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What is Deep Learning ?

—

yster

Deep learning is a type of machine learning that performs end-to-end learning by
learning tasks directly from images, text, and sound.
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Convolutional Neural Networks
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Why Is Deep Learning So Popular Now?
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Deep Learning Enablers

60x Faster Training in 3 Years

Acceleration with GPUs

Massive sets of labeled data

AlexNet VGG-16 ResNet-50 ResNet-101

Availability of state of the art models =~ PEraNe  PRemane  PRERANEDMODEL  PRETRANEDMOD
MODEL MODEL
from experts Caffe GooglLeNet TensorFlow- Inception-v3
IMPORTER PRETRAINED Keras e

MODEL IMPORTER
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Challenges
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Handle and label large data sets

Accelerate deep learning with GPUs

Access and use models from experts

Deploy the trained model .,
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Systematics

Visualize and debug deep neural networks

Enterprise Servers

AlexNet

PRETRAINED
MODEL

Caffe

IMPORTER

ResNet-50
PRETRAINED MODEL

TensorFlow-

Keras
IMPORTER

€ ONNX
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MATLAB makes deep learning easy and accessible
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MATLAB makes Deep Learning Easy and Accessible

imageDS = imageDatastore (dir)
oo, o E 'I I t f.
New MATLAB capabilities to asily manage large sets of images

- Handle and label large data sets

= Accelerate deep learning with GPUs

Visualize and debug deep neural networks

Access and use models from experts

Deploy the trained model

8
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Demo: Label Images with MATLAB

4\ Training Image Labeler - labelingSession.mat - X

[ Y o r Dok gk & o 0

Systematics
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Data Browser

IIimages
h’ thegin, click the Add Images button.
7

06_highway_cutin_20s01

ROIs: 2

‘ 06_highway_cutin_20s02

ROIs: 3

H 06_h|ghway_cuhb0503

ROIs: 0

H 06_highway_cutin_20s04

ROIs: 0
[VIROI Labels

Car

TrafficSign

Number of images labeled: 2/40 Total number of ROIs: 5

Easily label object(s) from the desired class(es)
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Demo: Label Videos with MATLAB

#\ Ground Truth Labeler
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Scene Label Definition results, chick Undo Run Click Settings 1o modify
algonithm setfings, and then Run agan The Paint.
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¥ off, consider using a different feature detector
Y 7 il La
ime {nterva AcceptiCancel When you are satisfied with resuls.
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Cancel to return to manual labeling without saving
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> i .
04.35000 10120000 10.20000 [vea] v} ({0 ] L[] | {000 Zoom Out Time interval
Start Time Current End Time Max Time

Automate Ground Truth Labeling by running
custom or pre-built trackers ”
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R-CNN Vs. Semantic Segmentation

Systematics

Regions with Convolutional Neural
Network Features (R-CNN)

Semantic Segmentation using SegNet

11
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Demo: Label Images and Videos at the Pixel Level

4\ Image Labeler — O X
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Essential for semantic segmentation
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MATLAB makes Deep Learning Easy and Accessible

New MATLAB capabilities to

Systematics

aDS = audioDatastore(dir)
Easily manage collection of audio files

Handle and label large data sets

Accelerate deep learning with GPUs

Visualize and debug deep neural networks ==

Access and use models from experts

Deploy the trained model
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MATLAB makes Deep Learning Easy and Accessible

New MATLAB capabilities to

» Handle and label large data sets

= Accelerate deep learning with GPUs

« Visualize and debug deep neural networks
= Access and use models from experts

« Deploy the trained model

Acceleration with Multiple GPUs
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Deep learning on CPU, GPU, multi-GPU and clusters

15
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Deep learning on CPU, GPU, multi-GPU and clusters
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Deep learning on CPU, GPU, multi-GPU and clusters

- I@@@@@@@@h
opts = trainingOptions('sgdm', p)
'"MaxEpochs', 100, ...
'"MiniBatchSize', 250 * nGPUs|,
'"InitiallLearnRate', 0.00005 * nGPUs,
;'ExecutionEnvironment', 'parallel' ) ;
= =) = =] =]
<8 WH b b
-\ AR -\
17
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Training in MATLAB is fast

Training time per epoch
AlexNet CNN

TensorFlow 14405
MATLAB
MATLAB is more than 4x
faster than TensorFlow
0 2000 4000 000 82000 10000 12000 14000 16000

