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—
Data Management

e Managing the Complexity of Data Processing

Functionality
4

Cost

/ » Performance

e Industrialization of the Knowledge Engineering Process
o Information Extraction Data Analysis and Model Application

e Study Interactions and Trade-Offs & Build Generic Systems
— 3P (processing environment, programs, people)
—  Performance metrics

Throughput vs. quality measures
Human latency vs. system latency
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-
A (rather incomplete)
Data Management timeline

Appearance of  First parallel Open Source First columnar NoSQL and UDF- Alternative
Relational shared-nothing | Projects and storage based commodity] MapReduce
Databases Architectures mainstream Databases analytics implementations go)
Databases mainstream
sqQL/oLTP OLAP/Warehouse| OODBMS XML-DBMS »map/reduce” |, in-memory”
Os 80s 90s 00s 004 - 2009 009 - now
Ingres Gamma DB2 MonetDB apReduce Spark
Oracle TRACE Oracle C-Store Hadoop Flink
System-R Teradata BerkeleyDB Vertica Impala
MS Access Aster Data Giraph
PostgreSQL GreenPlum Hive
MySQL ParAccel HBase
1974: QL SAP Hana
Open Source rises Blu
2003: Internet Explodes Criticism of MapReduce

Google publishes MapReduce
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Some Aspects of the Data
Processing Pipeline

Data Data Data - Data
Generation Analysis storage Visualisation
Acquisition Processing Curating Usage & Services

Source: bigdatavalue.eu
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.
Data & Analysis: Increasingly Complex!

§ data volume too large Volume Reporting _ aggregation, selection §_,
o data rate too fast Velocity Ad-Hoc Queries SQL, XQuery S
= o ETL/ELT MapReduce ZF
G data too heterogeneous  Variability

data too uncertain Veracity Data Mining MATLAB, R, Python
i;% Predictive/Prescriptive MATLAB, R, Python %—’
: Data Analysis z
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e
“Data Scientist” — “Jack of All Trades!”

Domain Expertise (e.g., Industry 4.0, Medicine, Physics, Engineering, Energy, Logistics)
Mathematical Programming

_ Relational Algebra / SQL
Linear Algebra

Application Data Warehouse/OLAP

Stochastic Gradient Descent

Error Estimation NF2/XQuery

Active Sampling Resource Management

Hardware Adaptation

Regression
Fault Tolerance
Monte Carlo
Data Memory Management
Statistics . N
o Sclence Parallelization
Sketches R Scalability
: o
Hashing v Memory Hierarchy
2
Convergence ?2 Compression
Decoupling % Compiler

Query Optimization

Iterative Algorithms :
Indexing Data Flow

Curse of Dimensionality Control Flow  Real-Time
Accuracy

New Technology to the Rescue! Performance
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Big Data Analytics Requires Systems Programming

R./ Matlab: People with Big Data
3 million users Analytics Skills

Hadoop:
100,000
users
Big Data is now where database systems were in the

70s (prior to relational algebra, query optimization
and a SQL-standard)!

Declarative languages to the rescue!
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Declarative Languages to the Rescue!
~What", not ,how" Example: k-Means Clustering
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65 lines of code = 486 lines of code

short development time — long development time

robust runtime — non-robust runtime
Declarative data analysis program with Hand-optimized code

automatic optimization. parallelization (data-. load- and system dependent)
and hardware adaption
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Deep Analysis of ,Big Data” is Key!
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Big Data (3V)

Simple Analysis

Small Data
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A Zoo of Technologies!

Big Data Landscape 2016 (Version 3.0)
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http://mattturck.com/wp-content/uploads/2016/03/Big-Data-Landscape-2016-v18-FINAL.png
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Challenge: Technologies for Data Science at the Intersection of
Data Management and Machine Learning

. >~
¢¢¢¢
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Think DA-algorithms g
in a scalable way

Declarative Languages Feature Engineering

Automatic Adaption D I\/I declarative D A Representation

Scalable processing Algorithms (SVM, EM, etc.)
Process (iterative)

algorithms
in a scalable way

aggregation .
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- _______________________________________
Agenda

« Apache Flink
— Data Stream Analysis
— Iterations
— The Flink Community

* Further Aspects
— Fault Tolerance
— Declarative Languages
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StratoSphere

~ Apache Flink —
Big Data Batch
and Stream Processing

C
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Stratosphere: General Purpose
Programming + Database Execution

