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What is Machine Learning

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

Task: Human Activity Detection
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Monitor a manufacturing process
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X4 X5 X6 X7 Y
1411.1 1.3602 100 97.613 ‘pass’
1463.7 0.8294 100 102.34 'pass’

1698 1.5102 100 95.488 'fail'
909.79 1.3204 100 104.24 ‘pass’
1326.5 1.5334 100 100.4 ‘pass’
1326.5 1.5334 100 100.4 'pass’
1463.7 0.8294 100 102.34 'pass’
1004.5 0.7884 100 106.24 ‘pass’
1004.5 0.7884 100 106.24 'pass’
1004.5 0.7884 100 106.24 'pass’
1046.1 1.3204 100 103.34 'fail'
1605.8 ©.9959 100 97.916 'fail'
1046.1 1.3204 100 103.34 'pass’
877.63 1.4668 100 107.87 'pass’
947.77 1.2924 100 104.85 'fail'
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X2 X3 X4 X5 X6 X7 Y
2564  2187.7  1411.1  1.3602 100  97.613  ‘pass’
2465.1  2230.4  1463.7  0.8294 100  102.34  'pass’
2559.9 2186.4 169 1.5102 100 95,488 ‘fail'
2479.9 2199 909.79 1.3204 100 104.24 'pass’
2502.9  2233.4  1326.5  1.5334 100 100.4  ‘pass’
2432.8  2233.4  1326.5  1.5334 100 100.4  ‘pass’
2430.1  2230.4  1463.7  0.8294 100  102.34  'pass’
2690.2 2248.9 1004.5 0.7884 100 106.24 'pass’
2600.5  2248.9  1004.5  0.7884 100  106.24  'pass’
2428.4  2248.9  1004.5  0.7884 100  106.24  'pass’
2548.2  2195.1  1046.1  1.3204 100  103.34  'fail’
2479.4 2196.2 1605.8 0.9959 100 97.916 'fail'
2507.4 2195.1 1046.1 1.3204 100 103.34 'pass’
2529.3  2184.4  877.63  1.4668 100  107.87  'pass’
2629.5  2224.6  947.77  1.2924 100  104.85  'fail’
X2 X3 x4 X5 X6 x7 Y
2564 2187.7 1411.1 1.3602 100 97.613 'pass’
2465.1  2230.4  1463.7  0.8294 100  102.34  'pass’
2559.9  2186.4 1698  1.5102 100  95.488  'fail’
2479.9 2199 909.79  1.3204 100  104.24  ‘pass
2502.9 2233.4 1326.5 1.5334 100 100.4 ‘pass’
2432.8 2233.4 1326.5 1.5334 100 100.4 ‘pass’
2430.1  2230.4  1463.7  0.8294 100  102.34  ‘'pass’
2690.2  2248.9  1004.5  0.7884 100  106.24  'pass’
2600.5  2248.9  1004.5  0.7884 100  106.24  'pass’
2428.4 2248.9 1004.5 0.7884 100 106.24 'pass’
2548.2  2195.1  1046.1  1.3204 100  103.34  'fail’
2479.4  2196.2  1605.8  0.9950 100  97.916  'fail’
2507.4  2195.1  1046.1  1.3204 100  103.34  'pass
2529.3 2184.4 877.63 1.4668 100 107.87 'pass’
2629.5 2224.6 947.77 1.2924 100 104.85 ‘fail'
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Which data to use?
Feature selection
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Which data to use? Feature selection

Xl X2 X3 x4 X3 X6 X7 Y
3030.9 2564 2187 .7 14111 1.3602 186 97.613 ‘pass’
3095.8 2465.1 22304 14637 0.8294 180 182 34 ‘pass’
2932 .6 2559.9 2186 .4 1698 1.5102 180 95488 ‘fail'
o i T 1 I I il ) s T W T T 1 kTl 1 1[}4_24_ 'F'-EISS'
Neighbourhood Component Analysis (NCA) | 12°-7 e
: IDE-§¢ ‘pass’
NCA Vieights 106.24  'pass’
16k ® reject 16624 ‘pass’
—® keep 106.24 ‘pass’
141 .
sl e ’ X1 X2 X3 X4
L
ik 3830.9 2564 2187 .7 1411.1
] 3095 .8 2465 .1 22304 1463 .7
0.8 - . 2932 .6 2559.9 21864 1698
| 2988 .7 2479.9 2199 9p9 .79
06 o * 3032.2 | 2562.9  2233.4  1326.5
2946 .3 2432.8 22334 1526.5
.3 2430.1 22304 1463 .7
.9 2690.2 22439 1pe4 .5
v 2600.5 22459 1004 .5
1 2428 .4 22489 1pe4 .5

