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What can MATLAB do?
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What is the composition of deep learning?

Deep Learning Model
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Update : Deep Network Designer(MW

4\ Deep Network Designer

Deep Network Designer
ATLAB
Getting Started

~ Pretrained Networks

SqueezeNet

NasNet-Mobile

# Deep Network Designer

Compare Pretrained Networks

Transfer Leaming
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GoogLeNet
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ResNet-50 DarkNet-53
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Xception Piaces365-Goog...

DarkNet-19

MobileNet-v2

4\ Deep Network Designer
DESIGNER

o E3

New Fit (& ZoomoOut Auls
10 View Asrange

FILE BUILD NAVIGATE

LAYER LIBRARY Designer Data

NPT
|5 imagsinputLayer
image3dinputLayer

-5l roiinputLayer
CONVOLUTION AND FULLY CONNECTEL

convolution2dLayer

@ convolution3dLayer
groupedConvolution2dLayer
E iransposedConv2dLayer
@ transposedConvadLayer

g fullyConnectedLayer

SEQUENCE
-
4

LAYOUT _ ANALYSIS

g8 H ¥

o Analyze | Export

EXPORT

Training

E bnda_branchac ‘

|{:;| add_8

E actvatio

tesdb_branchZa

TRAINING

OPTIONS | TRAIN EXPORT
—_—
Training

Accuracy (%)

Training Progress (13-Apr-2020 16:54:03)

1 ! !

Training iteration 869 of 1530...

Training Time

Start time:

Elapsed time:
Training Cycle
Epoch:

Iterations per epoch:

Maximum iterations:

Validation

0 100

200

300 400 500
Iteration

600

700 800 Frequency:

Other Information

Hardware resource:

Learning rate:

Accuracy
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Iteration

Learning rate schedule:

Stop

13-Apr-2020 16:54:03
20 min 33 sec

18 of 30
51
1530

50 iterations

Single GPU
Constant
0.01

Training (smoothed)
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4 Import Data

TRAINING
Import image classification data for training.
Data source: [ Folder v

Select a foider with subfoiders of images for each c.

VALIDATION
Import validation data to help prevent overfitting.
Data source: Spilt from training data v

Specify amount of training data to use for validation.

CARHSHMaterial FrediTrain\ 2% | [ Browse

Percentage: 30154

AUGMENTATION OPTIONS
Random reflection axis x [ ¥
Random rotation (degrees)

Random rescaling

min: | Max: |
win: | max: f

[ images will be resized during training to match network Input size.
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Update : Transfer Learning App(Add-On)

4 Transfer Learning of Pretrained Network for Classification - O X

Transfer Learning ’ Help ' Export I
Train Deep Learning Pre-Trained Model Split Data

THFD : ERAEE . ISR . HB

Train (%) 70 y = 3
[ForCIassiﬁcatlon v ] * [alexnet v -
Import Data (DataStore Validation (%) 30 Analyze Netwol New Layers E |=F| E
° =<
1§m\£ . HJLJ: a | ’I/\\\% ‘*EE CE%
Visualization/Result : |:ﬁ ED I }E\Z, § T:l: 2 *E FI g
Status of Runnin Q * A i "%KIZ o /u\
g View imported Data I Counts of Each label \ Result 1 - Table (Prediction-Validation) l Result2-1 » $_H_ _I E /J $$ E | 5
Insight of Pre-trained Neural Network @ [400 Maltese_dog v ] -
Neural Network : alexnet
_ ) o a1 VAN ot a——
First Layer Input Size : 227 227 3 P ) \ ® ﬁUR%J{t E’\
e _ Maltesesog. File 2, { @ Q (i} ﬁk%ﬁ . *E\:I: =] | BEJJERZ=
Type of Network : Series ;
Number of Layer : 25
Size 227 MB
Number of Class : 1000
Parameters (Millions) : 61.0

Insight of Imported Data

Image Size (Random): 500 333 3

Easy to use! Two steps!

Number of Image : 589
Number of Train Image : 412

Number of Validation Image: 177

Number of Classes : 3

Counts of Each Label :  Refer to the tab of Result

Validity of Imported Data [

Novice
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4\ Experiment Manager

Update : Experiment Manager

- a X

pBonl) g -

New Layout Stop Training  Confusion
hd Duplicate v Plot Matrix v
FILE ENVIRONMENT RUN REVIEW RESULTS

v &
Filter  Export

-

FILTER = EXPORT

EXPERIMENT BROWSER

_I)J A

F

Experiment1 | Result1 Experiment2* 9
~ =] TrainNetworkProject1 : 1% EE
- . ~ Result Details me
~ /&, Experiment1
[ Resuit1 I | Fxneriment1 2020/3/20 Fa0-27-30 IR 411 Trials
-\ Experiment Manager - [l X
e I © <o O R
X Canceled 0 Ay
"] Open = E <
dJ:I Save [)
New Layout Run Stop
¥ = Duplicate - @
FILE ENVIRONMENT RUN ... Training Loss
. . 72.6563 1.0€ v
~ (=] TrainNetworkProject1 L
Description: »
~ /& Experiment
[E Result1 Add description here o