Draws on Adds Draws on

Database Technology MapReduce Technology
- N 4 N

* Relational Algebra * |terations « Scalability

» Declarativity « Advanced Dataflows |+ User-defined

* Query Optimization « General APIs Functions

* Robust Out-of-core « Native Streaming « Complex Data Types

« Schema on Read

\\ J _ :
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Timeline

2008 2009 2010
2 [ B ©
Initial vision for a big DFG Proposal for Grant Award £
data analytlcs latform Stratosphere | Start of Stratosphere |
QStratoSphere s;xcg /Acgyifog’;"f .2010
Above the Clouds e e e S
A%Otvzaetgiphere pgper published
i APACHE' Flink Grant Award DFG Proposal for
Incubator Project Start of Stratosphere Il Stratosphere |l
® < o o ® <
2014 2012 Spinning Fast Ilte- 2012 2011
B rative Dataflows
The VLDB JournalE3 paper published

The International Jou

O Stratosphere System
paper published

1st Flink Forward
Conference

J APACHE Ejink dataArtisans & Blin
Top Level Project Founded s —
> o > ® ®
2015 2015 2015
21 Meetups Worldwide Flink Community Groups Berlin 758
Flink . 186 Contributors Across Europe Paris 500
2nd Flink Forward Wy %326 Members e I\Sﬂtigﬂﬂolm g?g’ 1
ggg{::ﬁggf 2016 e 20 Cities - ‘= s " Btussels 279
flink-forward.org v 12 Countries S D P London 190
«—@ ® < @
2016 2016 2016
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.
What is Apache Flink?

Apache Flink is an open source platform for scalable batch and stream
data processing.

A distributed system that you can use to
process data

ao % 3 e
c = =} =
: = 2 o &= _ o
Like a DBMS but not exactly a DBMS 3§ .5 % &. 5 &f gir
X0 Tz ¥ 68 o 25 S wt
£ 0% 88 £a4 o 29 g8
. = _{Cgé c & & == (O g i
What kind of data? 1 | 8 £
Data that comes in the form of streams g
3 DataSet API (JAVA/Scala) DataStream API (JAVA/Scala)
é Batch Processing Stream Processing
What kind of processing _
Runtime

Core

Quite flexible. You can use Java/Scala APIs
similar to programming with Java
collections, the new SQL API, etc

Distributed Streaming Dataflow Engine

Local Cluster Cloud
Single JVM YARN, Standalone GCW, EC2

Deploy

Distributed: runs on many (1000s) of machines

and hides this complexity from the user
http://flink.apache.org
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Basic application architecture

A replayable log of
events with pub/sub

functionality

-—> event log

-

Sources of data
(e.g., sensors,
logs, ...)

Processing of ,
events % sﬁ‘,%a,___gmap
app state I *
% kafka
\ app state >
@ Storage and query systems
service

By courtesy of Kostas Tzoumas
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Technology inside Flink

case class Path (from: Long, to:

Long)

1 tc = ed it te(10 H
Y e baresettme ) Type extraction Dataflow
val next = paths stack D Graph
.join(edges) Join
.where("to")
Cost-based
optimizer

%

Hybrid Hash
.equalTo("from") {

probe
(path, edge) => m? hash-part [0]

Path(path.from, edge.to)

Map Data:ourc
} lineitem.tbl
.union(paths)

DataSourc

ot Pre-flight (Client)

} Program ‘

deploy

operators Recovery
metadata

Task

| scheduling

\
Master

Memory Out-of-core
manager algos

Batch & State &
Streaming Checkpoints

— =

intermediate
results

Workers
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Effect of optimization

&

Hash vs. Sort
Partition vs. Broadcast

Caching
Execution Reusing partition/sort
Plan A
/ Execution
Execution Plan C
Plan B
Run on a sample
on the laptop
Run on large files Run a month later
on the cluster after the data evolved

)
=l

o s 0 Ts
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Why optimization ?

