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MATLAB for Artificial Intelligence

= Machine Learning

Artificial Intelligence = Deep Learning

» Reinforcement Learning

= Predictive Maintenance

« Data Science / Data Analytics
Deep = Signal Processing

Leaming - Image Processing

= ...and more

Machine Learning
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There are two ways to get a computer to do what you want
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COMPUTER
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There are two ways to get a computer to do what you want
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Machine Learning is Everywhere

Solution is too complex for hand written rules or equations

Q ) Hello!

Speech Recognition Object Recognition Engine Health Monitoring
Solution needs to adapt with changing data
S i ——
r ? ﬁ.
sl
Weather Forecasting Energy Load Forecasting Stock Market Prediction

Solution needs to scale

loT Analytics Taxi Availability Airline Flight Delays

i

4\ MathWorks

learn complex non-
linear relationships

update as more data
becomes available

learn efficiently from

very large data sets
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Types of Machine Learning

Machine
Learning

Supervised
Learning

Regression

Develop predictive
model based on both
input and output data

Classification

Unsupervised
Learning

Discover an internal
representation from
input data only

Clustering

4\ MathWorks:



Training a predictive model

Train: Iterate until you find the best model

.
LOAD Y
DATA

)

PREPROCESS
DATA

FILTERS PCA

SUMMARY CLUSTER
STATISTICS  ANALYSIS

-

SUPERVISED
LEARNING

' CLASSIFICATION

REGRESSION

Predict: Integrate trained models into applications

-
NEW Y
DATA

L —

_ 2

>

PREDICTION

9
L
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Machine Learning Workflow

Access and Explore

Data

Files

Sensors

»

N N
- W

Preprocess Data

r"

Working with
Messy Data

1 W’“

! it

Data Reduction/

Transformation

Feature
Extraction

Develop Predictive
Models

pe

3

Model Creation e.g.
Machine Learning

Parameter
Optimization

Model
Validation

W TN
- (NN
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Integrate Analytics with

Systems

r"

N
Desktop Apps

e

Enterprise Scale

Systems

MATLAB gl
exe C/C++

Java i

Embedded Devices

and Hardware

Lo =
0y =

.

=)
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Data Preparation

Prepared data

Training data Test data

Model Model
learning validation

Machine learning

4\ MathWorks:
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Demo Example 1. Human Activity Recognition
Classification

Data:
 3-axial Accelerometer data
» 3-axial Gyroscope data

Davide Anguita, Alessandro Ghio, Luca Oneto, Xavier Parra and Jorge L. Reyes-Ortiz.
Human Activity Recognition on Smartphones using a Multiclass Hardware-Friendly Support Vector Machine.
International Workshop of Ambient Assisted Living (IWAAL 2012). Vitoria-Gasteiz, Spain. Dec 2012
http://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones

12


http://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones

4\ MathWorks:
What is Machine Learning?

Machine learning uses data and produces a program to perform a task

Task: Human Activity Detection

ﬁaditional Approach . \

k . Machine Learning Approach

S F=

®
A},
@ m= .
- Machine “5
A Learning

Computer “:%

Program

]
Hand Written Program Formula or Equation
model: Inputs — Outputs
If X_acc>0.5 Yactivity
then “SITTING” —B.X. 4 B.Y
If Y_acc <4 and Z_acc>5 n glzacc n Palace del = < pachine dat -
then “STANDING” 3Zacc model = L‘Z,‘Zi’ﬁiﬁfn (sensor_data, activity)

13
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Machine Learning Workflow — step 1

Access and Explore
Data

i %

Files

(7

Databases

—=

Sensors

»

N N
- %

14



Machine Learning Workflow — step 2

Preprocess Data

y

Working with
Messy Data

LAY TR R

| e SERE Y S—

Data Reduction/
Transformation

Feature
Extraction

N

4\ MathWorks
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Feature Engineering
Using domain knowledge to create features for machine learning algorithms

Feature transformation: Reduce dimensionality

a5 Power Spectral Density Comparison

Walking
WalkingUpstairs | |

20

Feature selection: Choose subset of most
relevant features

Possible feature engineering ideas:
— Additional statistics — PCA, NCA etc.

— Signal Processing Techniques — power spectral
density, wavelets etc. 100

— Image Processing Techniques — bag of words, pixel
intensity etc.

Power/frequency (dB/Hz)

0 1 2 3 4 5 6 7 8 9 10
Frequency (Hz)

— Get creative!

16
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Principal Components Analysis(PCA)

HlzFg8s

Hl2T8&
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Demo Example 2: PCA

4\ MathWorks:
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Comparison of Feature Selection Methods

NCA

MRMR

ReliefF

Sequentialfs

F Test

Chi Squared

Continuous

Continuous
Categorical
Mix of both

Continuous
Categorical

Continuous
Categorical

Continuous
Categorical
Mix of both

Continuous
Categorical
Mix of both

Classification
Regression

Classification

Classification
Regression

Classification

Regression

Regression

Classification

Medium

Fast

Medium

Very Slow

Very Fast

Very Fast

KNN
SVM
(can use for others)

Model Independent

KNN

SVM

(can still use for
others)

Model Independent
(define custom loss
function)

Model Independent

Model Independent

Strong

Strong

Moderate

Strong

Weak

Weak

Requires manual tuning
of lambda

Unable to differentiate
correlated predictors

Doesn’t rank all
features

Unable to differentiate
correlated predictors

Unable to differentiate
correlated predictors

4 A\ MathWorks'
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https://www.mathworks.com/help/releases/R2020a/stats/neighborhood-component-analysis.html
https://www.mathworks.com/help/releases/R2020a/stats/fscmrmr.html
https://www.mathworks.com/help/releases/R2020a/stats/relieff.html
https://www.mathworks.com/help/releases/R2020a/stats/sequentialfs.html
https://www.mathworks.com/help/releases/R2020a/stats/f-distribution.html
https://www.mathworks.com/help/releases/R2020a/stats/chi-square-distribution-1.html