50 100 150 200 250 300 350 400
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X7 Y
97.613 ‘pass’
10234 ‘pass’
05 .488 "fail'
10424 ‘pass’

106.4 ‘pass’
100.4 ‘pass’
162.34 ‘pass’
10624 ‘pass’
106.24 ‘pass’
106.24 ‘pass’
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Which model to use?
Classification Learner
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Which data to use
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Classification Learner

<FH A ‘ LPY»C Documents » MATLAB ) 'Ea
Current Folder [GM Command Window (@GN Workspace ®
" Name ~ fx T Name ~ Value
I jensorDatall  20231x15 table
Details A D [r— 11l | »

lm-'
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Classification Learner

-
‘ Clazsification Learner - Scatter Plot

CLASSIFICATION LEARMNER WIFA
. 3
New Feature  PCA All Linear
Session v Selection
FILE FEATURES CLASSIFIER
Data Browser O] | Scatter Plot =
w History | oot
- QOriginal dataset: secon
16/ KNN
Lastchangs Cparse KMNM 4127412 fastures - L ] L] L ] [ ] o
Wodel predictions
17 . KNN 27 wesw s » .
Lastchange: (Cps KM 412/412 features [ . L ] . [ 1] -ae
eeine . * wadoelen os%e
18 KMM Training —— 1) 1l
Lastchange: Cubic KNMN 412/412 featurss Predictors
Accuracy:
19 K
Lastchange: Weighted KNMN 412412 features ot
2 Multiple [Draft] g K130
Lastchange: All Quick-Te-Train 41274172 features ;
C del =0 Classes
w Current mode
v fail
Model number 2 - al
Status: Draft ok -pass.
gzizrﬂl Quick-To-Train Hidden observations
) o | » 3 ] .
3 %y, s Bk 4l 11 NaN
Feature Selection ® °
i % SeftdPiacp 0
Al features used in the model, before PCA B8 GgIPOEn By gatte 4
PCA - D 0 ‘IJE 0-1 0 :15 DI_Z 0 |25 DIE How to investigate features
PCA disabled : : . e L
X305
‘ Original Dataset: secon Observationst 1567  Predictors: 412 ResponseVarniablee Y  Response Classes: 2 Size of Datasek 5 MB H Validation:
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Fine Tuning a Model:
Bayesian Optimization

16
14
12
1
08
06
04
2
. 1 1! {
50 100 150
.

MK

iz fatdth Do 1 Sadowe | Brsieiss Spicos S B 3 Swtnere: 8 mivaee

Which data to use Choose a model

Fine tuning Share & Integrate

MATLAB EXPO 2016

12



4\ MathWorks

Tune Parameters with Bayesian Optimization

template = templateSVM(. ..

'‘KernelFunction’, 'linear’,
'PolynomialOrder', [1, ... _ _
'KernelScale', B.25, ... Previously tuning these
, L G— 0 arameters was a manual
BoxConstraint', 8.1, 0rocess
'Standardize’, true);

m = fitcecoc( T, 'Species', 'Learners’, template )

R2016b
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Fine tuning a model — Bayesian Optimization

4\ MATLAB R2016b - prerelease use  Root SA11\jcherrie Bstats.bayesoptimatiab ‘ﬁl
I HOME APPS SHORTCUTS FIGURE WIEW Search Documentation PH
<@ e & L v G v Users ¢ jcherrie b Sandbox b temp » Pl e 9L L vl MEEREEMEE AR S
|Z Editor - BayesianOptimization.m _7- Figures - Figure 2 (x) X | Command Window @ s
——— g
L| Figurel I Jx »> m = fitcecoc(meas,species,'Cptin’,{'KernelScale’, 'SoxConstrainc'}) g
i
g
g
=
| Figure2 |

MATLAB EXPO 2016
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Share & Integrate

NCA Weights ‘:T Objective function model
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Which data to use
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Share & integrate: machine learning models

MATLAB code

function label = classifyIonosphere (¥) %fcodegen PEEN
fclassifyvIonosphere Clas=sify Ionosphere based on pre-trained 5VM model
mdl = loadCompactModel ( 'SVHMIonosphere' ) ;

label = predict{ mdl, X ):

end
C code
[T= A varlapls Uefiniticns /7
15 static emlrtcRS5Info emlxrcR5I = { 4, F* 1insNo 4
1& "classifyIlonosphere", A#* FonNames #/
MATLAB Coder _' } "Zih A\ Uzersh S Jchnerriehh Sandboxt htempt v feature-selectiontclassifvIionosong

