o Ef‘iﬁﬁwm

LAREER  CONTINUES Sﬂ!}!&[
ms GOMPLEX erinon

ANMYTIES

DIFFICULTY

16

TFPINTIATES Ik

} MathWorks

oS
WI]ISI( TARGET
s WPLED eryopp

= MAY

% §[HAH[D n£ mmnm == MOWNG

RELINENR

< o lURAE ¢

z IS

Ascension Vizinho-Coutry, Application Engineering Group
avizinho@mathworks.fr

e F MACTITIONERS  CAPTURE

e PRACTITIONER
I M A'l'
MANAGEMENT
PETABYTES
2 OYSTEMS
PARALLEL

= == SHARED g

_‘ MEH”[S MMMBE FUREIHENIL

BUSINESS ’
TECHNOLOGES
_E NEEDED ”M[E““[%

= F[HFIJHMhHI:E

SlZ[ r.ii E 1VEl

PETABYTES S[TS ;-ET [T"m‘ e
= SYSTEMS ]rNEHlulgP[E TERABYTES

© 2014 The MathWorks, Inc.



4\ MathWorks

l Different meaning for everybody
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Why MATLAB ?

O
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Language
Of
Technical
Computing

Object Oriented Programming
Unit Testing

Software
Platform
Development
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' Compiling MATLAB to go everywhere

MATLAB
Component

MATLAB
Component

A 5

MATLAB
Component

MATLAB
Component
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A scalable solution for big data computation !

MATLAB DISTRIBUTED COMPUTING SERVER

Multicore Desktop Computer Cluster

Parallel Computing Toolbox MATLAB Distributed Computing Server

Simulink, Blocksets,
and Other Toolboxes
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Parallel Computing with MATLAB

MATLAB Distributed Computing Server

MATLAB
Parallel Computing Toolbox

7
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“Parpool” for multiple uses

« parfor — parallel loop for
Task parallel (no communication between workers)

° spmd — single program multiple data
Data parallel: communication between « workers » with message passing)
Execute blocks of code on workers
Each worker runs on separate core (ideally)
Separate workspace for each worker
Mix parallel and serial code in same program

 Built-in parallelism in toolboxes: Optimization, Global Optimization,
Neural Network, Statistics, Image Processing, Signal Processing,
etc...

« GPU support (Tesla, Kepler)

« Advanced programming constructs - interface for experts
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“Bring the Compute to the Data” Approach

<a s I L o» v Work » Aibus » MUG ¥ MUG20Mars » BIG_DATA » DISTR_IN_MEM_BIG_DATA »

Current Folder @  [#7 Editor - in_memory_big data.m ® % | @ Web Browser - Description of the Data | Workspace
[ Name = o [ storupm 5| Flat seriptm | scriptm % in_memory_big_datam ¢ | + | Name ~
data_files 81 % This previous step takes about the same length of time as the previous loac« g
DISTR_GRADIENT_DESCENT | 82— tic
html 83 — spmd
© advanced_in_memory_big_dat.. 84 % or same mounted drive on a linux : dataFolder = '/Volumes/HD2/airline/de
“ all_archi_in_memory_big_data... 2° ~ disp(files(labindex).name);
86 — srcFile = fullfile(dataFolder, files(labindex).name);
Billi= f = fopen(srcFile); -
Dol C =textscan(f, "%f %f %*f %f %f %*["\n]', 'Delimiter’, ', ... “V
89 'HeaderLines', 1, 'TreatAsEmpty’, 'NA'); ““
90 — [Year, Month, DayOfWeek, DepTime] = C{}; ““
91 - myYear = Year(1); **
‘ .* 5
£ o> |

Demo on the booth

Node Data

Node Data

Node Data

Node Data

Node Data

Node Data
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'Big data within MATLAB

* Huge flat files

* Massive ana

* Huge SQL Data

.Jltidimensional visualization

» Machine learning 10
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 Distributed memory : MDCS & the MAP/RESUCE
paradigm

Map-reduce

E%

Q‘.

Computer1

d
/

Computer 2 Combine results

\

—> «

Computer 3

L

Computer 4
11
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Big data & Machine learning

“It's not who has the best algorithm that wins . It's
who has the most data”

Linear regression with gradient descent

fbg ZQJJJ

100-
1 e . T
Jtrain(0) = T > (ho(z)) — y))? % 50, v,
25- T
Re peat { e
H ) T e
i =0, 1:— hg(x 0 . e 1R
m Z e TR e £t 2
# -20 -20
(for every j = U, ..., 7) ;
}

Demo on the booth
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Demo

Open a Pool of Local Workers

The previous step probkably tock a bit of time to import, maybe a full minute. Luckily, th

Lak 5:
grid size=lZ; dataset 2.bin
try Lab &:
parpool ("MY CLUSTER', grid size); dataset S.bin
catch Lab 1:
end dataset_l.bin
Labk 2:
dataset_10.bin
Load all different files on all workers Lab 3-
. — . . . dataset 11.bin H
We load here a1l files distributed on our grid Len 1. One flle On

Hote here that the load is done in parallel with a speed up equiwval . £ 12 b
= = .. . ataset_12.bin
the numbker of cores of your grid Lon e eaCh Lab

dataset_3.bin

tic Lak 7:

apmd dataset_4.bin
% or game mounted drive on a linux : dataFolder = '/Volumes/ Lab 3 .
disp({filesa{labindex) .name) r dataset_6.bin
srcFile = fullfile(dataFolder, files(labindex).name): Lab 10 _
% Read the contents back into an array datasst_7.bin
fid = fopen(srcFile): Lab 11 .
¥ = fread(fid, [file size, nb predictors+l], '*double’): dataset_B.bin
fcloge (fid) : Lab 12 .
% extracting output & input dataset_3.bin
¥Y=K{:,end):
X(:,end)=[]; e
% rhat = X\¥;
% disp (rhat) : 2.168159% seconds to load all different files on each worker.

