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Data iS the new 0”7 Big Data Everywhere! X
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The 5 Vs of Big Data S—— 4

+ Terabytes
» Records/Arch
+ Transactions
« Tables, Files

+ Batch
+ Real/near-time
+ Processes

+ Streams

+ Structured
+ Unstructured
= Multi-factor
+ Probabilistic

+ Statistical
+ Events

« Correlations
+ Hypothetical

= Trustworthiness
+ Authenticity

* Origin, Reputation
* Availability

* Accountability




LOtS Of WOI’dSI Big Data Everywhere! X
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Doing Data Science

3
Big Data Everywhere! X
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Findings

Figure 2-2. The data science process

@ Doing Data Science: Straight talk from the frontline.

e Rachel Schutt, Cathy O’Neil

o O'Reilly



Data SCIGHCG Data Science X

Major Influences

Four major influences act today:
@ The formal theories of statistics
@ Accelerating developments in computers and display devices

@ The challenge, in many fields, of more and ever larger bodies
of data

@ The emphasis on quantification in an ever wider variety of
disciplines




Data SCIGHCG Data Science X

Major Influences - Tukey (1962)

Four major influences act today:

@ The formal theories of statistics
@ Accelerating developments in computers and display devices

@ The challenge, in many fields, of more and ever larger bodies
of data

The emphasis on quantification in an ever wider variety of
disciplines

He was talking of Data Analysis.
@ Data mining, Machine learning, Big Data...



Blg Data |S qUite Easy Data Science

Example of off the shelves solution

Spor’( amazon

webservices

nlpeczes oo rems) {

Conf ()
setAnpNameis”BJnary(Iass)f)ca(Jan with $parans")
SparkContext (conf.

Logger.getRootLogger. setLevel(Level.WARN)

examples = MLUt11s. loadLibSVMFile(sc, params.input).cache()
splits = examples. randonsplit(Array(0.8, 0.2))
traxnlnq snutsw) cache(i
Lits(1). ci
(ra)n)ng count()
rest. count()

println(s"Training: $nunTraining, test: $nunTest.")
examples. unpersist (blocking e)

numTra)ang

updater = params. regType {
1= AUpdater
L2 = new SquaredL2Updater()
algorithm LogisticRegressionWithsGd()
algorithm. optimizer
-setNunIterations params. nunlterations)
.setStepSize(params. stepSize)
-setUpdater (update
-setRegParan(parans. reg’
del = algorithm. run(training).clearThreshold()

prediction = model.predict(test.nap(_.features))
predictionAndLabel = prediction.zip(test.nap(_. label))

metrics inaryClassificationMetrics(predictionAndLabel]
myMetrics

)
MyBinaryClassificationMetrics (predictionAndLabel)

println(s"Enpirical CrossEntropy = ${mMetrics.crossEntropy()}.
println(s"Test areaUnderR = ${metrics.areanderPR()}.
println(s"Test arealnderROC = ${metrics.areanderROC()}.")
sc.stop()
}




Blg Data |S (QUite) Easy Data Science

Example of off the shelves solution

webservices

SPQ’iZ amazon

export AWS_ACCESS_KEY_ID=<your-access-keyid>

export AWS_SECRET_ACCESS_KEY=<your-access-key-secret>

cellule/spark/ec2/sparl-ec2 -i cellule.pem -k cellule -s <number of machines> launch <cluster-name>
ssh -i cellule.pem root@<your-cluster-master-dns>

spark-ec2/copy-dir ephemeral-hdfs/conf

ephemeral-hdfs/bin/hadoop distcp s3n://celluledecalcul/dataset/raw/train.csv /data/train.csv

scp -i cellule.pem cellule/challenge/target/scala-2.10/target/scala-2.10/challenges_2.10-0.0.jar

cellule/spark/bin/spark-submit \
--class fr.cc.challenge.Preprocess \
challenges_2.10-0.0.jar \
/data/train.csv \
/data/train2.csv

cellule/spark/bin/spark-submit \
--class fr.cc.sparktest.LogisticRegression \
challenges_2.10-0.0.jar \
/data/train2.csv

= Logistic regression for arbitrary large dataset!



Data Science is (quite) Complex! Data Science

Data Science Lifecycle

Business
Understanding

 OnFrenses v Chod
= Database v Files

- Transdorm Binning
= Temporal, Tot, Image etc
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Data Science is (quite) Complex!

