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Different Types of Machine Learning

Type of Machine Learning  Categories of Algorithms

Classificat A Output is a choice between classes
asstrication (True, False) (Red, Blue, Green)
Supervised
Learning
Redression A Output is a real number
Developpredictive J (temperature, stock prices)

_ model based on both
MaCh'_ne input and output data
Learning

A No output - find natural groups and
patterns from input data only

Unsupervised
Learning

Clustering

Discover annternal
representationfrom
input data only
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What is Deep Learning?
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Deep learning is a type of supervised machine learning in which a
model learns to perform classification tasks directly from images, text,
or sound.

Deep learning iIs usually implemented using a neural network.

The term idee punberefflagersan thte aetworkoethe
more layers, the deeper the network.



4\ MathWorks

Why is Deep Learning So Popular Now?

30
22.5
2
5 15 Human
= Accuracy
W
/.5
0
2010 2011 2012 2013 2014 2015
machine learning deep learning

Source: ILSVRC Top-5 Error on ImageNet 5
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Vision applications have been driving the progress in deep learning
producing surprisingly accurate systems

@ Object Detection
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Deep Learning success enabled by:

A Labeled public datasets

60x Faster Training in 3 Years

A Progress in GPU for acceleration 3 o

2013 2014 2015 2016

AlexNet VGG16 ResNetS0  ONNX Converter

A World -class models and PRETRAINED PRETRAINED PRETRAINED MODEL MODEL CONVERTER
MODEL MODEL
connected community TensorFlow
Caffe GoogLeNet -
IMPORTER PRET%AINED Keras |ﬂC€ptIOﬂ-V3

MODEL IMPORTER MODELS v
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Deep Learning iS Versatile MATLAB Examples Available Here
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Semantic Segmentation of
Multispectral Images Using
Deep Learning

Object Detection Using
Faster R-CNN Deep
Learning

Classify ECG Signals
Using Long Short-Term
Memory Networks

Denoise Speech Using
Deep Learning Networks

RMSE = 122 1652
o ’ 9% b v

y Ok e "'”-j:“._..:_I“.::"““‘ﬂ
L -t

4 A g 2\
Classify Image Using Time Series Forecasting Classify Text Data Using Deep Learning Speech
GoogLeNet Using Deep Learning Deep Learning Recognition


https://www.mathworks.com/solutions/deep-learning/examples.html
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Many Network Architectures for Deep Learning

Directed Acyclic
Graph Network

l \ / lf)

Series Network Recurrent Network

E Single-in E Multi-in, multi-out E Memory
®  single-out - No feedback loops .
and more
l I\, Il (eAN. DG
AlexNet ResNet

YOLO R-CNN LSTM
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Convolutional Neural Networks

Objects

A lot of data
IS required

— FIower“

v/ E

-/ —Cup

- — | — Car

; —> Tree
= =

\ _J _J
4 4
Convolution layers Fully-connected

layers 10
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Deep Learning Inference in 4 Lines of Code

>> net = alexnet
>>| = imread ('peacock.jpg' )
>> 1= imresize (l,[227 227));

>> classify(net,l1)

ans =

categorical

peacock

11



Understanding network behavior using visualizations

Filters

A Custom visualizations

I Example: Class Activation Maps
(See blog post)
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https://blogs.mathworks.com/deep-learning/2019/01/31/deep-learning-visualizations-cam-visualization/
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Visualization Technigue i Deep Dream

deepDreamimage ( ...

nett O f ¢ 8channel,

" Numlterations ', 50,
' PyramidLevels ', 4,...
' PyramidScale ', 1.25);

Synthesizes images that strongly activate

a channel in a particular layer

Example Available Here



https://www.mathworks.com/help/releases/R2018a/nnet/examples/deep-dream-images-using-alexnet.html
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What is Training?

Network

Training

Labels

Trained Deep
Neural Network
Large Data Set

During training, neural network architectures learn features directly

from the data without the need for manual feature extraction

14
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What Happens During Training?

