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Data Analytics

Analytics Human Input

Descriptive
What happened? 4

Diagnostic
Why did it happen?

Predictive
What will happen?

» Decision

Data

Decision Support
Prescriptive

What should | do?
Decision Automation

Turn large volumes of complex data into actionable information
source: Gartner

MATLAB EXPO 2017


http://www.gartner.com/newsroom/id/2881218

Customer Example: Gas Natural Fenosa

Energy Production Optimization

Opportunity

» Allocate demand among power plants to minimize
generation costs

Analytics Use

« Data: Central database for historical power consumption
and price data, weather forecasts, and parameters for each
power plant

« Machine Learning: Develop price simulation scenarios
* Optimization: minimize production cost

Benefit
* Reduced generation costs
« White-box solution for optimizing power generation

MATLAB EXPO 2017
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http://www.mathworks.com/tagteam/84425_91460v02_GasNaturalFenosa_UserStory.pdf
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Big Data Analytics Workflow

Integrate Analytics with

Develop Predictive

Access and Explore

Data

Preprocess Data

Models

Systems
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Example: Working with Big Data in MATLAB

= Objective: Create a model to predict the cost of a taxi ride in New York City

= |Inputs:
— Monthly taxi ride log files
— The local data set is small (~20 MB)
— The full data set is big (~21 GB)

= Approach:
— Access Data
— Preprocess and explore data

— Develop and validate predictive model (linear fit)
= Work with subset of data for prototyping and then run on spark enabled hadoop with full data

— Integrate analytics into a webapp
MATLAB EXPO 2017




Example: Working with Big Data in

MATLAB

HOME PLOTS APPS LIVE EDITOR
% 5 ﬁ Lol Find Files  4p < BIUM =| =| X Equation ~
0 =l Compare GoTo % . Hyperlink

Mew Open Save L) Compare | o) % = : Code Text Section g 2 |

v v v (= Print (| Find = | : - - Break Irna Norma
b |sbrnd = [l : reak |efimage
FILE | NAVIGATE | FORMAT ‘ INSERT

B Live Editor - /mathworks/home/hgorr/predictTaxiFare.mix

| predictTaxiFare.mix e

l> Ej Run Section

AaBbCc -~

SOk v G Ea‘ Run and Advance
un

Heading Title All {5 Run to End

tall Arrays for Big Data in MATLAB

Current Folder

Predict Cost of Taxi Ride in New York City

|Vendor1D,

Analyze data from .csv files containing taxi trip information, separated by month. The data set is available from the City of New York.

tpap_dro
2015-01

o

(24

count,

trip distance,
9.12,

(2, 2015-01- 5.63,

2015-01 2.9,

[ 0.8,

|2, 0.65,

1 1.5,

1, 1, 9

12, 2 -2 23 2015-01-21 0 k 0.63, -73.9413635253906,
et a0l S0l o2 e 92 32533 2ol 1 5.0, S5, o PO 5 13.995382000043

Set up execution environment

numWorkers = 16;

setenv('HADOOP HOME', '/mathworks/test/hadoop');
setenv('SPARK HOME', '/mathworks/test/spark');

cluster = parallel.cluster.Hadoop;

cluster.SparkProperties('spark.executor.instances') = num2str(numWorkers);

gaedsiom

MATLAB EXPO 2017
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Demo: Taxi Fare Predictor Web App

o

4\ MathWorks

r

Taxi Fare Estimator

Origin: .

Destination:

MATLAB EXPO 2017



Big Data Analytics Workflow: Data Access and Pre-process

Access and Explore Preprocess Data
Data

Files

Nl

Databases

Sensors

»

N N
- W

17

py

Working with
Messy Data

Data Reduction/
Transformation

Feature
Extraction
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Data Access and Pre-processing — Challenges

f:

D

hallenges

Data aggregation
— Different sources (files, web, etc.)
— Different types (images, text, audio, etc.)

Data clean up
— Poorly formatted files
— lrregularly sampled data
— Redundant data, outliers, missing data etc.

Data specific processing

— Signals: Smoothing, resampling, denoising,
Wavelet transforms, etc.

— Images: Image registration, morphological
filtering, deblurring, etc.