/i, Experiment2 |

Hyperparameter Table:

Name

mylnitialLearnRate

param_2

Setup Function:

Values
[1e-4]
[0]

[0]

| Experiment2_setup1

Specify Training Options

To use the hyperparameters specified in the Experiment Manager, access fields of
notation. For example, to use the initial learn rate myInitiallLearnRate defined in
the trainingOptions function with the argument value params.myInitiallearn

options = trainingOptions('sgdm',
'"MaxEpochs',5,
'ValidationData',imdsValidation,
'ValidationFrequency', 38,

Export

'InitiallearnRate’',params.myInitiallLearnRate);




Update : 74— 5—= 2 FEli ¥y  Data!
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Myself : Style Transfer Model!

(4 Style Transfer s 0 X

A% E(Content Image)

MR BRRETRERBZERIEMS
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numlterations 100 ' Button j

Transfer Image After Iteration 100

i)

iR =

L]
N
-
-
7

100
200
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400 |

500
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600
700

800 Installed © & Sty'G Transfer APP 0 Ratings

0 200 version 1.0 (866 KB) by Liu Fred 1 Download
: o Updated 6 May 2020

(= EMATLABE I % 5 S5 7 5 (MATLAB deep learning application using app designer)
https://github.com/MoonUsagi/Deep-Learning-APP

228 Collection Open Folder

Overview Functions

view license on GitHub

General

1.Deep learning Style Transfer Requires
@ Deep Learning Toolbox
Cite As MATLAB Release Compatibility 11 ‘

Liu Fred (2020). Style Transfer APP (https://www.github.com/MoonUsagi/Deep-Learning-APP), GitHub. Retrieved May d with R
© TeraSOft, |nC. o0z grea(e »wu 2020a
3 3 ompatible with R2020a
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Doc: Data Sets for Deep Learning

Data Sets for Deep EEaiming

Use these data sets to get started with déep [€&Hing applications.

Image Data Sets
Factory Reports
Data Set Description

Factory Reports
Digits calin

The digits data set consists of 10,000 synthetic grayscale images of handwritten digits. Each image is 28-by-28 pixels and varheatingerasiad >

agnnng sber

Doc Link

The Factory Reports data set is a table containing approximately 500 reports with various attributes including a plain text
description in the variable Description and a categorical label in the variable Category

Read the Factory Reports data from the file "factoryReports.csv"”. Extract the text data and the labels from the
Description and Category columns, respectively.

