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Transformation: From

scarce to abundant (digital) data

(starting early 200x)
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19 exabytes

- Paper, film, audiotape and vinyl: 6 %

- Analog videotapes (VHS, etc): 94 % ANALOG
- Portable media, flash drives: 2%
- Portable hard disks: 2.4 %

- CDsand minidisks: 6.8 %

DIGITAL Q

- Computer serversand mainframes: 8.9 %

S

- Digitaltape:11.8 %

< PCharddisks:44.5%
123 billion gigabytes

- Others: < 1 % (incl. chip cards, memary cards, floppy disks,
mobile phones, PDAs, cameras/camcorders, video games)
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What means big?

Study from 2014

,Digital Universe” (IDC — International Data Corporation)

ﬁ ﬂ If the Digital
A The Digital Universe were

Universe is Huge represented by the
4 . 4 —And Growing 44 memory in a stack
, | Exponentially 7B of tablets, in 2013
it would have
e o e stretched
“ two-thirds the

way to the Moon*

By 2020, there Mostly unstructured

would be 6.6 stacks
from the Earth to data

v L3

4 2020

the Moon*

Big: ZB = 1021B = 10°x TB
x1000 >

B kB MB GB TB PB EB ZB
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What is big?

Sensors /10T

Today datascientistuses ‘01 202 todescribe how
much government data the NSA or FBI have on people

altogether.
In the near future, Brontobyte will be the measurement
Rdescobe the bme of cepcardata that will be generated

=N 4 | = 1

® Brontobyte

This will be our digital
universe tomorrow...

analysis

Internet + Mobile

ab Revolution

This is our digital universe today

= 250 trillion of DVDs 1.3 ZB of network traffic
= £OU Non or uvus by 2016
1 EB of data is created on the internet each day = 250 million DVDs AN ‘ petab_\/te

The CERN Large Hadron Collides
genarates 1B per second

Gigabyte

Megabyte

https://www.digitalistmag.com/cio-knowledge/2016/12/29/brontobyte-of-data-why-care-04773542

TECHNISCHE Challenges and research directions in large scale data analytics and management ? ‘f“

UNIVERSITAT Technische Universitat Dresden, ZIH / René Jékel 25 I H DRESDEN . ’

D RESD EN Sld 4 Center for Infarmation Services & ce ncept v)
ae High Perform



Big Data Definition(s)
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more important:

extract new content from database
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Driver of Big Data development: Growing data, access to internet and
connectivity — is there an commercial benefit?

T

sale of Industrial Internet

.............................................................................................

Early picture (2012
g .p ( ) ) . . . 2012 Twitter Usage Gas Turbipe .Compress-or*BIade
— Big data applications primarily Monitoring potential

) ) . VS.
considered to be of interest in

commercial applications

— Influenced by but partly opposite to , 588 .

80 Gigabyt d igabytes per da
data base research (MapReduce) QRARAR POr oY gabytes'per day

enabling social connections enabling capital asset productivity

o

— Outside HPC Data volume potential is 7x greater from a gas
turbine than current Twitter usage

...................................................................
@ imagination at work
t ,A\ ﬁ;z’; All Rights Reserved.

Fisher CIO Leadership Program: “Big Data Analytics: Making Big Data Work”

Bill Ruh, Vice President, Global Software Center, GE, November 1, 2012;

https://businessinnovation.berkeley.edu/wp-content/uploads/2018/03/fisher-bigdata-presentations.pdf

P
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Driver of Big Data development: Data grows / data deluge

https://www.kleinerperkins.com/perspectives/internet-trends-report-2018
Smartphone Shipments Internet Penetration