Dealing with out of memory data (big data)

"

-

What data scientists spend the most time doing

Building training sets: 3%

Cleaning and organizing data: 60%

Collecting data sets; 19%

Mining data for patterns: 9%

Refining algorithms: 4%
Other: 5%

Data preparation accounts for about 80% of the work of data
scientists - Forbes

4\ MathWorks:
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Data Analytics Workflow: Big Data Access and Pre-processing

wwav.nyc.gov/html/tic/html/about/trip_record_data.shtml

5\ Data Analytics - Hor 4\ Discover MATLAS &

4\ CRE-Home  MATLAB 4\ Fleet Data Analysis

Download 2015 Taxi Data from Web using ‘websave'in parallel

parfor

1=1:12

fileName = ['taxiData2015 ', num2str(i)]

url

= ['https://s3.amazonaws.com/nyc-tlc/trip+data/yellow tripdata 2016-0' num2str(i), '.csv']

websave|fileName, url)

end
MATLAB EXPO _...
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Next: Access Big Data from MATLAB

= datastore
— Tabular text files
— Images
— Excel spreadsheets
— (SQL) Databases
— HDFS (Hadoop)
— S3 - Amazon

MATLAB EXPO 2017

2014
2015
2015
2016

4\ MathWorks:
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Get data in MATLAB

datasiore

X

<G% e *» C» AmitDrive * 04_Demos * Demos # 00 _Data Analytics » NewYork Tax * NYCTaoDemo -p
5 L= Lve Edtiter - CAAMITDve\D4_Demos\Demosi0_Data Aralytics\NewYork_Tax(\NYCTaxiDemo\ predect] axiFars mix v H x a:
predictTaF are.mix + E

[

£
m

tall Arrays for Big Data in MATLAB

Predict Cost of Taxi Ride in New York City

This example explores NYC taxi data and predicts the fare based on distance and the time of day,

T

Woekspace  Command History  Cistent foldes  Job Mom

The data come from .csv files containing taxi trip information, separated by month, The data set is freely avallable from the City of New York.

|VendorlID, tpep pickup datetime, tpep_dropoff datetime, passenger count, trip distance, pickup longitude,
5.", 2015-01-07 07:40:20, 2015-01-07 09:94:45, 6, 9.12, -13.9524536132012,
12, 2:49:50, 2015-01-21 t17:1], 6, 5.63, -74.0083694458008,
il, :04:30, 2015-01-05 23:15:0 1, 2.9, -73.86321258544592,
11, 2:20:43, 2015-01-11 22:23:0 1, 0.8, -73.98577560424805,
f2, 00:34:59, 2015-01-24 00 0.65, -73.9516687011719,
1, ;09:57, 2015-01-25 1, 1.5, -73.99B83825683594,
11, 3:24:13, 2015-01-02 27 1, 1, 73.9963912563867,
12, 06:46:23, 2015-01-21 1, 0.63, -73.95%13635253906,
B 3:32:37 TR | B LR U0 11 S 1 e e et e S L L

Set up execution environment

MATLAB EXPO 2017
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What if the data is saved in HDFS?

MATLAB

Hatoop

Browse Directory

uawmuom Me El 4 MATLAR A2017a

P Srowsing HOFS - Chro.,, I Teeminal

EXPO 201)™

dotnsetatifC Tas Go
Permission  Owner Group Sire Last Modfied Block Size  Name
L s wpargup 157 G8 WRAS2018. 1 9 AL am 126 w6 T}
W spergroun 59 GO £, 14000 AM 1208 un
oWt e spergroup 27O GH  W252016, 14030 AM 120 MBS ™
Wl oot CaTo SUpSrgraun 2ETGH AQN201F, 141085 aM 128 w8 ia
Wt cty P grUup Jaace 14530 ap 128 w8 “
et s L 2018 14153 A 128 NG e
e 00 supargroup 240 GO L4216 am 120 v 1
wror o wpargroup 240 GH  A2N201E. 142 40 AM 20 ve 1
T L0 uperproup ZIECE  32W2015 14253 aM 28 wp i
oot Tt spsgruup 236 C8 14200 128 M8 l s

Trial Days Remalndng: 323

4\ MathWorks:

14


http://hadoop.apache.org/
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Or Data is stored Iin a Database

m Connect to the database application
MySaoL:
== conn = database('taxiDemo', 'root', 'matlab’',
‘Vendor', 'MYSQL',
'Server', 'localhost’',

'PortNumber', 3306);

Create a database datastore and import data of interest

4\

sqlquery = ['select pickuptime, dropofftime, trip distance,’
'payment _type, fare amount from taxiData'];

ds = databasenatastnre_knnn sglquery, 'ReadSize',100000);
—

MATLAB EXPO 2017
15
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Data Access: Summary

Business and Transactional Data

» Repositories — SQL, NoSQL, etc.
» File I/O — Text, Spreadsheet, etc.
»  Web Sources — RESTful, JSON, etc

Engineering, Scientific and Field
Data
= Real-Time Sources — Sensors,

GPS, etc.

