]

5

bni
batchMormaliza...

v' Generate an image from random
numbers using transposed
Convolution.

ol in
‘ imagelnputLayer

BRxe.... conv1
] ‘ convolution2dL...

comv3

=E

Irelut
leakyReluLayer

E Irelu

' comd

23 [t . conv2
ﬁ convolution2dL ..
B

comi5

bn2
batchNormaliza. ..

v" Common Network for classification
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Generative Adversarial Network in Action — Loss Function

Generator
Fake Images function [lossGenerator, lossDiscriminator] = ganLoss(probReal,probGenerated)

Aﬂmm‘ "” N, % Calculate the loss for the discriminator network.
Predicted Labels
ez === Real or Fake lossDiscriminator = |-mean{10g(probReal))I-mean(log(l-probﬁenerated));l
Discriminator % Calculate the loss for the generator network.
lossGenerator = -mean(log(probGenerated));
end
Generator loss function = To generate data that the discriminator classifies as "real”

Discriminator loss function = I To judge the Real image as Real I + I To judge the Fake image as Fake I

Convert network and data Calculate forward processing, loss and gradient

function [loss, Gradient ] = myfunction(data,net,...)

net = dlnetwork(lgraph)
data = dlarray(data) 165G = SEETEET

‘ Manual Training loop

for i = 1 : epoch IJ FOIIOW the Structure,
[loss, Gradient ] = dlfeval(@myfunction, data,net, ... ) then you Can get GAN mOdEI!

[net.Learnables, ~ ] = adamupdate(net.learnables , Gradient, ... )

Gradient = dlgradient(loss, net.Learnables)

end Full code available

B BXIPO 4@\ MathWorks 20



https://www.mathworks.com/help/releases/R2020a/deeplearning/ug/train-generative-adversarial-network.html

Extensions of GANS

- CGAN

» A conditional generative adversarial network is a type of GAN that also takes advantage
of labels during the training process.

Generator Generate Daisy flower!

Fake Images

\ Predicted Labels
Real or Fake

Dlscrlmlnator

Sunﬂower

Full code available

&\ MathWorks 21


https://www.mathworks.com/help/releases/R2020a/deeplearning/ug/train-conditional-generative-adversarial-network.html

Extensions of GANS

- AnoGAN
« Anomaly detection using GAN, Unsupervised Learning
» Train GAN with only Normal data (No Abnormal data needed)

« Adjust latent vector z that can generates similar images with real data Anomaly

Real Generated :
Generator eel Detection

Fake Images

Z

Predicted Labels
Real or Fake

Real Images

. — | Ab»norr_mgl
Discriminator — -

Images are from Concrete Crack Images for Classification

4 Mativorks



https://data.mendeley.com/datasets/5y9wdsg2zt/1

Extensions of GANS

- Pix2Pix
* Image to Image Translation using GAN ( Conditional GAN Model )
» Using pairs of images of "before" and "after", generate “after” using “before” Full code available

4 Ul Figure = [m] X

Real Image A Generated image B’ Pix2PixHD Example

llrr -

Generator

Label Image Generated Image

Discriminator

—
—___

Load Gen. Network Load Sample Label Paint Label Ir@age

‘ Generate Image I

Real Image A

&\ MathWorks 23


https://github.com/matlab-deep-learning/pix2pix

Extensions of GANS

CycleGAN
* Unpaired Image to Image Translation using GAN Full code available

(6~

!
Real Imagelin domain A Generator A2B Fake Image in domain B Generator B2A Reconstructed Image

| : b ‘l“v“v
Discriminator for
domain B

Real Image in domam B

Domain transfer |

Predicted Labels ‘
Real or Fake



https://github.com/matlab-deep-learning/Image-domain-conversion-using-CycleGAN

Siamese Network for One-shot Learning

.- Siamese Network Full code available
» Neural networks containing two or more identical subnetwork components with shared
weights
I a | label
:-:,,A H Quhnatanrk & |

And Many More!

-+ If two inputs are similar, ||F1 — F2||” is small

+ If two inputs are dissimilar, ||[F1 — F2||” is large.

AB BDPPO 4\ MathWorks
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https://www.mathworks.com/help/releases/R2020a/deeplearning/ug/train-a-siamese-network-to-compare-images.html

Getting started with rich examples

Generate

Train
Adve

Train ¢
netwol

Train C«
Generat
Networl

Train a col
adversaria

Epoch: 20, Elapsed: 00:00:54

Train Net
Custom T

Train a netw
handwritten ¢
learning rate

generate images.

Open

",
Tt
Brrp.y

T

*)
s
oty
.

"'-Q"

e

Train Netw

Outputs

Train a deep |

multiple outpu

Score; § 031584

| B

Scorn; T A8e#o0T

Y

Frediched: dissimita
Sewe: 0013037

w T

rrect

Pradicted: similar

Sears: 0.73211
- -

U

X o
Train a Sia
Compare |i

Train a Siame
similar images
characters.

labels and angies o1 rotauons o
handwritten digits.

LAB EXIPO

Open Live

Correct
r Predicted: similar

hi, ... hr

Soore; 0 5872

T

7Y |
Sequence
Translatic

Convert deci
numerals usi

Xo
Image Ca
Attention

Train a deep
image captio

sequence-to-sequence encc

decoder model with attentiol

Open L

Train Vai
Autoenc
Generate

Create a va
(VAE) in M/

D) Y il
) ‘I 3 o

Sequenc
Classific:
Convolut

Classify eac
data using a
convolutionz

images. The vAE genera
drawn digits in the style of

Open

Documentation

Train Generative
Adversarial Network (GAN)
for Sound Synthesis

Train and use a generative
adversarial network (GAN) to
generate sounds.

Open Script
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MATLAB makes it easy to learn and automate workflow steps

Access Data Preprocess Access Models Train | ~ Deploy
@ MUNGING/LABELING BUILD FROM SCRATCH
FUSION BORROW TRANSFER
- =
S s
- DENOISING
Prepari . ained Model lve Apps

Finding va
Da.ta Annec N |a

Preparation Rl

Simulation NS
and Test

and grouna R
 Image, video, audio, and - State-of-the-art signal VGG-19 Caffe Model Zoo PP
) ) ) . . R N _50
other datatypes and image processing | | pRET0 &) ONNX Advanced Deep
functions ... and more

Learning Model

Training Hardware
Speed and Scale

SANVIDIA. /intel)

amazon
webservices™
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