Demo Example 3: Classification Learner App

-‘ Classification Learner - Scatter Plot — O x
CLASSIFICATION LEARNER VIEW
2 ¥ [E) B [
o 2 |
New Feature  PCA Linear Quadratic Al Logistic Export Plot  Generate  Export
~ Discriminant Discriminant Discrimina... Regression o Figure ctin odel
FILE FEATURES MODEL TYFE ~ TRAINING FLOTS
Data Browser ® E | Scatter Plot 2 | Confusion Matrix 1 ROC Curve 3t 1 Parallel Coordinates Plot ¢ ]
w History | Plot
1.1 - Tree Accuracy: 947% A Predictions: model 1.4 O Data
Last change: Fine Tree 4/4 features 4.5
° (®) Model predictions
1.2 Tree Accuracy: 94.7%
Last change: Medium Tree 4/4 features ® Correct
'3
13 Tree Accuracy: 95.3% . ¥ Incorrect
Last change: Coarse Tree 4/4 features at .
X L Predictors
14 Linear Discriminant L4
Last change: Linear Discriminant 4/4 features . . X |SepaILength V|
A e . e o8
15 Quadratic D|.scr|.m|._._ . Accuracy: 97 3% . . v |SepaIWidth v|
Last change: Quadratic Discrimina...  4/4 features
35 XN L2
1.6 * Naive Bayes Accuracy: 95.3% e o oee o .
(=] =
Last change: (Gaussian Naive Bayes  4/4 features ES A - Classes Wove to Front
1.7 ~ Naive Bayes Accuracy: 95.3% % * oe [ ] . . Show| Order |
Last change: Kernel Naive Bayes 44 features o e oe . ° - setosa
[ I sse e oo oce oo I ersicolor
w Current Model | . e sesene o wvirginica
. . . .
Model 1.4: Trained " * N
. e @
Results * o0
Accuracy 98.0% 25 . .o .
Prediction speed  ~1900 obs/sec . .
Training time 2161 sec . . . .
e »
Model Type 2+ -
Preset: Linear Discriminant | | | | | | | |
Covariance structure: Full
4.5 5 5.5 6 6.5 7 7.5 ;] How to investigate features
Feature Selection SepalLength
All features used in the model, before PCA W
Data set: fishertable Observations: 150 Size: 26 kB Predictors: 4 Response: Species Response Classes: 3 Validation: 5-fold Cross-Validation

4\ MathWorks
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Data Augmentation to Improve Accuracy

True Class

jetski

medium-other

navigation

passenger

Label Count
1 jetski 74
With original image set 2 medunoner | 172
3| navigation 11
4 passenger 233
Accuracy: 73.5%
\/
15 6 1
4 12
3
3 13
jetski medium-octher navigation passenger

Fredicted Class

True Class

With augmented image set

jetski

medium-other

navigation

passenger

Accuracy: 87.1%

Label
jetski
medium-other
navigation

passenger

4\ MathWorks'

Count

233
233
233
233

\_/

8

jetski

medium-other navigation
Fredicted Class

passenger

21



Hyperparameter Tuning

A

Important parameter

Standard:
Grid Search

o

Unimportant parameter

Better:
Random Search

4\ MathWorks

o

Best:

= Bayesian model
Model picks “good” point to try next

Much more efficient!

Scale to multi-cores (using PCT) for larger datasets

4\ Classification Learner - Confusion Matrix

Bayesian Optimization
indicates impact of change

~

Now available inside
the (Classification/

CLASSIFICATION LEARNER VIEW
o i
]

New Feature PCA  Misclassification
Session ¥ Selection Costs

FILE FEATURES OPTIONS
Data Browser
¥ History

1 Tree Ad
Last change: Disabled PCA
2 SVM Ag
Last change: Linear SVM
3 Ensemble Ad

Last change: Bagged Trees

4 KNN [ A¢

Last change: Fine KNN

5 < KNN [ A

Regression) Learner

GET STARTED

o app as “Optimizable”
S Quicil-lTo-... mOdeI

DECISION TREES

5 A"

Fine Tree  Medium Tree Coarse Tree All Trees Optimizable
Tree

DISCRIMINANT ANALYSIS

Linear Quadratic All Optimizable
Discriminant Discriminant Discrimina... Discriminant

22
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AutoML Machine Learning Workflow
Deploy
T = MATLAB to

- J—' o NET
E [PHE | o e/chs
Preprocess Data Develop Predictive Models - Java .l
N gD
» & ks

N ad A
=" e
Preparation Extraction Tralnm Tuning .

- - codegen
Wavelets fscnca fitcauto

23



AutoML Workflow in MATLAB

1.

3.

4.

Generate features by applying Wavelet scattering
Note: other (manual) feature generation methods exist!

. Apply Feature Selection techniques

Select and Optimize Model

3a. Train and optimize various models in Learner App
3b.  Or, automatic model selection £itcauto

Generate C-code or Compile to deploy: codegen

2019
2020

4\ MathWorks:
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Model Selection and Optimization

2019

1. Open up Classification (or Regression) Learner App

2. Train multiple models

3. Perform hyperparameter tuning on top models

4. Other advanced optimization maneuvers are manual...

2020

1. Run fitcauto on your features

2. If good enough, DONE. ELSE continue with iterative process above.

Additional Resources:
Tech Talk: Hyperparameter Optimization [4:43 min video]
Bayesian Optimization Workflow [doc category page]
Hyperparameter Optimization in Classification Learner [doc]

4 MathWorks
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https://www.mathworks.com/videos/applied-machine-learning-part-3-hyperparameter-optimization-1547849445386.html
https://www.mathworks.com/help/stats/bayesian-optimization-workflow.html
https://www.mathworks.com/help/stats/hyperparameter-optimization-in-classification-learner-app.html

Automated Feature Generation with Wavelet Scattering

Wavelet Scattering Framework [Bruna and Mallat 2013]
— Automatic Feature Extraction
— Great starting point if you don’t have a lot of data

— Reduces data dimensionality and provides compact features
Min. Signal
Length

5 o
Additional Resources:

— Wavelet scattering for ECG [doc example]
— Applying Deep Learning to Signals [3 min video]
— Blog about Wavelet scattering on towardsdatascience.com

Wavelet £
Scattering '0'