49%

24%

Internet Users...
Growth Harder to Find After
Hitting 50% Market Penetration

Daily Hours Spent with Digital Media per Adult User
WiFi Networks

5.9
5.6
54
5.1
4.9

4.3

37 i Ed

3 0 3.2 H 1 .6
27 ey

2.4 2.6 215 2.3 292 22 G10) 21

m Other Connected Devices Desktop / Laptop = Mobile
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Driver of Big Data development: Data grows / data deluge

https://www.kleinerperkins.com/perspectives/internet-trends-report-2018

Messaging Messenger MAUs
Tencent (2000 = 2018)

WeChat
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— WhatsApp -
— WeChat Instagram
m— Twitter
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Data grows / data deluge

https://www.kleinerperkins.com/perspectives/internet-trends-report-2018

MEMS Sensor / Actuator Shipments Sensors + Data = In More Places
Visual Shared Home
Navigation Transportation Temperature

Google Maps Mobike Nest

Predictive Fitness Precision
Maintenance Tracking Cooking
Samsara Motiv Joule

MEMS: Micro-Electro-Mechanical Systems
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Users experience in sciences

Support of complete
workflows

|

SN

User interface

Computing
Speicher
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Science point of view: Data life cycle management

Data(flow) perspective] Systems perspective ]

_r Plan ~—
Analyze Collect

/7
Integrate Data Life Cycle Assu re

N\

Discover Describe
.  Preserve
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Data analytics processing pipeline

Often % of total effort to get pipeline running

A

(
— Extraction/
Data . Inter-
. Cleaning/ — :
Collection : pretation
- Annotation
\ )
Y
Volume c
S
Veracity - §
Velocity § E —l Value
Variety a =
£
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I
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In science: Not just “big players” — Long Tail of Science

Large Collaborations
(e.g. @Cern)

Requirements from the Users perspective ﬁ
— Data must be managed, annotated and curated

new

to extract their potential

— Many research communities do not have the —

necessary tools to transform ever-growing data

into scientific knowledge Transportation

Engineering

And many more!!!
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Publishing data - repositories o

Communities tend to organize their data themselves: = —
Disciplinary/domain repositories -

— For one scientific discipline/domain

registering ‘
To follow the Idea of open science collected data should be made

avallable to the scientific community after primary analysis and
registered to ensure improved chances of it being found and cited, This is
also the case for all other publications. We offer long-term, permanent
archiving and registration of your own data and publications.

— Usually fixed metadata schema

— A central place to look for data in

a domain

Data Archiving Consultation & Support Register data
review and processing of the CESSDA Training offers informa- Reglster your research data at
. . . data as well as documentation tion, workshaps, and consulta- the Registration agency for so-
—_— U S e It I f t h e re I S O n e fo r O u I and safekeeping of related study tion about Data Management cial sclence and economic data
y - materials Plans and digital preservation da|ra
self archi t self archi { publication Opena for R
Data
E X a m I e S Archive your data, describe it Make your publications avail-
p and make your data avallable able with the Open Access Open Access Policy of GESIS
with datorium Repository SSOAR
(in German only)

— Pangea — Geodata repository - https://www.pangaea.de/
— GESIS - Social sciences — https://www.gesis.org

— NOMAD Repository - Novel Materials Discovery Repository - http://nomad-repository.eu/cms/
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Support the long tail of Science

Open data (open science) initiatives [EU18] [US18]

- EU Open Data Portal

EuroVoc Domains

@ 9 &
. . 11 H - b €
— Break boundaries to data silos — towards “living” data —
quseosi:cab:'ls Science Envl:.l:;nme Emgl:xrdnen Economics Finance
— Foster re-usability, reproducibility and exchange orking, ?
o e L ||’="| Bk, T
among scientists . ~—d ] - /f\
— Rich source for data science twennology | Umea o Morestry S
rrrrrrr {1 . . fichariac | |
Q A '@ sfe
Science Gateways and Virtual Research Environments TRt onas  lvemnons e Sgmgen ot
com pe! on communica
. . . . . tions
— Access computing infrastructures via standardized interfaces ﬁl
. . . . = -
— Hide (technical) complexity from the users perspective internation pontice nort
orga:llsatlo foodstufts
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Why was Big Data not HPC-driven?