end

sprinti("¥g seconds to load all different files on each worker.\n-, o)

13
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gpubDevice

4\ MathWorks

Map/Reduce paradigm to compute the gradient over distributed test case files over a grid

in machine learning most of the time, you can learn independently on
different locally stored data sample repositories

what is true here with a linear regression would ke true for deep
learning neural net with backpropagation (which is alsoc the very same
computation of a gradient which iz then summed up over all teat cases
learning rate alpha

alpha=0.01;

¥ starting point
theta=[0;0:0;0;0];
nk iteration=100;
for i=l:nb iteration

% distributed computaticon for each sample file on each machine of the grid
% u3ing a spmd bloc
% each data comea from locally stored filea (distributed fileas)
% HNote here that if our cluster had GPUs we could use inside the spmd
% to significantly speed up the local computation
apmd
grid local gradient={sum{baxfun{@timea, X, X*theta-¥)))":
end

theta = theta-alpha./ {file size.*grid size).*sum([grid local gradient{:}],2):

end

DeviceSelected: 1

14



| High volume multivariate data visualization
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>> X = [MPG,Acceleration,Displacement,Weight,Horsepower];

80 25

70+

60

50+

401

301

20

10 15 20 25 30 35 40 45 50

5 10 15 20 25 30 35 40 45 50

Custom Number of Bins
>> hist(x(:,1),50)

Basic Histogram
>> hist(x(:,1))
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Scatter Plot
>>gscatter(x(:,1),x(:,2),groups)

3D Histogram
>> hist3(x(:,1:2))

0
6 8 10 12 14 16 18 20 22 24 26

5 10 15 20 25 30 35 40 45 50

Gaussian fit

By Grou
y P >> histfit(x(:,2))

>> hist(byGroup,20)

Pie Chart

>> pie3(proportions,groups)

Box Plot
>> boxplot(x(:,1),groul%$)



MPG

Displacement Acceleration

Weight

Horsepower

| High volume multivariate data visualization
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4
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MPG Acceleration Displacement Weight Horsepower .
MPG Acceleration Displacement Weight Horsepow er t
Plot Matrix by Group Parallel Coordinates Plot Andrews’ Plot

>> gplotmatrix(x,x,groups) >> parallelcoords(x,'Group',groups)

TANERY/ N

chevrolet chevelle malibu buick skylark 320 plymouth satellite

>> andrewsplot(x,'Group’,groups)

O o O

hewolet chevelle malibuick skylark 320 plymouth satellite

am rebel sst ford torino ford galaxie 500 amc rebel sst ford torino ford galaxie 500

>\ ﬂ 58 B

chevrolet impala plymouth fury iii pontiac catalina chewvrolet impala  plymouth fury iii  pontiac catalina

Glyph Plot Chernoff Faces
>> glyphplot(x) >> glyphplot(x,'Glyph','face’) 16




| Speeding up flat files reading (or DB request
visualizing big data sets thanks to MDCS

Gnd Node

| Data
Signal - gneration
decimation Y

4\ MathWorks

s) &
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4\ MathWorks

Machine Learning for predictive modeling

18



Common workflow

Data Data

collection formatting

Exploration:

Feature
selection,
dimensionality
reduction

4\ MathWorks

Error analyis

19



Machine learning algorithm proficiency

Exploration

Machine
Learning

Demos on the booth

Univariate

Pie chart,

Multivariate

Histogram,
etc...

Feature
selection and

Clustering

Classification

y

Regression

\transformation

Partitive

Hierarchical

Discriminant

Decision Tree

Neural Network

AN

Support Vector
Machine

S

K-means

~

Gaussian
mixture model

g

SOM

4\ MathWorks

20
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' Key take-aways

» Today MATLAB architecture supports
Big Data

- MATLAB facilitates Data Analytics for
Big Data

» We can support your team projects
through Training and Consulting
Services 2



MATLAB EXPO 2014
FRANCE g

Découvrir, échanger et innover avec MATLAB et Simulink

2 Octobre - Paris

- Big Data: Snecma, Niland and
CNP testimonials

- Modeling and Simulation:
Airbus, Bosch

- Partners: HP & NVIDIA

Inscription :
matlabexpo.fr
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Do you ') BIG DATA ?

http://www.mathworks.fr/discovery/big-data-matlab.html

© 2014 The MathWorks, Inc.
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Programming Parallel Applications (CPU)

= Parallel-enabled functions in toolboxes

= Simple programming constructs:
parfor, batch, distributed

(@)
q
(4]
P Q
2] D
- | —
(@)
© o
Q =
2 :
m |

= Advanced programming constructs:
createdob, labSend, spmd

24
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Programming Parallel Applications (GPU)

GPU-enabled functions in toolboxes

Simple programming constructs:
gpulArray, gather

Advanced programming constructs:
arrayfun, spmd

(@)
ﬁ
(4]
@ Q
(/)] 1)
: —
(@)
© o
Q -
2 :
m —

Interface for experts:
CUDAKernel, MEX support

www.mathworks.com/help/distcomp/run-cuda-or-ptx-code-on-gpu

www.mathworks.com/help/distcomp/run-mex-functions-containing-cuda-code

25