Map
Feature 7
o H

Count Mapper
[+l
memory
(Local Formarg)

Map
Label

Ma |
hofs://doud- | e =
7:40010  *7 Feature/Toke 7270
/mkoufmarn s [ qenerato: Document
Mfff“' he _ Count (M§*]
metory
(Local Korward)

ne™7
o

Map

memo
(Local F-3 Df (M) ':'""‘

stic ¢

*]

Map

Reduce g
| .. Normalized Tt :‘: 3 Normalized TF - (Lx:w ;

(M) =

[+

Reduce

| Map Reduce Cross
' me= "y
Feature (5L Total distinct 7IC™0 § yora) distinct (¢4, | etk . Theta Factors
feature ‘°°t'*l fy feature count = e |7 combiner1 |
- + '
Reducert*] (M) Ry !*} (*)
-y . v
3 {Local Forward)
Reduce s |
'- F: - Map = | network
Document L = = Reduce i ‘ (Broddcast)
Count (RY*)1 ico Forwars,.  Match O Total Sum  ..§ hets://cloud
: 7 mory g .
1. 1df Calculator PP et Reducer [ [for5t 710030
network | ‘ s
i (Partizion) L0 JIM m
of (R) j ey | [ momory o, ksioma
(Pactition) | | riocal s ) /Sigma_kSigma
(+] : Y
Map Reduce ! E emory Croes
Match o ! -af Formar-> Theta Factors
22 E’F";,; ";umm:f' ' v;m' 43 Ty RECEIVER <. Combiner 2 (
. ! [+] |
(R) &5 Calculator |~ Mapper ! *1 Reducer!*1] | memory {
(*1 (+] [ (Lecal Forward) network
SR i hafs;//choua- (Paration)
P g 7:40010 [
(Lacal Forward) /I s
, G Fainds et |
hofsijidoud- | TRV ity X
m& = Map fSlgmaki CoGroup
o ThiGf Label Parean) | e
/ xm Extractor farern) Normalizer
te] (*)
memory
= . (Locai Formara)
ap |
Reduce
= afs:/f/ cloud hefs://doud-
F;:tr:r;:fl caff ¥ | Featureldf (8777 7:40010 7:40010
Mapper (4] SUMme:{ : D fringwald [ringwald
Reduces) /e e
ISigma_j/ thetaNormalizer/

Do you want to hand-tune that?

20
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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

DATA STREAM ANALYSIS
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Life of data streams

Collect j » Processi{

« Create: create streams from event sources (machines,
databases, logs, sensors, ...)

{ Create »

* Collect: collect and make streams available for consumption
(e.g., Apache Kafka)

* Process: process streams, possibly generating derived
streams (e.g., Apache Flink)
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Stream Analysis In Flink

R
N
Delta
of
5%
price

~_

groupby

case class Count(symbol: String, count: Int)
val defaultPrice = StockPrice("", 1000)

I L . =S
0 ¢ _r""_::l-:i' re L-:I LCe | '-'.',|.|'.l:-_'

o . .
£ sl s By 2 ] Wi T Y i [ WIS
//Use delta policy warnings

val pricewarnings.= Stockatream.grnupByt”Symbml"j
.window(Delta.of(©.85, priceChange, defaultPrice))
.mapWindow(sendwWarning _)

//Count the number of warnings every half a minute

val warningsPerStock = pricellarnings.map(Count(_, 1))
.groupBy("symbol™)
.window(Time.of(30, SECONDS))
.sum(“count™)

More at: http://flink.apache.org/news/2015/02/09/streaming-example.html
© Volker Markl
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———
Defining windows In Flink

« Trigger policy

— When to trigger the computation on current window
« Eviction policy

— When data points should leave the window

— Defines window width/size
« E.g., count-based policy

— evict when #elements > n

— start a new window every n-th element

« Built-in: Count, Time, Delta policies
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———
Checkpointing / Recovery

* Flink acknowledges batches of records
— Less overhead in failure-free case
— Currently tied to fault tolerant data sources (e.g., Kafka)

* Flink operators can keep state
— State is checkpointed
— Checkpointing and record acks go together

« Exactly one semantics for state
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Checkpointing / Recovery

Pushes checkpoint barriers
through the data flow

barrier

After barrier = : Before barrier =
Not in snapshot  part of the snapshot
(backup till next snapshot)

Operator checkpoint
starting

Checkpoint done

Chandy-Lamport Algorithm for consistent asynchronous distributed snapshots
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S. Ewen, K. Tzoumas, M. Kaufmann and V. Markl, "Spinning Fast
lterative Data Flows.," PVLDB, vol. 5, no. 11, pp. 1268-1279, 2012.

