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LS Naumann Comodity Hardware Cluster (10 Nodes)
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Desktop Computer (multiple CPUs and GPUs)
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LS Naumann Infrastructure (Server, Cluster, SAN)




LS Naumann PI Cluster (12 Raspberry PI 4)




! d .;*.\‘ -._.- . ‘..:,: .
- ° “n E -l'.".'..’ -
DreamHack (12,000-computer LAN party) ‘ m - , . = |

g ’ l | [
e 1 o




Boing 747 (thousands of computers)
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The world's most private search engine

Startpage (search engine backed by other search engines)
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Distributed Data Management

Hasso
Courses 2021 - Information Systems Group ﬂﬂi}‘i{'&{

> Datenbanksysteme | (VL, Bachelor)

> Einfuhrung in die Programmiertechnik Il (VL, Bachelor)
> Distributed Data Management (VL, Master)

> Methoden der Forschung (SE, Master)

> Table Recognition (PS, Master)

> Building Machine Learning Applications (PS, Master)

> Knowledge Graphs (SE, Master)

> UltraMine: Skalierbare Analyse von Messdatenstromen (Bachelorprojekt) Distributed Data
Management

> Data Matching Benchmark (Bachelorprojekt) Introduction
ThorstenPapenbrock

https://hpi.de/naumann/teaching/current-courses.html Slide 15
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Distributed Data Management
This Lecture

Lecture

= For master students
(IT-Systems Engineering,
Digital Health, Data Engineering)

= 6 credit points, 4 SWS

= Mondays 11:00 - 12:30
Wednesdays 15:15 - 16:45
Exercises

= Interleaved with lectures
Slides

= On website

Website

Prerequisites

To participate:

Interest and a little background in
databases (e.g. DBS I lecture);
object oriented programming skills

For exam:

Attending lectures, participation in
exercises, and completion of
exercise homework tasks

Exam

Written exam
Probably first week after lectures

» https://hpi.de/naumann/teaching/current-courses/ss-21/distributed-data-management.html
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Distributed Data Management

Feedback

Question at any time please!

= During lectures

= Visit us: Campus II, Room F-2.04
=  Email:

» thorsten.papenbrock@hpi.de

Also: Give feedback about ...
= improving lectures
= informational material

= organization

Official evaluation

At the end of this semester
... too late for important feedback!

i
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Management

Introduction

ThorstenPapenbrock
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Distributed Data Management Hasso
Feedback Inatitut

Evaluate  Own evaluations Rewards Resulis FAQ EN DE & Thorsten Papenbrock ~

Distributed Data Management (Winter term 2018/2019) View | Export | Full| Pubiic
Overview . . Secla results of seminar _ _
“Reliable Distributed Systems Engineering”
Evaluation Semester  Responsible https://hpi.de//naumann/teaching/teaching/ss-19/
P reliable-distributed-systems-engineering.html

L 75 ] w0 J Lecture

Distributed Data Management WT
Prof. Dr. Felix N P 7% |
18/19 o r. FeliX Naumann - o - V
/

Distributed Data

| eameda ot n tre course. Y]} I (= |
Management

Introduction
| was satisfied how the exercise submission worked. - - 25
The exercises were corrected in an appropriate amount of time. - _ 34

ThorstenPapenbrock
{ | feel well prepared for the final exam. &40 - - 22 ' Slide 18
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How could the course be further + Teilweise sollte der Stoff entschlackt werden. Es wurdejwirklich sehr vielfppehandelt. Teilweise merkte
improved? man Thorsten zu Ende einer Vorlesung an, dass er schneller und schneller wurde, um blof? noch den

Stoff dieser Vorlesung durchzubringen. Ebenso ist die Klausurvorbereitung somit extrem zeitintensiv.

Leider lief das Check-Yourself-Teil sehr schlecht. Tobias stand zu Fragen vial Mail nicht zur
verfugung. Lésungen kamen ab ca. der Mitte des Semesters nur noch sehr sporadisch und zuletzt
Uberhaupt nicht mehr. Schade!

Time spend on Flink. Structure in which concepts are explained. Make connections to other already
known concepts and describe the differences. Or give a quick overview at first and then dive into the
-important- details.

- Lésungen der Check yourselfs rechtzeitig zusenden

- Ubung friihzeitig kontrollieren

-wenn man eine Ubung vorstellen soll, bescheid geben, damit man auch anwesen sein kann
Teilweise wenig technisch. Auterdem sind die Folien verbesserungswiirdig. Sie haben zu viele
Uberschriften, zu viele Bilder die mit dem Thema nur im iibertragenen Sinne zu tun haben. Zu viele
Schriftfarben. Zu wenig leicht ersichiliche Gliederung. Sie sind oft nach den Schema: Lésung1,
Lésung2, L&sung3, LésungX, ... aufgebaut. Ideal wére aber eine manchmal deutlichere Motivation
des Problems, ein kurzes heads up, dass es drei Lésungen gibt und dann eine deutlich abgegrenzte
Besprechung der drei Lésungen. Diese gehen teilweise etwas ineinander (ber.

- Especially with the DDM+ slides at the end, it might be worth thinking about adding that content and
then splitting it into two lectures? The current lecture already hao it might make
sense to go deeper on slightly fewer topics

Es ist sooo viel. Ich wiirde mir vielleicht eine kleinere Klausur wiinschen, mindlich zum Beispiel (in
einer Gruppe?). Dann miisste man nicht nochmal coden und irgendwelche query languages
auswendig lemen. :)

Keine Klausur

- Zwischenklausur halten, weil esjwirklich sehr viel Inhaltjwar. D|Str|bUted Data

- Ubungsevaluierung ist etwas unklar, gibt es nur bestanden oder nicht, wo ist die Grenze? Management
» The content of the course are very broad, I missed possibilities to dive deeper into a topic, since the .
workload was already quite high. IntrOdUCtlon

Die Vorlesung war flir meinen Geschmacllzu umfangreich.
Die Losungen der Check Yourself Aufgaben haben zum Teil sehr lange auf sich warten lassen,
sodass einem die Thematik der zu bearbeitenden Aufgaben nicht mehr genau im Kopf war, wenn es

die Losung gab. ThorstenPapenbrock
+ Point out the motivation more. Like, tell us in the beginning of each set of slides why we are talking A
about this topic in respect to the scope of the lecture. That would help a lot to know where we are and SI |de 19

why we should learn und understand this topic.
« - fragen fur die teletask aufzeichnung wiederholen



