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Co je MATLAB a Simulink

MATLAB

— inzenyrsky nastroj a interaktivni prostredi

pro védecké a technické vypocty
— grafické a vypocetni nastroje
— grafickeé aplikace (GUI, APPS)
— otevreny systém

« Simulink

— nadstavba MATLABuU

— modelovani, simulace a analyza
dynamickych systémii

— prostredi blokovych schémat

— platforma pro Model Based Design

« Aplikacni knihovny
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Strojové uceni, statistika a optimalizace
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Deep learning, neuronové sité, fuzzy
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What is Machine Learning ?

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

Task: Human Activity Detection

/ Standard Approachx. \ Machine Learning Approach

S 5 o i
acnine
/H\ learning
Qe /H\
Hand Written Program Formula or Equation —
model: Inputs - Outputs
If X_acc > 0.5 Yactivicy
1Y aco< dand 2 scc>s | o Lrkace Pl
~ then “STANDING” + B3Z4cc + model = <:Z;27§:7.§1 >(sensor_data, activity)
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Machine Learni ng MACHINE LEARNING

« Different Types of Learning:

SUPERVISED UNSUPERVISED
LEARNING LEARNING
4 N [ N [ N
CLASSIFICATION REGRESSION CLUSTERING
\. J \. J \
- N N N
Support Vector Linear Regression, K-Means, K-Medoids
Machines GLM Fuzzy C-Means
- VAN / \ J
r - - - -\ lr -\ ( -\
D rahmant SVR, GPR Hierarchical
\ J A J . /
. N\ N N
Naive Bayes Ensemble Methods Gaussian Mixture
- S \S vy \ J
g ™ e ™) 'a )
Nearest Neighbor Decision Trees Neural Networks
. J \ S \ S
,f N ‘ 2
Neural Networks Hidden Markov
Mode




What is Machine Learning ?
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Machine learning uses data and produces a program to perform a task

MACHINE LEARNING

Manual Feature

Extraction

Classification
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% Machine Learning

CAR v
TRUCK X

BICYCLE X
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What is Deep Learning ?

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

DEEP LEARNING

Convolutional Neural Network (CNN) CAR v

= 959, ] TRUCK X
3%

l Learned Features

| - | 2% _

BICYCLE X
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Deep Learning is Ubiquitous

Computer Vision

Signal Processing
Robotics & Controls
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Why Is Deep Learning so Popular ?

Results:
— 95% + accuracy
« on ImageNet 1000 class challenge
Computing Power:
— GPU’s
— advances to processor technologies

= possible to train networks on massive
sets of data

Data:
— availability of storage
— access to large sets of labeled data

Pre-2012 (traditional
computer vision and
machine learning
techniques)

> 25%
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2012 (Deep Learning)

~ 15%

2015 (Deep Learning)

<5 %
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LAB for Deep Learning

 Network Architectures and Algorithms

 Training and Visualization

« Access the Latest Pretrained Models

« Scaling and Acceleration

« Handling Large Sets of Images

* Object Detection

« Semantic Segmentation

« Ground-Truth Labeling

« Embedded Deployment

Hidden Layers

&

£ THUMUSOFT




A HUMUSOFT
Convolutional Neural Networks (CNN)
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Convolution Convolution Convolution Convolution _ 2 0
RELU | RELU n RELU RELU [ Or 52 ~hmek Il 3
(rectified linear units) (rectified linear units) (rectified linear units) (rectified linear units) L E3 -§_
i) o2
X3 = O— “S yauto @ @
Pooling Pooling Pooling Pooling D 3 3 K
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FC
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prefiltrovany vystup z kazdé vrstvy je vstupem do vrstvy nasledujici

konvoluéni vrstvy « » klasifikacni vrstvy

What do filters do?

Great for classification:
 Convolution Layer

* RelLU Layer

« Max Pooling Layer




CNN in MA
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DEEP NETWORK DESIGNER

ED:' & EEI ok cu El (| Zoom In E

) Gopy

| e [ e | | e [ e | New Import  Duplicate Fit (=, Zoom Out Auto
[ Pasi= o View Arange
FILE ‘ |
LAYERS
INPUT

Convolution2DLayer

TransposedConvolution2DLayer

FullyConnectedLayer

LSTMLayer

L1 O w = =

BiLSTMLayer

CTIVATION

E Rel ULayer
E LeakyRelLULayer
E ClippedRelULayer

I

=2

Analyze  Export

»