ITERATIONS IN DATA FLOWS
- MACHINE LEARNING
ALGORITHMS
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Iterate by looping

. rd Y
Client +

=
- L d
- ’/

> - ad
~~~~~~~~~~
~~~~~~~~
~ -~
~ -~
~~~~~~~~~
-~
~~~~~~

L.
\~~ ~----
~ ~
~ -
~ ~—

3 —>| Step

 for/while loop in client submits one job per iteration step
« Data reuse by caching in memory and/or disk
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-
Iterate In the Dataflow

_________________________________
N,

d

partia partial
O O solution

Step function /
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N
Large-Scale Machine Learning

Factorizing a matrix with ” p—

to large nodes
500

28 billion ratings for
recommendations |

200
100

Completion time (minutes)

0 5000 10000 15000 20000 25000 30000
Number of enties (million)

Item
Y X Y Z W X Y Z
A 4.5%20 Al120s8 1.5%12 1.0 0.8
s - o .................. N e 17 ..... 06 ........ ——
§C | 50| 20 = C 1.5-1.0 X (SCG/e OfNetflIX
D 3.5 40 1.0 D|z20s8 or Spot[fy)
Rating Matrix Muai?:-x I\Elg?cp?x

More at: http://data-artisans.com/computing-recommendations-with-flink.html
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——
Optimizing Iterative programs

Pushing work Caching Loop-invariant Data Maintain state as index

,out of the loop”
\ /

r‘b@nnected Components )feratfon‘ _____________________________________________ 1
! 1
Combine
> ws . Find Minimum q
Forward | Candidate Id Hash Partitig
Hash Partition | & Sort on Match Forward 1
on [0] [0:ASC]T . . .
Pipeline o Jlom X
Breaker Iaeh Pathtion Candidate Id Reduce .
1 on [0] N WI}EE = Find Minimum !
| : {Soogsocr} =ignber " | Candidate Id i
;TC 1 CAICHED Forward Match :
Hash Partition | | hdl;]s:///gr KN Update 1 Redistri
on [0] 1 aph/edge , .
s.isv Component
. Id
=+ 8 >l A
! 1
L m m e e e e e e et e e E e e e e e e e e e e e e e e e e .. e e e .. e e e e e e e e e e = e e e e = = === d
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S. Ewen, K. Tzoumas, M. Kaufmann and V. Markl, "Spinning Fast
lterative Data Flows.," PVLDB, vol. 5, no. 11, pp. 1268-1279, 2012.

STATE IN ITERATIONS

- GRAPHS AND MACHINE
LEARNING
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———
Iterate natively with deltas

¢ |

workset A B workset
partial . i . delta
solution X Y sel

L\

Merge deltas
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o
Effect of delta iterations...

45000000

40000000

35000000

30000000

25000000

20000000

# of elements updated

15000000

10000000

5000000
O |x|xlwlwlxlxlxlwlx'w'x'w"'x """""""""""""""""

iteration
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. very fast graph analysis

Performance competitive
with dedicated graph
analysis systems

30 iterations

61 iterations and 30 iterations of
PageRank on a Twitter follower
graph with Hadoop MapReduce
and Flink using bulk and delta
iterations

... and mix and match
ETL-style and graph analysis
In one program

Hadoop | Flink bulk | Flink delta
More at: http://data-artisans.com/data-analysis-with-flink.htm|/
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A Benchmark Result

Stormm vs Flink vs Spark

w—® St 1000
& @ Slprm 1L A
& Slorm 110 RO ACK
O ew Fink
o Snatk
T ¢ p
= 00
E P
>
SO0
A
|
L LR
0D |
Ll -.
—=a o ——F ——
L3 . —— - -
oo | F — - - - * i -
00D fETIn] a0 \eanme Laohne Lanean
Thmugrgut rabe [evermuse

Source: http://yahooeng.tumblr.com/post/135321837876/benchmarking-streaming-computation-engines-at

1600040

Performed by Yahoo! Engineering,
Dec 16, 2015

[..]Storm 0.10.0, 0.11.0-SNAPSHOT and
Flink 0.10.1 show sub- second latencies
at relatively high throughputs|..]. Spark
streaming 1.5.1 supports high
throughputs, but at a relatively higher
latency.