Is big data killing HPC?

— Blog post “HPC is
dying, and MPI is killing
it” by Jonathan Dursi
(from April 2015,
see [DUR15])

Pictured: The HPC
community bravely holds off
the incoming tide of new
technologies and

[Durl5] http://www.dursi.ca/hpc-is-dying-and-mpi-is-killing-it/

applications.
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Why is not everything HPC today?

Jonathan Dursi criticism on HPC in general
— “This should be a golden age for High Performance Computing.” But it is not. Instead new

technologies are developed by other communities.

— Analysis of Internet data and DNA sequencing brought huge amounts of data in new areas. Why
wasn’t HPC the logical solution?

— Prevailing “Not invented here” or “this is not real HPC” attitudes.

— HPC stayed with traditional concepts largely, both in hardware and software.

— MPI (Message Passing Interface) was “killer app” in HPC, it was a firm standard for 27 years
— Very high quality implementations, highest speed, constantly adapting to newest hardware

— Other communities developed their own solutions, re-inventing several wheels, producing
many successful new technologies and software (outside HPC).

TECHNISCHE Challenges and research directions in large scale data analytics and management {Ai
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Developments in Big Data

Apache Project Ecosystem

Big Data (36):

— Airavata, Ambari, Apex, Avro, Bigtop, BookKeeper, Calcite, CouchDB, Crunch, DataFu (Incubating),
DirectMemory (in the Attic), Drill, Falcon, Flink, Flume, Giraph, Hama, Helix, Ignite, Kafka, Knox,
MetaModel, Oozie, ORC, Parquet, Phoenix, Quarks (Incubating), REEF, Samza, Spark, Sqoop,
Storm, Tajo, Tez, VXQuery, Zeppelin

Database (25):

— Accumulo; Cassandra, Cayenne, Cocoon, CouchDB, Curator, Derby, Empire-db, Forrest, Gora,
Hadoop, Hbase, Hive, Jackrabbit, Lucene Core, Lucene.Net, Lucy, MetaModel, OFBiz, OpenJPA,
ORC, Phoenix, Pig, Torque, ZooKeeper

— Many more to explore: [Apal7] https://projects.apache.org/projects.html?category
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Extension of simplified Map/Reduce approach

General Purpose Big SQL Big Graph Hadoop 1.0 ecosystem

SSTE AT TS 4/52) < Workflow Graph  SQL/DWH  Scripting
¢ JE A STORM :
L/ L) —
SparK ¥ oa o =
o = S i
IVE FS 2
1 e\ 08

distributed stream _ . .
S computing platform -‘@rﬁ%dﬁ%%ge Distributed Data Processing Model

éFI' ! cloudera o -
I n % T2 Column Store

@ Distributed Storage
GraphlLab &
g Spor‘llg =

Gra h/l/ é . Shared Nothing Cluster
P Flink
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Synergies between Big Data and ML software stack

There are already several sophisticated frameworks supporting Machine Learning methods extending
general Big Data frameworks

— Spark ML
<l

— Flink ML Spark Flink

Event-driven Streaming Stream & Batch
Applications Pipelines Analytics
Mahout (Real-time)
Transactions Everits Aoolicati
pplication
— H20 e - (D —
10T Event Log
— ) or .
HZO.CII Clicks < ﬁ — Database,
File System,
> ) Database, KV-Store
File System, Resources | Storage

g \ §4. KV-Store L (K8s, Yarn, Mesos, ...) | (HDFS, S3, NFS, ...) |

[ALEX14] A. Alexandrov, R. Bergmann, S. Ewen, J. C. Freytag, F. Hueske, A. Heise, O Kao, M. Leich, U. Leser, V. Markl and
e. al, “The Stratosphere platform for big data analytics," , VLDB J. vol. 23, no. 6, 2014.