Servers and Databases » File I/O — Image, Audio, etc.

= Communication Protocols — OPC
(OLE for Process Control), CAN

OV =
- @? Hardware

MATLAQB EXPO 2017

(Controller Area Network), etc. y
Y y

Software
16


http://hadoop.apache.org/
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Process data which doesn't fit into memory

Preprocess Data

Working with
Messy Data

Data Reduction/
Transformation

Feature
Extraction
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Pre-processing Big Data )ik
s

tall arrays in 2016

= New data type designed for data that doesn't fit into memory
= Lots of observations (hence “tall”)

« Looks like a normal MATLAB array
— Supports numeric types, tables, datetimes, strings, etc...
— Supports several hundred functions for basic math, stats, indexing, etc.
— Statistics and Machine Learning Toolbox support
(clustering, classification, etc.)

FEE JHEEEE O SR SO ICNEE JHEEE RO fHEH )

MATLAB EXPO 2017
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____________________________ B
tall arrays 20]6 N S| tall array E !
i Machine i B ‘ Machine i
1 Memory 1 Memory 1
| | A |

- Automatically breaks data up into
small “chunks” that fit in memory —

- Tall arrays scan through the
dataset one “chunk” at a time

= Processing code for tall arrays is
the same as ordinary arrays

MATLAB EXPO 2017
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tall arrays R2016

= With Parallel Computing Toolbox,
process several “chunks” at once

= Can scale up to clusters with
MATLAB Distributed Computing
Server

MATLAB EXPO 2017

Single 1
Memory

Cluster of
Machines

tall array

D
EH

Single

Single
Machine
Memory

Single
Machine
Memory

4\ MathWorks
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Demo: Working with Tall Arrays

@€ MATLAB Window Help

® 4 4 a T ooxBr Thu248PM Q =

<) e MATLAS R2017a
LIVE ENTOR
» Gredies & BIUM - = 3 tauaton - . 2 hun secoin
ﬁ 3 g I ieoaonsilies caTaubi o ; \; s;_-; & Wypettiok A.\Bb_c“ uaac:ﬁ A::Bb( = l‘ @m‘_
T e e i coE ) el
i FTRMAT wyirr TEAT 3T 9
L % 3 55 @ B/ Users » sdeland » Documents » Demos * TaxiData » NYCTaxiDemo » NYCTaxiDemo » v 0
Workspace O B Live Editor - predictTaxiFare.mix AN Command Window
[ Name « Value | predictTaxiFare.mix +
wds 1Ix1 TabularTextDatastore 1
E‘
Create datastore to represent the data
ds = datastore('smallerTaxiData/*2015.csv');
Identify data of interest and customize options.
ds.VariableNames(2:3) = {'pickuptime', 'dropofftime'};
e Eolde ds.SelectedVariableNames = {'pickuptime', 'dropofftime', 'trip distance’,...
& MName &

» wsmallerTaxiData
taxidataNYC_1_2015.csv
taxidataNYC_2_2015.csv
taxidataNYC_3_2015.csv
taxidataNYC_4_2015.csv
taxidataNYC_5_2015.csv
taxidataNYC_6_2015.csv
taxidataNYC_7_2015.csv
taxidataNYC_8_2015.csv
taxidataNYC_9_2015.csv
taxidataNYC_10_2015.csv
taxidataNYC_11 _2015.csv
o taxidataNYC_12_2015.csv
taxiData
= predictTaxiFare.mlx

o 0o oo

oo oD o

-

MATLAB EXPO 2017

'payment _type','fare amount'};
ds.SelectedFormats(1:2) = {'%{yyyy-MM-dd HH:mm:ss}D'};
Create a tall array

= tall(ds)

Determine trip duration

tt.hr_of day = hour(tt.pickuptime);
tt.trip_minutes = minutes(tt.dropofftime - tt.pickuptime)

4\ MathWorks'
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Data Access and pre-processing — challenges and solution

/

a

Challenges

Data aggregation
— Different sources (files, web, etc.)
— Different types (images, text, audio, etc.)