Time (sec) - LOWER IS BETTER

AlexNet CNN architecture trained on the ImageNet dataset, using batch size of 32, on a
Windows 10 desktop with single NVIDIA GFU 18
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MATLAB makes Deep Learning Easy and Accessible

90

New MATLAB capabilities to

80 100 120 160 200
nnnnnnnnn

Training Accuracy Plot

Handle and label large data sets
Accelerate deep learning with GPUs j

Deep Dream Network Activations
Layer conv3 Features

Visualize and debug deep neural networks

Access and use models from experts

Deploy the trained model

Feature Visualization 19
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MATLAB makes Deep Learning Easy and Accessible

Curated Set of Pretrained Models

Complete list:

NEW MATLAB capabilities to www.mathworks.com/solutions/deep-learning/models.html
Access Models with 1-line of MATLAB Code
Netl = alexnet
« Handle and label large data sets Net2 = vgglé
Net3 = vggl?9
Netd4d = resnetb0
Netb = googlenet

Accelerate deep learning with GPUs

Interface with Other Frameworks

Visualize and debug deep neural networks  tensorfiow-

Keras
IMPORTER

Access and use models from experts Caffe

IMPORTER

Deploy the trained model @ONNX ﬂ

ONNX = Open Neural Network Exchange Format


https://www.mathworks.com/solutions/deep-learning/models.html
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MATLAB makes Deep Learning Easy and Accessible

New MATLAB capabilities to

Desktop Apps

» Handle and label large data sets

» Accelerate deep learning with GPUs MATLAB

Compiler
MATLAB Enterprise Scale Systems
" . . Production Java
Visualize and debug deep neural networks S MATIAR

MATLAB C/ C++

Coder Python
= Access and use models from experts

Embedded Devices and

GPU Coder Hardware

= Deploy the trained model



. @\ MathWorks Systematics

With GPU Coder, MATLAB is fast

Single Image Inference (Titan XP, Linux)

250
GPU Coder
is faster than

200 TensorFlow,
MXNet, and

8150 | { PyTorch

“g

<

£ 100 |

50 |

0

ResNet-50 VGG-16 GooglLeNet

Intel® Xeon® CPU 3.6 GHz - NVIDIA libraries: CUDAY - cuDNN 7 - Frameworks: TensorFlow 1.8.0, MXNet 1.2.1, PyTorch 0.3.1 23
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Benchmarking Resnet-50 on GPUs

Platform Back-end Latency (ms) Speedup over

MATLAB | TensorFlow vi.7 | T€nsorFlow
GPU Coder

(desktop) CUDNN v7 4.6 12.8

Titan XP
TensorRT v3.0.4 2.3 3.0 1.3x
TensorRT v3.0.4 1.0 1.5 1.5x
(int8)

(embedded) CuDNN v7 45.4

Jetson TX2

TensorRT v3.0.4 19.6

24
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Create CNNs with MATLAB, Deploy with GPU Coder

Vehicle
Detection §&

Alexnet

~30 Fps
(Tegra X1)

~66 Fps
(Tegra X1)

People detection Lane detection

25
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Alexnet Inference on Jetson TX2: Memory Performance

C++ Caffe
2500 (1.0.0-rcH)

2000
. MATLAB GPU Coder
m (R2017b)
=
1500 TensorRT 21
g‘ (using giexec wrapper)
& = o .
)
= 1000
¥ "
8 — —
ol

500

0
1 16 32 64 128 256

Batch Size

26
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Benchmarklng Resnet 50 on CPUS

Platform Back-end Latency (ms) MATLAB Coder
Speedup over
MATLAB | TensorFlow | Caffe | Tensor | Caffe
Coder v1.6 Flow

(desktop) MKL-DNN v13 3.3X
12-core Intel
Xeon E5-1650

(embedded) ARM Compute 2000 50000 25.0x
Raspberry Pi3  Library I

27
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Deep learning features summary

= Classification = Data augmentation
= Regression = Hyperparameter tuning
- Semantic segmentation — Bayesian optimization
- Object detection = Python4= MATLAB interface
! Sca|abi|ity = LSTM networks
— Multiple GPUs — Time series, signals, audio
— Cluster or cloud = Custom labeling
« Custom network layers — API for ground—truth labeling
. ONNX Import/Export i ZELOGT;E;:

= Import models
— Caffe
— Keras/TensorFlow

- Data validation
— Training and testing

28
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Image classification using pre-trained network

Train a network to classify new objects

Locate & classify objects in images and video

Speech command recognition

Music genre recognition with wavelet Scattering

29
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T —

Train a network to classify new objects

Demos/ \
T~ %

Locate & classify objects in images and video

Speech command recognition

Music genre recognition with wavelet Scattering

30
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Demo: Image Classification Using Pre-trained Network

E | ClassificationWithPreTrained.m :K] +]

W w1 oy o W

e o T = T B Y S RSy
4 oW N O
I

%% Load Pre-trained CNN
% This network is available from out add-ons location in the home tab.
% You can use a variety of pretrained networks available for download
net = alexnet;
net = wvgglé;

net = vggl9;

%% Classify 'peppers' in 4 lines of code
This 1s a great opportunity to inspect the network and look at the input
layer. There is a size requirement of 227 x 227 for AlexNet.

o oP oo

If you try to classify without resizing, you will get an error
im = imread('peppers.png');

imshow (im) ;

im = imresize (im, [227 227]);

classify (net, im)
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Image classification using pre-trained network

Locate & classify objects in images and video

Speech command recognition

Music genre recognition with wavelet Scattering

32
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Why Train a New Model ?

o Models from research do not work on your data

o Pre-trained model not available for your data type

o Improve results by creating a model specific to your problem

33
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Two Approaches for Deep Learning

1. Train a Deep Neural Network from Scratch

CAR v

CONVOLUTIONAL NEURAL NETWORK (CNN)

a LEARNED FEATURES |:95% :| TRUCK X
3%

BICYCLE X

34
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Demo: Train from Scratch to Classify New Objects

51

Training Progress (01-Nov-2017 15:03:48) = B
Training Progress (01-Nov-2017 15:03:48)

Training iteration &8 of210...
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100 [—
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£ s
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Sg 50 — Frequency: MNess
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< 4 Figuel - T
40—
File Edit View Inser Tool Deskto Windo Help ¥ Otherinformation
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20 —
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o | | | | | | |
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Two Approaches for Deep Learning

1. Train a Deep Neural Network from Scratch

CONVOLUTIONAL NEURAL NETWORK (CNN)

LEARNED FEATURES
- [ ' i " I-
e et

CAR v
95% 7 | TRUCK X
3%
[ 2% ] °
BICYCLE X

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

FINE-TUNE NETWORK WEIGHTS

CAT X
% PRE-TRAINED CNN H NEW TASK
DOG v

36
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Why Perform Transfer Learning

Systematics

= Requires less data and training time

« Reference models (like AlexNet, VGG-16, VGG-19) are great feature
extractors

= Leverage best network types from top researchers

37
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Example: Classify Vehicles With Transfer Learning

Systematics

New Data

S S S (e = >
o ol o o o L n
E EELEE E 28 54
Z = I 3 coe 2 Z<zIR 1000 Category
< d° < 3 S Classifier
-
AlexNet
car —
N\ suv —
- 5 Category
AlexNet pickup — Classifier
van —
J
truck —

38
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Demo: Transfer Learning to Classify New Objects

T : S o X RS
o e~ = e AT R R L, S .
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“ createSavedFiles.m 23 B
“ plotTrainingAccuracy.m 24 nsfer learning instead
Y processimage.m 25 fies, 3 stops
“readAndPreprocessimage.rr 26 :
2 ShowVideo.m
“stopTrainingAtThreshold.m 27
testFilenames48.mat 28
testFrame.mat 29
testim.mat 30
“trainedNet48_test.mat 31 deSubfolders' s LXUC, ...
S TransferLeamingEZ.m 32
SwvisActivations.m
o VisualizeActivations.m 33
34 imds.countEachLabel
35
-
- " fx>>
act1 55x55x9.. ¢
act2 13x13x3..
“actd 13x713x3..
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Training Accuracy Vs. Iteration
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GPU Vs. CPU

Systematics
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Regression Support for Deep Learning

Classification vs. Regression
= Classification — outputs categories/labels

= Regression — outputs numbers

Supported by new regression layer:
routputlayer = regressionlayer ('Name',6 'routput')

Example: Predict facial key-points:

42
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Image classification using pre-trained network

Train a network to classify new objects

Speech command recognition

Music genre recognition with wavelet Scattering

43
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Is Object Recognition/Classification Enough ?