[CARB15] P. Carbone, A. Katsifodimos, A. Ewen, V. Markl and e. al:, "Apache Flink™: Stream and Batch Processing in a
Single Engine.," IEEE Data Eng. Bull., vol. 38, no. 4, pp. 28-38, 2015.

/"‘
TECHNISCHE Challenges and research directions in large scale data analytics and management e N\
@ UNIVERSITAT Technische Universitat Dresden, ZIH / René Jékel 2 I H DRESDEN .
DRESDEN concept R

Slide 20 Center for Infarmatio s

High Performance e Co p(J



Synergies between Big Data and ML software stack

There are already several sophisticated frameworks supporting Deep Learning applications like

Home

oo eonl e e You have just found Keras.
Theano and Te W
C u D N N You have just found Kera: Keras is a high-level neural networks library, written in Python and capable of running on top of
ing principle

either TensorFlow or Theano. It was developed with a focus on enabling fast experimentation.

— Keras »
( — o
S
Caﬁe e a ffe / Keras: Deep Learning library for Theano and TensorFlow

Being abie to go from idea to result with the least possible delay is key to doing good research.

— DeepLearning4] R

Keras == simple
10 lines of code

— Tensorflow

input_encoder - Sequential()
input_encoder.add(Embedding( input _dim vocab_size, out;
input_encoder.add(LSTM(54))

question_encoder - Sequential()

question_encoder.add(Embedding( input_dim-vocab_size, output_dim-64
question_encoder.add(LSTM(64))

Tensor!

model - Sequential()

model . add(Merge([input_encoder, question_encoder], » 'concat'))
model . add(Dense(128))

model .add(Activation('softmax'))

TECHNISCHE Challenges and research directions in large scale data analytics and management ' N\
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Data Analytics workflow requirements

If you start from the very beginning:
Goal: find the best match for complex analytical workflow — is there any?

— Abstraction: workflow consist of different stages and tools

— Every step has different resource requirement and data utilization

—_ Extraction/
Data : Inter-
Collection SNy pretation
— Annotation
_ Data Aggregation/ o _
Data Integration Transformations Classification/Interpretation
ML
TensorFlow
— How to realize? -> efficient data management, scheduling
— Is my implementation correct and performant?
INERSTAT e U esden 1 Ao e T menegemen ZIH e
DRESDEN o el s conee A Y |
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From the systems perspective:
How to support users with infrastructures

HPC vs. Data Analytics
— Bring computing to data, or data to computing (data mover)?

— HPC: traditional rather monolithic usage, e.g. simulations

— Big Data analytics: more data centric, but not all and every analysis is embarrassingly parallel,
iterative models still induce large data movements

— There is no unique big data blueprint! — which would fit all requirements

— Which way to follow — more HPC like approach or dynamic possibilities of Big Data frameworks?

— Systems and infrastructure should support users, not forcing them to follow rigid regiments
— Let user pick up approach, which is best for individual use case

TECHNISCHE Challenges and research directions in large scale data analytics and management {Ai
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Convergence patterns of HPC and Big Data

E.g discussed by BDEC [BDEC18]
— Experts group from BD and HPC researchers

— Recently published report discussing ideas about architectural changes and requirements for large-
scale data analytics applications in “BDEC Pathways to Convergence Report” [BDEC17]

— Are there common convergence patterns?