Data clean up
— Poorly formatted files
— lrregularly sampled data
— Redundant data, outliers, missing data etc.

Data specific processing

— Signals: Smoothing, resampling, denoising,
Wavelet transforms, etc.

— Images: Image registration, morphological
filtering, deblurring, etc.

Dealing with out of memory data (big data)

<)

MATLAB makes it easy to
work with business and
engineering data

[ = =. TN L
= T e e
S S o B W
Files e Databases [l =2 waet ™9 NN
= | RS e A e

Signals

= Point and click tools to access " Built-in algorithms for data

variety of data sources preprocessing including sensor,

= High-performance environment image, audio, video and other

for big data real-time data

22



Data Analytics Workflow: Develop Predictive Models using

Develop Predictive
Models

Model Creation e.g.
Machine Learning

AlB|C

Parameter
Optimization

Model
Validation

- - Wi
o o i [0
| RN
Vi Ve
wielw .
L -~

e o -
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Machine Learning

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

Task: Human Activity Detection

Gandard Approach A \

k . Machine Learning Approach

(4
A §,
| [ ]
: Machine “5
sl | Learning

= )

Computer “:%

Program

]
Hand Written Program Formula or Equation
model: Inputs = Outputs
If X_acc>0.5 Yactivity
then “SITTING” —B.X. 4 BY
If Y _acc <4 and Z acc>5 n gl Zacc n PaYace del = Machine d .
then “STANDING” 34acc model = < ;zj;ﬁ:;:fn >(sensor_data, activity)

24
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Consider Machine/Deep Learning When

Problem is too complex for hand written rules or equations Because algorithms can

Q ) Hello!

learn complex non-
linear relationships

Speech Recognition Object Recognition Engine Health Monitoring
Program needs to adapt with changing data
meLin ) | update as more data
3 [ becomes available
Weather Forecasting Energy Load Forecasting Stock Market Prediction
Program needs to scale
B Y ' I learn efficiently from
very large data sets
4
loT Analytics Taxi Availability Airline Flight Delays

25



Different Types of Learning

Type of Learning

Supervised
Learning

Develop predictive

model based on both

Mach i_n € input and output data
Learning

Unsupervised
Learning

4\ MathWorks:

Categories of Algorithms

Classification

» OQutput is a choice between classes
(True, False) (Red, Blue, Green)

Discover an internal
representation from
input data only

MATLAB EXPO 2017

. e Output is a real number
Regression .
(temperature, stock prices)
Clustering * No output - fln.d natural groups and
patterns from input data only

26
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Different Types of Learning

Type of Learning Categories of Algorithms
e Support Discriminant
CIaSS|flcat|0n Vector Analysis NENE Bayes NNeeialr:]ebSOtr
Machines J

Supervised
Learning

Lcal SVR, Ensemble Decision Neural

Regressmn Reg(;?j\jlon GPR Methods Trees Networks

Develop predictive

model based on both

Mach i_n € input and output data
Learning

U ised kMeans, kmedoids Hierarchical Gaussian
nsuper_wse Clustering Fuzzy C-Means Mixture
Learning
Neural Hidden Markov
Discover an internal Networks Model

representation from
input data only

MATLAB EXPO 2017
27



Machine Learning with Big Data

2016

* Descriptive statistics (skewness,
tabulate, crosstab, cov, grpstats, ...)

« K-means clustering (kmeans)

* Visualization (ksdensity, binScatterPlot;
histogram, histogramz2)

« Dimensionality reduction (pca, pcacov,
factoran)

« Linear and generalized linear regression
(fitlm, fitgim)

« Discriminant analysis (fitcdiscr)

MATLAB EXPO 2017

4 MathWorks

2017/

Linear classification methods for SVM
and logistic regression (fitclinear)

Random forest ensembles of
classification trees (TreeBagger)

Naive Bayes classification (fitcnb)
Regularized regression (lasso)