*X| PROPERTIES

Convolution2DLayer

FilterSize 55

Hame conv

HumFiters 20

Stride 11

DilationFactor 11

Padding 0,0.0.0
Weights i}

Bias i}
WeightleamRateFactor
WeightL2Factor

BiasLeamRateFactor

BiasL2Factor

options

convnet
results =

layers
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[imageInputLayer([28 28 1])

convolution2dLayer(5,20)
reluLayer()
maxPooling2dLayer(2, 'Stride',2)
fullyConnectedLayer(10)
softmaxLayer()
classificationLayer()];

trainingOptions('sgdm');
trainNetwork(trainingData,layers,options);

classify(convnet,newData);
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>30 Layers

imageInputlLayer Image input layer
image3ddInputLayer 3-D image input layer
convolution2dLayer 2-D convolutional layer
convolution3dLayer e — i i ) -
leakyRelulayer Leaky Rectified Linear Unit (RelLU} layer
groupedConvolution2dLayer . i i i ) )
clippedRelulayer Clipped Rectified Linear Unit (ReLU) layer
transposedConvZdLayer o - -
elulLayer Exponential linear unit (ELU) layer
transposedConvidlayer i
taﬂr‘LE}'E‘r‘ 1 I\..-.,-..—I...nl..,-.l- nnnnn P N A i
fullyConnectedLayer maxPoocling2dLayer Max pooling layer
batchNormalizationlLayer X i
relulayer maxPooling3dLayer 3-D max pooling layer
crossChannellormalizationlayer :
maxUnpooling2dLayer Max unpooling layer
dropoutLayer . -
additionLayer Addition layer
averagePooling2dlayer .
concatenationlLayer Concatenation layer
averagePooling3dlayer .
depthConcatenationLayer Depth concatenation layer
softmaxLayer Softmax layer
classificationLayer Classification output layer
regressionLayer Create a regression output layer

« Author custom layers in MATLAB using the Custom Layer API

— including automatic differentiation
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2 Approaches for Deep Learning
 Approach 1: Train a Deep Neural Network from Scratch
: CAR v
L CONVOLUTIONAL NEURAL NETWORK (CNN)
LEARNED FEATURES -9350;%’- TRUCK x
4 |y .
- o O A B
BICYCLE X
Recommended only when:
Training data 1000s to millions of labeled images
Computation Compute intensive
Training Time Days to Weeks for real problems

Model accuracy High (can overfit to small datasets)
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2 Approaches for Deep Learning

 Approach 2: Fine-tune a pre-trained model (transfer learning)

| TRAINED ON CATS AND DOGS FINE-TUNE NETWORK WEIGHTS

CARv
PRE-TRAINED CNN H NEW TASK
TRUCK X

NEW DATA

Recommended when:

Training data 100s to 1000s of labeled images (small)
Computation Moderate computation
Training Time Seconds to minutes

Model accuracy Good, depends on the pre-trained CNN model
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Transfer Learning using Pre-Trained Networks

* Pre-Trained Networks . — ——————

= = =Pareto frontier

— AlexNet :
- VGG-16 and VGG-19 .
— GoogLeNet .
— ResNet-50 and ResNet-1012 _.* ___.-- Q%.’““
— Inception-v3 pairiaph

_ Ince
*r - .Re;N:et-E:D NASMNet-Mobile enseNet-
-
-
I 0= - "Mn:bileNet—VZ VGG-16 VGG-19 _
— Inception-ResNet-v2 - Bhares

-
.l
65 ) GoogleNet

— SqueezeNet ;

)

Accuracy (%

80 [~ ' n
— and more ... ,
eezeNet
BB —
AlexMNet
50 L | | | | | | | | | | | | | | |
9 2 3 4 5 (i1 T 8 9 10 15 20 25 30 35

Relative Prediction Time Using GPU

15
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Transfer Learning using Pre-Trained Networks
* Pre-Trained Networks
— AlexNet

— VGG-16 and VGG-19
— GooglLeNet \‘ ,/
s

— ResNet-50 and ResNet-101 | D

— Inception-v3 - R ‘
— Inception-ResNet-v2 m fl \

— SqueezeNet \

Microsoft
— and more ...

Cognitive
Toolkit

« ONNX Model Converter

16
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Training, Validation and Visualization —

HAME LEARNABLES

uieights Sx5x1x20

11111111

* Network Analyzer (analyzeNetwork)
— find problems in network architectures before training

111111

sofimax

 Monitor training progress
— plots for accuracy, loss, validation metrics, and more

« Automatically validate network performance e
— stop training when the validation metrics stop improving i

* Perform hyperparameter tuning
— using Bayesian optimization
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Debugging and Visualization

Visualize activations and filters from intermediate layers

golden retriever (0.55) Grad-CAM

CAM (Class Activation Mapping)
Grad-CAM
Occlusion sensitivity maps

Deep Dream visualization



P
B P

£ HUMUSOFT

Deep Dream Images Using AlexNet

Hen Indian Yorkshire Tiger
cobra terrier
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Handling Large Sets of Images