Big Data Landscape 2016

Data Science
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New Interdisciplinary Challenges Data Science

Challenges

@ Applied math AND Computer science

@ Huge importance of domain specific knowledge: physics,
signal processing, biology, health, marketing...

Some joint math/computer science challenges

Data acquisition

Unstructured data and their representation
Huge dataset and computation

High dimensional data and model selection
Learning with less supervision
Visualization

°
°
°
°
°
°
@ Software(s)
°

Domain specific issue!




Data AC(]UISItIOﬂ Data Science

Challenges

HOW INGESTIBLE SENSORS WORK

saora
D s e ois Boiire

‘Soutes: s
o S o .

Some challenges

@ How to measure new things?
@ How to choose what to measure?
@ How to deal with distributed sensors?

@ How to look for new sources of informations?




U nSt ru CtU red Data Data Science

Challenges

The Unstructured Data
Explosion

- Growing 100X every 10 years
- Requires a new approach

Traditional
ta
8674322
ssaz3ase
20419335
9567083

Numbers:

Some challenges

How to store efficiently the data?

How to describe (model) them to be able to process them?

How to combine data of different nature?

How to learn dynamics?




Visualizatlon Data Science X

Challenges

Some challenges
@ How to look at the data?

@ How to present results?

@ How to help taking better informed decision?




Software(s)

Data Science Lifecycle @

Some challenges

@ How to construct a consistent ecosystem?

@ How to construct interoperable systems?

Data Science
Challenges




Huge Dataset (Big Data) Data Science

Challenges

Servers
(aka computers) Spark:Transformations & Actions
Faster, more expensive Processor core(s) L1/L2/L3 cache
Generally non persistent

Transformations

Processors memory map

DRAI
©O.8. Virtual & physical NVRAM D\I'Ecet ad?f;/;i/r;;\ﬁi
Memory map/range NAND/Flash g 12

External memory (storage) : -
. Beyond memory map — 0
Higher capactty Utilize file system ——a
Lower cost DAS, SAN, NAS e
Persistent H

ernal, external, dedicated, shared Block, file
Networked, local, remote, cloud

Distance Objects

Locality of reference Source: StoageIOblog.com

Some challenges

@ How to take into account the locality of the data?

@ How to construct distributed architectures?

@ How to design adapted algorithms?




Domain Specific Knowledge

Some challenges

@ How to optimize a given process?
@ How to find new processes / new outcomes?
@ How to completly change a chain of value?

@ How to measure the performance?

Data Science
Challenges




Recommendation System Data Products

More Ideas Based on Your Browsing History
You looked at You might also consider

e

Thriving in the Knowledge  Museum Administration: An Exhibit Labels: An

Age: New... Paperback by Introduction Paperback by Interpretive Approach
John H. Falk Hugh H. Genoways Paperback by Beverly Serrell
$29.95 $31.95 $28.75 $34.95 $27.85

> Eind similar items - T o 0 o smmendations Jon"l' have 4o b?/
about showing You more of Hhe same...




Smart City Data Products

Smarter Cities: Turning Big Data Into Insight

50 Hours

of traffic delays per year are incurred,
on average, by travelers.

$1 Trillion
global annual savings could be attained by
‘optimizing public infrastructure.
Source: McKinsey

$57 Trillion

in infrastructure investments will be
needed between 2013-2030.
Source: McKinsey

30 Billion

people all over the world travel
approximately 30 billion miles per
‘year. By 2050, that figure will grow
to over 150 billion miles.

loud is driving cities in their digital transformation.
Open Cloud

Water Management

610°/°|| o $6 Billion
e alocte " i :
human e gos o rbancies. $14 Billion 37,000 e iy

in potable water s lost every year because

ofleaks, theft and unbilled usage. industry team alone.
Source: World Bank




Health

The Body as a Source
of Big Data

Data Products



Data Products

Physics




Blg Data? Big Data

address range
.9, 16/32/64 bit

External memory (storage)
Beyond memory map
Utiize file system

2R
np!

i
Input Datal

Hardware Constraints

@ All the computations are done in a core using data stored
somewhere nearby.
o Constrainst:
o Data access / storage (Locality of Reference).
o Multiple core architecture (Parallelization).
o Cluster (Distribution) )