Prediction applied to tall arrays

28
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Demo: Training a Machine Learning Model

et eetos

LT TER— - R T S
e o akan L peedictTaniFare mix +
*ds Ix1 TabuiarTextDatastore Ei:'
=h 157463 (» -
Sidx 157463x1 tall logical (un... 18000 . . UL L ; .
Sm [49.5385,12.9563,15.26...
imn 15.2648
cimnTrip 1x1 tall double 16000 |-
s [1.8477e+04,20.7544,4...
Lt 117578x7 tall table (une... 14000 Y \
“ivars Ix4 cell
X 157463x4 tall double (u...
12000 -1
Cutrant Folde v 10000 | -
| P
» wsmallerTaxiData
o taxidataNYC_1_2015.csv 8000 -
¢ taxidataNYC_2_2015.csv
¢ taxidataNYC_3_2015.csv
& taxidataNYC 4 _2015.csv 6000 T
o taxidataNYC_5_2015.csv
¢ taxidataNYC_6_2015.csv 2000 |-
¢ taxidataNYC_7_2015.csv
& taxidataNYC_8_2015.csv
o taxidataNYC_9_2015.csv 2000 i
¢ taxidataNYC_10_2015.csv
¢ taxidataNYC_11_2015.csv 0 PR —— N
o taxidataNYC_12 2015.csv 15 20 25 30
» wtaxiData
% predictTaxiFare.mlx
= c te traini i lidati t

MATLAB EXPO 2017
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Demo: Training a Machine Learning Model

R L)

- DAUN
T R
T

" -,

- 7‘,u &1 & ) v Dsers o sdeland ¢ Docemenss » Demos » TasiDats o NrCTexdlems ¢ NYCEaxiDemn »

‘Workspace v
*ds Ix1 TabularTextDatastore:
“h 157463

Cldx 157463x1 tall logical (un.
Hm [49.5385,12.9563,15.26..

imn 15.2648
imnTrip 1Ix1 tall double
=model Ix1 CompactlinearModel

vpt Ix1 cvpartition
13 [1.8477e+04,20.7544,4..
ot 117578x7 tall table {une..

ittTrain  58792x7 tall table (unev..
EttVali... Mx7 tall table (unevaluat..
Cutrant Foldm i

| W
» wsmallerTaxiData
taxidataNYC_1_2015.csv
taxidataNYC_2_2015.c¢sv
taxidataNYC_3_2015.csv
taxidataNYC_4_2015.csv
taxidataNYC_5_2015.csv
taxidataNYC_6_2015.csv
taxidataNYC_7_2015.csv
taxidataNYC_8_2015.csv
taxidataNYC_9_2015.csv
taxidataNYC_10_2015.csv
taxidataNYC_11 _2015.csv
taxidataNYC_12 2015.csv

taxiData
% predictTaxiFare.mlx

2 B 8 80 8 8 008 88

2l ~

M- sy

MATLAB EXPO 2017

=
Gk Teel Seawm

O
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[t U W

predictTaniF e mix +

plotSlice(model)

File Sounds Predictors Deskiop  Window Help

140
120
PR — 100 |
801.... |
60 § .
e 40 i
20 ,
0 ; '

«F rany

)
)
|
)
)
1

|
|
|
|
|

102‘0304050607060900 5 10

e 1"y

Coee - e et

Predict and validate

yPred = predict(model,ttValidation);
residuals = yPred - ttValidation.trip minutes;
figure

15

100 200 300 400 500 600

ERT PR

et

histogram(residuals, 'Normalization', 'pdf', 'BinLimits',[-50 50])

4\ MathWorks:
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Regression Learner

Bemtare bewition
A atons usad i e mocel Satiey PCA

rCA
FCA cyatins
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Regression Learner
App to apply advanced regression methods to your data

- Added to Statistics and Machine Learning

Toolbox in R2017a R IS

— . —— —

= Point and click interface — no coding
required

= Quickly evaluate, compare and select e =
regression models

= Export and share MATLAB code or SRR s
trained models

MATLAB EXPO 2017
32
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Classification Learner
App to apply advanced classification methods to your data

- Added to Statistics and Machine Learning
Toolbox in R2015a

= Point and click interface — no coding
required

= Quickly evaluate, compare and select
classification models

= Export and share MATLAB code or = e e =
trained models

MATLAB EXPO 2017
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and Many More MATLAB Apps for Data Analytics

Distribution Fitting

System Identification

Signal Analysis

Wavelet Design and Analysis
Neural Net Fitting

Neural Net Pattern Recognition

Training Image Labeler

and many more...