; . . - ! ) ) heard 9! SOrter stuck
2 has an associated label denoting which digit the image represents (0-9). Each image has been rotated by a certain angle. S;T: constructing bnflf blender = FlmEe = Sl risEsTs
When loading the images as arrays, you can also load the rotation angle of the image. a‘gg?sbele'marmersmoke - data - readtable(filename, 'TextType', string’);
mwm coolant ranepo!
. . . . e . v AQ0IL e
Load the digits data as in-memory numeric arrays using the digitTrain4DArrayData and digitTest4DArrayData gimé% Scanne"’%ﬁ}ﬂ?mmgw textData = data.Description;
functions. = controller SO He S,'iop%.im“_' labels = data.Category;
;;;pr;’a :lcr:gm‘?;o wer 1 ng Lo £ b\owgy)
9 [XTrain,YTrain,anglesTrain] = digitTrain4DArrayData; (Saring f“:;‘égwm 95 programming For an example showing how to process this data for B8P [B&MING, see Classify Text Data Using DESH [IEERING.
[XTest,YTest,anglesTest] = digitTest4DArrayData; '
For examples showing how to process this data for de€p [Eaming, see Monitor Degp BE&MiNg Training Progress and Train
Convolutional NElral NERGK for Regression. Video Data Sets
Load the digits data as an image datastore using the imageDatastore function and specify the folder containing the image  pata Description
data. HMDB: a large human motion database The HVMBD51 data set contains about 2 GB of video data for 7000 clips from 51 classes, such as drink, run, and pushup.
dataFolder = fullfile(toolboxdir('nnet'), "nndemos’, 'nndatasets’,'DigitDataset’); pushup Download and extract the HMBDS1 data set from HMDB: a large human motion database. The data set is about 2 GB.
il = imageDatastor‘e(dataFolder‘ Depending on your internet connection, the download process can take some time.
= PECEL
"IncludeSubfolders’,true, .... After you extract the RAR files, get the file names and the labels of the videos by using the helper function hmdbs1Files,
‘Labelsource" , *foldernames'); which used in the example Classify Videos Using DEep EE&Hing. Set datarolder to the location of the data.
3 5
oldpath = addpath(fullfile(matlabroot, "examples', 'nnet’, 'main'));
dataFolder = fullfile(tempdir,"hmdb51 org");
For an example showing how to process this data for deep [E&iing, see Create Simple Deep EEarming NEMWGK for [files,labels] = hmdbsiFiles(dataFolder);
) For an example showing how to process this data for Ge€p [Baing, see Classify Videos Using DeEep EEERING.
(Representative example)
To restore the path, use the path function.
Flowers The Flowers data sel contains 3870 images of flawers belanging 1o ive classes (daisy, dandelion, roses, sunflowers, and 1315 The BraTsS data set contains MRI scans of brain tumors, namely gliomas, which are the most common primary brain
- I tuips). malignancies path(oldpath);
Download and exiract the Flowers data set [2] from hitp:/idownload tensorflow.orglexample_images/fower_photos tgz. The The data sef contains 750 4-D volumes, each representing a stack of 3-D images. Each 4-D volume Is of size 240-by-240-
3 data Set is about 218 MB. Depending On your INtemeat CONNECHoN, the download Process can take some time. Set by-155-by-4, where the first three dimensions corespond o the height, width, and depth of a 3-D volumetric image. The - » .
downloadFolder o the location of the data fourlh dimension corresponds 1o different scan modalities. The data set s divided into 484 training volumes with voxel labels A '“'““"':";":':Tw‘\m Slectroges o ‘]:':“ﬁ OCANON S 3 PATEITS Enest, Fesuling I
uel = °F sad. tensorflow.org/example_inages/flower_photes. tgz and 266 lest volumes. . — g
downloadrolder - tempdir; ) ) o i Downioas the Physiset ECG Segmertatn data s o the iz i commatr segmentation
- — 2 L T e o T T TS Create a directory to store the BraTS data set [10] - .. Dycownloacing the ZIP file 1_Dtabase-naster., 21p. The data set Is about 72 MB. Dcprramgcn, ur Internet connectan,
Henane = fullfile(s S e . e . the downloag process can take some time. S8t downloadFolder 1o the kocation of the data.
R dataFolder = fullfile(tempdir, 'BraTs');
F 1 wnloadFolder, " flower_photos'); e | doWnloadrolder = tempdir;
- m . ouars s I (2 ... ) Hr <GS b T, ) - A base-naster.24p"
o)y o Y mkdir{dataFalder); o
Image creaits: (3] (4] (5] 6] wnloadFolder) end - XTI
y

dataFolder = fullfile(

Download the BraT data from Medical Segmentation Decathion by clicking the “Download Data® ink. Downioad the
*Task01_BrainTumourtar* flle. The data set Is about 7 GB. Depending on your Intemet connection, the download process
store function and specify the folder containing the image dafa

can take some time.

Lead the data as an image datasiore using the inag:

i - imagedatastore(datar

subfalders’, tru

Extract the TAR file into the directory specified by the dataFolder variable. If the extraction is sucoessful, then dataFolder

fprdntf("0one.\n)
LabelSource* , " foldernames 3 contains a directory named Task@1_BrainTumour that has three subdirectories: imagesTr, imagesTs, and LabelsTr ]

Foi an example showing how (o process this data for 6888 see 3-D Brain Tumor Segmentation Using (S8
bt an exampie showing haw o process this data 166 EEH (BRI, se+ Train Generative Adversarial REIGH (GAN). — a a s {saming %! o -

+ Modified_physionet_data. txt

+ License,txt

downlaadFolder, "qr._0

CG segnentation data set (72 MB)... ")

enane, downloadFolder) ;

e-master in your temporary directory. This folder contains the fext fle READHE .nd

13


https://www.mathworks.com/help/deeplearning/ug/data-sets-for-deep-learning.html

Doc: Pretrained Deep Neural Networks

Purpose

Classification

Feature Extraction

Transfer Learning

Doc Link

Description

Apply pretrained networks directly to classification problems. To classify a new image,
use classify. For an example showing how to use a pretrained network for
classification, see Classify Image Using GoogLeNet.

Use a pretrained network as a feature extractor by using the layer activations as
features. You can use these activations as features to train another machine |earning
model, such as a support vector machine (SVYM). For more information, see Feature
Extraction. For an example, see Extract Image Features Using Pretrained Network.

Take layers from a petwork trained on a large data set and fine-tune on a new data set.
For more information, see Transfer Leaming. For a simple example, see Get Started
with Transfer Learning. To try more pretrained networks, see Train Deep Learning
Network to Classify New Images.