Car ? SUV? Truck?

44
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Object Detection — Locate and Classify Object

45
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Demo: Create Object Detector to Locate Vehicles

Step 1: Label / Crop data
Step 2: Train detector

Step 3: Use detector
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Object Detection Frameworks in MATLAB

Machine Learning
1. Cascade Object Detector
2. Aggregate Channel Features (ACF)

Same labels , train any detector.

Deep Learning

1. R-CNN

2. Fast R-CNN
3. Faster R-CNN

47
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Image classification using pre-trained network

Train a network to classify new objects

Locate & classify objects in images and video

Music genre recognition with wavelet Scattering

48



. @ MathWorks' Systematics

Demo: Speech Command Recognition

|4 Figure 1 - O *
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. @ MathWorks' Systematics

Demos

Image classification using pre-trained network

Train a network to classify new objects
Locate & classify objects in images and video
/ Speech command recognition

——
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. @ MathWorks' Systematics

"4 Music Genre Classifier - O >

Demo: Music Genre Recognition

| Record Sound | Choose Sound

L

File Location | ChAlsersiroyfOneDrive - Systematics LTDiDesktup‘.claSSicaI.Dﬂﬂﬂﬁ.a| [ Browse

| Classiy | | Play ]

Sound Amplitude
T

0.4 T T T T
= Data: http://opihi.cs.uvic.ca/sound
03f -
» gEnres
0.2
= 01
blues jazz E .
classical metal
0.1
country pop
disco reggae 0.2
hiphop rock
0 5 10 15 20 25 30
Time (seconds)
Status: Done.

Prediction: classical



http://opihi.cs.uvic.ca/sound

. ‘@\ MathWorks' Systematics

Wavelet Scattering Framework

= Q: Whatis a deep network ?

A: A network that does:
Convolution =>» Filter signal with wavelets
Non-Linearity = Modulus
Averaging =  Filter with Scaling function

= A comparison:

Wavelet Scattering Framework Convolutional Neural Network

Outputs at every layer Output at the end

Fixed filter weights Filter weights are learnt

53



Systematics

. @MathWnrks*
Classification Learner App
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Results - 87% Accuracy!

Music Genre Classification
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MATLAB makes deep learning easy and accessible
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Deep Learning Workflow

LABEL AND PREPROCESS
DATA

ACCESS AND EXPLORE

DATA

Data Augmentation/

Files
Transformation

Databases Labeling Automation

B =

Import Reference
Models

& owgiehil]

Sensors

Systematics

INTEGRATE MODELS WITH

DEVELOP PREDICTIVE
SYSTEMS

MODELS

Hardware-Accelerated Desktop Apps

Training

Probability

—
|
=]
5]

NVIDIA.

Enterprise Scale Systems

Java

MATLAB
C/C++

Python

Embedded Devices and
Hardware

oy s

Network Visualization

SR
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Types of Datasets
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What's New iIn R2017b?
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What's New iIn R2018a?
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What's New iIn R2018b?
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. *a MathWorks:
R2019a Features

= Reinforcement Learning Toolbox
- 3D

-  Automatic MATLAB code generation from the network that was
designed using the Deep Network Designer

= YOLOV2 Object Detector — training & CUDA code generation
= MobileNet-v2, Xception, and Places365-GoogLeNet

= Create custom layers with multiple inputs or multiple outputs
= Signal Labeler

= And more...

66



. @ MathWorks'

Gartner recognizes MathWorks as a “Visionary” and one of the
top data science platforms in its 2019 research report

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

Strength of MATLAB In asset-
centric industries and for
engineering-focused audiences

Strengths in operationalization
as a fully integrated step
(deployment and enterprise
Integration), data preparation,
machine learning and

deep learning

Sourct

Systematics
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ABILITY TO EXECUTE

Alteryx @
@ RapidMiner
@ TIBCO Software
Dataiku @
@ KNIME
@ SAS
@ MathWorks
@ H20ai @ Databricks
@ BM @ Microsoft
@ Google @ DataRobot
Anaconda @ SAP @
Domino @
Datawatch (Angoss) @
COMPLETENESS OF VISION > As of November 2018 © Gartner, Inc

e: Gartner (January 2019)
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Check Out Deep Learning in MATLAB, GPU Coder and Free Hands-On