MATLAB EXPO 2017

Neural Network

Hidden Output

Algorithms

Data Division: Random (dwiderand)

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy (crossentropy)
Derivative: Default (defaultdeny)

Progress

Epoch: ol 23 iterations | 1000
Time: | 0:00:00 |
Performance: 1.29 0677

Gradient: 111 ),0126

Validation Checks: 0 [ 6 ] 6

4\ MathWorks
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Tuning Machine Learning Models
Get more accurate models in less time

Automatically select best Automatically fine-tune
machine leaning “features” machine learning parameters
”[ . NCA'.I‘L"eightsl —

Select best “features” b

to keep in model from ?

over 400 candidates

1t
®
L ]
08[

06 »

0.4';

0.2

0

50 100 150 200 250 300 350 400
Signal index

R2016b R2016b

NCA: Neighborhood Component Analysis Hyperparameter Tuning

MATLAB EXPO 2017
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Machine Learning Hyperparameters

SVMModel = fitcsvm(X,Y,'Standardize',true, 'KernelFunction', 'RBF’,... Hyperparameters
QférnelScale','auto');

X —

Tune a typical set of
hyperparameters for this model

SVMModel = fitcsvm(X,Y, 'OptimizeHyperparameters', 'auto');

Tune all
hyperparameters for this model

SVMModel fitcsvm(X,Y, 'OptimizeHyperparameters', 'all');

MATLAB EXPO 2017
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Bayesian Optimization in Action

g L L R R o N
L E O 37 Search Docussentation el < |
G TP L v O Users > jcheme b Sandbox b temp b AL Lot Dl REENYE AR S
FACER T I OF
a%
| Figurel | 3> m = fitcecce(meas, species, 'Oprin', ('Kesnalilcale ', 'BaxCasareaint')) é‘
Min objective vs. Number of function evaluations ' 3 |
1 | Icer | Eval | Cbjective | Objective | BestSpFar | BestSoFar | BoxConstrainm | -
—=— Min chinerved chjectve ! | resalxs | | runtime | (cbserved) | (estim.) | |
—— Esimated min obiectie a1 { &
Joos 2 | 11 Besz | 0,17 | 0.364 | 0.17 | 0.312 | 12.200 | &
T | 2 | Best | 0.04 | 5.36812 | 0.04 | 0.045482 | 22.744 | 22
1006 % | 3 | Best ] c.02 | 0.34652 ) 0.02 ) 0.020008 | 5.0411 |
00e e 1 4 | Acsept | 0.053333 | 0,3452 | 0.02 | 0.02001 | 0.33363 | ‘
- = S b3 | % | Accept | 0.033333 | 0,3452 | .02 | 0,93137 | 267,43 |
— oa2 | 6 | Accept | 0.088667 | 0.32461 | 0.02 | 0.020012 | 0.0068915 | |
| 7 | Accepr | 0.026667 | 0.3436¢ ) 0.02 1 0.0201%6 | 11.683 ) |
L
| 8 | Accept | 0.03333 | 0.30197 ) 0.03 1 0.038230 | 24.500
| 3 | Acgept | 0.026667 | 0.33712 | 0.0z | 0.024893 | 16.54% )
| 10 | Accept | 0.033333 | 0.32808 | 0.02 ) 0.0270&8 | 15.931 |
[ x 1 13 | Accspt | 0.033333 | 0.33001 ) 0.02 0.027108 | 0.0017911 |
| | 12 | Accept | G.04 | 3,2285 | 0.07 | 0.027179 | 0.65302 |
| 13 | Acgepr | 0.033333 | 0.32884 | 0.02 | 0.027206 | 0.001037% )
| 14 | Accepr | 0.033333 | 0.33064 | 0.02 ) 0.027246 | 0.00€6645 |
| 15 | Accept | 0.32 | 0.36633 | 0.02 | 0.037368 | 0.0060484 |
1 16 | Aocept | g.12 | o.J2s52e0 | 0.0z | 0.027421 | 999.14 |
012 - | 17 | Accept | 0.073333 | 6€.1264 | d9.02 | 0.0272%8 | 995.2 | [
s ] 16 | Acceprt | 0.12 | 0.34415 ) 0.02 0.02726€3 | 0.0010034 | |
L | 1% | Accept | 0.033333 | 0.33577 | 0.02 | 0.027183 | 0,018231 | [
S Q.1 4 | 20 | Aogept | 0.033332 | 0.33763 | 0.02 | 0.02719 | 0.073421 |
[ I
g | Iter | Eval | Cojective | Objective | BestScoFar | SestdcFar | BoxConstrain |
gam" | | resal: | | runtime | lcheerved) | (estim.) | 1
& i ‘
%. 0% ] 22 | Aceoepr | 0.026687 | 5.33277 | a.02 0.026981 | 8.3113 |
e B | 22 | Acompt | 0.033333 0.39717 | 0.03 | 0.026951 | 1.1948% )
B | 23 | Accept | o.12 | 0.334M ) 0.02 | 0.026970 | 2.3%01 1 |
E 0.04 - .3 |
- |
a0z |
|
| + " .
|
I.
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|
Big Data Analytics Workflow: Developing