 Use imageDataStore
— easily read and process large sets of images

« Access data stored in
— local files
— networked storage
— databases
— big data file systems

« Efficiently resize and augment image data
— Increase the size of training datasets

- imageDataAugmenter, augmentedImageDatastore

20
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Deep Learning Models for Regression

« To predict continuous data such as angles and distances in images
* Include aregression layer at the end of the network

layers = [imageInputLayer([28 28 1])
convolution2dLayer(12,25)
reluLayer()

fullyConnectedLayer (1)
regressionLayer()];

options = trainingOptions('sgdm');
convnet = trainNetwork(trainImages,trainAngles,layers,options);
results = predict(convnet,newImages);
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Directed Acyclic Graphs (DAG) Networks

22

 Represent complex architectures
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- layerGraph, plot, addLayers, removelLayers, connectLayers, disconnectLayers

« Addition layer, Depth concatenation layer

a) Key
W i
) ; : D Normal Layer
._> Sl B B B —' . Output Layer
. Multiple Input Layer
c) - - . /'I ‘ . a) layers connected in series

b) DAG network: layers are skipped (ResNet)

c) DAG network: layers are connected in parallel (GoogLeNet)
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Customizations —
 Define and train complex networks using -
— custom training loops E—
— automatic differentiation -
— shared weights .
. I
— custom loss functions _
E
« Custom layers support |
— define new layers, including layers with multiple inputs and outputs ,
* Multi-Input, Multi-Output Networks _
— create and train networks with multiple inputs and multiple outputs _
« Build advanced network architectures |
— GANSs, Siamese networks, attention networks, ... _ _
N N
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Image Classification vs. Object Detection

* Image Classification

— classify whole image using
set of distinct categories

— object recognition
— scene recognition

* Object Detection

— recognizing and locating the
(small) object in a scene

— multiple objects in one image

24
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Standard Image Classification and Object Detection
Algorithms in MATLAB

Object detection using extracted features
— edges, corners, SURF, MSER, HOG, LBP, ...

Template matching

Bag of features

Image segmentation and blob analysis

Viola-Jones algorithm, ACF
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Object Detection using Deep Learning

« Family of R-CNN object detectors (Regions with Convolutional Neural Networks)
— R-CNN, Fast R-CNN, Faster R-CNN
— uses region proposal to detect objects within images

% Classification

- g I|
: . 4 Resized patches I J_lJ
7 | CNN

} .

SVM Boundiﬁg box
refinement layer

— Fast and Faster R-CNN improve detection performance for large number of regions

« YOLO v2 deep learning object detector (you-only-look-once)
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Object Detection Training Workflow

new image

4 N

train detector r ~
use detector

4 )

training data

trainRCNNObjectDetector
trainFastRCNNObjectDetector . detect()
trainFasterRCNNObjectDetector

trainYOLOv20bjectDetector - J

o /

* images
 labels within images

- J

27
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Ground-Truth Labeling

 App to label pixels and regions
— ImagelLabeler App

— for object detection
— for semantic segmentation

« Automate ground-truth labeling

— automation API

 Video annotation
— VideoLabeler App

28
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Semantic Segmentation

Classify individual pixels

Manage data
- imageDatastore + pixelLabelDatastore
- pixelLabelImageDatastore

Perform semantic segmentation

- semanticseg

Special layers

- pixelClassificationLayer, crop2dLayer

Complete networks

- segnetLayers, fcnLayers, unetLayers

&
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Semantic Segmentation

&

£ THUMUSOFT



P
B P

£ HUMUSOFT

Automated Driving Toolbox

Design, simulate, and test ADAS and autonomous driving systems

Object detection
— lane marker detection, vehicle detection, ...

Multisensor fusion
— vision, radar, ultrasound

Visualization
— annotation, bird’s-eye-view, point cloud
Scenario Generation

— synthetic sensor data for driving scenarios

Ground-truth labeling
— annotating recorded sensor data

31
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Reinforcement Learning Toolbox

Design and train policies using
reinforcement learning

Use these policies to implement
— controllers
— decision-making algorithms

For complex systems, such as

— robots
— autonomous systems, ...