AlexNet Example
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Layer weights are learned
during training




Visualize Network Weights During Training

AlexNet Example

Convolution

Training Data

First Convolution
Layer

Trained Network

/‘

—» Flower
— Cup
—» Car

—> Tree
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Visualize Features Learned During Training
AlexNet Example

Category: Arctic Fox Epoch 17

Sample Training Data

Features Learned by Network
17
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Visualize Features Learned During Training
AlexNet Example

Category: Flamingo Epoch 10

Sample Training Data

Features Learned by Network
18
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Deep Learning Workflow

INTEGRATE MODELS WITH

DEVELOP PREDICTIVE

LABEL AND PREPROCESS
MODELS

DATA

SYSTEMS

ACCESSAND EXPLORE

DATA

Hardware-Accelerated Desktop Apps

Training

Probability

[
=
=]
m

Data Augmentation/
Transformation

Files

Enterprise Scale Systems

Java
& MATLAB
C/C++

Python

Labeling Automation

Databases

g G

Embedded Devices and
Hardware

Network Visualization

Import Reference

Sensors

{( T L T
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' Deep Learning Challenges

Data

A Handling large amounts of data

A Labeling thousands of signals, images & videos
A Transforming, generating, and augmenting data (for different domains)
Training and Testing Deep Neural Networks

A Accessing reference models from research

A Understanding network behaviour

A Optimizing hyperparameters

A Training takes hours-days

Rapid and Optimized Deployment

A Desktop, web, cloud, and embedded hardware

&\ MathWorks
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Working with Signal Data

Testing Accuracy - Majority Rule
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A Recurrent Neural Network that carries a memory cell throughout the process
A Sequence Problems T Long term dependency does not work well with RNNs
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Long Short Term Memory Networks from RNNs
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RNN to LSTM

Cyq
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The repeating module in an LSTM contains four interacting layers. he_s




Example: Speaker Gender Recognition Using Deep Learning

LSTM Network for Audio based Speaker Classification

Mozilla_ Common

Voice Dataset

‘sample B26082.mp3"
‘sample-@26823.mp3"
‘sample-@98884.mp3’
‘sample-@98985.mp3"
‘sample-@98886.mp3"

raln/sample-B268867.mp3 )

Test Data §

oot
000 ‘

b

Time - varying
features:
- MFCC

I- Pitch

"
_.®/i
*@ :

2. Predict

.;ht/E E
= O
» Dy

oo T R —— ~
1 Male
I Female
B — »
1 Male
1 Female

Output Class
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https://voice.mozilla.org/en/data

Some audio and speech applications following CNN workflows

[

4\| Figure 2
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INTERSPEECH 2015

Convolutional Neural Networks for Small-footprint Keyword Spotting

Tara N. Sainath, Carolina Parada

Google, Inc. Ncw York NY, U S.A

{tsainath,

Abstract

We explore using Convolutional Neural Networks (CNNs|
a small-footprint keyword spotting (KWS) task. CNNs an
tractive for KWS since they have been shown to outperf
DNNs with far fewer parameters. We consider two diffe
applications in our work, one where we limit the numbe
multiplications of the KWS system. and another where we |
the number of parameters. We present new CNN architect
to address the constraints of each applications. We find thal
CNN architectures offer between a 27-44% relative impn
ment in false reject rate compared to a DNN, while fitting
the constraints of each application.

1. Introduction

Q m W 4© fer  1ToncocanafT
@OIOK(O p answer uAIA_ujmn

o] o] OO . oealiifl.
Oobob
(i) Feature Extraction (ii) Deep Neural Network (#) Posterior Handing

Figure 1: Framework of Deep KWS system, components from
left to right: (1) Feature Extraction (ii) Deep Neural Network
(ii1) Posterior Handling

3. CNN Architectures

In this section, we describe CNN architectures as an alternative
to the DNN described in Section 2. The feature extraction and
posterior handling stages remain the same as Section 2.

3.1. CNN Description

A typical CNN architecture is shown in Figure 2. First, we are
given an input signal V € R**/ where ¢ and f are the input

feature dimension in time and frcauenci rcsﬁclivcl‘. A wciﬁhl Ii I i I I I

https://www.isca-speech.org/archive/interspeech_2015/papers/il5_1478.pdf

The second convolutional filter has a filte
quency, and no max-pooling is performed

For example, in our task if we wan|
of parameters below 250K, a typical arc
tecture is shown in Table 1. We will ref
as cnn-trad-fpool3 in this paper. 1
convolutional, one linear low-rank and on
tion 5, we will show the benefit of this a
particularly the pooling in frequency, com