Signal

Framework

4\ MathWorks
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https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=34
https://www.mathworks.com/help/wavelet/examples/ecg-signal-classification-using-wavelet-time-scattering.html
https://aem-auth-prod.mathworks.com/content/mathworks/blueprint/default/videos/deep-learning-for-signals-1569564593769.html
https://towardsdatascience.com/a-convnet-that-works-on-like-20-samples-scatter-wavelets-b2e858f8a385

Types of Machine Learning

Machine
Learning

Supervised
Learning

Regression

Develop predictive
model based on both
input and output data

Classification

Unsupervised
Learning

Discover an internal
representation from
input data only

Clustering

4\ MathWorks:
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Clustering Motivation 1

- 280 S8 |2 U= A=A HHZ2 G Met2?
O 22X AL XIXI82 50.2% Vs 47.7% (2.5% p X+0I)
=] = o= & UE X AIAHS] 1.3% p JH M 2F0F &,

CrA AUHE XIAAF S0A LEE AAE = /= 1.3% pe =01)

HES

[
IBal
U0
OH
%
30
]
Yl
%
=
O
0Q!
[z
~
[
Ju
©
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Clustering Motivation 2

- 205 0l0lY
— JIZ oI 0l Ot 4= 8l= &EH(No Labeling)

- 2% U0IH
- HIOIHE =&

oli

F Z2 1t (Labeling Jt s &)

.

Original unclustered data

Clustered data

4\ MathWorks
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Unsupervised Learning Vs Supervised Learning

Unsupervised
A A
3 3 I3 @
]J] 3 3 Clustering 2 3 I3
33 — e
3 Patterns in B
33 the data L
 Supervised
f, 3 Prediction 3
7 = 2 |
» 33 - R
- Learn from . | » |
3 3 examples -

30
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5 6 7
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Demo Example 1: K-means Clustering Algorithm using MATLAB

_ |
® [ J 1
® [ J
R P -
( X J ..
)
@ :..
e
5 6 7 8
° e 1
Jo s 2,
([ _J
:.?.. e 4
e S35 - -
< e, %o
@
5 6 7 8

4\ MathWorks
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Clustering

- UIOIHE U8 SFIHAl &= BHSote 2 & &
— &2 Cluster LH2 2| HI0IH = 2t2 RAIY . =3
— &2 Cluster L2 2| OIO0I&H 2 LHEZ cluster LHS
- = A4 (similarity)
— S AMZSEOIE)S e &= 2=ot= JI=0| &= N E
- 5 A =3

- D1EI —ol= &8 P | JF AL,

rI
o

I=(HI0IH) A 012l 24 2l(distance, dissimilarity) 2
04

JIELTHE 91 cl ot &AM S EEOH =& = US.

Of GIOIH 2te] =Atd 1 &

4\ MathWorks:

0I0

X = (x3,2%,.)vy=0uYz )

1) Euclidian distance (i ty)

Dxy)=dxvy) =

'Z(\ —¥i )
(2 Manhattan distance |

X,y) = d(x.y) = Z"“’

D(x,y) = cl(:f y) = ms M,\ — yil

3 "sup” distance (

a) Correlation coefficient ( )
i — ) (v — ty)

D(x,y) = s(x,y) =

'7,\”_\'
5) Casine similarity ( )
Xy szx.y.'
D(x,vy) = cos(x,y) =
|I|||||| S
\z: ’\T \leu Yi

32
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K-means Clustering Algorithm

F

S
o

g

=& E Sa 0 UI0Ie Atol2] Hel

o0

&

Z U E

RD
't

=
"o

(10
ol

0
<
I

—r

J

2 NeS2=2 HAHO| S

.m.d

e

~J

== N

)
Rl
Ir

DJ
_

vl

ol
K3
_

33



K-means Clustering Algorithm Process

4

Q

&

L

Input Data

8]

¥ YYTAEY
. .
- .
. -
»
- -
. .
.
.

ML S
LJ
o. 1

g -

- .
H D
Q.. :
‘e 3
* .
.
B .
. .
- .
/) .
o -

T -

=

C

&

L

Random Centroids

| -

.l : : ‘.Q

Centroids & (check)

Assignment

)

o

@

B«

Assignment

o ™
.. L
: .
’ 4
7. -

O - |

'.
‘ee

-'@1_

& (check)

e -({@ \

New Centroids

New Centroids
& (Check)

!

Assignment
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Application Case of K-means Clustering

- CIOIEI OIOIY O A CIOIE 28 LDEIEo2 &=

=
. EVE T N80 S2YE AR

- 24 2= Atdl

— UIOIHLE II2I2 =A A 2 A Y k-means clustering 2A AFE =

- 2N 2= Atd|2
— AEFEY J1Y: oL 2 W X[ (https:/www.unpa.me/)
=L St E S0 st A8IX=2 2|F FE2E BERotd A= Xl
el /70l gHet JI&0l EEEN AL =2 27 ES.
VWSO MYIL oy, MFEIY, DO HFLE S, 70 B2 SO UNH =

4 MathWorks
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Application Case of K-means Clustering

— 0l X2 110 H4=E & Z0H K-means Clustering 2 Soll 54 cluster& =&
= @O St&GH| A& S S1ssHM
= @ LIS IR =5 &= HHE 1SS0 2000 =Bt
= @ WIP, LIS IIRX &= HE 200
= @ HLS=S2 E0 tiR= 1ssrAi 2000 =Bt
= O 0| EN A XZSt 3000 O]&F AW ALI=
( il T & \ \ ( "
GROUP 1 GROUP 2 GROUP 3 GROUP 4 GROUP 5
SFESI7| AFSHE! ol £S5 SR VWP 2io} i OF HUSS S0l iF= | | OfNES! By =RH
3 DS 200 ¢ 2008 DEEY 2008 ¢t 0HOKY T AL

203 14 #2938 204 203 24 208 24 298 1M
s 084 #55s w0 E5% 17663 S5 0 S5 00

- = = AN 2 o > L =

(2 5
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Application Case of K-means Clustering
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Application Case of K-means Clustering

108 thy| 100% Ok S7}
B oiE

50% 87}
50% &7} ﬁ

(LS IRX AE0{ §~118 OfSA]

1"y
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Machine Learning Workflow

Access and Explore

Data

Files

(7

Databases

—=

Sensors

»