Implement the policies
— deep neural networks, polynomials, look-up tables

Environment modeling
— leverage MATLAB and Simulink models for training

}317"7
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Tra in Biped Robot to Walk Using DDPG Agent

i 63
exanmphe shows how 10 train & Bped Robot, modeled o Snmscaps™ um@, mmmm TNt N s
Dokcv adent (DOPG) agent. For more nformabon on DDPG agents, see Deep Dot by Gradwn! Agen

Biped Robot Model I‘
Thes rerdorcament ameng enmuroniment 10f s exanmpbs S o beped Lol The Wramnng 0oal 1S 10 maks the rabot wak in
& straght Ine without S001esSIVe Of Ut MOBOAS LWSING Menimal control effort

Hip joint ="

Knee joint =—————p

Ankle joint

Ald necessary poths, and foad parametecs of the model 10 the base MATLAB® workspace.

| addpath(genpath( 'Scripts’), genpath('Lib"))
2 robotParasetersil |

Open the model
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Challenges with Signals

 Enhancing the subtle information present in signals
— signals belonging to different classes can have similar properties

 Represent signal features occurring at different scales
— good time-frequency localization

* Need for independent representation of signals
— signal features within same class can have different amplitudes or polarities etc.

33
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Using Time-Frequency Representations

* A time-frequency representation captures how spectral content of signal
evolves over time

— can be saved as an image

 Many time-frequency representations are available
— spectrogram

— scalogram (continuous wavelet transform) : ‘ ﬁ A A A A A

— constant Q transform etc.

« Generate time-frequency representations of signals with two lines of
MATLAB code

34
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Deep Learning with Time Series Workflow

go up

1. Create time-frequency representation of
the signal data

— Signal Analyzer app 0

— spectrogram
e spectrogram, pspectrum 08
— scalogram (continuous wavelet transform)

e cwt

2. Capture time-frequency images
3. Apply deep neural network to the images

35
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What Is a Wavelet

A wavelet is arapidly decaying wave like oscillation Wavelst
with zero mean

 Wavelets are best suited to localize frequency
content in real world signals

« MATLAB makes it easy by providing default

Sine wave
wavelets

36
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Time-Frequency Analysis — Comparison
« Short Time Fourier Transform « Continuous Wavelet Transform
f S
i .
i
Fixed window size limits the resolution Wavelets — well localized time and frequency

Variable sized windows capture features at

. different scales simultaneously
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Long Short Term Memory (LSTM) Networks

« LSTM layer is recurrent neural network (RNN) layer
— learn long-term dependencies between the time steps of sequence data

* Prediction and classification on time-series, text, and signal data

O 99§
T

38
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LSTM Layer

« Attime step t, the block takes:
— current state of the network (c_4,h;-)

— next time step of the sequence X, he h, hs h, e
 Then computes:  (taver -
— the output h, el e e e e e 5 I Updated
— updated cell state c, \ ! ) State
B 1
2
Feature
Dimension 3
L D
X 1 2 3 t S
« LSTM layer parameter i Y ;
— numHiddenUnits = length of h, = length of c, Time Steps

39
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LSTM in MATLAB

layers = [sequenceInputLayer(num_channels)
1stmLayer(num_HiddenUnits, <<:::
fullyConnectedLayer(num_classes)

"OutputMode’, 'sequence’
"OutputMode’, 'last’

softmaxLayer()
classificationLayer()];

options = trainingOptions('adam');
lstmnet = trainNetwork(trainingSequences,Y,layers,options);
results = classify(lstmnet,newSequences);
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Multi-Platform Deployment

* Deploy deep learning models anywhere

— CUDA
— C code
— enterprise systems

— or the cloud

 Generate code that leverages optimized libraries

— Intel® (MKL-DNN)
— NVIDIA (TensorRT, cuDNN)
— ARM® (ARM Compute Library)

= deployable models with high-performance inference speed.

41
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L atest Features

 What’s New in MATLAB for Deep Learning?

— https:/lIwww.mathworks.com/solutions/deep-learning/features.html

42
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Jak zacit s prostredim MATLAB?
 Zkusebni verze:

— plnohodnotna verze MATLAB
— casové omezena na 30 dni

— moznost libovolnych nadstaveb
— v pripadé zajmu vyuzijte kontaktni formular

« MATLAB Onramp:
— on-line kurz zdarma

— casova narocnost: 2 hodiny
— prihlaseni:

43
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Zdroje informaci

 Internetové stranky

— www.humusoft.cz

— www.mathworks.com

 MATLAB Central

— mezinarodni komunita pfiznivcl a uzivatelti systému MATLAB/Simulink
— www.mathworks.com/matlabcentral/

* Informacni kanaly

— Facebook verejna skupina MATLAB a Simulink (SK C2)
— www.facebook.com/groups/matlab4students/

44
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Zdroje informaci

« Www seminare (webinars)
— on-line seminafe zdarma (AJ, CJ, SJ), k dispozici videa z téch, které jiz probéhly
— www.humusoft.cz/wwwseminare

 Workshopy

— praktické seznameni s nastroji MATLAB & Simulink a COMSOL Multiphysics
— www.humusoft.cz/workshop/

 Skoleni
— MATLAB, Simulink, dSPACE, COMSOL Multiphysics
— www.humusoft.cz/skoleni

45
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Dekuji za pozornost