Distributed Data Management
Lecture Outline

Introduction

Foundations

Encoding

Communication

Hands-On: Akka ACIkal
Data Models and Query Languages
Storage and Retrieval

Replication

© P N O U kR W N =

Partitioning

. Distributed Systems
. Consistency and Consensus

. Transactions

. Batch Processing J\Z
. Hands-On: Spark Spr’(

. Stream Processing

. Distributed DBMSs

. Distributed Query Optimization
. Lecture Summary and

Exam Preparation
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Distributed Data Management
Lecture Outline

i

Hasso
Plattner
Institut

Introduction
Foundations
Encoding
Communication
Hands-On: Akka 1
Data Models and Query Languages

Storage and Retrieval

Replication

© P N O U kR W N =

Partitioning

10.
11.
12.
13.
14,
15.
16.
17.
18.

Distributed Systems
Consistency and Consensus
Transactions
Batch Processing
Hands-On: Spark
Stream Processing
Distributed DBMSs

Distributed Query Optimization p;ciributed Data
Management

Lecture Summary and

. Introduction
Exam Preparation

ThorstenPapenbrock
Slide 21



Distributed Data Management

Literature: Course Book

Designing
Data-Intensive
Applications

THE BIG IDEAS BEHIND RELIABLE, SCALABLE,
AND MAINTAINABLE SYSTEMS

Martin Kleppmann

Designing Data-Intensive Applications
= Author: Martin Klappmann

= Date: March 2017

= Publisher: O'Reilly Media, Inc

= ISBN: 978-1-449-37332-0

= References:
https://github.com/ept/ddia-references

Scope for this lecture

= Distributed and parallel systems
= Big data storage

= Batch and stream processing
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Distributed Data Management
Literature: Further Reading

Wolfgang Lehner
Kai-Uwe Sattler

REACTIVE

Web-Scale Data
Management MESSAGING
Jure Leskovec fOf the ClOUd PATT E R N S

with the

ACTOR MODEL

Anand Rajaraman
Jeffrey David Uliman

APPLICA

Mining of
Massive Datasets

SECOND EDITION VERNON

Conyrgpiod Maarin

INTRODUCTION TO DISTRIBUTED SYSTEMS

PARALLEL

\ |
Y

SPARK

WILEY

Principles

Database

Third Edition

>
PR
A

ZBIGNIEW J. CZECH

Systems L

And Web-links that

' of Distributed are given on the slides

during the lecture.
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= Examples Distributed Systems
= Lecture Organization

= Motivation “Distributed”

= Motivation “Data”

= Motivation "Management”
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Motivation: “Distributed” ﬂ Hasso
Paradigm Shift in Software-Writing Inatitut

10,000,000 ‘ Moore’s Law

|
Intel CPU Trends . _—
{sources: Intel, Wikipedia, K. Olukotun) = Transistor numbers still increase
100,000 {

lmj_/ » Cores in CPUs/GPUs
10,000 | Power wall CPUs/GPUs in compute nodes,

compute nodes in clusters
» Paradigm Shift:

The free lunch is over!

1,000,000

—
— |
7 = Clock speeds stall

1,000

m_ = Earlier: optimize code for a single thread
100
. = Now: solve tasks in parallel

10 // 7“4 - Distributed computing

. i/ LA g * “Distribution of work on (potentially)
T e - physically isolated compute nodes”

¢ e 4 aPower (W)

Gec @ Perf/Clock (ILP)

0 | | |

1970 1975 1980 1985 1990 1995 2000 2005 2010 http://www.gotw.ca/publications/concurrency-ddj.htm
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Motivation: “Distributed”
Surpassing Moor’s Law

Hasso
Plattner
Institut

Hyperscale: With clusters of distributed machines, we
can already build systems with any nhumber of transistors!

Moore’s Law (Observation
( ) (don’t even need to wait for a new processors)

A\ 1
The number of transistors on 40.000.000.000
integrated circuit chips doubles SN ke

1BM 213 Storage Controler. _ Apple A12X Bionic
10,000,000,000 18-core Xeon Haswell-ES. b JTegra Xavier SoC
cigtpatbinmor w\\ ° Qualcomm Snapdragon 8cx/SCX8180

approximately every two years”  sowonoo DRSS o

8-core Xeon Nehalem-EX~,
Six-core Xeon 7400, 8 8
Dual-core ltanium 2@ @ ° 3 Core 17 Skylake K

Pentium D Presler, L4 uad-core + GPU Core i7 Haswell
1,000,000,000 "S‘I:Rh‘ﬁ'“cg c,,;‘,g,’ POVERD Py COO{E RO ’Apple A7 (dual-core ARMB4 “mobile SoC*)
500,000,000 Itanium 2 Madison 6M€ 8bre S i igicle 2M L3
Pentium D Smithfield ggcie Duo Conroe
Itanium 2 McKinley€p ell Core 2 Duo Wolfdale 3M
Pentium 4 Prescott-2! \0"(;?‘('\;: i‘%uggmﬂi‘e
S 100,000,000 AMD KD B 4 prescort
Pentium 4 North
S) = 50,000,000 P s it 90, PO @aiom
> a Forttm X Mab:;g“;g‘z ?Permum 11l Coppermine PARM Cortex-A9
6 S AMD Ké-1ll
2 S 10,000,000 et o8 o RUIIBLE
o) ‘@ 5,000,000 0 i
8 g PEH(IW“' AMD K5
(%4 SA-110
(0] F Intel 80486° QR
2 1,000,000 i
5 500,000 [t g oo
Intel 8038 Intel o @ARM 3
% Motorola 68020’60 ‘gé":&
EC WRL
5 100,000 e N
:.(—3 50,000 e Qintel 80188
'g Intel 8086€p @ Intel 8088 0, 2M2 P AR
= . T 4
O 10,000 ] ™s1000  Ziog 280 " %ga % S0 \eigte
O ; RCA1802 Qnoigoss OO0
5,000 W, 500 $njo1 8080
/ MOS Technology
Motorok 3
Intel 4&4 8377'0 Tho
1,000
. . . . . . . . ‘ . R AV > 02D oo DD NP PO D PO PO 0D
1900 "0 20 30 40 50 60 70 80 90 2000 08" I I A O S OO I N O N S S S S S S SR SN S

Data source: Wikipedia (https://en.wikipedia.org/wiki/Transistor_count)
The data visualization is available at OurWorldinData.org. There you find more visualizations and research on this topic. Licensed under CC-BY-SA by the author Max Roser.



