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What can we expect from ‘Big Data’

What means then ‘big data analytics'?

‘Nearadie Userintertaces (e.g. for science & engineering)
Complex-Event $3ing

Content Analyics
in-Memory Database Management Systems -
Virtual Assistants

expectations

‘ BigData
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Structured Data

_ Location-
Automoblf;“(/ﬁg based Data
% Machine Data

I Simulations
- IMHO, it’s great!
i % Text Data

Click Stream a

Point of Sale
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large
instruments
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analysis

Social
Network



n optional
filters

Data stream with data ‘hidden’ in logs/events

Data stream with measured data

- Data Sinks =

Data stream with data of HPC/HTC simulation
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‘equire interac S & steering
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n optional
filters

Data stream with data ‘hidden’ in logs/events

Data stream with measured data

Data Sinks =2
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_ Usual Citizens / ‘Citizen Scientist’

Data streams with data (low trust)

Individuals with domain

- -
Exabytes

Data streams with data (moderate trust)

Scientific/Engineerin

Data streams with data (high tr

ust)
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Compact Combination of many Data Visualizations

statistical data == ian o sticers:
values with o A

graphs, charts,
percentages,...
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Optimized for ‘write_/bncej_& ‘re_ad/many’ or ‘In-Memaory’
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How to create real value from the rising tide of ‘Big Data‘?

Demo planned for
upcoming German
IT Summit Event

Research & industry Irsights
in close (Analyses, Forecasts)
Cutting-Edge Big Data Technology collaboration
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Guidance

Data Innovation Communities

m

Drata Curation Work Group Cross Topic

Communities
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Explore Data-driven Insights in Using Energy Smarter




= Aktiengezellschat




Explore Data-driven Aspects of Personalised Medicine




Openthe data
from involved
organizations
Is a key challenge
 (e.qg. legal issues)

Much aint data
available in SAP

Hana systems
Bayer does focussed

Open upcoming omics-to-clinics

patient studies meeting @ DKFZ
e pag— () stemens ‘= Driven by participating community
st i partners and additional membe

(e.g. LMU ‘Human Eye Clinic

® Clarify ‘scientific case‘ via t
(vision, goals, data, impact.

* Explore new ‘smart dat

Human Brain

on existing and available
* Combine scientific expert
cutting-edge technology
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Scietific ase: Understanding ;Secining of the brain’ /'-
Goal: Build ‘reconstructed brain (one 3d volume)’ that E. @
matches with sections based on block face images ‘e

: Classification++
i

- Data

Block face images (of frozen tissue)
Every 20 micron (cut size)
Resolution: 3272 x 2469

~14 MB / RGB image

~ 8 MB / corresponding mask image

~700 Images
=> ~40 GB dataset

Investigation of technologies (e.g. IBM Watson Analytics system)
Compare with approaches on different HPC & data platforms




S of data exist

» Many statistical data min but less are openly available as ‘parallel’
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Estimated figures for
simulated 240 TeraShake domain d FE;:SD? al;ew 100
second period, 100 (600x300x80 km*3) omain *
; km*3)
hour run-time
F.ault sysigem NO YES
interaction
Inner Scale 200m 25m
Resolution of 1.8 billion mesh 2.0 trillion mesh
terrain grid points points
Magnitude of
Earthguake 77 8.1
Time steps 20,000 160,000
P (012 sec/step) (.0015 sec/step)
urrace data
Volume data
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rt Integration of simulation & experiment
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High resolution measurement
equipment - in-situ

Modelling & Simulation
. Cl on different scales
parameter we na
"'dlrectly can obser

Formulation & Solving
Inverse problems




Communty ... bears potentials to lower ‘Data Waves’
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Simple upload

e M v (000) B2SHARE

Store and Share Research Data

canter 1107 I

PID registration \
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Open
Data?

B2SAFE

Replicate Research Data Safely

Delete
Data? ,
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|
_PIDs + Policy rules &
EUDAT

Selected Benefits of open data infrastructures for science & engineering:

v High reliability, so data scientists can count on its availability

v Open deposit, allowing user-community centres to store data easily

v Persistent jaentification, allowing data centres to register a huge amount
of markers to track the origins and characteristics of the information
Metadata support to allow effective management, use and understanding
Avoids re-creation of datasets through easy data lookups and re-use
Enables easier identification of duplicates to remove them & save storage
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European Data Infrastrectura
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uropean Data Infrastruciure

Hooks for offerings around
commercial software packages
Products around visualization
packages and dedicated viewers
Easy links to ‘added value data’,
e.g. available market statistics |
Hosting services or deliver |
expandable storage in ‘peek’
Seamless links to the publishing
and HPC application industry
Computing services to offer
scalable data analytics