However, a main issue with this arc
number of multiplies in the convolutional
acerbated in the second layer because of
put, spanning across time. frequency amn
type of architecture is infeasible for pow
footprint KWS tasks where multiplies are
even if our application is limited by par:
tiplies, other architectures which pool in
suited for KWS. Below we present alter
tures to address the tasks of limiting parar

ype [ m [r[ n [p[q
conv |20 8] 64 [1]3

model layer | m | r n s | q | Params
cnn-tstride? | conv [ 16 |8 | 78 | 2| 3 10.0K
conv [ 9 | 4| T8 1| 1] 2190K

lin -1 321 -]-] 200K

cnn-tstrided | conv [ 16 [ 8§ | 100 [ 4 | 3 | 12.8K
conv | 5 [ 4] 78 1| 1| 2000K

lin -1 321 -]-] 256K

cnn-tstrided | conv [ 16 |8 | 126 | 8 | 3 16.1K
conv | 5 |4 | T8 1| 1| 1905K

lin - - 32| -]-] 322K

Table 4: CNNs for Striding in Time

3.4.2. Pooling in Time

An alternative to striding the filter in time is to pool in time,
by a non-overlapping amount. Table 5 shows configurations as
we vary the pooling in time p. We will refer o these architec-
tures as cnn-tpool? and cnn-tpocld. For simplicity, we
have omitted certain variables held constant for all experiments,
namely time and frequency stride s = 1 and v = 1. Notice that
by pooling in time, we can increase the number of feature maps
n 1o keep the total number of parameters constant.

model layer | m | r | n | p | q | Params
cnn-tpool? | conv | 21 | 8 |94 | 2| 3 5.6M
conv | &6 |4 [94 11 L.EM

lin -1 -1]32 - | 655K

cnn-tpool3 | conv | 15 [ 8 [ 94 |3 | 3| 7.IM
conv | 6 |4 |94 |11 1.6M

lin - - 132]-1-1 655K

Table 5: CNNs for Pooling in Time

4\ MathWorks
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Solution2: Speech Command Recognition with Deep Learning(MATLAB)

Integrated Analytic
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Raw Data i Models and Algorithms Systems
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"4 Training Progress (08-Oct-2018 12:53:57)

Accuracy (%)

Loss

100

Training Progress (08-Oct-2018 12:53:57)

lteration

L
Epoclh ! | | | | I | | |
0 10 20 30 40 50 60 70 80 100
Iteration
©
EpOClh 1 | ! 1 | | | ! |
0 10 20 30 40 50 60 70 80 100

— X
Training iteration 1 of 5500...
&
Training Time
Start time: 08-Oct-2018 12:53:57
Elapsed time: 0 sec
Training Cycle
Epoch: 0of 25
lterations per epoch: 220
Maximum iterations: 5500
Validation
Frequency: 220 tterations
Patience: Inf
Other Information
Hardware resource: Single GPU
Learning rate schedule. Piecewise
Learning rate: 0.0003
Accuracy
Training (smoothed)
Training
- - ~@ - - Validation
Loss
Training (smoothed)
Training
- - -@ - - Validation
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4\ Deep Network Designer - X
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Data augmentation allows training more advanced networks and
generating more robust models

Orlglnal S|mu|ate El};l:lckgmund_noise_ E
Dataset - lower voice o
- varying level of environmental interference omt
- recording hardware effects four
- distortions due to use of different microphones napy
- different speaker vs microphone positions or room sizes in .
enclosed environments rine
off
on

4\ MathWorks

_background_noise_
bed
bird
cat
dog
_background_noise_
bed
'\ \na\ bird
Or g cat
= A
_background_noise_ _background_noise_
bed - t 1 bed
o Eﬁec bird
cat cat
dog dog
down down
eight eight
five 2 five
four Effect four
o go
happy happy
house house
left et
marvin marvin
nine - nine
no o
off off
on Effect N on
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Serial

Parallel

4\ MathWorks

% Cycle continuously and automatically through files in datastore
mfccFile = zeros(numel(ads.Files),numMfcc)

while _hasdata(ads)
[data,info] = read(ads);
% do something with data

end

% Partition and explicit parfor parallel processing pattern
N = numpartitions(ads);

parfor Index=1.N

subads = partition( ads,N,index );
while hasdata ( subads)
data =read( subads);
% do something with data
end
end

% Tall array and "implicit" parallel processing pattern

T = tall(ads);

dcOffsets = cellfun(@(x) mean(x), T, 'UniformOutput’ ,false );
gather( dcOffsets );

51
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Package Speech Recognition App

G NE
Install  Package

- Get More

Apps AR

APPS LVE EDITOR INSERT

% FAVORITES

W & s &
Curve Fitting Optimization Analog Input System Wireless Signal Analyzer Image
Recorder Identification ~ Waveform Ge... Acqusition