N N
- %

Preprocess Data

Develop Predictive

Models

Integrate Analytics with

Systems

Working with
Messy Data

i -

|~ b e————

Data Reduction/
Transformation

Feature
Extraction

Model Creation e.g.
Machine Learning

AlB|C

e

Parameter
Optimization

Model
Validation

1%

11

: 3elijj
| G

Desktop Apps

=

[NEXT |

Enterprise Scale
Systems

MATLAB gl
exe C/C++

Java Jdil

Embedded Devices
and Hardware
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Integrate Analytics with Systems

o

MATLAB Analytics
run anywhere

MATLAB

r ¥ 1 lFor k=1:max 'r—: i
—  ||lx = f£ft(dat]
or k=1:max v = 20*1091 or k=1l:max
% = f£ft(dat , 3123‘{2‘3&
v = 20*logl T}M{ | [— ]
["wexT |

| - » |

Embedded Hardware Enterprise Systems

Standalone
a @ e @ S deg?rl] i @@w@
(

MATLAB
Production

Server

(" =
[ =

~"

e <o
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Machine Learning for Edge Analytics and Code Deployment
Deploy trained models as standalone C/C++ code

MATLAB code

function label = classifylonosphere(X) $fcodeger

= Apply algorithms to out-of-
memory data using tall arrays

mdl = loadCompactModel( 'SVMIonosphere' );
label = predict( mdl, X ):
end

= Generate C/C++ code for
predictive models

saveCompactModel loadCompactModel

= Generate fixed-point C/C++
code for SVM models,
decision trees, and e P B -
ensembles of decision trees *

| Embedded Systems |

« Update deployed models
without regenerating code

41



Using MATLAB with Other Languages

4\ MathWorks

Calling Libraries Written in Another Language From MATLAB

Other
Code

Calling MATLAB from Another Language

Your Coding

Environment

Java

Python

g++ Call C++ libraries directly
Fortra_n " | from MATLAB R2019¢

COM components and ActiveX® controls
RESTful, HTTP, and WSDL web services

Java

Python

C/C++

Fortran

COM Automation server

42
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Challenges in Machine Learning

Steps

Access and Explore data

Preprocess Data

Develop Predictive Models

Integrate Analytics with Systems

[terate

Challenge

Data diversity
Numeric, Images, Signals, Text — not always tabular

Lack of domain tools
Filtering and feature extraction
Feature selection and transformation

Time consuming
Train and compare several models to find the “best”
Select optimal parameters and avoid overfitting

Platform diversity
Translate analytics to production
Deploy on different target platforms

43
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MATLAB Strengths for Machine Learning

Challenge

Data diversity

Lack of domain tools
Time consuming

Platform diversity

3

Solution

Extensive data support
Work with signal, images, financial, textual, and others formats

High-quality libraries
Industry-standard algorithms for Finance, Statistics, Signal,
Image processing & more

Interactive, app-driven workflows
Focus on machine learning, not programing
Select best model and easily fine-tune model parameters

Run analytics anywhere
Code generation for embedded targets
Deploy to broad range of enterprise system architectures

Flexible architecture for customized workflows

Complete machine learning platform u
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Summary: Complete Machine Learning Workflow

Access and Prenrocessin Feature Model Model Integrate
explore data P g Englneerlng Tralnlng Tuning Analytlcs

h——' - - — . - - &
¥ 8 e e S - - o R R S T 1— MATLAB _l
. ' Sus S e ENVE?&E\YSTEM Q
~ \: = f‘@ == =)
@® &= &7 BES

C/C++ Code Generation and
Enterprise IT Integration

Datatypes and tools for missing data,
\_ outliers, time-alignment, etc. )

J/ G J
\. \.
) ) )
s o | "
Text files, spreadsheets, databases, binary Domain-specific techniques for _
| files, datafeeds, web, cloud storage ] | Signals, Images, Video, Audio, and Text | | Automated Parameter Tuning ) a5
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Agenda 2

= What is Deep Learning? DoWe kA1 09E4 (206 =0
o Human Activity Mobile Sensor Data
; 15 —— Accolerometer X
oM\ eV
- p .
2 5
§ 101
§.,5
-2 Classifier: ClassificationKNN
g — Gyroscope X
: s Gyroscope Y
B ~——— Gyroscops Z
&
§°'W“ WW
&,

0 05 1 15 2 25
Time (s)
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Machine Learning vs Deep Learning

4\ MathWorks
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Machine Learning vs Deep Learning

Deep learning performs end-to-end learning by learning features, representations and tasks directly
from images, text and sound

Machine Learning

] CAR v

l MANUAL FEATURE EXTRACTION CLARBIFICATION

= TRUCK X
—4 MACHINE LEARNING

BICYCLE X

CONVOLUTIONAL NEURAL NETWORK {CNN) CAR J

TRUCK X

o

: sy at.™ L4
= . O~ +Lr, "2 °

BICYCLE X
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Machine Learning vs Deep Learning

4 =
= ==
&=

GOOD HARDWARE?

NO

l

LOTS OF DATA?

YES

l

4\ MathWorks:

Machine Learning

Deep Learning

\

Training dataset Small Large

Choose your own features | Yes No

# of classifiers available Many Few
\Troining time Short Long

MACHINE LEARNING

DEEP LEARNING

49



Deep learning is part of our everyday lives

Speech Recognition Face Detection

Automated Driving

4\ MathWorks:
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Deep learning applications: mainstream vs. engineering

Mainstream Englneerlng and Smence
v P y % ,.5 'e

"’ e

A‘»Q

Detecting Objects Identn‘ylng Machlnery at Shell

Deep Learning Detection

4\ MathWorks
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https://www.mathworks.com/videos/how-matlab-distributed-computing-server-and-machine-vision-tools-are-transforming-shell-1541001149396.html

| 4\ MathWorks:

MATLAB Deep Learning used in Industry

B Development concept DENSOTEN

@ Process to use existing development assets effectively
Seperetiion o gty vl

I L T e LAt u-]

! | Code generation for Al | 7 | Make Al caleulation
Implementation on ECU le'iarv code a library
LB g