Flink achieves highest throughput
with competitive low latency!

hpache

Benchmark Platform
Storm, Flink or Spark Streaming

w—

campaign + window
to seen count
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J. Soto and V. Markl, "A Historical Account of Apache Flink," [Online].
Available: http://www.dima.tu-berlin.de/fileadmin/fg131/
Informationsmaterial/Apache_Flink Origins_for Public_Release.pdf

THE FLINK COMMUNITY
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The Flink Community:
Meetups By Country Concerning Flink

Q)
£
v/r/msﬁ ;
g
g f
'} T
y Wy
.N-,;vﬂ: . R
:‘1?0," qésseﬁl :
o Iwg
.. 500 A
Pt
/384, © 56
¢ Y % Ghin
Ly
S
/L
B = o1 1 & L
,,;‘, =

Apache Flink Meetups Worldwide (Data accurate as of 30.5.16)
6326 members strictly focused on Apache Flink (comprising 57%)
4771 members broader in scope, including Flink (comprising 43%)
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e
Flink community (2)

« More than 250 people have contributed code to Flink

Number®f?l Stars®n GitHub? Forks@®n@GitHub
Contributorsp 20008 14008
1800
3000 12003
16000 -
2500 1400 - 10002 —
20003 _ 1200m o 800
10003 -
_— .
1503 2003 6000
1000 - - 6000 - - 4008 -
4000 — —
503 2000 = ==
2000
oa oz e
FebFl5e DecFl5E DecE6R FebFl5F DecBFl5F DecBl6[R FebFl5e DecFl5F DecPFl6R

By courtesy of Kostas Tzoumas
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-
Code survival in Flink

1200000

Code added in 2010
Code added in 2011
Code added in 2012
Code added in 2013
Code added in 2014
Code added in 2015
Code added in 2016

1000000

[
.
.
.
=
(]
[

800000

600000

Lines of code

400000

200000

0
Jun 2013 Oct 2013 Feb 2014 Jun 2014 Oct 2014 Feb 2015 Jun 2015 Oct 2015 Feb 2016 Jun 2016 Oct 2016

By courtesy of Kostas Tzoumas
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e
Powered by Flink

» zalando

Zalando, one of the largest ecommerce King, the creators of Candy Crush Saga,
companies in Europe, uses Flink for real- uses Flink to provide data science teams
time business process monitoring. with real-time analytics.
€L Y4
Alibaba Group OUyguE2
Alibaba, the world's largest retailer, built a Bouygues Telecom uses Flink for real-time
Flink-based system (Blink) to optimize event processing over billions of Kafka
search rankings in real time. messages per day.

By courtesy of Kostas Tzoumas
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> 20 Companies Using Flink
=

£ -
Alibaba.com B ERICSSON
Pragsis M Bidoop sEtreelogic

Big Data Analytics Cal;'f_a’?nje’"
ResearchGate \d_y . -
mbrtargeting l d
otto group ® 2dldndo
—UR JR ADICAL c‘_107 FIRELAYERS

Deep, Different, Disruptive.

NOV.

Q
© B -
c"_\o? FIRELAYERS M dotoArtisans  AMADEUS
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> 8 Software Projects Using Flink

Q Google Cloud Platform EEeRRstap e

A fully-managed cloud service and programming model for batch and streaming big data processing.

Apache Flink is a replacement for MapReduce to support large-

scale batch workloads and streaming data flows. It eliminates the

CASCA D I N G concept of mapping and reducers and leverages in-memory

storage, resulting in significant performance gains over

MapReduce.

Apache SAMOA is a distributed
Apache S AMO A streaming machine learming (ML) framework

that contains a programing abstraction for - ,
distributed streaming ML algorithms. APGLCM oLreduinvy

The Apache Mahout™ project's goal is to build an environment for quickly creating
scalable performant machine learning applications.

Apache MRQL @ MLC

MRQL is a query processing and optimization system for large-scale, distributed data analysis, built on top of Apache Hadoop, Hama, Spark, and Flink.

Apache Beam is an open source, unified programming model
1§ Deam R
that you can use to create a data processing pipeline.

© Volker Markl




e
> 10 Research Institutions

Using Flink

University of
Zagreb

BIG DATA EUROPE

Empowering Communities
with Data Technologies

UNIVERSITAT LEIPZIG [l i7" ISR
BERLIN BIG DATA C& Jﬁfc{fﬁ?j . IE

German
Research Center
for Artificial
Intelligence

© Volker Markl




Flink In the ecosystem
(@nifi é% §§kqfka

{_} elasticsearch.