— From the application/users perspective

— From the software ecosystems perspective

— From the architectural perspective:
centralized vs. decentralized

EC

BIG DATA AND

EXTREME-SCALE
COMPUTING
TECHNISCHE Challenges and research directions in large scale data analytics and management ’ e
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Convergence patterns of HPC and Big Data

From the application/users perspective:
— Traditionally, data and compute is in rather close proximity,

e.g. at the data center; not the case in cloud settings

— “Data concentration” gets reduced towards edges

EC

BIG DATA AND
EXTREME-SCALE
COMPUTING

e

b
«d

— Developments driven by big data aspects Volume
“velocity”, “veracity” and “variety” ] -
y y y EDGE COMPUTING L alili ﬂ
(heterogeneous data) HPC CENTER/
— Dealing with the data “deluge” is harder at the edges P 29 Veracity
of the data space ﬂ Velocity
: : P Variet
— Edge devices may produce high data rates: m% g
&cnxr\f
e.g. microscopes, gene sequencers, sensor networks, ...
INERST e O Do, 1 e s e epeaemen ZiH )
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Convergence patterns of HPC and Big Data

EC

BIG DATA AND
EXTREME-SCALE
COMPUTING

From the application/users perspective:
— HPC + HDA (High-end Data Analytics) workflows Gty e

as Mathematical Model

— Analytics scenarios are not singular applications, Theories ~ DEDUCTION
(Drawing necessary conclusions)
but rather complex workflows Execution of Model to
. Generation of Explanatory
— Need to cover full data life cycle Hypothesis
. “ . : ) Predictions
— Need ,user in the loop“: confirm model iterations ABDUCTION
" ) (Making guesses)
or outcome of predictive analytics INDUCTION

) (Inferring generalizations from sampling)
Discovery of Patterns

— Potentially highly iterative AN Data o Evaniace Fyplthall
— Flexible enough to react on changes in software stack
Observations

. Interoperability Of tOOIS From Instruments, Sensors, Records, Visualizations etc.

— Reproducibility of results

— Adaptability to systems REALITY

P
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Convergence patterns of HPC and Big Data

From the application/users perspective: Complex analytical MRI- workflows

Intra-site cross-validation Inter-site cross-validation
Subjects from each site are proportionnaly split A site is left out for validation
I Site A [ Site B8 [ Site C | Site D [Site I Site A [ SiteB | Site C | Site D [5ite
/ /
/ /
I
|IIII IIll
[ ! { f
[A [ ® 1clole] A [B]C[D[E [ A [ ® 1 ¢ [ o ]
Training set Testing set Training set Testing set

Time series
extraction

@ ROIls estimation

—-

@Matrix estimation @ Classification

SVC- 4§,
SVC-§,
Ridge classifier

NS

Correlation

-w-‘ i ,_,q".q"

:.-mm.m:h o Partial
correlation

Harvard-Oxford

Tangent embeddmg

[ABR16] Alexandre Abraham, Michael P. Milham, Adriana Di Martino, R. Cameron Craddock, Dimitris Samaras, Bertrand Thirion, and Gael Varoquaux. Deriving reproducible biomarkers from multi-site
resting-state data: An autism-based example. Neurolmage, 147:736 — 745, 2017. ISSN 1053-8119. doi: https://doi.org/10.1016/j.neuroimage.2016.10.045. URL
http://www.sciencedirect.com/science/article/pii/S1053811916305924.
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Software stacks of Big Data and HPC

From the software ecosystems perspective: The past and current status

APPLICATION Mahout, R and Applications Applications and Community Codes
LEVEL
., Hwve  Pig  Sqoop AT FORTRAN, C, C++ and IDEs
3
o
2 Map-Reduce Storm Domain-specific Libraries ”
= = 2]
— MIDDLEWARE & = 3 = o,
3 MANAGEMENT = 3 Hbase BigTable = T:clﬂil}:rr:auf Numerical Pal:l;f:mga;:ﬁ; & 5 U)
o g g {key-value store) Tools Libraries (e.g.. PAPI) 8
1 g E' System
= 3 Lustre (Parallel Batch Scheduler = —
G) _; HDFS (Hadoop File System) File System) (e.g., SLURM) Mc_:rr:;c;.:mg CD
& |
gy} >
O = . . . . -
= Virtual Machines and Cloud Services Containers U
U) SYSTEM Containers (Kubernetes, Docker, etc.) {Singularity, Shifter, etc.)
SOFTWARE
LINUX OS VARIANT, LINUX OS VARIANT
Ethernet Local Node Commodity X86 Inflii'thm::il'?::+ SA':IEJ':HI xagpﬂl?:zf* In-situ
CLUSTER Switches Storage Racks Swiiches Stora Accel Processing
HARDWARE ge ccelerators