DATA ALLIANCE
Data Interoperability 1G



Focussed
. Group
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H DATA ALLIANCE
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P. Chapman et al., CRISP-DM Guide

— ,Reference Data Analytics*
S Syster == for reusability & learning
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dec t'h C_r..oss Industry-Standard, Process CRISP- | Openly | Running

for. Data'Mining (CRISP-DM) Phases i DM | Shared | Analytics
: | Report | Datasets | Code




Results
Example

@

H DATA ALLIANCE
Big Data Analytics IG

\ Future
W Grid / Wf #df r
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wSvIV  Parallel
Brain Data

Analytics

Usmg EUDAT BZSHARE W|th PerS|stent Identlflers
enables trust to delete data on different platforms
(effect multiplies: x Phd students x teaching class)
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------ 20/ ,Reference Data Analytics"

Classification++

o/l . for reusability & learning

Classification
Study of

Land Cover

Types

CRISP- | Openly | Running
DM Shared @ Analytics
Report | Datasets | Code
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DpenGridForum "IP | Take Advantage of Interoperability ...
LJNICRE iy : . ...between EU PRACE & US XSEDE
TNWFR%}']E:EE;UIR(‘H\W

Global Federated File System
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= Presentation of PRACE Analytics next week at
Brussels EC Event Infrastructures, Big Data & RDA
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Shifts frc

Selected
Lessons

‘A smart combination of both is needed | Learned
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e Headlines

l:_}qtlﬂlng influsnza epkdemics using search engine
guery data

Nature paper from Google employees

Explains how Google is able to predict winter flus
Not only on national scale, but down to regions
sible via logged big data — ‘search queries’

Jeremy Ginsburg et al., ‘Detecting influ
using search engine query data’, N

Selected
Lessons
Learned
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Platform Approach Parallel Support Vector
Machine

(map-reduce);

\p-reduce); Tw
(iterations), HTC
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Regression++

Classification




Lessons Learned from ‘Big Data Analytics' to ‘Smart Data Analytics'

| selected Lessons Learned

= Agree(d) on focus areas

» Focus(sed) on scientific cases

= Guide(d) as community

\‘ = Gaine(d) trust to reduce/delete data
7] = Steer(ed) by domain experts
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To not get ‘lost in big data’ we need to apply key scientific principles (e g. peer-review)
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Lessons Learned from ‘Big Data Analytics’ to ‘Smart Data Analytics'
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Polar and Marine Research AWI )
different data sources
Material Sciences DESY : ) )

: fo Integrate In anaIyS|s
Biomedical data DKFZ |
Climate DKRZ/HZG different formats | |
Earth Observation DLR
Epidemiology DZNE | Various technologies |
Biomolecular research JUELICH
Zalli i Sl Sharing & reproducability
Environmental caused illness HMGU
Photon / Neutron Research HZB . . ) 3

| 3D visualization & steering |
Laser and magnetic fields research HZDR

Astro physics Smart analytics & analysis

Research on water & geo data




T
i

Lessons Learned from ‘Big Data Analytics* to

‘Smart Data Analytics*
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‘Big Data' Scientific Big Data Analytics (SBDA
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; ‘ Big Data
Reference In Helmholtz
' Association
..

; SBDA & NIC
i Computing Systems
Cybersecurity PUtNg Sy Peer-Review Methods

Methods & Algorithms Data Systems U
Infrastructure o : Software Svstems Mission Big Data &
Application Enabling y Supercomputing

SimLabs DatalLabs

I Users Communities & Research Groups

II'I p_ T e
4 i g e
I

l Grand Challenges of T
1}‘ : Society and Science Industry

il
|



Scientific Applications using ‘Big Data’
| Traditional Scientific Computing Methods
- |HPC and HTC Paradigms & Parallelization

Emerging Data Analytics Approaches
Optimized Data Access & Management
Statistical Data Mining & Machine Learning




TowardsI Exascale: Appllcatlons w!h comb,l
characteristics of si
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€.g. aimensionality
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e.g. map- reducejobs R-MPI

In-situ correlations
exascale applicatioy beyond steering’

& data reduction
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cen .

1 Scalable 1/0 =

e. g ulti-dimensional
@ scaling

e.g. clustering, classification

fn-sftu statistic
data mining

=1 =

Ciy

Il
computational s:mu.\‘arfun pn* 7

= 8 L‘ =1 e = :
' b B [y P
dlstrlbuted archive .

xascale computer with access to exascale storage/archives

WCE L=

.
:
=k




www.morrisriedel.de/talks m.riedel@fz-juelich.de
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