Motivation: “Distributed” Hasso
High Performance and Hyperscale Computing e

= High Performance Computing (HPC) I s

= Super computers

Both use distributed computing!

= Specialized hardware (NUMA systems)

= Heterogeneous hardware (FPGAs, GPUs, etc.)
= Precision matters
= Floating points per second (FLOPS)
= Scientific and analytical use cases
= OLAP, simulations, forecasts, machine learning, data mining, ...
= Hyperscale Computing

= Standard computers Distributed Data

Management
= Fast commodity servers Introduction
= Response time, availability and throughput matters
= X-percentile response time, queries-per-second, ... ThorstenPapenbrock
= Scalable systems (and analytical) use cases Slide 27

= OLTP, web services, application hosting, cloud, data transformation, ...



Motivation: “Distributed”

A Rule to Acknowledge

Amdahl’s Law

“The speedup of a program using
multiple processors for parallel
computing is limited by the
sequential fraction of the program”

1
_ p
(1—=p)+3

Speed (s) =

s: degree of parallelization (e.g. #cores)

p: percentage of the algorithm that
profits from parallelization

Even distributed parallelization cannot

Speedup

work around this law!

20 1—— N e e A D A ——
—

Hasso
Plattner
Institut

Parallel portion
50%
......... 5%
—— 90%
—— 95%

/’/’—-
18 //
/
16 /
/

14 /

//
12 /
10 | 7/— T EEETTT

128
256

o
w0

1024

Number of processors

8192

2048
4096

16384
32768

65536



Motivation: “Distributed”
New Technologies

Distributed Computing Distributed Storage

d

CouchDB cassandra
@riink 8
5D STORM ‘mongoDB

Spor

i

Hasso
Plattner
Institut

Distributed Data
Management

Introduction

ThorstenPapenbrock
Slide 29



BIG DATA & Al LANDSCAPE 2018

INFRASTRUCTURE ANALYTICS APPLICATIONS - ENTERPRISE
HADOOP ON-PREMISE HADOOP IN THE CLOUD /IN-MEMORY DATA ANALYST PLATFORMS DATA SCIENCE PLATFORMS SALES -B2B MARKETING - B2C CUSTOMER SERVICE ———
cloudera @M 8Ws  Microsoft Azure aWs gdatabricks Gstrim | | B Microsoft @pentehe alteryx e Quata iD= cnmrus | RADIUS  App Audy 2618 @bioomreach MSendGrid | ¥ MEDALLIA zendesk
M InkiSphers' | .52 ; = INSIDESALESCOM | ojjevemsiane 2, o | BlueYond, #CLARABRIDGE
Pivotal | & Google Cloud B | enlluent GridGainih iy QUAVUS  AYASDI Soomine ) b “Lattice | Bluevonder [PERsADO] Gainsight NG@DATA
Da id Incota | 7" (M rapiominer @ conversica B nrico 4 ACTIONIG SAILTHRU @ sLuscons
IEM InfoSphere’ | g 2t [looe ) altiscale | Moo garapptisans | | ATTIV/O Datameer Chid , = sense 2 mportcle A DigialGenius  afiniti
J . 8 hazeicast TERRACOTIA | | imterana. ClearSiory  Crigarm E CONTINUUM'  haicomThnia clari Aavso tactai | g upuior ¥ datu () BB cusnnme 225 mpo mPIero. | romnAT Meframeai
B bluedata jethro | cazc enturyLink . 8 . tuser Hrooes | #ncacio ettt | & amperity Qrsgas [ wercon
ENDOR MMooe  Botiianase
HUMAN CAPITAL LEGAL FINANCE ENTERPRISE BACKOFFICE~  SECURITY
No50L DATABASES News OL DATABASES | GRAPHDEs = MPPDBs =) CLOUDEDW | g piATFORMS VISUALIZATION MACHINE LEARNING —— | /00 RAVEL | PRODUCTIVITY | AUTOMATION | @mammum o CviAnCE €zscaler
TERADATA Hoee entelo F:naplan AUT
O Google Cloud 3WS Clustrix @rectj | TeraD aws Ewicosk  aWS fetobleow FIT . s hil] ¢ & b 15 slack UilPath | ©stacksotn [Tilumio [coness goehwcs
ORACLE Microsoft Azure Pivotal R Byl Y & GoogleCins av £ Googe —~ 3 Google Cloud i @ Ever zuora e E‘ | e anomac g smone avecTan
$mongor = Markl Tmm‘“‘é:m— oracie | g h st ceromis & DataRobot e O wonosreer | o @ W ECuds B DAMVISOR %sifiscience
A esaL Q infludors Getion & i . . | [FBREVIA] | v, urrict e oermer| e
EEEGEEE ontesTAc | 8 vourh | ben B (Bpgnitio | Pivotal ok ATIeaLE Qlik@ Gz ELement” garmaior Bwadebitndy Stelly I - @ clara talla® i vy Weetmste s §soone
2 canoDd (®) Couchba N " splice ) . e e Gzest i isenze VERSIVE Q@ - Qo | Ress wmaceser | Aappien A waToon T feedzal oo
Arangol uchbase | (@ cilusdata § &t Exasol | &% 5 Foomms plotly ' mya @ casetest butterai Kassto | gworkfusion | AEN @) e Gt
redislabs scYLLA. J-paradigm4 '~ Oojectity ‘dremia . Gt - HARTL! eepiro & bonsal
4 Ttodis L Infouorks C Hoirst ¢ o % §
APPLICATIONS - INDUSTRY