DATA ANALYTICS ECOSYSTEM COMPUTATIONAL SCIENCE ECOSYSTEM

How to fuse the two worlds?
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Current trend: Specialization
Top 1 in HPC 500 — June 2018

Summit - IBM Power System AC922 ,

e /I
— IBM POWERS 22C 3.07GHz
— NVIDIA Volta GV100 |

SUMMIT

I FEATURRY
— Majority of cores provided by :w-zconsumpﬁon 250 PB, 2.5 TB/s, GPFS

GPU-units. not classical b ntercomness |1 walanoxtoniood mmens |

CPU cores

— Current “Exaflop application”: Machine Learning application on Summit using reduced precision

— comparative genomics code at 1.88 exaflops using the Tensor Core capability

P
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Convergence patterns of HPC and Big Data

From the software ecosystems perspective: container and virtualization as bridging element

A
Gaming File Hosting Web Services || Middelboxes SaaS
LS to Ln:
Application Layers
VDI Virtual Appliance PaaS cen
L4: Containerization Flur!G s
container
L3: OS ‘ Unix-like ‘ Linux-like Windows ‘

2. Vinualization iii
o s kubernetes

[FU16] Fu, Jiangchuan Liu, Xiaowen Chu, and Yueming Hu. Toward a standard interface for cloud providers: The container as the narrow waist.
|EEE Internet Computing, 20(2):66—71, 2016,

P
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Big Data and HPC — convergence patterns

Requirements to support Big Data workloads on HPC

— Support frameworks/environments: more versatile software stacks

— Fast access to data: not just self-production of
data (simulation), but also use 3'-party data

(open data, domain repositories)

— Support different data processing paradigms on the

same system

— Streaming / Batch / Iteration
— Better support of evaluation of (temporary)

results, e.g. visualization frontends

— Service orientation (working environments)
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User interface

Analysis

/\ Evaluation
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N

[Fram ework]

Workload specific compute

environments (virtualized):

- flexible node configuration
(cpu, storage, network, ...)

- Software environments

(workflow support)

Automatic)
provisioning




Convergence patterns of HPC and Big Data:
Improve HPC schedulers

A
— HPC and Big Data schedulers have many weeks - / Typical Capability |
HPDA Super;g;;puhng
common features. Services | —
= days I " Typical Capacity
— HPC schedulers handle parallel jobs better, % Aipercomputing fobs
- - 2 1 . _—"./
while Big Data ones have better API. s Do Intesctive Frototyping s I |
o Supercomputing Jobs -,
. . -06

— Schedulers display little overhead for S mins &

jObS longer than 30 S. %b Arrays HPDA Applications

. . g secs T

— Some schedulers have significant overhead 9

for jobs shorter than 10 s. : : : : : : >

1 10 100 1k 10k 100k
Number of Processes per
Job (width)
|| Tightly coupled parallelism () Loosely coupled parallelism
e O Do, 1 e s e mepeaemen ZiH D

concept ‘
. Center for Infarmation Services v
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Big Data Analytics @HPC

Ongoing research to integrate different workload on HPC architectures

Big Data workload

—_— - o —p— ] '= y
100 - e - —— o —
508 == — & P E = E "EF=F = 7= = -
o = T E H = es o= ige - " =
HPC workload
" -
E
5100
‘s
[ [ 1] L1l
3 50- = IS B |
E = ]
3 ey B
0 e e BN
Mixed HPC and Big Data workloads
100
50 - E
I
0 l : :

4000 6000 8000 10000 12000
Time in seconds

[MER17] M. Mercier, D. Glesser, Y. Georgiou and O. Richard, "Big data and HPC collocation: Using HPC idle resources for Big Data
analytics," 2017 IEEE International Conference on Big Data (Big Data), Boston, MA, 2017, pp. 347-352. doi:
10.1109/BigData.2017.8257944

e
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Some own experiences....