Develop agonthms
repeating sarmulatio

I 1o
Automatic Defect hﬂ @ { AAMAAA AR
Alrbus oiotete %ﬁ%ﬁ-ﬁmﬁ'ﬂ ”-’\/\—MM

‘o . o exssting

!sunc
| development Drocess ™~ T J, .............................. "

ECU Vehicle Control N/t

0 800 1000 19500 2000 2200 3000 Moo 000
Tene Sinp

Seismic Event Detection

Shell
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https://www.matlabexpo.com/content/dam/mathworks/mathworks-dot-com/images/responsive/supporting/events/2019-expo/fr/airbus-nicolas-castet-artificial-intelligence.pdf
https://www.matlabexpo.com/content/dam/mathworks/mathworks-dot-com/images/events/matlabexpo/jp/2019/b3-ecu-ai-implementation-densoten.pdf
https://library.seg.org/doi/pdf/10.1190/segam2019-3215081.1

| 4\ MathWorks:

MATLAB Deep Learning used in Research

R Neural Networks Speech
MEE dein soquiton Seslogram 1 A.\'\'/(‘\':/rLS'l‘I\‘l-H;L\UGA\\’ i Del::ding
Converting brain waves to speech to help ALS patients
Predicting gastrointestinal communicate (Nov 2019)

cancer (July 2019)

53 53


https://blogs.mathworks.com/deep-learning/2019/07/24/deep-learning-for-medical-imaging/
https://www.mathworks.com/company/user_stories/ut-austin-researchers-convert-brain-signals-to-words-and-phrases-using-wavelets-and-deep-learning.html

4\ MathWorks

MATLAB is used in many areas of medical imaging

Digital pathology Radiology (MRI, US, X-ray, CT)

Radiotherapy planning Endoscopy Intravascular imaging >



Applications of deep learning for images and video

4\ MathWorks'

YOLO v2 (You Only Look Once) Semantic Segmentation using SegNet
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Applications of deep learning for signal processing

ile  Tools View Playback elp
Q|G- & | XA &E

N g A0 . g S5 g e . i N P g . T g s o D s NN % NG i A N g,

& Vet Pmare - W

Actual: Laying
Estimated: Laying

Processing

Signal Classification using LSTMs Speech Recognition using CNNs
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Al-driven system design

Data Preparation

||||||‘|| Data cleansing and

preparation

@ Human insight

Simulation-

generated data

57

Al Modeling

% Model design and
tuning

== Hardware
[_oH e . .
=3 accelerated training

* Interoperability

Simulation & Test

Integration with
complex systems

'D&' System simulation

— X System verification
— v and validation

Deployment

. Embedded devices

% Enterprise systems

¢ Edge, cloud,

desktop
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Data preparation represents most of your Al effort...
Transforming raw data for useful modeling and analysis is a critical step.

Amount of lost sleep over...

PhD Tesla
Data Preparation o, o dotieets

B models and algorithms [l models and algorithms

I||Il|||l Data cleansing and
preparation

@ Human insight

Simulation-
generated data

Source: Andrej Karpathy slide from TrainAl 2018
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| 4\ MathWorks

Spend less time preprocessing and labeling data
Synchronize disparate time series, filter noisy signals, automate labeling of video, and more.

e DRSPLAY ™ (2}
Fout A Descrigtion Vaiue & & u AUTOMOTIVE
Hame TeFeal Trél pe. 3
= Lt Twen Sz Concel
SR TriiRegion 2 et | aemd m
FELECTED DRFRITION “FETVALYE CLGSE M

Ground Truth
Labeler

B whale! = whale2

SIGHAL PROCESSING AND COMMUMNICATIONS

Audio Labeler Signal Labeler

Data Preparation - v —

VWhakType Dl
+ MoanRsgons

. ... Siaat T IMAGE PROCESSING AND COMPUTER VISION
Data cleansing and T O
|| ||| || . nes 11 4020000 . 13120743
preparation - tragans = e
v rue 14357724 3275
- TrilPesks g Image Labeler Video Labeler
1 1 77425
<l 2443758 T
o 5 v 3 274225 .
@ Human insight - a2 v —
YihakTyps ok
« MoanRegions
v T 244511986 15805
res 57139928 513
I 1 P 153218 16 712830
Simulation- —_—
generated data e 1091475 11152470
« TrilPaaks ST
t 1150075 .
2 18 I e
v 3 1232975
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Data Preparation

Data Preparation

I||Il|||l Data cleansing and
preparation

@ Human insight

Simulation-
generated data

——————————

Feature Engineering

Long Short Term Memory (LSTM) Networks

4\ MathWorks
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Start with a complete set of algorithms and pre-built models

Al Modeling

% Model design and
tuning

s Hardware
[__oH o] o o
—9a accelerated training

‘;k Interoperability

61

-

Algorithms

Machine learning
Trees, Naive Bayes, SVM...

Deep learning

CNNs, GANs, LSTM, MIMO...

Reinforcement learning
DQN, A2C, DDPG...

Regression
Linear, nonlinear, trees...

Unsupervised learning
K-means, PCA, GMM...

Predictive maintenance

RUL models, condition indicators...

Bayesian optimization

~

-

Pre-built models

Image classification models
AlexNet, GoogLeNet, VGG,
SqueezeNet, ShuffleNet, ResNet,
DenseNet, Inception...

Reference examples

Object detection
Vehicles, pedestrians, faces...

Semantic segmentation
Roadway detection, land cover
classification, tumor detection...

Signal and speech processing
Denoising, music genre recognition,
keyword spotting, radar waveform
classification...

...and more...

4\ MathWorks
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’ 4\ MathWorks

Increase productivity using Apps for design and analysis

Use MATLAB Apps to design deep learning networks, explore a wide range of classifiers,
train regression models, train an optical character recognition model, and more.