Predictive models

Challenges

Lack of data science expertise

Feature Extraction — How to transform
data to best represent the system?

— Requires subject matter expertise

— No right way of designing features

Feature Selection — What attributes or
subset of data to use?

— Entails a lot of iteration — Trial and error
— Difficult to evaluate features

Model Development
— Many different models
— Model Validation and Tuning

Time required to conduct the analysis

\'

MATLAB EXPO 2017

4\ MathWorks

—

MATLAB enables
domain experts to
do Data Science

Easy to use apps

Wide breadth of tools to facilitate
domain specific analysis

Examples/videos to get started

Language

TETE
EEECCETTN =
2. bl 2 oix* i o

o

- TR AA W e e o am
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=  Automatic MATLAB code

generation

= High speed processing of large

data sets
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Back to our example: Working with Big Data in MATLAB

= Objective: Create a model to predict the cost of a taxi ride in New York City

= |Inputs:
— Monthly taxi ride log files
— The local data set is small (~20 MB)
— The full data set is big (~25 GB)

= Approach:
— Acecss Data
— Preprocess and explore data
— Develop and validate predictive model (linear fit)
= Work with subset of data for prototyping

= Scale to full data set on a cluster
MATLAB EXPO 2017
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Data Analytics Workflow: Develop Predictive Models using

Integrate Analytics with
Systems

f' 8
Desktop Apps

g i

o

Enterprise Scale
Systems

MATLAB gl
exe C/C++

Java i

Embedded Devices
and Hardware
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Demo: Taxi Fare Predictor Web App

Taxi Fare Estimator

Origin: .

Destination:

o

4\ MathWorks

MATLAB EXPO 2017

r

4\ MathWorks:
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MATLAB Production Server

Server software

— Manages packaged MATLAB
programs and worker pool

’ E;;ﬁ::%iisoi MATLAB Production Server
- MATLAB Runtime libraries N aps Clent ¢ . f
. . 3 - Library : : .k 4\ ‘
— Slngle server can use runtimes N ~ Request Broker. .
. &
from different releases Program .
Applications/ ML S “ ¢
Database (
. Servers €———> RESTful “ 4\ ‘
« RESTful JSON interface 5 N ¢

MATLAB

Runtime

Lightweight client libraries
— C/C++, .NET, Python, and Java

MATLAB EXPO 2017
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4\ MathWorks:
Integrate analytics with systems

MATLAB Analytics
run anywhere

W Vs O
[ S |

==0
| _For k=1:max ’ K
X = fft(dat

or k=1:max v = 20*1091 _For k=1:max
% = £ft(dat 35§§t{3§
y = 20*logl TM G — —

L J = k i | ‘,

Embedded Hardware Enterprise Systems

Standalone MATLAB
ek Excel Hadoop/ i
@ @ e S AT S @e Prgg?\%lron
4 ~—~ /\ il

o .

e
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Product Support for Spark

From MATLAB desktop:

e Access data from HDFS
* Run “tall” functions on
Spark/Hadoop using MDCS

4

MATLAB Distributed
Computing Server

MATLAB E*

- =

Web & Mobile
Applications

.-?‘

Enterprise
Applications

(Hadoop Distributed File System)

4\ MathWorks

Integrate with applications:

* Deploy MATLAB programs using “tall”
» Develop deployable applications for
Spark using MATLAB API for Spark

C— DEVELOPMENT TOOLS

4\ MarLag

MATLAB
Compiler

. MATLAB
‘ Runtime
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Deployment Offerings

« Deploy “tall” programs
— Create Standalone Applications: MATLAB Compiler

- MATLAB API for Spark
— Create Standalone Applications: MATLAB Compiler

— Functionality beyond tall arrays
— For advanced programmers familiar with Spark