‘MathWorks- Products ~Solutions Academia Support Community Events

Deep Learning

Overview Features Examples Models Videos and Tutorials § Trial software &, Contact sales

MATLAB for Deep Learning

Design, build, and visualize convolutional neural networks

Deep learning in MATLAB

‘MathWorks' Products ~ Solutions ~Academia Support Community ~Events

GPU Coder

NEW PRODUCT

Overview Features  Code Examples  Videos  Product Pricing § Trial software  §, Contact sales

Generate CUDA code for NVIDIA GPUs

GPU Coder™ generates optimized CUDA” code from MATLAB® code for deep
learning, embedded vision, and autonomous systems. The generated code calls
optimized NVIDIA CUDA libraries, including cuDNN, cuSolver, and cuBLAS. It can
be integrated inte your project as source code, static libraries, or dynamic libraries,
and can be used for profotyping on GPUs such as the NVIDIA Tesla” and NVIDIA
Tegra®. You can use the generated CUDA within MATLAB to accelerate
computationally intensive portions of your MATLAB cede. GPU Coder lets you
incorporate legacy CUDA code into your MATLAB algorithms and the generated
code.

GPU Coder Capabilities

Leam more

When used with Embedded Coder”, GPU Coder lets you verify the numerical
behavior of the generated code via software-in-the-loop (SIL) testing

Introducing Deep Learning with
MATLAB

[® Download ebook

GPU Coder

Systematics

» MATLAB academy Deep Learning Onramp

Deep Learning Onramp

1. Intreduction
Familiarize yourself with Deep Learning concepts and the course.

Deep Learning for Image Recognition
Course Overview

2. Using Pretrained Networks
Perform classifications using a network already created and trainsd.

Course Example - ldentify Objects in Some Images
Making Predictions

CMNM Architecture

Investigating Predictions

3. Managing Collections of Data
Perform classifications using a network already created and trainsd.

Image Datastores

Preparing Images to Use as Input
Processing Images in a Datastore
Create a Datastore Using Subfolders

4. Performing Transfer Learning
Maodify a pretrained network to classify images into specified classes.

What is Transfer Learning

Components Meeded for Transfer Learning
Preparing Training Data

Modifying Network Layers

Setting Training Options

Training the Metwork

Evaluating Performance

Transfer Learning Summary

5. Conclusion
Learn next steps and give feedback on the course.

Project - Roundworm Vitality
Further Deep Learning Tasks
Survey
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More Information

Code for demos 1-3 (image processing):

*  Website: g00.9l//GCHbAa
www.mathworks.com

Code for demo 5 (signal processing):
. Blog: g00.gl/nSRgMu
www.systematics.co.il/matlab-blog

«  Linked [ Group: S
MATLAB & Simulink users in Israel <A

e Seminars:
www.systematics.co.il/products/mathworks/events/

e (Courses:
www.systematics.co.il/courses/mathworks/

 Videos:
www.youtube.com/user/MatlabSystematics/videos

« Support & Sales: 03-7660111
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Two Ways to Work with TensorFlow and PyTorch

-¥-B
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MATLAB

\ Model Exchange / Co-execution (Python and C++)

ONNX = Open Neural Network Exchange Format
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Example

- 2 Intel
('"te! MKL-DNN

Library
Code-Gen & NVIDIA
Deployment gz TensorRT &
NVIDIA. cuDNN
Libraries

ARM
Compute

Library
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Two Ways to Work with TensorFlow and PyTorch

Toolkit

ONNX = Open Neural Network Exchange Format

Model Exchange

k Co-execution (Python and C++) /
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MATLAB-Python Co-Execution

B Live Editor - ML_code.mlx *
| ML_codemb* | 4 |

Integrating TensorFlow and MATLAB

e

TE code.py

py.TF_code();

Copy code into a .PY file

Wrap entry point in a function

import tensorflow as tf
from tf import keras

def] myTFCode ()]:
for x in y:
a.foo ()

def foo(x):
return x + 1

Add module to Python path and then call
from MATLAB via:

py.myModule ./ myTFCode ()},
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