- B
- — B
- —

g a
n g
F_ - B
?-‘, o
he
0 e [+ |
. D -
Al Modeling = 2
e B B ‘
: g- =Fall 2] @ S
% Model design and 8- S ERYe g —
tuning g - SRR IS =
e 5 —— S e o
3 Hardware Deep Network Designer app to build, visualize, e
=5 accelerated training and edit deep learning networks =

...:u.‘:,
) |

‘;k Interoperability

62 62

Experiment Manager app to manage multiple
deep learning experiments, analyze and compare
results and code




Deep Network Designer

4\ Deep Network Designer = O X
oo & ER 6 | B quen | B | B @8 D&
i2j.Cop ~ 3
New Impot Data Cupos=  Ft (S, ZoomOut Auo  Analyze Training Train Export
. | Pase | loView Arrange J Opions el
FILE  [DATA|  BULD ,7_},,,,_.@_'."_6{*_% ,,,,,’.%Yﬂé‘)t ‘vé_"{@??}.ﬁl,,, TRAIN _ |EXPORT || =
LAYER LIBRARY : #{| v PROPERTIES
] o \ 4 : |
’E inception_4a-r... | ‘E inception_4a-r... | E ing Number of layers 144
INPUT = | re!uL?yer { BhiLayey mc. Mumber of connections 170
E imagelnputLayer Input type Image
_! = = - h 4 . = h 4 = = ! Output type Classification
/i image3dinputLayer on_da-.. @ inception_da-... ‘ ~ inception_4a-... B inc
ftion2dL ‘ ¥ M convolution2dL ‘._; convolutionZdL N col
sequencelnputLayer I | [ ' [ ‘ '
'A‘ﬂ roilnputLayer — : y : . y : —_— |
on_4a-r.. ‘ inception_4a-r... \ inception_da-r__. ing
CONVOLUTION AND FULLY CONNE ler relulayer \ relulayer ’ rel
P2l convolution2dLayer
' |
o v
convolution3dLayer ( 2 - )
@l y inception_4a-_.
. . depthConcaten._ ..
" groupedConvolution2dL . ' ]
transposedConv2dLayer v ¢ | ¥ OVERVIEW
: =] inception_4b-... ‘ - inception_4b-.. g
El transposedConv3dLayer l ad convolution2dL ‘ convolution2dL
fullyConnectedLayer
’ v , h 4 - —
SEQUENCE inception_4b-r... \ inception_4b-r__. | ing
reluLayer ‘ reluLayer mé
IstmLayer - \ » A !
14 1

4\ MathWorks:
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4\ MathWorks:

Hardware acceleration and scaling are critical for training
MATLAB accelerates Al training on GPUSs, cloud, and datacenter resources without specialized

AAzu re

programming.

(e S

NVIDIA

Al Modeling

@ Model design and
tuning

s Hardware
[__oH o] o o
—9a accelerated training

‘}k Interoperability
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MATLAB interoperates with other frameworks

4\ MathWorks

Supports ONNX and can exchange models with PyTorch, TensorFlow, and other frameworks.

1F TensorFlow é’ Caffe2 O PyTorch

I

/

s

Keras \
Al Modeling ‘ | [ ]

4

_ Keras importer
% Model design and

tuning Caffe importer

Hardware
-;'_-I
K, 0

&

MATLAB“’ ONNX

accelerated training C affe

* Interoperability e ‘.\:\. C

65
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Modeling

Al Modeling

% Model design and
tuning

s Hardware
[__oH o] o o
—9a accelerated training

‘;k Interoperability

Bearing 0 4

Flywheel 2 .

Healthy

LIV : 1 1

True Class

LOV 1 2 : 1

NRV 1 1 :

Piston 1

Riderbelt 1

Predicted Class

4\ MathWorks:
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4\ MathWorks

Models need to exist within a complete system
In automated driving systems, Al for perception must integrate with algorithms for path planning,
braking, acceleration, and other controls.

Simulation & Test

Integration with
complex systems

-l>|:|__, System simulation

— X System verification
—+v and validation
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| 4\ MathWorks

Deploy to any processor with best-in-class performance
Al models in MATLAB and Simulink can be deployed on embedded devices, edge devices,
enterprise systems, the cloud, or the desktop.

Deployment

. Embedded devices @?2 e

Generation NVIDIA.
% Enterprise systems

¢ Edge, cloud,
d
desktop
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| 4\ MathWorks

Deploy to enterprise IT infrastructure

Production Server
p Cloud Storage Dashboards
' 4
‘ Request : “ Containers Custom Tools
Broker .

4
' Cloud & Datacenter
Infrastructure

Deployment

-
<>
«»
< »

. Embedded devices

% Enterprise systems

¢ Edge, cloud,
desktop
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Deployment

Deployment

Embedded devices

Enterprise systems

e

- Edge, cloud,
- desktop

EH] GoTo =
L Find
NAVIGATE
MATLAB SOURCE

Function List

Call Tree
E & yolov2_detect.m
Jfx yolovZ_detect
= ) cudnnApi.p
Jfx cudnnApi_register

GEMERATED CODE

Files GPU Kernels

E ES Source Files
[} DeepLearningMetw:
DeepleamningMetw
++ MWAdditionLayer.c
MWAdditionLayerh
[[] MWAdditionLayerlr
B MWAdditionLayerln
++ MWBatchMormaliza

MWEBatchMormaliza

MWBatchMNormaliza

MWBatchMormaliza

T RAASCRIRIL Aune leanl .
»

FlLE

4 &

Trace Edit In Package Export Report
“oce | MATLAE  Code = Information
TRACE EDIT SHARE

-

Function: yolov2_detect

1 function outImg = yolov2_detect(in)

2

3 % Copyright 2018-28192 The MathWorks, Inc.
4

5 persistent yolov20bij;

6

7 if isempty(yolov20Obj)

8 yolov20bj = coder.loadDeeplearningietwork( Yolov2UsingReshat58 ONNX.mat');
9 end

18

11 % pass in input

[y
%]

[bboxes,~,labels] = yolov20bj.detect(in, 'Threshold',8.5);

ol
o

% convert categorical labels to cell array of charactor vectors for MATLAB
% execution
if coder.target( MATLABE")

labels = cellstr{labels);

= e e
24 =] & un

end

]
@ O

% Annotate detections in the image.
outImg = insertObjecténnotation(in, 'rectangle’,bboxes,labels);