— Local install of Spark to run code in MATLAB

= Installed on same machine as MATLAB — single node, Linux

MATLAB EXPO 2017

4\ MathWorks

Program using

Program using tall MATLAB API for Spark

aoprdd - rod.flatMap(ficarrierToCount);
redndd « maprdd. reduceBykey( &(acc,val

wes]; o
for i= un a)
ma_bounds) tount ount 4 out{iH2};

MATLAB

Compiler

Since the Standalone

must run on a Linux

Edge Node, you must
compile on Linux

1
1
1
1
1
1
1 {+ Standalone
1
. # Application
1
1

Spark MATLAB
’ ‘Runtime

YARN : Data Operating System

HDFS
(Hadoop Distributed File System)
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Data Analytics Workflow

Access and Explore Preprocess Data Develop Predictive Integrate Analytics
Data P Models with Systems

p

Files

Databases

=

Sensors

L )

-

w
Working with
Messy Data

| S WV IIRT . | .

Data Reduction/
Transformation

)

-

Model Creation e.g.
Machine Learning

AlB|C

Parameter
Optimization

MATLAB Analytics work
with business and
engineering data

MATLAB enables
domain experts to do

Data Science

=

4\ MathWorks:

F

Desktop Apps

[[mE

Enterprise Scale
Systems

MATLAB ¢l
e C/Ce+

Java Jdi

Embedded Devices

®

S

MATLAB EXPO

2017

€

"J

T

MATLAB Analytics
run anywhere

T
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Resources to learn and get started

mathworks.com/big-data

Big Doto with MATLAB

MATLAB EXPO 2017

Beyond Excel: The Manoger’s
Guide 1o Solving the
Big Data Conundrum

e

mathworks.com/machine-learning

Mochire Learning wits MATLAB

5%

Machns Leameng with MATLAS Webaor

Vo b gl A St bn—y b
| Dt 3308 Bt eatnta w5 S et

T s

J MathWorks

Introducing
Choosing the Best Model and Machine Learning

Machine Learning Challenges:

4\ MathWorks:


../mathworks.com/machine-learning
https://www.mathworks.com/solutions/big-data-matlab.html

MathWorks Services

= Consulting
— Integration
— Data analysis/visualization
— Unify workflows, models, data

www.mathworks.com/services/consulting/

= Training
— Classroom, online, on-site

Welcome back!

Floot Summary

Wareten FLigucy rtegiates wii seoertank | ‘ ‘

b pedeteee

|12
|

Tawnlopreert Proce

4\ MathWorks

Tmts Barngenar

Virssfirsten

Iobavsie bems ez

Mofee Mavereg Mavagevnre vl e snrerees
Sappedt el Mobwntons

— Data Processing, Visualization, Deployment, Parallel Computing

www.mathworks.com/services/training/

MATLAB EXPO 2017
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MathWorks Training Offerings

Machine Learning with MATLAB

INTERMEDIATE

This two-day course focuses on data analytics and machine learning
techniques in MATLAB using functionality within Statistics

and Machine Learning Toolbox™ and Neural Network Toolbox™,
The course demonstrates the use of unsupervised learning to
discover features in large data sets and supervised learning to build
predictive models. Examples and exercises highlight techniques for
visualization and evaluation of results. Topics include:

« Importing and organizing data
« Finding natural patterns in data
« Building predictive models

« Evaluating and improving the model

Prerequisites: MATLAB Fundamentals

Interfacing MATLAB with C Code

4\ MathWorks

INTERMEDIATE

This one-day course covers details of interfacing MATLAB with
user-written C code. Topics include:

» Source MEX-files
« Data exchange between MATLAB and MEX-files
« The MATLAB engine interface

Prerequisites: MATLAB Fundamentals an#:l a basic working
knowledge of the C programming language

http://www.mathworks.com/services/training/

MATLAB EXPO 2017

49


http://www.mathworks.com/services/training/

4\ MathWorks

4\ MathWorks

Accelerating the pace of engineering and science

Speaker Details Contact MathWorks India

Email: Products/Training Enquiry Booth

Call: 080-6632-6000

seth.deland@ mathworks.com

amit.doshi@mathworks.in

LinkedIn: Email: info@mathworks.in
https://in.linkedin.com/in/amit-doshi

https://www.linkedin.com/in/seth-deland

Your feedback is valued.

Please complete the feedback form provided to you.

MATLAB EXFo—=v=-
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