85— T T T T T T T T T T T T T T
Network Depth Size Parameters (Millions)
squeezenet 18 4.6 MB 1.24
80 - 4
i ’ NASNet-Lal
Inception-va . .IncepuomResNet v2 rge googlenet 22 27 MB 7.0
ResNet-101 . . Xception inceptionv 48 89 MB 23.9
ResNet-50 DarkNet-53 densenet201 201 77 MB 20.0
B DarkNet-19 DenseNet-201 T
) mobilenetv2 53 13 MB 3.5
NASNet-Mobil
et resnet18 18 44 MB 1.7
L J
gl MobileNet-v2 - resnetse 50 96 MB 256
& ResNet-18 VGG-16 VGG-19 resnet1el 101 167 MB 446
o]
3 ti 7 85 MB 229
g O oogLener eeption
85~ 7 inceptionresnetv2 164 209 MB 55.9
-
ShuffleNet shufflenet 50 6.3 MB 1.4
nasnetmobile - 20 MB 5.3
60 4
nasnetlarge * 360 MB 88.9
darkneti9 19 72.5 MB 21.0
ol SN 1 | darknets3 53 145 MB 410
et alexnet 8 227 MB 61.0
vggl6 16 515 MB 138
) S I I I 1 [ Y I I I L1 . vgglo 19 535 MB 144
1 2 3 4 5 6 7 B 9 10 15 20 25 30 35 40

You can now load untrained versions of the pretrained networks in Deep Learning Toolbox™. To load an untrained version of a pretrained network as a layer
graph, use the corresponding pretrained network function and set the 'Weights' option to 'none’. Loading an untrained version of pretrained networks

[ (N S U (U [ [ 1

Image Input Size
227-by-227
224-by-224
299-by-299
224-by-224
224-by-224
224-by-224
224-by-224
224-by-224
299-by-299
299-by-299
224-by-224
224-by-224
331-by-331
256-by-256
256-by-256
227-by-227
224-by-224
224-by-224
14



https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-networks.html;jsessionid=4cf99fa5b3bac46c0753d8e9537f

Computer Vision Tasks in Deep Learning

Classification Instance Semantic

Classification Object Detection

+ Localization

Segmentation Segmentation

- - — =
» ' - - .' - 3
E A~ :
. v 4
’ - N
" _— - ‘ >
e N LS . o,
v 4 r

CAT, DOG, DUCK CAT, DOG, DUCK
\ J | /
f |
Single object Multiple object No object, just pixel
New!! New!!
DarkNet19 YOLOV3 S
DarkNet53 SSD S kot ok

Shot Multibox Detector

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

15
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Select Network - Other deep neural networks

SeriesNetwork DAGNetwork Recurrent Network Importer/Converter

! \ / l") Ca

MODELS

Single-in Multi-in, multi-out

No feedback loops

Memory
single-out

KERAS IMPORTER

Irgarter koo Tensor Pl B Modids

1 1\ l ONNX Converter

Eoxgacart Iss CINI ruaedil Sorrnast

Networks: MNIST Networks: R-CNN (fast, faster) Networks: LSTM Caffe Importer

Alexnet GoogleNet ‘ biLSTM Tensor-Flow-Keras
VGG(16,19) ResNet(18,50,101) | ©L/ect ONNX Converter
Inception-v3 Inception-ResNet-v2 | Ferection
Lane detection Densenet201
Pedestrian detection Squeezenet :

SegNet | Semantic '

FCN - segmentation

DeconvNet
16 |
© Terasoft, Inc.



Transfer Learning with Pretrained Models

_ . Inception-
( Inception-v3 ) (MoblleNet-v2> ( VGG-16 ) ResNet-y?2
( ResNet- )
(GoogLeNet ) (DenseNet-ZOl) ( NASNet )
(SqueezeNet) ( AlexNet ) ( Place53[6|5- ) ( Xception )

Import & Export Models Between Frameworks

Keras-Tensorflow Caffe Model ONNX Model
Importer Importer Converter

More comprehensive list here: https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional- 17



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

Two Ways to Work with TensorFlow and PyTorch

MATLAB

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

ONNX = Open Neural Network Exchange Format




Model Exchange with MATLAB

CPyTOI’Ch> ( KeraS_ )
C Caffe? ) [ Tenscirflow

C MXNet )? ONNX J<—><|\/|ATLAB>
O

pen Meural N[etwork Exchange ‘

(Core I\/IL)

(eNTK ) () (_catte )




ONNX - Industry Standard for Model Exchange

Frameworks

L | -
S Caffe? {:" Chainer 4:‘: %3,?”{?,_.'“ ETI Y

O PyTorch 44 paddlePaddle SSEiS

Converters

F e @eadn  XGBoost  LibSVM E.’.;]

OPEN NEURAL NETWORK EXCHANGE FORMAT

The new open ecosystem for interchangeable Al
models

JANUARY 23,2019 ONNX V1.4 RELEASED READ MORE

Runtimes
aws ook e mm Microsoft
i “ANVIDIA Qualcoaw BITMAIN
V\/ hat [S O N Nx? Tencent v' vespa - Windows