=]
=

4\ MathWorks

REPORT =e @

m
m
o

ALL MESSAGES (0 BUILD LOGS CODE INSIGHTS (1) VARIA

©@ Code generation successful

Generated  17-Sep-2019 14:21:46
on:
Build type:  MEX Function
Output file:  C:\Users\shmitratWerk\Deep_Learning'Seminari19b\ResNetimportYolov2\HelperFilesAndFunctions\yolov2_detect mex.mexwt4
Processor:  Generic->MATLAB Host Computer
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MathWorks solutions for deep learning

aﬁ

Deployment

Rapid & integration  Production
prototyping
Code |
Verification & generation
Validation
Parallel
computing
Net\_/vork
Idea design “MathWorks provides a single platform that

supports a complete algorithm development
O workflow from idea to production.”
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Demo: Malaria Detection

Uninfected Parasitized Uninfected Parasitized Parasitized
Label Count — -
&>
Farasitized 13779 ,
2 Uninfected 13779

Parasitized Parasitized Parasitized

Parasitized
F oM

Uninfected
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Demo: Malaria Detection

Uninfected
-

Parasitized

Parasitized

j

i

Parasitized

Parasitized

Parasitized

Uninfected

=T,
< &
.
[

Parasitized

N

Parasitized

Parasitized

Parasitized

Uninfected

Uninfected

4\ MathWorks
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Demo: Malaria Detection
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Demo: Malaria Detection

Output Class

Parasitized

Uninfected

Confusion Matrix: AlexNet

2679 158 94.4%
48.6% 2.9% 5.6%
77 2598 97.1%
1.4% 47.1% 2.9%
97.2% 94.3% 95.7%
2.8% 5.7% 4.3%
'&Qb &
& &
D O
< S

Target Class

Detection Rate

0.9

o
e

©
\'

o
)

o
&)

©
~

o
w

©
(V)

0.1

4\ MathWorks

0.2

04 0.6
False Positive Rate

0.8
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Interactively design and edit neural networks

- Use deep learning for medical imaging tasks ey —
such as segmentation, classification and B - B
. =] ‘o - T -
detection B oo ne ome T

« Interactively create and edit deep learning
networks

— Built-in Deep Network Designer app O

Interactively build and visualise network structures

= Analyse network architecture to detect errors
and layer compatibility issues before training

Segmentation of brain tumours in 3D
images using deep learning
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Import pre-trained models for fast implementation

4\ MathWorks

= Access pretrained networks and use them as
a starting point for new models
— Multiple pre-trained networks available online i

= Perform transfer learning to use the learned
features in the network for a specific task

« Compare the accuracy of pre-trained
networks for a specific medical imaging task

Analysis of pretrained models
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Example: A list of pretrained networks

Deep Network Designer

4\ Deep Network Designer

Blank Network

v Pretrained Networks

=

SqueezeNet

Pretrained SqueezeMet
network model for image
classification

Depth: 18

Size: 4.60 MB
Parameters: 1.24 M
Input Size: 227x227x3

ninininiE LA

ujulsls C
nili= il 0

NasMNet-Mobile

Getting Started | Compare Pratrained Networks

From Workspace

0
00O
0000
]

0 O O
0000

GooglLeNet

1 |
1000 [O000C
|

NasMNet-Laroe

Transfer Learning

ResNet-50

H

I:I
0 'TH

Xception

[1 |
| 01 |
[]
| []
L] | ]
| | ]
] | []
]
| L]
DarkMNet-53 DarkNet-19 ShuffleNet
] |
] |
oo 0 0
1
Oo0oan 1
] 1 []
]
(| []
1 |
Oo0oamn 01
Places365-Gooale... MobileNet-v2 DenseNet-201

4\ MathWorks
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Track training progress and compare performance

= Train networks under various initial

l

conditions and compare the results = —
— Built-in Experiment Manager app == IiERy g
&l 5

- EaSIIy Compare dlfferent network Design and run experim_entstotrain
architectures using the same training data and compare deep learning networks

= Use custom metrics to compare the
performances of deep learning modes

Model performance evaluation using
confusion matrix
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Example: Manage multiple deep learning experiments
Experiment Manager

v PROJECTBROWSER O || Sxparment) | Fun-03 052019 13.52 51 762 « o |FuTERs P
« 15 TranNetworkSroject 2
e Result Details Status: Fuing [ Quove | So9009 Compiote
= ) Expecments Experiment Name Exparimentt
' Q‘L;l::ﬂmﬂ.-ﬂ Expesiment Description
. g"::m Start Time S/2019, 1:50:49 PM
&) loperasn Tota! Number of Trials 18
£) tayerst:m Status of all Trials ———1]
3::‘:;1: Legend B Queuscio) [l Running(0) [l Complete(16) [l Stoppedio)
{:]w“_m Numbaer of trials after applying 16
fiters o
! . iShow ar Hide columns ¥ 3 3
= RESULTS BROWSER o v -
I Run- 03 05 2016 1352 51 782 [Teiat 'Status NumTraining  LeamRate [Accuracy |Loss b vt
1 Comgiste 650 0.03 0.0090 0.2910
2 Compinta 700 0.03 0.0070 0.2910
3 Caomglote 750 n.oi U.00R0 0.2100
4 Complote 800 0.0 0.0053‘ 0.2550
S‘CDW 650 0.02 0.0090 0.2960
ﬁ'm J00 0.02 0.0070 Q.2970
7 Complets 750 0.02 0.009¢ 0.2450
o Comoless 00 0.02 9.0090 0.2140
3 Compiase 650 v.03 0.0000 0.2926
10 Compiste 700 0.03 0.0099 0,2960
11| Compiete 750 0.03 0.0000 0.2040
12 Comglete noo 0.03 0.0090 0.2930 -

4\ MathWorks:
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Interoperate with deep learning frameworks

« Import models from TensorFlow-Keras and
Caffe for inference and transfer learning

« Exchange models in ONNX format for
working with other deep learning frameworks

« Export trained MATLAB deep learning
networks to ONNX model format for sharing
models

4\ MathWorks

Exchange models using ONNX format

81



Accelerate model training in the cloud

= Train models on different environments using
MATLAB Deep Learning Container

« Reduce deep learning training times with
cloud instances

— AWS and NVIDIA GPU Cloud support

= Run deep learning training across multiple
processors on multiple servers

......