B COMPUTER VISION HORIZONTAL A SPEECH & NLP
ONTATRANSFORMATION — - DATA INTEGRATION — - DATA GOVERNANCE 1 MGMT/MONIORING  — | SOMPTE “ ) e ADVERTISING EDUCATION - GOVERNMENT - FINANCE- LENDING FINANCE- — REALESTATE- INSURANCE-]
talend @pertcho € womatea ([ ieset | 4@ Informatiea aws O NewReic actiio | | Mcrowoft A2 Watson Cortana. @R # N i 8 Appherus B Lo @ 0PENGOV ondeck Affirm INVESTING | REDFIN Sratnomits
" = mcyLog\c Jrreauum @SailPoint | ¢ ik O APEDYNAMICS @ sentient 2 Voyager.. criteo) an Oega T Engwron HUALE JIANPU.ALI Opendoor
e % Segment Mcrlee Skyhigh 1 i 5 iKreditech AVANT & Uﬂ"m'w
alteryx @ rriracra | 5 s Em enigma Mﬁgﬂg ; o T 1) Affectiva = ORACLE DpenX @ s Geclara mark43 & o e A Upsart VTS S
o Sum  aloama allibra k- SignalFx @ druuo wone Futomenta e propspnid o weTdedosk ] K INSIKT § i 100Credit st
o | Mo, AN | sve oo Guvand SEVERAL  deepomati | romice s -mmsy oo F Gwee SRS | | disillery 2 Lvenen oo | I | @ wecomnmman ey | gy
Fasueanses ey | nportio 1 Stitch | "t opgay | iy Chumety o | | etwentybn < @ By datawy o eun Trcors ) armien COMPRTAR |t
4 . opicr o ves 0w EBER OpedsiSelt | v cire ofh | aiiTrln ACAPE
STORAGE CLUSTER SVCS APP DEV — CROWD HARDWARE GPU DBs SEARCH —————"—] LOGANALYTICS 7 SOCIALANALYTICS - WEG / MOBILE HEALTHCARE TRANSPORTATION —| AGRICULTURE ) COMMERCE - INDUSTRIAL ——
aws SOURCING GoogleTPU (ry | Kinstica = 972 | splunk § Hootsuite COMMERCE ANALYTICS 3 . | UBER T=sL= Fistocon | Gt PREDIX
= - a #g flatiron Clover x¥ruus Heallros® o 3
[ = e @.\‘ SRAPHCORE :‘"m" weer | ESUMOIOGIC NETBASE dl Google Anaiytics .  verily STITCH FIX @ou. UPTARE
osoft Azure . o o N —_— ) i ) " -
Oransonc: | 5% * dhrdocker] AKE10 | yoyorke MYTHIC o covéo | [@GGLY Soynthesio | ixponel Aparurne weom Gingerio Glow Qbaven |\ coe 2ERNYR u'i‘x‘a,m —
i\”m:t: IR © rainforest g@w @Hrviom =a 0 swiftype ”.I;;:. Exm reach su_mr«ll P airtable 3DMed Fzebra Pron = o Fromtod | o awion screx
0umi Qe o ® scale | Movidius¥ ; BLATNEDE daonanse | KbGAG bitly eredata | RESCl @sicopt TEMPUS puers e @AICUNS ;:Wm‘_ OTHER
o o | crsk MHIVE WAVE e | il posrm| | omiitus siNEQUA 3)logz.io © Similarieh () granify custora @ prognos @enite o | Weharmony stem
. . - ByteDonce ¢
Quentug Wasvss e B aveven
Poice EESINED o 1A vt ()
. .
WS 2y GoogleCloud B Microsoft Y peesnoes §535 1010DATA  vmware TIBCA  Toaoshn. ORACLE  Mlnetaps  $ Y0050 G innovaceer @ o remesh ASAPP
OPEN SOURCE
QUERY / DATA FLOW DATA ACCESS COORDINATION 7 STREAMING STATTOOLS 7 Al MACHINE LEARNING / DEEP LEARNING SEARCH LOGGING & COLLABORATION 7 SECURITY
; N - MONITORING .
Sooik’ SQL i ¢ ; O mmongo stalend Spcﬁr @ EEE = Fensorfiow  theano ULie - o Apache Ranger
cassandra § " : Pricosot @ BM elastieseaich K kibana o N
oo - e | e ® Caffe Bt o oM pupm pomm S stizrn Zm | KNOX
SLAMOATA Y DRICL @ ¥ SciDB Scalalab R B e loestash {
oy kafke druid FeatureFu [ g \
sriak CogEsa §€ Q ru 4 o HEE acane ©rones ANACONDA sentry
rometheus
I Y YR R, P G scry [ miic | i manout  Aerosolve
DATA SOURCES & APls DATA RESOURCES
HEALTH FINANCIAL & ECONOMIC DATA AIR | SPACE / SEA PEOPLE / ENTITIES LOCATION INTELLIGENCE OTHER DATA SERVICES INCUBATORS & SCHOOLS RESEARCH
- vaLioic € Digital Bloomberg ' meowsonreuters [3 | DOW JONES | () oo (pignet !f.?m m !:e.“pericn_ FOURSQUARE M?M liimlﬂﬂ QPalantir @ e m aalv Opent facebook research
A Quandl | = Amare amssomics = DATAGOV OpERA. M= | euomacsion g % #MIRI
% Practicefision & thingworc | 1P EAFTALI;  ERCBrscs  Xignite  Quan ASpire (@ mmmr YO8 | pinsideView | semseso Placell] i@esri oy '; i . =
fimsen Haxagon oy DataCamp 24 DataElite
fitbit gapmd | @roon @ emeo | B menanse Gestmize <o '/ ° NN - E— ]
T B | wiNDWARD"  tellusians Basys  Quantcast froctobes k39912 | g 62 meouws s
S | N o | Fruim it e B— Yo et -2 :

V1 - Last updated 6/19/2018

© Matt Turck (@mattturck), Demilade Obayomi (@demi_obayomi), & FirstMark (@firstmarkcap)

mattturck.com/bigdata2018

FIRSTMAF\'K

Hasso
Plattner
Institut

Distributed Data
Management

Introduction

ThorstenPapenbrock
Slide 30



Motivation: “Distributed”
Driving Forces

= Data volumes increase:
business data, sensor data, social media data, ...