ONNX is a open format to represent deep learning models. With ONNX,

Al developers can more easily move models between state-of-the-art ‘h . .
tools and choose the combination that is best for them. ONNX is Source: https://onnx.ai/ 20
developed and supported by a community of partners.
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Code generation supports a wide range of network
architectures

o CNNs, LSTMs (GPU)
R2019b ¢ YOLOV2 object detector
Keras, ONNX imported networks

Image Classification, Semantic Segmentation,
Object Detection

R202 Oa &3 LSTM (ARM ta rget)' ’*‘F- HEL;LHLY LSTM for time series .
l — —+ text analytics, speech

Stateful and Bidirectional LSTM

Multi-out networks T S
SSD
MATLAB Coder Support Link GPU Coder Support Link

22
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https://www.mathworks.com/help/coder/ug/networks-and-layers-supported-for-c-code-generation.html
https://www.mathworks.com/help/gpucoder/ug/gpucoder-supported-networks-layers.html

Deploying Deep Learning Models for Inference

. ) Intel

( |nte|) MKL-DNN

0066‘ Library

\?ib
Q
@?‘
_~um NVIDIA
| Coder GPU Coder TensorRT &

Products CUDNN

NVIDIA. Libraries

Deep Learning
Networks

ARM
Compute
Library




Current Code Generation Support

Application
logic

\_

N

%

4

MATLAB Coder

24 Coders

GPU Coder
* TensorRT (18a)

nVIDIA  cuDNN (17b)




MATLAB Coder

3.88 FPS
computer Leyboordy

<

67 space bar
% typewriter Leybg
07% mouse

rl(JJf'-’ ) O ( :l

25
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Current Code Generation Support

MATLAB Coder
Application
logic
J 1
o> Lo =N
- / GPU Coder

@2 * TensorRT (18a)
NVIDIA. « cuDNN (17b)




GPU Coder
Algorlthm Desigh to Embedded Deployment Workflow

M GPU Coder

M;&TLAB algorithm Build type
(functional reference)
Call CUDA Call CUDA from Ea” dCUzAJrr?]m.r(]CH)
/I from MATLAB /‘ (C++) hand- and-coded main().
directly coded main() \ 4
lib
v Desktop Desktop Jetson Platform
GPU GPU — -
= 5 & : FBe
4 % > 4 %‘ —) C++ —) _. B vor pia C++
e Functional test e Deployment e Deployment
unit-test integration-test

© Terasoft, Inc.




Deployment to Tegra: Cross-Compiled with ‘lib’

Build type: %3 Static Library (-]

— ' 1. Change build-type to ‘lib’

Output file name: |a|exnet_predict

Language wC O C++ . .
O Generate code only 2. Select cross-compile toolchain
Hardware Board MATLAB Host C-nrﬁpﬁter E|
Device Generic MATLAE Host Computer
Device vendor Device type

Toolchain |Automatically locate an installed toolchain

Automatically locate an installed toolchain
MNWIDIA CUDA | gmake (64-bit Linux)
MNWIDIA CUDA for Jetson Tegra K1 v6.5 | gmake (64-bit Linux)

@ Mo NVIDIA CUDA for Jetson Tegra X1 v7.0 | gmake (64-bit Linux)
MWIDIA CUDA for Jetson Tegra X2 vB8.0 | gmake (64-bit Linux)

© Terasoft, Inc.




Out of Box Targeting for Popular GPU Boards

=  Pain

— Time consuming to setup and connect to hardware prototyping boards during system development

= Solution / Differentiator

— GPU Coder Hardware support packages for
« NVIDIA Jetson
« NVIDIA Drive
— Removes manual setup required to setup and target

© Terasoft, Inc.

Simple out-of-box targeting
to NVIDIA boards:

Build type: %4 Static Library

Output file name: ltsdr_predict l

Language

[] Generate code only

Hardware Board MATLAB Host Computer E]
Device MATLAB Host Computer
NVIDIA Drive Jetson
—|NVIDIA Jetson
Drive
— s ] platform
’ @ More Settings l Generate
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Jetson Tx1 - LogoNet Demo
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Semantic Segmentation Speedup

FPS: 0.012235

FPS ::3.238

Running in MATLAB Generated Code from GPU Coder

31

© Terasoft, Inc.