Locality of Reference Big Data

Servers
(aka computers)
Faster, more expensive Processor core(s) L1/L2/L3 cache

Generally non persistent
Processors memory map

DRAI asfactor(year)
0.5, Virtual & physical _ NVRAM D"“; de'se;;;"gi £ -
Memory map/range NAND/Flash ; e - 2009
External memory (storage) 2 = 012
’ Beyond memory map 041 218
Higher capacity Utilize file system
Lower cost DAS, SAN, NAS
Persistent

tternal, external, dedicats Block, file
Networked, local, rem Objects

Distance ote,’l:loud

Locality of reference  Source: StoageIOblog.com

size_GB

Memory Issue

@ Data should be as close as possible from the core.

o lIdeal case: dataset in the memory of a single computer.
o Useless if data used only once... (bottleneck = disk)
°

Split and Apply: split the data in piece and work
independently on each piece.

Memory growth faster than data growth (Death of big data?)

@ Memory required may be larger than dataset (interactions...)




Parallelization Big Data

Multi-core Processor

Individual individual individua incividual
femor emo emo
Shared Memory

Bus Interface

I Chip Boundary
M

Speed Issue

o Parallelization: Modern computer have several cores.
e HPC / DS setting: CPU bound tasks / 10 bound tasks.

e Data science: Often embarrassingly parallel setting
(no interaction between tasks).

@ Not always acceleration due to 10 limitation!

N

X



DIStI’IbUtIOﬂ Big Data

spark:Transformations & Actions

True Big Data Setting

@ Computation in a cluster:

e Distribution of the data(DS),
e or/and distribution of the computation (HPC)

e Hadoop/Spark realm.

@ Locally parallel in memory computation are faster... if data
used more than once.

@ Real challenge when not embarrassingly parallel
(interaction...)




Data SCIGHtIStSl Data Scientist
%
NG Scientific % €
> v Method £
9 Creativity C
Qf? & Strategic Math @;7(\
L Thinking @
&
Business | DATA Statistics
Expertise \ sciEnce |
Hacking \ Computing
Data Skills

Engineering

Computer Science

Data Scientist

@ Mix of Math/Statistics/ML, Computer Science, Business
(and Communication) skills.

e Hard to be an expert of everything!

@ Importance of balanced teams.



More than one Type of Data Scientists?  ou scientist

Data scientist

Data science

sta cs
machine learning

Data engineer Applied scientist

information retrie
ignal

Tool building
software engineering
clouds/grids.
high-performance
computing
optimization

Software engineer Domain scientist

Data trainer




Data Science Teaching at X DS at X

@ Focus on the Data Scientist profile...

3 years program for X student

@ 2A: Fundamentals (Math, Stat., Learn., CS) + 1 year project

@ 3A: Dedicated track (Appl. Math/CS) + Projects +
Internship

@ 4A: Data Sciences Master

Data Sciences track of the Master Mathematics and

Application of Paris Saclay

@ Operated by Polytechnique in collaboration with Telecom,
ENSAE, Paris Sud and ENS Cachan.

o Data Scientist training: statistical learning, machine learning,
optimization, Big Data technologies...




Data Science at X DS at X X

X/HEC Msc Big Data for Business

@ 2 year program with both the technical skills and the strategic
mindset for a business career with a Big Data expertise.

Data Sciences Starter Program

@ 18 days continuous training program.
@ RNCP certification.

Data Science Initiative at X

@ More than 12 permanent researchers, 20 Phd
students/Post doc, 10 engineers!

A\

e Teaching and Research (projects, collaborations, chairs...)
@ Examples:
Collaboration with CNAM.

Data Scientist chair (X, Keyrus, Orange, Thales)
Data Science for Insurance Sector chaire (Axa)

\




? Conclusion

Don't Believe the Hype?
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@ Data Science and Big Data: Much more than a hype!




Take Away Message Condlusion X

Data Science is here to stay...

e How to enhance decisions based on data!

o Business/Communication as important as
ML/Stat/CS.

o If you are interested, learn and try!:
o Initial training: Masters, Lectures...,
o Online training: Books, Mooc...,
o Continuous training: DSSP, Telecom...
o Practice: R/Python, Hadoop/Spark,
Kaggle/Challenge Data, Hackathon/RAMP...

o Lot of opportunities for a variety of profiles:

o Data Scientist (strong in Stat/ML and Algorithm)
o Domain Scientist (strong in Business/Sciences)
o Data Engineer (strong in Development/Hardware)
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