= Data analytics gains importance:
downtime-less, real-time, predictive

= Parallelization paradigm shifts:
multi-core and network speeds increase while CPU clock speeds stall

= Computation resources become more available:
IaasS, PaaS, SaaS

= Free and open source software gains popularity:
setting standards, utilizing external development resources, improving
software quality, avoiding vendor locks ...

i
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Motivation: “Distributed” Hasso
Small and Medium Scale e

Low-cost and low energy cluster of A cluster of commodity hardware
Cubieboards running Hadoop running Hadoop




Motivation: “Distributed”
Large Scale

-:::/

A cluster of machines running
Hadoop at Yahoo!
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Motivation: “Distributed”
Super Large Scale

Top 10 Super Computers 2017

v Semway 824010
! i e0c Lasene

oder:
18m100mm

iormeccs \\\‘\
TRIHULIGHT
GANA DE NUEVO TITULO

DE SUPERCOMPUTADORA

Sunway TaihuLight de China gand de nuevo, como
3¢ esperabo, el titulo de la mquina mds répida del
mundo, de acuerdo con la edicién mds reciente de
lalista semestral TopS00 de supercomputadoras,
publicoda el lunes. W

Sy Roise0$ 205

All distributed systems!

Rmax Rpeak Powﬁ

Rank System Cores (TFlopls) (TFlop/s) (kW)

1 Sunway TaihuLight - Sunway MPP, Sunway SW26010 260C 10,649,600 93,014.6 125,435.9 15,371
1.45GHz, Sunway , NRCPC

National Supercomputing Center in Wuxi

China

2 Tianhe-2 (MilkyWay-2) - TH-I\VB-FEP Cluster, Intel Xeon E5-2692 3,120,000 33,862.7 54,902.4 17,808
12C 2.200GHz, TH Express-2, Intel Xeon Phi 3151P , NUDT
National Super Computer Center in Guangzhou
China

3 Piz Daint - Cray XC50, Xeon E5-2690v3 12C 2.6GHz, Aries 361,760 19,590.0 25,326.3 2,272
interconnect , NVIDIA Tesla P100 , Cray Inc.
Swiss National Supercomputing Centre (CSCS)
Switzerland

4 Titan - Cray XK7, Opteron 6274 16C 2.200GHz, Cray Gemini 560,640 17,590.0 27,112.5 8,209
interconnect, NVIDIA K20x , Cray Inc.
DOE/SC/Oak Ridge National Laboratory
United States

5 Sequoia - BlueGene/Q, Power BQC 16C 1.60 GHz, Custom , IBM 1,572,864 17,173.2 20,132.7 7,890
DOE/NNSA/LLNL
United States

6 Cori - Cray XC40, Intel Xeon Phi 7250 68C 1.4GHz, Aries 622,336 14,0147 27.880.7 3,939
interconnect , Cray Inc.
DOE/SC/LBNL/NERSC
United States

7 Oakforest-PACS - PRIMERGY CX1640 M1, Intel Xeon Phi 7250 556,104 13,554.6 249135 2,719
68C 1.4GHz, Intel Omni-Path , Fujitsu
Joint Center for Advanced High Performance Computing

Japan

8 K computer, SPARC64 Vllifx 2.0GHz, Tofu interconnect , Fujitsu 705,024 10,510.0 11,2804 12,660
RIKEN Advanced Institute for Computational Science (AICS)
Japan

9 Mira - BlueGene/Q, Power BQC 16C 1.60GHz, Custom , IBM 786,432 8,586.6 10,066.3 3,945

DOE/SCfArgonne National Laboratory
United States

10 Trinity - Cray XC40, Xeon E5-2698v3 16C 2.3GHz, Aries 301,056 8,100.9 11,078.9 4,233
interconnect , Cray Inc.
DOE/NNSA/LANL/SNL

United States https://www.top500.0rg/lists/2017/06/
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Motivation: “Distributed”
Super Large Scale

Top 10 Super Computers 2017

All distributed systems!

Rank System Cores

1

10

Sunway TaihuLight - Sunway MPP, Sunway SW26010 260C 10,649,600
1.45GHz, Sunway , NRCPC

National Supercomputing Center in Wuxi

China

Tianhe-2 (MilkyWay-2) - TH-IVB-FEP Cluster, Intel Xeon E5-2692 3,120,000
12C 2.200GHz, TH Express-2, Intel Xeon Phi 31S1P , NUDT

National Super Computer Center in Guangzhou

China

Piz Daint - Cray XC50, Xeon E5-2690v3 12C 2.6GHz, Aries 361,760
interconnect , NVIDIA Tesla P100 , Cray Inc.

Swiss National Supercomputing Centre (CSCS)

Switzerland

Titan - Cray XK7, Opteron 6274 16C 2.200GHz, Cray Gemini 560,640
interconnect, NVIDIA K20x , Cray Inc.

DOE/SC/Oak Ridge National Laboratory

United States

Sequoia - BlueGene/Q, Power BQC 16C 1.60 GHz, Custom , IBM 1,572,864
DOE/NNSA/LLNL
United States

Cori - Cray XC40, Intel Xeon Phi 7250 68C 1.4GHz, Aries 622,336
interconnect , Cray Inc.

DOE/SC/LBNL/NERSC

United States

Oakforest-PACS - PRIMERGY CX1640 M1, Intel Xeon Phi 7250 556,104
68C 1.4GHz, Intel Omni-Path , Fujitsu

Joint Center for Advanced High Performance Computing

Japan

K computer, SPARC64 Vllifx 2.0GHz, Tofu interconnect , Fujitsu 705,024
RIKEN Advanced Institute for Computational Science (AICS)
Japan

Mira - BlueGene/Q, Power BQC 16C 1.60GHz, Custom , IBM 786,432
DOE/SCfArgonne National Laboratory
United States

Trinity - Cray XC40, Xeon E5-2698v3 16C 2.3GHz, Aries 301,056
interconnect , Cray Inc.
DOE/NNSA/LANL/SNL

Rmax
(TFlop/s)

93,014.6

33,862.7

19,590.0

17,590.0

17,173.2

14,014.7

13,5546

10,510.0

8,586.6

8,100.9

Rpeak
(TFlop/s)

125,435.9

54,902.4

25,326.3

27,112.5

20,132.7

27,880.7

24,9135

11,280.4

10,066.3

11,078.9

(kW)

15,371
17,808
2,272
8,209

7,890

3,939
2,719

12,660
3,945

4,233

United States https://www.top500.0rg/lists/2017/06/
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Motivation: “Distributed”
Super Large Scale

Top 10 Super Computers 2017

All distributed systems!