Deep Learning inference with GPU Coder is best-in-class

Inference Speed - ResNet-50 (Img/Sec)

289

120 123

TensorFlow

XLA PyTorch JIT GPU Coder

Intel® Xeon® CPU 3.6 GHz - Titan V - NVIDIA libraries: CUDA10.0/1 - cuDNN 7.5.0 - Frameworks: TensorFlow 1.13.1, MXNet 1.4.1 PyTorch 1.1 35 !
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Application: Analyzing signal data using deep learning

Signal Classification using LSTMs




Signal Labeler App

4\ Signal Labeler* — X
DISPLAY
r{"g & Q} () eai Point A Description Value (i e &
New Import Add Defintion f Defete - ::::“;:;f;‘“‘“ during | [Type 2 numeric] Peak 7 Export
- - - Parent Name:| Activity = Labeler & 7
it = LEBEL BERNITION SHEGIED DERNIHON SERVATTE AUIGMATE VA E 1 EXEORTH =
Label Definitions
ParticipantName ® ParticipantfaccX.ParticipantiaccX ® ParticipantiaccY.ParticipantiaccY  ParticipantiaccZ ParticipanttaccZ ® P P, 2accX MP 2accY.P. 2accY WP 2accZ.P 2accZ W F 3accX.P; acc
ParticipantSex L 3accY.F i L ] 3acc
ParticipantAge —
. I:‘ Activity 20 Participant3accY.Participant3accY = - J : —
Mean . | \! ‘: i]
A Peak 1 [ ’! I 4 1
Labeled Signal Set © :lx ey i ‘ :_:_i'*—-
Name Plot |Value Loca... Log w:* q T
~ ParticipanttaccX [ ] 5 ~T= R il i
ParticipanttaceX... | 7] | NI - m ‘ ) . |
ParticipantName Jane Doe &) | A “\‘1_‘ p2 T Il
ParticipantSex female o [7= f {
ParticipantAge 54
~ Activity
» [T] |standing |0.0964... 64.
» [] |sitting |66.413... ‘99. o
» [] |Walking |100.87... |226|
» [[] |Lying Dowi 227.76... | 316|
2 (] [Clmbing §319.14... |44 02 04 06 08 10 12 14 16 18 20 22 24 28 28 30 32 34 38 38 40 42 44 48 48 50 652 54 58 658 60 62 64 66 68 70 T2 T4
» Participantiaccy | — | e sy
» ParticipantiaccZ ] |
» Participant2accX | ]
» Participant2accY - Standing Waling Lying Down Climbing Stairs
» Participant2accZ == J=tznding Walking Lying Down Climbing Stars
» Participant3accX | ]
» Participant3accZ | ] wsk"vg— — .
Lying Down Ci ing Stairs
Liying Down
Lying Down
Lng\w—
-0.54368 ¥
0O 02 04 06 08 10 12 14 16 18 20 22 24 286 28 30 32 34 36 38 40 42 44 486 48 50 52 54 58 58 60 62 64 66 68 70 72 T4
= r o winiesy
ParticipantName ParticipantSex ParticipantAge
I ):ne Doe female 54 -
I :ne Doe female 54
Jane Doe female 54
‘_ Roger That male 62
< ’ [_ Roger That male 62 v
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Data Management: Connect Signhal Sets with Learners

| — - I Split / Sisieis e
£ T Normalize / c e
= e \‘I“/I Transform e
= =

|r|| _ .I I|.

Labeler App Labeled signal dataset signalDatastore Transformed Train model
R2019a R2018b R2020a data and labels
Accuracy
M My
ECG

Labeled ECG

ECG - Labeled ECG 36




Signal Processing Using Deep Learning

Normal Signal

Frequancy iHz)

Foweranl

00

=
T
g
H

Classify ECG Signals
Using Long Short-Term
Memory Networks

Classify heartbeat electrocardiogram
(ECG) data from the PhysioNet
2017 Challenge using deep learning
and signal processing. In particular,

Open Live Script

Spectrogram of a Pedestrian and a Bicyclist

1500

1000

500

Frequency (H2}

02 04 06 0B 1 12 14 16 18
Time (s)

| -

Pedestrian and Bicyclist
Classification Using Deep
Learning

Classify pedestrians and bicyclists
based on their micro-Doppler
characteristics using a deep learning
network and time-frequency

© Terasoft, Inc.

4 T
Classify Time Series Using
Wavelet Analysis and Deep
Learning

[ &

Classify human electrocardiogram
(ECG) signals using the continuous
wavelet transform (CWT) and a
deep convolutional neural network

Open Live Script

Radar Waveform
Classification Using Deep
Learning

Classify radar waveform types of
generated synthetic data using the
Wigner-Ville distribution (WVD) and
a deep convolutional neural network

Modulation Classification
with Deep Learning

Use a convolutional neural network
(CNN) for modulation classification.

Open Live Script

150 P e

n T wiawe

AT

200
2

Waveform Segmentation
Using Deep Learning

00 BOD 1000

Segment human electrocardiogram
(ECG) signals using recurrent deep
learning networks and time-
frequency analysis.

Open Live Script

Label QRS Complexes and
R Peaks of ECG Signals
Using Deep Network

Use custom autolabeling functions in
Signal Labeler to label QRS
complexes and R peaks of
electrocardiogram (ECG) signals.

Open Live Script
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& Figure2 O

Analyzing audio data using deep learning

File Edit View |Inset Tools Desktop Window Help

EEC RIS

i
B

I
|
02
4
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0 I AT A A A e A AV Ao L oA A b s NP AR P AA AN A A

01k 4\ Video Preview - Microsoft..  — [m} X

— R i

Speech Recognition using CNNs

39

© Terasoft, Inc.




