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Motivation



Problem Big Data

Volume = massive Datenséatze (Terabyte, Petabyte)
Dat

Volirie .

Velocity = hohe Datenrate (Events/sek)

9 Variety = unstrukturierte Daten (loT-Sensors, logs, clickstreams)
e Data Bereinigung notwendig

J3  Variety

[Abb. 1]

Ziel: schnell Wert aus Daten ziehen & reagieren



Anwendungen Streaming-System

= ETL-Operationen (Filtern, Analysieren), hoher Durchsatz

= Data Analytics — Real-Time Processing

= Window Aggregation auf Events (User Session, Trending Tweets, Pattern Recognition (Fraud))

= Complex Event Processing

Process/Enrich @

Input |||

[Abb. 2]

/

''''' = Window 1 -=-=---» < '''' - Window 2 > """" ~Window 3 -
° ° ° ° ° o Time
tl 2 18 t4 5 16
Aggregate
Function (Sum) v v
Output Events

-

[Abb. 3]




Batch Processing
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Verarbeitung gro3er Datenmengen
Skalierbares, fehlertolerantes, verteiltes mit parallelen, verteilten Algorithmen

Dateisystem (HDFS) in einem Cluster
Batch-Jobs Ausfiihrung Minuten bis Stunden

langsame, aber korrekte Ergebnisse

[1]



Stream Processing

Zu beachten:

e kein Double Counting (interner State)

e Exactly-Once Processing
(at-least-once & at-most-once) im
State-Handling (nicht User Logik)

e Fehlertoleranz (starke Konsistenz, State)

schnelle, aber nicht notwendigerweise korrekte Ergebnisse*
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[Abb. 5]
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Ergebnisse mit niedriger Latenz
& (eventuelle) Korrektheit?



Lambda Architecture

Batch-Ebene
- speichert Rohdaten
- immutable, append-only
- berechnet periodisch batch-views
batch layer serving layer
Speed-Ebene
- real-time Datenanalyse
- geringe Latenz — kleinere Genauigkeit
— nur aktuelle Daten

Serving-Ebene
- indiziert batch-views fur schnellen Zugriff
-  Query — Kombination beider Ebenen




Lambda Architecture
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langsame Batch-Verarbeitung + Echtzeitverarbeitung (Velocity, Volume) [Abb. 7]



Next
K a a Record
1st Record

Written

e Grundlage fiir massives Stream Processing 1 l
e geordnete, partitionierte, fehlertolerante Streams
(keine verlorenen Events) — replayable

e Scale-Out, Buffering

Partion0 |0 |1 |2 |3 |4 |s|6|7|8fofl|11]:
Wiedereinspielen von Events ist Grundlage fir 54
Korrektheit von Streaming Systemen ™1
Partition1 (0|1 |2 (3|4 |5(|6|7 |89,
| 1
| !
Partion2 9 |1 |2 (3|4 |s|6|7|8[9]s|]!

[Abb. 8]



Lambda Architecture

Pro: Con:

e skalierbar
e Fehlertolerant (HDFS)
e Echtzeitanalysen (Genauigkeit)

Komplexitat

zwei Systeme/Versionen der Datenpipeline
Duplizierte Logik

Merge flir Query



Stream Processing



Ein kurzer Gedanke zur Latenz

Ende-zu-Ende Latenz (Netzwerk, Streaming-Engine, Downstream Databases/System)
= Latenz Eintritt->Verarbeitung

Streaming
application Downstream
Trigger




Streaming Landscape (Open-Source)

5 sTORM m

und noch viele mehr...



Vergleich

Sireaming

5 sTorRM spoﬁ'{‘ é

Native Micro-batching Native Native
model
API Compositional | Declarative | Compositional | Declarative
IR CIEIC Y Record ACKSs RDD-based Log-based | Checkpoints
Guarantee At-least-once | Exactly-once | At-least-once |Exactly-once
—_— State as Stateful Stateful
State Onlyin Trident DStream operators operators
Windowing Not built-in Time based Not built-in | Policy based
Latency Very-Low Medium Low Low
Throughput Medium High High High [Abb. 9]
Storm Trident Samza Spark Streaming

strictest guarantee
achievable latency
state management
processing model

yes

backpressure mechanism yes
ordering guarantees no
elasticity yes

at-least-once
< 100 ms

one-at-a-time

exactly-once
< 100 ms

yes (small state)

micro-batch
yes

between batches

yes

at-least-once
< 100 ms

yes
one-at-a-time

not required (buffering)
within stream partitions

no

exactly-once
<ls

yes

micro-batch

yes

between batches
yes
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Grundlagen



State of the art: Inspiration

The Dataflow Model: A Practical Approach to Balancing
Correctness, Latency, and Cost in Massive-Scale,
Unbounded, Out-of-Order Data Processing