Rank System

1

10

Sunway TaihuLight - Sunway MPP, Sunway SW26010 260C
1.45GHz, Sunway , NRCPC

National Supercomputing Center in Wuxi

China

Tianhe-2 (MilkyWay-2) - TH-IVB-FEP Cluster, Intel Xeon E5-2692
12C 2.200GHz, TH Express-2, Intel Xeon Phi 31S1P , NUDT
National Super Computer Center in Guangzhou

China

Piz Daint - Cray XC50, Xeon E5-2690v3 12C 2.6GHz, Aries
interconnect , NVIDIA Tesla P100 , Cray Inc.

Swiss National Supercomputing Centre (CSCS)

Switzerland

Titan - Cray XK7, Opteron 6274 16C 2.200GHz, Cray Gemini
interconnect, NVIDIA K20x , Cray Inc.

DOE/SC/Oak Ridge National Laboratory

United States

Sequoia - BlueGene/Q, Power BQC 16C 1.60 GHz, Custom , IBM
DOE/NNSA/LLNL
United States

Cori - Cray XC40, Intel Xeon Phi 7250 68C 1.4GHz, Aries
interconnect , Cray Inc.

DOE/SC/LBNL/NERSC

United States

Oakforest-PACS - PRIMERGY CX1640 M1, Intel Xeon Phi 7250
68C 1.4GHz, Intel Omni-Path , Fujitsu

Joint Center for Advanced High Performance Computing

Japan

K computer, SPARC64 Vllifx 2.0GHz, Tofu interconnect , Fujitsu
RIKEN Advanced Institute for Computational Science (AICS)
Japan

Mira - BlueGene/Q, Power BQC 16C 1.60GHz, Custom , IBM

DOE/SCfArgonne National Laboratory
United States

Trinity - Cray XC40, Xeon E5-2698v3 16C 2.3GHz, Aries
interconnect , Cray Inc.
DOE/NNSA/LANL/SNL

Cores

10,649,600

3,120,000

361,760

560,640

1,572,864

622,336

556,104

705,024

786,432

301,056

Rmax
(TFlop/s)

93,014.6

33,862.7

19,590.0

17,590.0

17,173.2

14,014.7

13,554.6

10,510.0

8,586.6

8,100.9

Rpeak
(TFlop/s)

125,435.9

54,902.4

25,326.3

27,112.5

20,132.7

27,880.7

24,9135

11,280.4

10,066.3

11,078.9

(kW)

15,371
17,808
2,272
8,209

7,890

3,939
2,719

12,660
3,945

4,233

United States https://www.top500.0rg/lists/2017/06/



Rmax Rpeak Powﬁ

Rank System Cores (TFlopls) (TFlop/s) (kW)

M Otlvatl O n : " D I St rl b U ted " 1 Sunway TaihuLight - Sunway MPP, Sunway SW26010 260C 10,649,600 93,014.6 125,435.9 15,371
1 ray , NRCPC
Super Large Scale

nputing Center in Wuxi

2 3,120,000 33,862.7 54,9024 17,808
Use cases
3 Piz Daint - C E5-2690v3 12C 2.6GHz, Aries 361,760 19,590.0 25326.3 2,272
. interconnect sla P100 , Cray Inc.
" Weath e r fo reca Stl n g Supercomputing Centre (CSCS
= Market ana |y5|S 4 ron 6274 16C 2.200GHz, Cray 560,640  17.5900 271125 8209
K20x , Cray Inc.
H H ational Laboratory
= Crash simulation
. . . 5 Gene/Q, Power BQC 16C 1.60 GHz, Custom , IBM 1,572,864 17,173.2 20,132.7 7,890
= Disaster simulation DOENNSAILLNL
United States
u Bru te fo rce decry pt|0n 6 Cori - Cray XC40, Intel Xeon Phi 7250 68C 1.4GHz, Aries 622,336 14,0147 27,880.7 3,939
ints nnect, Cray Inc.
. . DC (LBNL/NERSC
= Molecular dynamics modeling United States
Oakforest-PACS - PRIMERGY CX1640 M1, Intel Xeon Phi 7250 556,104 13,554.6 249135 2,719
u e 8C 1.4GHz, Intel Omni-Path , Fujitsu

igh Performance Computing

706,024 10,510.0 11,2804 12,660

Data-intensive analytics
tasks!

786,432 8,586.6 10,066.3 3,945

301,056 8,100.9 11,078.9 4,233

United States
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29 Aug (Tue)

8:30-10:00
10:00-10:30 break
10:30-12:00

Pro gram 12001330 tnen
13:30-15:00
15:00-15:30 break

r:00

International conference f® poster reception
“"Very Large Data Bases” |weq

8:30-10:00
10:00-10:30 break

10:30-12:00
12:00-13:30 lunch

an.n0 4500

break

All data processing and
analytics tasks that are
more and more based on
distributed computing.

poster reception
"VLDB Octoberfest" banquet at the Hofbriiuhaus

10:30-10:55

10:55-12:00
12:00-13:30 lunch

13:30-15:00
15:00-15:30 break

15:30-17:00

17:00-18:00 poster reception



Motivation: “Data” 0000 0c0 [P
Successful IT Startups

Example: Mobile Motion GmbH

_ = An HPI-Startup of 2013 )
i* \‘ = Founders:
! ;l = Jonas Druppel, Roland Grenke, Daniel Taschik
-
November 19, 2014:
::' = Launch of the Dubsmash app
Dubsmash November 26, 2014: Distributed Data
= Dubsmash reached the number one Management
downloaded app in Germany Introduction
June 1, 2015:
= Dubsmash had been downloaded over ;ﬂg;sze;"ape”bmc"

50 million times in 192 countries
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Hasso
Successful IT Startups ﬂ Plattner
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Motivation: “"Data”

Successful IT Startups

Successful IT-Startups in recent years are masters of data:

AirBnB
Instagram
Pinterest
Angry Birds
Linkedin
Uber
Snapchat
WhatsApp
Twitter
10. Facebook
11....

WO NOU R WM

Peta- to Exabytes of ..

profile data (names, addresses, friends, ...)
content data (images, videos, messages, ...)
event data (logins, interactions, games, ...)