¥ (o

kafk
KA L Rabbit

HlﬂFS & TACHYON gy

S3

& TACHYON

POSIX
—

POSIX Java/Scala
Collections
S K P ACH
va ache
D% MESOS HBASE
oV kubernetes ((
<’ q mongoDB =
JDBC cassandra

A P
HSASE ..
JDBC
mongoDB 0
Google Cloud Platform docke Ar&?;’.&i‘ii?
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By courtesy of Kostas Tzoumas
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Smart Data Web

Scenario
How can we detect problems, risks and potential bottlenecks in the supply chain based on the

knowledge derived from natural language data?

supplier event

weather
event

Flink

NLP Pipeline:
Named entity recognition ’

Entity linking
Relation extraction

traffic
disruption

political unrest

Knowledge graph

Results
Knowledge graph for supply chain management
- continously updated with relevant facts and events using parallel analysis of textual data streams

- linking company-internal with open knowledge

BMWi Project “Smart Data Web”: http://www.smartdataweb.de/

© Volker Markl




timetables E
x delays

traffic flow

weather

Results
- Big data analytics platform providing data and smart mobility services
- Prediction based on historical and real-time data considering a wide range of mobility-related aspects

/Scalable data management
(aggregation, enhancement,
provisioning)

Prediction & Optimization

Flink

% Big data analytics

Service
provider

Traveller

g
Public
L administration

Data
scientist

BMWi Project “Smart Data For Mobility”: http://www.sd4m.net

© Volker Markl




SePIA.Pro

Scenario

» Service platform for industrial data analytics services
for production chain optimization.

« Improvement of production planning and execution

» Cross customer analysis of machines from the perspective of a single machine manufacturer.

Data Sources Flink Solution

< Actuators < [éata Science
Machinery omponent

park
2 Sensors > Industrial

Analytics
Platform

Streaming

Results

+ Scalable data analytics platform optimized for industrial settings

Qutput

Parameters for
production chain
optimization
Smart Prediction
models

Cross customer
analysis results

* Smart services (data, algorithms, structures, policies) for automatic provisioning

BMWi Project SePiA.Pro
© Volker Markl




NMuUsIic EESIITE

STREAMLINE

UNLIMITED MUSIC

Scenario

* Transactions related with user actions on content are considered
on the next day for new content recommendations.

« The goal is to do context aware content recommendation in real time.

Data Sources Flink Solution Output

Real time music
recommendation

User actions:
download

Pre-
K5 like —> processing 55 5

. Sk|p data -v MUS
o

Results

* Expected increase revenue by 25%

* Reduce time to recommend new content, move from daily batch to real time

* Reduce costs with manual back-office processes such as manually curating content; cost reduction by 60%
* Increase the total number of users consuming (clicking on) recommended content per day; increase by 50%

|C RECOMMENDATION ENGINE

“ STREAMLINE, Horizon 2020, Ref: 688191

© Volker Markl




P R OT E U S ArcelorMittal

Scenario
» Defects introduced in early processes of steel production have a

great economic impact due to the costs
» The sooner defects are detected, the sooner the process can be
modified in order to stop producing defective subsequent coils

REAL-TIME INTERACTIVE VISUAL ANALYTICS

SCALABLE ONLINE MACHINE LEARNING LIBRARY
,( ................. :
CLASSIFICATION FAST @
DECLARATIVE |} > CLUTERING L> SCAI;I;?!LEE‘:ASIC > UPDATEABLE @ %j VISUALIZATION IN:::F;TJSAL DATA
LANGUAGE PREDICCTION SKETCHES STATE MODEL PREDICTIVE INTERACTIVE LAYER ENGINE COLLECTOR
DETECTION SYSTEM ANALYTICS  REAL
: v

TIME

INTEGRATED HYBRID PROCESSING ENGINE Corosonnnad :

Y OPTIMIZATION 5 DATA :
PROGRAMMING APIs : ~ PROCESSING : ((
< Java < {PlanA A PlanB :
ache STREAMING : @ m - ((
& el = : 5 U
L DISTRIBUTION MEMORY =
H RUNTIME MANAGEMENT E
s 5
- [EERE IVM HEAP S

Results
* Expected to achieve a reduction of 20% of defections coils and reducing rejected material by 15%.

- PROTEUS, Horizon 2020, Ref: 687691

© Volker Markl




SAGE @SEAGATE

Scenario
In scientific research areas as vast as brain simulation, gene sequencing, and
space weather forecasting, experiments and simulations generate © Wikimedia Commons/MOS6502

increasingly large data sets. As these scale into the range of exabytes
(billions of gigabytes), novel storage, processing, and analytics solutions
must be devised to continue deriving insights and innovation in research.