Execution of large data-driven workflows

Execution of data-intensive user workflows in HPC environment

— No prior HPC-knowledge required on user side
— Formulation of workload directly in workflow environment

Parallel Chunk End

| \ Parallel _\\
4 orbpebobed \ Chunk Start AN
Incoming Filgls Dorﬂ Save Start SIE -_Chunk Loop Star‘ll\o\ad and RotateCrop out MMFind GL regions Write Data Loop End 8 Don't Save End
I S R -
] Parallelize D - - given some _in GL folders! L] ...done a whole L
computes # of Don't waste MEM per collection - padding ...done one muiti ~ chunk!
channels and of charinels do..:” channel image!
frames -
locate MMindata_—~

-l
=
L L L]
L L]
-

UNIC&RE -

— Integration of HPC scheduling mechanism into workflow modelling framework to offload tasks or

complete workflows on HPC cluster
— Middleware UNICORE used for HPC interaction

2 I H DRESDEN
concept
rInte on Services
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Execution of large data-driven workflows

CHALLENGERS

NICHE PLAYERS

Ability to Execute

VISIONARIES

~

Completeness of Vision

http://www.kdnuggets.com/2016/02/gartner-2016-mg-

>

analytics-platforms-gainers-losers.html

Feb 2016

RE

-l
ANNEEA
ANEER
AL 1114

-m.”

UNIC

hila-unicore6
hila-grid-common

hila-grid-api
hila-api

Command line GUI

Clients

e
) |

Discovery

Workflows Jobs Data Management

Services

Compute Storage

Resources

)

Federations

A
V

Policies

Security
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Execution of large data-driven workflows

Use Case: processing pipeline for cell tracking

(bacteria E.coli) over time in collaboration with - )
MPI-CBG + KNIME + UNICORE + TUD /
— Experiment data set: 1,8 TB in ~7,5 M files S
S

coming from fast microscopes ® +
— Reconstruction: follow cell movement over % .

time as preprocessing step for development =

analysis g % N r}
— Runtime improvement: - S

previously: 17d on 4 cores o o :

NOw: 2h on 800 cores o —

D,ﬂ:' B D,BEI B D,BEI'- B 1,?’(; B
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Execution of large data-driven workflows

Extension: selection of relevant sub-tasks (nodes) for remote processing

Specification of parameters for cluster interaction and splitting of data into bunches

D it Vector
Preprocessing (Hashing) (Create Bit Vector
L 2 > B S
L] L] e \
Stop word Create bitvector Conversion to
filtering, word based on tor type
Ensemble
mming, ... h
stemming, word hash tor
© Execute F7
ment
B Execute and Open Views Shift+F10 |ggign
© cancel F9

® Edit Node Description
=0 New Workflow Annotation

Collapse into Metanode

Q-_: Compare Nodes

of Cut
& copy

[ Paste
) Undo
o

> Redo

X Delete

TECHNISCHE
UNIVERSITAT
DRESDEN

Alt+F2

-|' Encapsulate into Wrapped Metanode
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Dialog - 0:40 - Sentiment Analysis
File

QuickForms f Flow Variables | Memory Policy | Job Manager Selection \

Select the job manager for this node

|Uniccre Cluster Computation Engine ‘v‘

Settings for selected job manager

| Data Partitioning | Remote Execution |

rSettings for split executi

[v] Split input table and execute node on chunks
Split port selection

Split data table on input port with index:

Specify number of split jobs

® fixed number of jobs:

L

O fixed size of input table per job: no. rows:

Row ID uniquification

[ ] append index to result row IDs

0K || Apply | Cancel |

©
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Data Analytics for
Intraoperative Thermal Imaging

Application area: low delay operation support using thermal imaging processing

Quasi real-time data processing required in decision support during surgery — University
Hospital Dresden (UKD)

— Neural activity monitoring require long-term intraoperative
measurements (~10 minutes)

— Fast preprocessing required to decrease delay for subsequent
analysis workflows and result presentations

38,0°C
=> minimize overall OP delay
— Iterative process: 3000 frames (5.4 GB) have to be processed
every minute (50 Hz sampling rate)
18,0°C

lcm
Thermal image of acute subdural hematoma
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Data Analytics for
Intraoperative Thermal Imaging

Application area: low delay operation support using thermal imaging processing
Quasi real-time data processing required in decision support during surgery — University
Hospital Dresden (UKD)

— Solution: Provision of Spark-Cluster @HPC J?
— Fast SSD-backend to speed-up 10; fail-safe
storage of imaging datap i Sp Qr’(
— Runtime improvement:
— UKD-workstation: ~7000s/30.000 images
— Spark cluster @Taurus: ~32s/30.000 images
- >200x faster

[HOF17] N. Hoffmann et al. Learning Thermal Process Representations for Intraoperative Analysis of
Cortical Perfusion During Ischemic Strokes. Springer International Publishing, 2016.

TECHNISCHE Challenges and research directions in large scale data analytics and management - {A‘

UNIVERSITAT Technische Universitat Dresden, ZIH / René Jékel 2 I H DRESDEN .

D RES D EN Sld 40 Center for Infarmation S - e pt v)
Ide High Performane: in




Use Case: land-use detection and monitoring
settlement detection using binary segmentation

Aufnahmedatum: Filter ausblenden
,Messtischblaetter” 1875-1943
100,000 —— Treffer
75,000
Tt "‘
ey T P ,,m;(' \\ / | 50,000
s 2 e - AR 25,000
G\ L7" S Vids ’
t*l’i?l_)_g_rutle 4 )" 0
B 4E 1840 1880 1920 1960 2000
o 4 1826 2016

er Siegen

I N e
- o k ll’/‘r._ - _”ﬂl:l}}l‘/l
N e S ¥~

1826 - 2016 2016

Filtern
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Use Case: land-use detection and monitoring
settlement detection using binary segmentation

Binary segmentation: standard tool in Computer Vision to distinguish between
regions of interest

— Settlement/background in maps

— Collaboration between Computer Vision experts, environmental scientists and data center (HPC)

.
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Use Case: land-use detection and monitoring
settlement detection using binary segmentation

Results:

— Train model in minutes on HPC (instead of hours on workstations)
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Extension of TUD HRSK-II for HPC Data Analytics (HPC-DA)

Streams, Data }
1
HPC systems tend to be more heterogeneous: _ [ Compute
Federation [ e J
Extension of our current HPC infrastructure - T T 37
with new components Virtual Research Environments
— NVMe island Abstraction, _ . _
Services — Simulation Analysis Throughput
— Power 9/NVIDIA Volta nodes k ] _
| B classical HPC | Flink YARN
— Warm archive — Compute Virtualization
Compute _J HPC 2
- HPC I I NVRAM I ML
Memory B e Memory Virtualization w
—~ ustre 4
- Memory I Memory I
[ ] HRSK-II
( ] HPC-DA: Hardware
( ) HPC-DA: Software
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Summary

Big Data and HPC have developed independently in the past
— Scale-up vs. Scale-out

— Big Data methods might be helpful for managing/transforming data and fast access to analytics

functionality
— Not able to compete specific and tailored implementations

— Big Data concepts could transform HPC architectures: virtualization/containerization and flexible
analytics software stacks needs to be involved

— From the application perspective: bring people together! Domain scientists + methods experts
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Thanks!
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