Audio Processing Using Deep Learning

w

Speech Command
Recognition Using Deep

Learning

Train a deep learning model that
detects the presence of speech
commands in audio. The example

& -

uses the Speech Commands

[ £ =805

Train Generative
Adversarial Network (GAN)
for Sound Synthesis

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

Open Script

re—_——

0 wa w0 w0 w0

k
[ ——

Tiwa imap
Male STFT [Estimated - Binary Mask)

= | -
= - S
— T Tl 4
= kS = -

Cocktail Party Source
Separation Using Deep
Learning Networks

Isolate a speech signal using a deep
learning network.

Extract Features
K

Voice Activity Detection in
Noise Using Deep Learning

Detect regions of speech in a low
signal-to-noise environment using
deep learning. The example uses
the Speech Commands Dataset to

Open Live Script

Results for Noisy Speech - With Data Augmentation

ST T T T T

Keyword Spotting in Noise
Using MFCC and LSTM
Networks

Identify a keyword in noisy speech
using a deep learning network. In
particular, the example uses a
Bidirectional Long Short-Term

Wb .Iq\[|||1|ligpi.l_|iHlfﬂ“ﬁ}}l’l»l””P'l}'- 'W“m"," -

l Estract Features From Windowsd and Overlapged Audic

R R

Classify Gender Using
LSTM Networks

Classify the gender of a speaker
using deep learning. The example
uses a Bidirectional Long Short-
Term Memory (BiLSTM) network

Open Live Script

i
S
=
i Estimate
H -
E
z
| DEEP
LeARNING | §
Target (Clean Audio) NETWORK
g mmp

4
Denoise Speech Using
Deep Learning Networks

Denoise speech signals using deep
learning networks. The example
compares two types of networks
applied to the same task: fully

Cantusion Chart for DCHN

Spoken Digit Recognition
with Wavelet Scattering
and Deep Learning

Classify spoken digits using both
machine and deep learning
techniques. In the example, you
perform classification using wavelet

Open Live Script

Feature 1 —»
Festure 2w ian | > ‘M“

Validation
Festure 3 —»- Aczuracy
Feature 8 —[Gan | »

= BestFeature S

[ BestAccuracy

Foatura?, Foaturs 1 — [ | »[
Max

oy o

e

Feature 2, Feature 3
Foatura 2, Feature 4

» BestFeature 5

[ Bestaccuracy

I

Max

Feature 3, Feature2, Feature 1 —+ [am —+
Validation
Acour;
.

Featy ature 2, Festure 4.
o

Sequential Feature
Selection for Audio
Features

» Feature 3, Fesl

» BestAccurscy

A typical workflow for feature

selection applied to the task
spoken digit recognition.

of

Open Live Script

4
Speech Emotion
Recognition

lllustrates a simple speech emotion
recognition (SER) system using a
BiLSTM network. You begin by
downloading the data set and then

Open Live Script

True Class

S e
\ﬁ‘;", . ﬁ}’? jff‘
& Ty &

.‘ P

Acoustic Scent
Recognition Us
Fusion

Create a multi-mode
system for acoustic :
recognition. The exz
convolutional neural
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Image Captioning Using Attention
A dog standing on the floor

adog is standing on a tile floor

a dog — sitting — on some — grass — <stop>
N N N O S O SN B )

Initial > Attention N Attention | | | Attention | | | Attention | |, | Attention
State Decoder Decoder | | | Decoder | | | Decoder | |” | Decoder

T

<start>

Attention
Decoder

—F

Attention
Decoder

Create
Context
Vector

Features

Encoder
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A baseball player pitching a baseball on a field with

a catchers mitt on a field
a baseball player pitching a baseball on a field with a catchers mitt on a field

A group of people sitting around a dinner table
Posing for a photo

a group of people sitting around a dinner table posing for a photo

3 .)~ - ‘JQ

Pt "
A . o - !
s a . s .
-tV
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A bunch of train cars lined up a rail guard rail cal
A group of young people playing a game of basketball And a crew guard at the

a bunch of train cars lined up on a rail guard rail car and a crew guard at the
a group of young people playing a game of basketball =

11! ‘ :
' "i‘ S ,/-‘\‘ '!
dsie 3

o

-4

3T S |

i
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a cat is standing on a book shelf with a bird on the screen

a birthday cake shaped like a dump truck and a fish in its
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Video detection and localization using deep learning

,,’ f‘ -

r - noLeftTurn juad
e T B
s

oy

YOLO v2 (You Only Look Once) Semantic Segmentation using SegNet
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GAN & CGAN(Conditional Generative Adversarial Network

A GAN consists of two networks that train together:
1. Generator — Given a vector of random values as input, this network generates data with the same structure as the training data.
2. Discriminator — Given batches of data containing observations from both the training data, and generated data from the generator, this network attempts to
classify the observations as "real" or "generated". _— -
@2k

.25 danb .25 ¥ d .25 danb .25 danbooru_25
86737 beabe 86773 c2c83 86797 404d7 86824 0145d 86832 d3cdD 86837 85903
5e7423308cb 40b6538268b 87c¢8709f4fe4 ca2b1c8898b 60dad499d5S 8f4d38i91b7
966e638d8.. 3f1892a5e0.. ddee3blc9.. 1b83768d8.. 0edc6f9621.. 532dd75el..