Application Codes Application Codes Application Codes
(on HPC Compute Cluster) (on HPC Compute Cluster) (on HPC Compute Cluster)

IIII IIl l i I<-;
I

Apphcatlon 110 Task Offload
SAGE SAGE
Compute Storage Mode Offload Mode Full Data Centric Mode
Results

Development of a next-generation data storage system supporting current- and future-generation
persistent storage media for exascale data processing. Project SAGE will integrate both current- and
future-generation storage media within a multi-tiered hierarchy and introduce computational capabilities
to the storage layer.

© Volker Markl




Thanks to my team members and students

Dr. Stephan Ewen

Dr. Sebastian Schelter
Dr. Kostas Tzoumas

Dr. Asterios Katsifodimos
Fabian Huske

Alexander Alexandrov
Max Heimel

Juan Soto

and many more members of the Stratosphere Project, the
Berlin Big Data Center, and the Apache Flink community
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Evolution of Big Data Platforms

Fourth Generation

In-memory + Out of Core Performance, Declarativity,
Optimization of Iterative Algorithms, True Streaming e.g.
Apache Flink

[ Third Generation ]

In-memory Performance and
Improved Programming Model, e.g. Apache
Spark

[ Second Generation ]

Scale-out, Map/Reduce, UDFs,
e.g., Apache Hadoop

First Generation

Data Warehouses, e.g,
relational DBMS

© Volker Markl




Fault tolerance

Pessimistic Recovery:
« Write intermediate state to stable storage
« Restart from such a checkpoint in case of a failure

Problematic: 120
« High overhead, checkpoint must
be replicated to other machines
« Overhead always incurred, even if no
failures happen!

checkpointing
overhead

runtime per iteration (sec)
S

. actual work

> How can we avoid this overhead in failure-free cases

© Volker Markl




Optimistic recovery

« Many data mining algorithms are fixpoint algorithms

« Optimistic Recovery: jump to a different state in case of a failure,
still converge to solution

failure-free pessimistic recovery optimistic recovery

* No checkpoints - No overhead in absense of failures!
« algorithm-specific compensation function must restore state

© Volker Markl




All Roads lead to Rome

If you are interested more, read our CIKM 2013 paper:

Sebastian Schelter, Stephan Ewen, Kostas Tzoumas, Volker
Markl: "All roads lead to Rome": optimistic recovery for
distributed iterative data processing. CIKM 2013: 1919-1928

Sergey Dudoladov, Chen Xu, Sebastian Schelter, Asterios
Katsifodimos, Stephan Ewen, Kostas Tzoumas, Volker Markl:
Optimistic Recovery for Iterative Dataflows in Action.

To appear in SIGMOD 2015

© Volker Markl




Declarative Data
Processing
and Big Data
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B
A Billion $$$ Mantra...

SQL Relations RDBMS
. 1 mE

[ —] [——1 [ ——

_ _
_

Declarative Data Processing

An effective, formal foundation based on relational algebra and calculus (Codd ’'71).
A simple, high-level language for querying data (Chamberlin '74).

An efficient, low-level execution environment tailored towards the data (Selinger ’79).

© Volker Markl




With 40+ years of success...
ORACLE"
m DATABASE %SQLSE"VG"”

SQL Relations RDBMS

VERTICA

Declarative Data Processing
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-
Is Being Revised

w ORACLE %
¢ DATABASE SQLServer

SQL Relations RDBMS

VERTICA

Declarative Data Processing

S

e

| [ Parallel Dataflow
Engines

" I|nk Spork

" Second-Order Distributed
Functions Collections
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Mosaics of Theories and Systems

* First results

Alexander Alexandrov, Andreas Salzmann, Georgi Krastev, Asterios Katsifodimos, Volker
Markl: Emma in Action: Declarative Dataflows for Scalable Data Analysis. SIGMOD 2016

Alexander Alexandrov, Asterios Katsifodimos, Georgi Krastev, Volker Markl: Implicit
Parallelism through Deep Language Embedding. SIGMOD Record 45(1): 51-58 (2016)

 Next Steps
— Open-Source Release

Vision (Frontend): Multi-model DSL based on type contracts

— Collection Processing DataBag[A]
— Linear Algebra Matrix[A], Vector[A]
— Stream Processing Stream[A]

Vision (Backend): Target more execution engines
— Column Stores

- GPUs
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