4\ Package App - o x MY APPS

C\Users\pkar\Pallavi\Work\ML\Cases\gualcom\Speech Command Recognition\audioapp.prj — == —
8 = 8

audioapp MPS Instance Setupa PSP Vius
Manager

ribe your app Package into installation fi

audioapp 10 Output folder MACHINE LEARNING AND DEEP LEARNING

Y
=

& & & s s I

Classification  Deep Network Newal Met Meural Net Neural Met Meural Net Time  Regression
Learner Designer Clustering Fitting Pattern Recog... Series Learner

Authar Name CAUsers\pkar\Pallavi\Work\ML\Cas:

ove main file Browse

Email
Files included through analysis Select screenshot

Company

| auditorySpectrogram.m

H commandNet.mat

Set as default contact

l:_l:l processed_spectrograms.mat

BIMEG:=iE Packaging complete.

Rerun analysis
.

Open output folder.

1ption

Shared resources and helper files

Package

Place images, data files, and GUIs ( fig files)

here if referenced by any functions.

Also place here:

« Functions called using eval (and its

variants) fathWorks products on which your MATLAB code depends +

« Functions not on the MATLAB path
a Private functions

Add files/folders
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BREAK
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' Deep Learning Challenges

Data

A Labeling thousands of signals, images & videos

A Transforming, generating, and augmenting data (for different domains)
Training and Testing Deep Neural Networks

v Understanding network behavior

A Accessing reference models from research

A Optimizing hyperparameters

A Training takes hours-days

Rapid and Optimized Deployment

A Desktop, web, cloud, and embedded hardware

4\ MathWorks

_ Not a deep learning expert
v Handling large amounts of data
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Segment and label audio signals automatically

Read speech recording

Load speech recording from (.wav) file

1 fileName = 'Counting-16-44pl-mono-15secs.wav';
2 nathMame - fullfile(matlahroot 'toolbox', 'audio’, "samples’, fileName);
3 [x,fs] = audioread(pathName);
Plot samples over time
: o elmiiniey 1) ;
5 hpl = plot(t, x);
b Xlabel{ Time (5) )
Playback content
7 soundsc(x,fts)
Segment automatically
Use a custom function based on combined thresholdina of sianal enerav and spectral centroid
8 [segm, ~] = findSpeechSegments(x,fs);
Plot segmented time intervals
9 hold on
18 hax = hpl.Parent;
11 xlr = seem(:.:):

alll([&



5 hpl = plot(t, x);
6 xlabel( time (s)")

08

8 10 12 14

16

Playback content

7 soundsc(x,fs)




Segment automatically
Use a custom function based on combined thresholding of signal energy and spectral centroid

[segm, ~] = findSpeechSegments(x,fs);
Plot segmented time intervals

plotSegments(hpl, segm/fs)

1 T T T T T
08 1
06 1

1
—
E
L
5
=

{[=i]|[&]



Segment automatically

Uise a custom function based on combined thresholding of signal energy and spectral centroid
[segm, ~] = findSpeechSegments(x,fs);
Plot segmented time intervals

plotSegments(hpl, segm/fs)

FAY

segm =
28666 6l174a - - - T
108046 141120
188811 211680
253576 291860
324136 350415
308286 438795 -
458641 496125
531486 562275 i
595351 638638
657891 685856
D -
0.2 T
04F .
06 =
08 .
-1 L L ;

Bl
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Automate labeling with speech content using speech-to-text services

Initialize speech transcription wrapper

speechObject = speechClient('Google', 'languageCode’, 'en-GB"');

Loop over segments

‘MathWorks* Products  Solutions Academia Suppori  Community Events

Search File E

“Segments, 1) ;

File Exchange

MATLAB Central »  Files  Authors Tags Comments My File Exchange = Submit
About

start = segm(idx,1);

_ speech2text
stop = segm(idx,2); -

------ e ((.; ! version 1.0 (109 KB) by MathWorks Audio System Toolbox Team

anscript for segment %02d [%5.02f,

Automatic speech-to-text conversion

Get speech transcription using the Google Speech API

tableOut = speech2text(speechObject x(start:stop,1)

Store output

if(ismember( TRANSCRIPT',tableQOut.Properties.Variablellames))
autolabels(idx) = tableOut.TRANSCRIPT(1);
end

end

Visualize results in Audio Labeler
Create label definition
W .
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Automate labeling with speech content using speech-to-text services