2 const real T X[11534], cell wrap 0 lakel[3531])

3 i

4 real T t0 Rlpha[90]:
5 real T expl temp[34]:
& real T b expl temp:

char T t0_ClassName=[Z2]:

real T o expl temp[2]:

R2016b
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X2 X3 X4 X5 X6 X7 Y

2564  2187.7  1411.1  1.3602 100  97.613  ‘pass’
2465.1  2230.4  1463.7  0.8294 100  102.34  'pass’
2559.9 2186.4 169 1.5102 100 95,488 ‘fail'
2479.9 2199 909.79 1.3204 100 104.24 'pass’
2502.9  2233.4  1326.5  1.5334 100 100.4  ‘pass’
2432.8  2233.4  1326.5  1.5334 100 100.4  ‘pass’
2430.1  2230.4  1463.7  0.8294 100  102.34  'pass’
2690.2 2248.9 1004.5 0.7884 100 106.24 'pass’
2600.5  2248.9  1004.5  0.7884 100  106.24  'pass’
2428.4  2248.9  1004.5  0.7884 100  106.24  'pass’
2548.2  2195.1  1046.1  1.3204 100  103.34  'fail’
2479.4 2196.2 1605.8 0.9959 100 97.916 'fail'
2507.4  2195.1  1046.1  1.3204 100  103.34  'pass’
2529.3  2184.4  877.63  1.4668 100  107.87  'pass’
2629.5  2224.6  947.77  1.2924 100  104.85  'fail’
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X2 X3 x4 X5 X6 x7

2564 2187.7 1411.1 1.3602 100 97.613
2465.1  2230.4  1463.7  0.8294 100  102.34
2559.9  2186.4 1698  1.5102 100  95.488
2479.9 2199 909.79  1.3204 100  104.24
2502.9 2233.4 1326.5 1.5334 100 100.4
2432.8 2233.4 1326.5 1.5334 100 100.4
2430.1  2230.4  1463.7  0.8294 100  102.34
2690.2  2248.9  1004.5  0.7884 100  106.24
2600.5  2248.9  1004.5  0.7884 100  106.24
2428.4 2248.9 1004.5 0.7884 100 106.24
2548.2  2195.1  1046.1  1.3204 100  103.34
2479.4  2196.2  1605.8  0.9959 100  97.916
2507.4  2195.1  1046.1  1.3204 100  103.34
2529.3 2184.4 877.63 1.4668 100 107.87
2629.5 2224.6 947.77 1.2924 100 104.85

MATLAB EXPO 2016

Which data to use

Choose a model

Fine tuning

Deep Learning

Share & Integrate

18



| .
Deep Learning

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

Traditional Machine Learning

Car v’

Classification

Machine Truck
Learning o
[
Bicycle

Convolutional Neural Network (CNN)

End-to-end learning

Feature learning + Classification

Truck

Bicycle

4\ MathWorks
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What is Deep Learning?
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Every feature map output is the
result of applying a filter to the image
The new feature map is the next input
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Object Recognition using Deep Learning

4\ MATLAB R2015a =5
APPS || [#]cee [c]eie (1] Font (D] Unock @ISearchD uuuuuu tation »
E |:|‘}| - ey - & E u_aNaw Variable |5 Analyze Code E_E\ E {8} Preferences. @ % Community
bonttin - e {1} Open Variable + J> Run and Time St el (7l Set Path " = Request Support
w  MNew Open | = Compare e # imul yo el
Script w e Data Workspace |/ Clear Workspace > [° Clear Commands =  Library ~ |l paratiel = ~ & AddOns ~
FLE | VARIABLE CODE | SIMULINK ENVIRONMENT RESOURCES
EP EE » C b Users b sprasann » OneDrive for Business b Projects » cnn_demos b Imagelet
5
>> detectCameralmagesWithCNN §
2
fx z
g
2
Busy

Training
(using GPU)

Millions of images from 1000 different categories

Prediction

Real-time object recognition using a webcam connected to a

laptop

MATLAB EXPO 2016
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Why is Deep Learning so Popular?

= Results: Achieved substantially better
results on ImageNet large scale recognition
challenge

— 95% + accuracy on ImageNet 1000 class
challenge

= Computing Power: GPU’s and advances to
processor technologies have enabled us to
train networks on massive sets of data.