Challenged with ...

streaming
persistence
analytics
load-balancing

i
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Introduction
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Motivation: "Management”

Rethinking Data Management

i

Hasso
Plattner
Institut

Data is distributed and replicated!

= Data needs to reach a processor to
be computed.

= Processor memory is very small but
data is usually large.

» Data is stored distributed and
replicated in memory hierarchies.

» Data needs to be fetched, i.e.,
copied to a processor before it can
be computed.

> Data needs to be flushed, i.e.,
copied to higher memory levels to
become visible to other processors.

Example Memory *
, Hierarchy Y

Smaller,
faster,
and
costlier
(per byte)
storage
devices

Larger,
slower,
and
cheaper
(per byte)

devices

storage | 5.

L1 cache
(SRAM)

L2: L2 cache

(SRAM)

L3: L3 cache

(SRAM)
L4: Main memory
(DRAM) e

Local secondary storage |:>
(local disks)

L1:

Ls/

Remote secondary storage |:>
(e.g., Web servers)




i

Motivation: "Management”

Hasso
Rethinking Data Management ﬂ Inetitut

Moving data costs magnitudes more
time and energy than computing data!

Example Memory
, Hierarchy

= Copying data costs time and energy.

Smaller,
) f L1:/ L1 cache
= Stalled processors during data jon (SRAM)

copying consume energy. o) ,_2:/ L2 cache @A
Operation | Operation Energy | Equivalent storage ( )
Cost (n)) ADD devices L% L3 cache \:>

ADD 0.64 (SRAM)
L1->REG 1.11 1.8x
Larger, )
L2->REG 2.21 3.5x SoweL L4: Main memory |:>
L3->REG 9.80 15.4x and (DRAM)
MEM->REG 63.64 99.7x ehpaper @

(per byte)
Stall 1.43 - storage | 5- Local secondary storage

Prefetching 65.08 - devices (local disks)

https://hpc.pnl.gov//modsim/2014/Presentations/Kestor.pdf ¥
> Push computation to the data not L6: Remote secondary storage |:>

data to the computation. (2.9., Web Severs)



https://hpc.pnl.gov/modsim/2014/Presentations/Kestor.pdf
https://hpc.pnl.gov/modsim/2014/Presentations/Kestor.pdf
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Motivation: "Management”

Rethinking Data Management

Hasso
Plattner
Institut

Moving data costs magnitudes more
time and energy than computing data!

= Copying data costs time and energy @

__—

Why energy is a concern:

= Stalled processors during data
copying consume energy. 6

Cost (nJ) ADD
ADD 0.64 -
L1->REG 1.11 1.8x
L2->REG 2.21 3.5x
L3->REG 9.80 15.4x
MEM->REG 63.64 99.7x
Stall 1.43
Prefetching 65.08

https://hpc.pnl.gov//modsim/2014/Presentations/Kestor.pdf

» Push computation to the data not
data to the computation.

Thread |
Performance

(o
O
T

Performance
-
ow

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025 2030
Year



https://hpc.pnl.gov/modsim/2014/Presentations/Kestor.pdf
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Motivation: "Management”

Hasso
Rethinking Data Management ﬂ Inetitut

i

» Data engineers and data scientists
need to be good data manager!

Data encoding

Data transmission

Data replication

Data partitioning

Data consistency management
Load scheduling

Load balancing

We do not consider LO-L3 in this lecture, but this is super
relevant for High Performance Computing!

I recommend:
https://www.youtube.com/watch?v=3PjNgRWmv90&list=
LLbLagsrSDDURdv ZV75-AMQ&index=6&t=0s

Larger, )

slower, L4: Main memory
and (DRAM)
cheaper

(per byte)

storgge L5: Local secondary storage |:>
devices (local disks)

L6: Remote secondary storage
(e.g., Web servers)
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Domain Expertise (e.g., Industry 4.0, Medicine, Physics, Engineering, Energy, Logistics)
Relational Algebra / SQL

Mathematical Programming

Linear Algebra SerElr Data Warehouse/OLAP
Statistics NF2/ XQuery
Text Mining KnOWIEdge RDE/S L
Graph Mining parQ

Signal Processing
Stochastic Gradient Descent
Machine Learning

Error Estimation

Information Integration
Information Extraction

Visual Analytics

Privac
Active Sampling Data Memory MZnagement
Monte Carlo Science Parallelization
Regression % Scalability
Predictive Analytics 63_'? o Memory Hierarchy
Sketches ?:\)Z v Fault Tolerance
Data Obfuscation %:}, Security
Convergence Data Analysis Languages
Decoupling Query Optimization
Iterative Algorithms Real-Time
Curse of Dimensionality Legal Aspects Control Flow  Indexing

Business Models Data Flow
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Motivation: "Management”

Hasso
Data Management ﬂﬁliﬁ?ﬂ

Data Analytics Data Management
“"The ability to effectively “The ability to efficiently
extract and calculate read, transform, and store
various kinds of information from data!” large amounts of data!”
» Structural information » Static (block) data
» Explicit information > Volatile (streaming) data
» Implicit/derived information Distributed Data

Management
Introduction

ThorstenPapenbrock
Slide 52
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Related Topics

Hasso
Plattner
Institut

Distributed
Data
Management

Distributed Data
Management

Parallel
Computing

Introduction

ThorstenPapenbrock
Slide 53
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Motivation: “Management” ﬂ Hasso
Related Topics Inetitut

Software

Architecture

Distributed
Data

Management

Distributed Data
Parallel Data Management
Introduction

Computing Mining

ThorstenPapenbrock
Slide 54



Motivation: "Management”
Database Systems

Touch points

= Data models, query languages, and consistency guarantees

= Distributed storage and retrieval of data
= Index structures and NoSQL data

= Transactions and query optimization

Not in this lecture
= Physical data storage

= Foundations on transaction management and logging

More focused lectures/seminars
= Database Systems I + II (Prof. Naumann)
= Develop Your Own Database (Dr. Perscheid)

i

Hasso
Plattner
Institut

Distributed Data
Management

Introduction

ThorstenPapenbrock
Slide 55
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Motivation: “Management” ﬂ Hasso
Related Topics Inetitut
Database
Systems