Initialize speech transcription wrapper
speechObject = speechClient('Google', 'languageCode’, 'en-GB");
Loop over segments

autolabels = strings(numSegments,1);
for idx = 1:numSegments

Get segment boundary

start = segm(idx,1);

stop = segm(idx,2);

fprintf{ 'Querying transcript for segment %02d [%5.@2f, %5.02f]s of file "%s"\n', idx, start/fs, stop/fs,fileName)
Get speech transcription using the Google Speech API

tableOut = speech2text(speechObject, x(start:stop,1l), fs);

Store output

if(ismember( ' TRANSCRIPT',tableQOut.Properties.Variablelames))
autolabels({idx) = tableOut.TRANSCRIPT(1);
end

end

Visualize results in Audio Labeler

Create label definition

|31/ (5]




&\ MathWorks'

Audio Labeler 2018

[ Audio Labeler - audioZ.wav *

M B O
"-_Ij] @ & e EDefaun Layout |£|>

| . Lufd Sa:re Impvurt Dq:t;;ngs ” =] Legend F_xsurt

A WOrk On CO"ECthnS Of o FItE DEVIGE - \-';E;:ioaw EXPORT D
recordings or record new audio Tt wiws OB
directly within the app s g

A Navigate dataset and playback
Interactively

T=00:00:28 461

A Define and apply labels to ——_ E«runls T

audio.wav:

I Entire files nammets: 1

Sample Rate: 45000 Hz
e . . . . Duration: 35.851 s Accent British  British Other
I Reglons Wlthln fIIeS Compression: Uncompresse d
Bits per Sample: 16
Location: L:i\work\audio

SpeechDetected true true falze true

Gender Male | Male Female

ImportantWords

A Import and export audio folders, o ’
label definitions and datastores
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5

Image Labeler

A9

fu‘iol

Video Labeler

Audio Labeler

FILE

sl 7 L

w OHd &

New Load Save Import e
Session v v Labels ¥ LJ Pan

LABEL PIXELS

Image Labeler

& Zoom In E Default Layout Algorithm: 6‘/
= C o L=
={ Zoom Out Show Rectangle Labels | Select Algorithm v

Automate Export

[ Show Scene Labels

MODE VIEW

Labels
AUTOMATE LABELING EXPOR

-

T

4\ MathWorks

»

ROI Label Definition

E;,E, Define new RO label

» road |
» vehicle 1
> ovepass L

( 06_highway_cutin_20s14 1

4\ Video Labeler - videoLabelingSessionAtrium

LABEL

EH Audio Labeler - audin2.wav

= H L 1| R zoomh T rayout ~ RECORD a 4 B el
. ] e
£\ ZoomOut [ show ROl Labels r Audio Player:
Load Save Import [Label| 52 Show PO mh = 4 i F Defaut Layout | 6+
= = RS 1"} Pan 2 Show Scene Labels O = [Default -
FILE MODE VIEW Load Save Import . Export
70 SYe M Qgsetings [ Legend B
ROI Label Definition | atrium.mp4 |
I 1 FILE DEVICE VIEW
5 s Diata Browser ® | audio2.wav
Label Attribute —
w Audio Files File Labels
b person -
P 5 [audiolwav e
» heldObject audio2.wav AudioQuality 4
b tree il audio3.wav NumSpeakers 2
s oes audiod.wav
» chair ! .
audioS.wav
» railing i--
‘_Scene Label Definition |
EB] Define new scene label
H«» EH»Jca B @ T-00:00:28.461
(® Current Frame Add Label ¥ Audio File Info Region Labels E:}' @
O Time Interval Remove Label audio?.wavs: ~
SpeechDetected true true falze true
» indoors | | Channels: 1 Gender Male  Male Female
R d I Sample Rate: 45000 Hz
ouiroors Duration: 35.851 s Accent British  British Other
Compression: Uncompressed
H,
Bits per Sample: 16 ImportantWords
Location: Lr\work\audio
w
12.26437 15.86289 17.184| € >
SR eLuz E"dr'nplayback paused Samples Underrun = 0




4\ MathWorks

Label Images Using Image Labeler App

4\ Image Labeler

LABEL LABEL PIXELS

Label Opacity

| ROI Label Definition | [ semSegt |

EC:' Define new ROl label

7 » Pedestrian | e
¥ Vehicle | e
» Building iz

e 15

}r Scene Label Definition

\‘ EE:I Define new scene label
I

Apply to Image

Remove from Image

To label a scene, you must first define a scene
label
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