- Data: Avallability of storage and access to
large sets of labeled data
— e.g., ImageNet , PASCAL VoC , Kaggle

MATLAB EXPO 2016

4\ MathWorks

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

> 25%

2012 (Deep Learning )

~15%

2015 ( Deep Learning)

<5%

22




Two Approaches for Deep Learning

1. Train a Deep Neural Network from Scratch
Convolutional Neural Network (CNN)

e ———

Learned features

— mEN
N '
e — —_——

[95%
3%
®
®

L 2% -

n Lots of data

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

L

Pre-trained CNN

“Medium amounts
of data

MATLAB EXPO 2016

Car v/
Truck

Bicycle

Ine-tune network weights

» New Task <

4\ MathWorks

Car
Truck X
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Two Deep Learning Approaches
Approach 1: Train a Deep Neural Network from Scratch

Car v
Truck

Bicycle

Recommended only when:

Training data 1000s to millions of labeled images
Computation Compute intensive (requires GPU)
Training Time Days to Weeks for real problems

Model accuracy High (can over fit to small datasets)

MATLAB EXPO 2016

4\ MathWorks
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Two Deep Learning Approaches

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

CNN trained on massive sets of data
« Learned robust representations of images from larger data set
 Can be fine-tuned for use with new data or task with small —
medium size datasets |

Sliding window P - stop sign
. c .
[ R (1T -
g Loy JIEEES - B bicycle
¥ B » 5 i HEE 3
Filters : L L 5 - car
light and dark ! complex shapes shapes that can be o
sed to define a flower .

“m s wm -/ FC

MATLAB EXPO 2016
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Two Deep Learning Approaches

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

CNN trained on massive sets of data

« Learned robust representations of images from larger data set

 Can be fine-tuned for use with new data or task with small —
medium size datasets

Recommended when:

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

Model accuracy Good, depends on the pre-trained CNN model

MATLAB EXPO 2016
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Deep Learning in MATLAB

% Define a CNN architecture

layers = |
imageInputLayer ([32 32 3])
convolution2dLayer (5,32, 'Padding', 2)
relulayer ()
maxPooling2dLayer (3, 'Stride', 2)

fullyConnectedLayer (10)
softmaxLayer ()
classificationLayer ()

1;

opts = trainingOptions( 'sgdm', 'InitialLearnRate',

% Train the CNN
[net, info] = trainNetwork (X, Y, layers, opts);

MATLAB EXPO 2016

0.001 );

4\ MathWorks

2016
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Transfer Learning in MATLAB

[*)

% Everything except the last 3 layers.
preTrainedLayers = preTrainedNetwork.Layers (l:end-3) ;
% Add new fully connected layer for 2 categories,

()

the softmax layer, and the classification layer which make up the
% remaining portion of the networks classification layers.
layers = |
preTrainedLayers
fullyConnectedLayer (2)
softmaxLayer

classificationLayer ()

1;

net = trainNetwork (X, Y, layers, opts);

2016

MATLAB EXPO 2016
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Demo Stations

4\ MathWorks
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1. Classification Learner Demo

Predictive Maintenance of Turbofan Engine

Sensor data from 100 engines of the same model

Predict and fix failures before they arise
— Import and analyze historical sensor data
— Train model to predict when failures will occur
— Deploy model to run on live sensor data
— Predict failures in real time

Data provided by NASA PCoE

http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/

MATLAB EXPO 2016

Fan

Combustor NI

LPT

&\ MathWorks
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Show image
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Show image
N

Highlight features

Highlight best feature
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Efe Edit View [nsert Iools [Desktop Window Help
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Controls

Show image

Highlight features

Highlight best feature
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Channels 176

Classification remote control

Select predst
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X1

3030.9
3095.8
2932.6
2988.7
3032.2
2946.3
3030.3
3058.9
2967.7
3016.1
2994.1
2928.8
2920.1
3051.4

2964

2564
2465.1
2559.9
2479.9
2502.9
2432.8
2430.1
2690.2
2600.5
2428.4
2548.2
2479.4
2507.4
2529.3
2629.5

1.3602
0.8294
1.5102
1.3204
1.5334
1.5334
0.8294
0.7884
0.7884
0.7884
1.3204
0.9959
1.3204
1.4668
1.2024

Filters
light and dark

Machine Learning

® roject
—® keep
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Objctve fcion model

1o*
BoConstraint

Which data to use

w

simple shapes

MATLAB EXPO 2016

-I complex shapes
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Choose a model
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shapes that can be

used to define a flower
-

Fine tuning

‘- m

RELU
rectified linear units

Share & Integrate

Probability

Flower

FC

softmax

categorical probability distribution
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