Distributed
Data

Management

Distributed Data
Parallel Data Management
Introduction

Computing Mining

ThorstenPapenbrock
Slide 56



Motivation: "Management”
Software Architectures

Touch points
= Requirements, design, and architecture of distributed systems
= Pros and cons of different technologies for distributed systems

Not in this lecture
= Non-distributed systems
= Agile software development techniques

= Software patterns

More focused lectures
= Software Architecture (Prof. Hirschfeld)
= Software Technique (Prof. Hirschfeld)

i

Hasso
Plattner
Institut

Distributed Data
Management

Introduction

ThorstenPapenbrock
Slide 57



Motivation: "Management”

Related Topics

Database
Systems
Distributed
Data
Management
Parallel
Computing

Software
Architecture

Data
Mining

i

Hasso
Plattner
Institut

Distributed Data
Management

Introduction

ThorstenPapenbrock
Slide 58
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Motivation: "Management”

Hasso
Parallel Computing ﬂ Inetitut

Touch points
= Distributed data storage concepts
= Distributed programming models, e.g., actor programming and MapReduce

Not in this lecture
= Parallel, non-distributed programming languages, e.g., CUDA or OpenMP
= Core parallel computing concepts, e.g., scheduling or shared memory

= Processor architectures, cache hierarchies, GPU programming, ...
Distributed Data

Management
More focused lectures Introduction
= Parallele Programmierung und Hetergenes Rechnen (Prof. Polze)
= Programmierung paralleler und verteilter Systeme (Dr. Feinbube) ThorstenPapenbrock

Slide 59
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Motivation: “Management” ﬂ Hasso
Related Topics Inetitut

Database Software
Systems Architecture

Distributed
Data

Management

Distributed Data

Parallel Management

Computing

Introduction

ThorstenPapenbrock
Slide 60
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Motivation: “Management” ﬂ Hasso

Data Mining Inetitut

Touch points

= Efficient data querying and aggregation queries
= Data engineering for data analysis

= Scalable computing

Not in this lecture

= Machine learning, e.g., neuronal networks, (un)supervised learning, or

Bayesian classification

= Statistics, linear algebra, and most sophisticated mining algorithms zf:::::f:nfata

Introduction

More focused lectures/seminars

= Deep Learning (Prof. Lippert), Knowledge Graphs (Dr. Krestel), Statistical ThorstenPapenbrock
Models (Prof. Renard), Building Machine Learning Applications (Dr. Albrecht),Slide 61
Machine Learning-based Control of Dynamical Systems (Prof. Giese) ...
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Related Topics

Hasso
Plattner

Institut
Distributed
Data
VELELE )
Big Data
Systems Distributed Data
Parallel Management

(Prof. Rabl)
Introduction

Computing

ThorstenPapenbrock
Slide 62
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Motivation: “Management” ﬂ Hasso

Lecture Goals e

Sorting the buzzwords
= NoSQL, Big Data, OLAP, Web-scale, ACID, Sharding, MapReduce, Scale-out...

Understanding distributed systems

= You know how state-of-the-art distributed systems work.
= You know core technologies and techniques to solve distributed challenges.
= You know the advantages and disadvantages of important systems.

= You know how to handle data in distributed settings. Distributed Data
Management

Exercising in distributed data management and analytics Introduction

= You can implement distributed algorithms and applications.
. . . . ThorstenPapenbrock
= You can solve problems that arise in distributed setups. Slide 63

= You can write data-parallel and task-parallel applications.



“Dark Magic”

= With distributed computing we can utilize
incredible amounts of compute power!

= At the cost of harder programming
(e.g. fault tolerance, testing and protocols)

= At the cost of additional energy
(e.g. communication and redundancy)

> Efficient, fault resistant code matters all the more,
because inefficiency and failures scale, too!




“Dark Magic”

“Around 10% of the world’s total electricity
consumption is being used by the internet.”
Swedish KTH

https://www.insidescandinavianbusiness.com/article.php?id=356
https://www.sciencedirect.com/science/article/pii/S2214629618301051

“"The Internet’s data centers alone may already
have the same CO2 footprint as global air travel.”
Global e-Sustainability Initiative

https://internethealthreport.org/2018/the-internet-uses-more-electricity-than/

“Data centres [...] consume about 3% of the global
electricity supply [...] accounting for about 2% of
total greenhouse gas emissions” in 2016.
Independent

https://www.independent.co.uk/environment/global-warming-data-centres-to-consume-
three-times-as-much-energy-in-next-decade-experts-warn-a6830086.html

https://www.nature.com/articles/d41586-018-06610-y

9,000 terawatt hours (TWh)

I

20.9% of projected””
electricity demand

—  ENERGY FORECAST
Widely cited forecasts suggest that the

_ total electricity demand of information and
communications technology (ICT) will
accelerate in the 2020s, and that data
centres will take a larger slice.

W Networks (wireless and wired)
M Production of ICT

Consumer devices (televisions,
computers, mobile phones)

M Data centres

0
2010 2012 2014 2016 2018 2020 2022 2024 2026 2028 2030

The chart above is an ‘expected case’ projection from Anders Andrae, a
specialist in sustainable ICT. In his ‘best case’ scenario, ICT grows to only
8% of total electricity demand by 2030, rather than to 21%.

Global electricity demand

2015 I I Other demand
Best case
2030 II
Expected
2050 L1
0 40,000 TWh
INTERNET EXPLOSION

Internet traffic* is growing
exponentially, and reached more
than a zettabyte (ZB, 1 x 10?! bytes)

in 2017.
1987 1997 2007 12]0 1Z7B
218" opp °OEB '

*Traffic to and from data centres.

TB, terabyte (1012 bytes); PB, petabyte (10 bytes); EB, exabyte (10'¢ bytes). enature
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“Dark Magic”

HPI, clean-IT Initiative

https://hpi.de/open-campus/hpi-initiativen/clean-it-initiative.html

(]

T Al model training

https://www.aclweb.org/anthology/P19-1355.pdf

https://theoutline.com/post/8186/artificial-intelligence-destroy-

environment?utm_campaign=Artificial%2BIntelligence%2BWeekly&utm medium=email&utm_source=Artificial Intelligence Weekly 131&zd=1&zi=cayumttz

“In klrzester Zeit wird die Digitalisierung zum Klimaproblem Nummer eins werden.”

CO2-footprint

o
S

=5 carlife cycles
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