N Predicted Labels T M SR
Disciminator & &'? '@ a K
(Real / Generated) M = . ﬁ‘ >5
Generated EAe i ohee o Sl e

Generator I = @ @ W {Q &3’
mages SR e e

Real
Images

Noise

¥ .25 denbooru_25 .25 danbooru 25
87445 b6403  87501.5036d 8753880314 87544 6ad7b 87546 87ad3 87578 0238
5b238dd024 cd3db36SfRff  4c2e375672c b22edb38idf 8013c40350b 94f56389ab3

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

n02085620-Chihuahua 2020/1/17 5 05:45

1. The generator - Given a label and random array as input, this network generates data with the same structure as the training data observations corresponding to

n02085782-Japanese_spaniel 2020/1/17 50545
the same label. n02085936-Maltese_dog T 05:45
2. The discriminator - Given batches of labeled data containing observations from both the training data and generated data from the generator, this network attempts "gﬁ:gzz'::i":‘e F':is'is
: - n " " " n -shih-Tzu 7 5 0545 =1
to classify the observations as "real" or "generated". S02066646 Blonbreia spasic) o
Real n(2086910-papillon 2020/1/ 0545 2
n02087046-toy terrier 2020/1/17 T5 05:45 H=
I _ o Prec“cted Labels n02087304-Rhedesian_ridgeback 170545 @RS
Al -Atghan_houn &= 05:4
mages D|Scr|m|nator 02088094-Afghan_hound 50545  @E3
(Real / Generated) n02088238-basset 20204117 TS 0545 &
n02088364-beagle 2020/1/17 5 0546 =1
" n02088466-bloodhound + 05:46
Labels ¥ I n02088632-blustick %0546
‘ - 4 ! L n(2085078-black-and-tan_coonhound  2020/1/17 75 0546
f L
ra - el n02088867-Walker_haund 20201717 T4 05:46
n02085620_199  n02085620_242 n02085936 66  n02085936_126 i il n0208997 3-English_foxhound 2020/1/17 T 5 05:46
Generator Generated - n02090379-redbone 2020/1/17 T 05:46
NOiSG I mages ﬂ E ) % n02090622-borzoi 2020/1/17 5 05:46
N -
» s 48

n02088094_515 n02088094_522

02085620477 n02085620.500 n02085936.426  n02085936_461
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GAN & CGAN(Conditional Generative Adversarial Network

CGAN

Epoch: 299, Iteration: 8656, Elapsed: 01:01:40

—— Generator
0.9 Discriminator

Epoch: 1489, Iteration: 13400, Elapsed: 01:08:13

[
. B
|

4 Figure 5 - [m} X L
File Edit View Insert Tools Desktop Window Help ]

Dcde (@ 0E|KE

Score

Generated Images

0 2000 4000 6000 8000 10000
3 Figue 1 - o x Iteration
[ Fle Edt View Inset Tools Desktop Window Help “ile Edit View Insert Tools Desktop Window Help

Dcas (a8 0EE
lgde (2|08 KE

Class: n02085620-Chihuahua

Generated Images

State: [6x3 table] P
InputNames: {'in'}

Iteration x10*
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Point Cloud Classification Using PointNet Deep Learning
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Neural Style Transfer Using Deep Learning

Transfer Image After Iteration 600

51
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Transfer Image After Iteration 300
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Transfer Image After Iteration 1500
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V|5|on SLAM & Barcodes read

Map points
Estimated trajectory

Map points
Estimated trajectory

'Sample text encoded as a QR code for use with the "readBarcode" function.
—=

Random text, random text,

random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random tevt randam tovt
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text

Random text, random text

random text, random text,

random text, random text,
randnm fcvf rondom +os t
random text random text
random text, random text,

randnm tavé ranAdaes 4o

Random text, random text, random text,
random text, random text, random text,
random text, random text, random text,
random text, random text, random text,

i IHHIIIMIM

012345678905

olll 12345'“'67890

Random text, random text, random text,

S

random text, random text, random text,
random text, random text, random text,
random text, random text, random text,

Il

4567891324562

4567891

Illl ll

324562

Random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
Tanduin teAl, 1andurn iext,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text,
random text, random text

Random text, random text,
random text, random text,
random text, random text,
ranaom text, random text,
random text, random text,
random text, random text.