----------------

""""""""""

------------------

Run training across multiple
processors on multiple servers

4\ MathWorks
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4\ MathWorks

Share trained deep learning models with end users

MATLAB Compiler for sharing MATLAB
programs without integration programming

MATLAB Compiler SDK provides
iImplementation and platform flexibility for
software developers

MATLAB Production Server provides the
most efficient development path for secure
and scalable web and enterprise
applications

MATLAB

MATLAB MATLAB
Compiler Compiler SDK

Standalone | Excel ——| MATLAB
icati i e Production
Application | Add-in Hadoop | Product

MATLAB

Runtime
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4\ MathWorks

Deploy trained networks to embedded systems

« Generate optimised CUDA code for performance-

critical applications NVIDIA.

Generate CUDA code for optimised

« Generate C++ code to deploy deep learning performance on GPUs
networks to Intel and ARM processors

« Deploy trained networks as C++ shared libraries,
Microsoft .NET assemblies, Java classes and
Python packages

Optimise C++ code for embedded processors
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4\ MathWorks:

Accelerate algorithm deployment by running in parallel

« Speed up your deep learning models by using
GPU and multicore CPU processors

« Legacy MATLAB algorithms can run on GPUs
with minimal code changes

« Run deep learning models directly on virtual
clouds such as Amazon Web Services (AWS) or
Microsoft Azure

Deploy MATLAB algorithms and deep learning
models on GPUs and multicore CPUs

_’
4

Run MATLAB algorithms directly on EC2
instances in the Amazon Web Services (AWS)
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Why MATLAB & MathWorks for Deep Learning?

v" MATLAB provides integrated and complete workflow

v Pre-trained models and interactive tools allow fast
Implementation from concept to code

v' Trained models can be shared to end users easily online or
using executable apps

v' Automatic code generation enables deployment on
embedded production hardware

v Support offered by engineering support, comprehensive
documentation, demos and application examples

4\ MathWorks
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4\ MathWorks:

Online examples of deep learning in medical imaging

= Deep Learning Toolbox

= 3D Image Segmentation of Brain Tumors Using Deep Learning

= Deep Learning for Medical Imaqging: Malaria Detection

=  Medical Image Segmentation Using SegNet

= 3-D Deep Learning : Lung Tumor Segmentation

= 3-D Deep Learning : 3-D Volume Labeling Assist Tool

87


https://www.mathworks.com/products/deep-learning.html
https://www.mathworks.com/videos/3d-image-segmentation-of-brain-tumors-using-deep-learning-1566209336897.html
https://blogs.mathworks.com/deep-learning/2019/11/14/deep-learning-for-medical-imaging-malaria-detection/?s_v1=29620&elqem=2890263_EM_WW_20-01_NEWSLETTER_CG-DIGEST-MED-DEVICES&elqTrackId=dcdd64177df746d2a1b203b757c84fd2&elq=ec002abb143e4921b3e71cb0ccb6c55d&elqaid=29620&elqat=1&elqCampaignId=10701
https://www.mathworks.com/matlabcentral/fileexchange/66448-medical-image-segmentation-using-segnet
https://www.mathworks.com/matlabcentral/fileexchange/71521-3-d-deep-learning-lung-tumor-segmentation
https://www.mathworks.com/matlabcentral/fileexchange/71999-3-d-deep-learning-3-d-volume-labeling-assist-tool
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Evolution of Deep Learning in MATLAB

2016

CNN’s
Pretrained Models

Caffe Importer

2017

Name Change

* Neural Network Toolbox
to Deep Learning Toolbox

Algorithms

« LSTM’s

» Directed Acyclic Graphs
* Multi-GPU Training
Code Generation

* GPU Coder

Apps

* Image Labeler
Interoperability

* TensorFlow-Keras
Importer

2018

Examples

» Signal Processing

* Audio

» Text Analytics
Algorithms

* Wavelet Scattering
Code Generation

* MATLAB Coder C++
Apps

+ Deep Network Designer
» Video Labeler

* Audio Labeler
Interoperability

* ONNX Support

2019

* Reinforcement Learning
Algorithms
* Automatic Differentiation
» Custom Training Loops
* Weight Sharing
* Big Image
Examples
* GANs
+ Siamese Network
» Autoencoders
* 3-D support
* Explainable Al
» Occlusion
+ Grad-CAM
Code Generation
« MATLAB Coder (ARM)
Apps
» Signal Labeler

» Deep Learning Data Sets
Apps

» Experiment Manager
Examples

» 5G Communications

Algorithms
* Point Cloud
Code Generation

* Quantization



Figure 1. Magic Quadrant for Data Science and Machine Learning Platforms

_,_l MathWorks'

is a Leader in the Gartner Magic s 95

T1BCO Software

Quadrant for 2020 Data Science 00s® @tk
and Machine Learning Platforms " oo

@ Domino

Anaconda

COMPLETENESS OF VISION > As of November 2019 © Gartner, Inc

Source: Gartner (February 2020)

*Gartner Magic Quadrant for Data Science and Machine Learning Platforms, Peter Krensky, Erick Brethenoux, Jim Hare, Carlie Idoine, Alexander Linden, Svetlana Sicular, 11 February 2020 .




4\ MathWorks:

Further Learning & Teaching

Deep Learning Onramp
— 2 hr online tutorial

Deep Learning

Onramp @,
Deep Learning Workshop

— 3 hr hands on session
— Contact us to schedule

Deep Learning Training
— 16 hrin depth course Teaching

— Online or Instructor Lead Deep Learning
with MATLAB

Teaching Deep Learning with
MATLAB

— Curriculum support
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https://www.mathworks.com/learn/tutorials/deep-learning-onramp.html
https://www.mathworks.com/training-schedule/deep-learning-with-matlab.html
https://www.mathworks.com/academia/courseware/teaching-deep-learning-with-matlab.html
https://www.mathworks.com/academia/courseware/teaching-deep-learning-with-matlab.html
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MathWorks Engineering Support

Technical Support

4\ MathWorks
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The Platform

MATLAB, Simulink, and over
100 add-on products for
specialized applications
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22
Your People

Helping you build an agile
workforce today and
preparing tomorrow’s

engineers

pd

Our Expertise

From onboarding and
implementation to solving
advanced engineering
challenges
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