Tyler Akidau, Robert Bradshaw, Craig Chambers, Slava Chernyak,
Rafael J. Fernandez-Moctezuma, Reuven Lax, Sam McVeety, Daniel Mills,
Frances Perry, Erig Sclhmidt, Sam Whittle
oogle

(5]



Event time vs. Processing Time

(( )) Processing Time
A 14 13 12 11 10 9 8 7 6 9 4 3 2 1

A oaaa 1]
Message Queue
=\ Event timestamp
©

Event Producers

e Event-Time ist unabhangig von der Processing Time

e Streaming-Engine — einen Weg um den Fortschritt der Event-Time zu messen
= benotigt fir Window Operatoren, die auf Event-Time operieren
= verhindern von Events im falschen Window



Windowing

Sessions

e Datenquelle wird entlang zeitlicher Grenze in einzelne Teile zerlegt




Windowing by even-time

Quellen sind nicht immer verfiigbar (Latenz, Netzwerkpartition, Mobile Devices)
= korrektes Bearbeiten “spater” Events (richtige Reihenfolge)
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[2]
= Grundidee: erhohte Window Lebenszeit — langeres Buffering, State Handling
= Vollstandigkeitsfrage — fixe/heuristische Watermarks (keine 100% Garantie)



Watermarks (in-order vs out-of-order)

e Watermark nimmt an, dass alle friiheren Ereignisse (wahrscheinlich) eingetroffen sind
e ‘“spate Events ins richtige Window kriegen”

Stream  (in order)

[23]21’5 EZOHIS‘ IIB[I?IISIIMIE'H‘IlO‘IS] |9 7

W(20) w(ll)

Event
Watermark

Event timestamp

Stream  (out of order) [Abb. 11]
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State of the art: Apache Flink

stream.map(..). .
_window(.).. —> Client ¢ Memory management
e Local Snapshot Execution
Optimised Logical ‘__( )
Dataflow Graph = Task RN
Manager el
§ = - i
Job L=y Physical ,"b. snapshot
Zookeeper Manager . Tasks /'@ Store
\. \ '@
| — )/ Local
* Passive Failover e Scheduling Task ! Snapshots
» Snapshot Metadata e Partitioning Manager _O’
e Snapshot Coordination I J
; ; managed state 6]
(b) The Flink System Architecture

(local | external)



State of the art: Apache Flink

Kernkonzept:
DataStream (unbegrenzt) & DataSet (begrenzt) - Optimierer

e Exactly-Once (periodischer lokaler Checkpoint-State in
dauerhaften Speicher) — fehlertolerant

State-Handling Wiederherstellung State/Operator Fortschritt
e (Event-Time) Windowing, out-of-order (watermarking)

e Modi:
o natives Event-Processing (geringe Latenz)
o Stateful Stream Processing
(starke Konsistenz Savepoints & Snapshots)
= zu Kosten der Performanz

()

d e

&
%] 5 o ©
FIEAE AR E
5 B
| <))

Q]
=
3 DataStreamI DataSet
@
= Distributed
T Dataflow Runtime
=
g Cluster | Backend | Config

(a) The Flink Software Stack

StreamingSQL
CEP (Mustererkennung)

[6]



Streams & Tables

Data stream Unbounded Table

new datain the
datastream

R =

new rows appended
to a unbounded table

Data stream as an unbounded table
[Abb. 12]

e Live-Datastream = unbegrenzte Tabelle an die kontinuierlich angefiigt wird
e Inkrementelle SQL-Queries
e  Trigger, Evictor



State of the art: Apache Spark

MLib
machine
learning

GraphX

Spark SQL Spark Streaming graph

structured data real-time processing

‘ Standalone Scheduler | ‘ YARN | ‘ Mesos l

= starke Konsistenz durch Ausfiihrung von Batch-Jobs in Memory
= mehrere Batch-Jobs hintereinander in kurzen Intervallen*? = Micro-Batching

[Abb. 13]



State of the art: Apache Spark

Spark Application

Workers
User Program Spark Context
! RDDs DAGScheduler |
[ fsnas) Cluster Executor
Manager
vali s8¢ newv Sparkcontext (cont) “ p
! > Cache

val rdd = sc.cassandraTable(...) . (—-—

mapl...) p

.filter(...)

.keyBy(...) Task Task

.reducesyKey(...) o

.cache() \ )

Task Task
[Abb. 14]

RDD = fehlertolerante, immutable, parallele Datenstruktur

(Optimierung: halt Daten im Speicher fiir Wiederverwendung nachfolgender Stufen)
DStream = unbegrenzter Stream von Daten, reprasentiert Reihe von RDDs



State of the art: Apache Spark

e replayability
durch Kafka

e stateful RDD

e Verarbeitungs-
garantien

e immernoch
Micro-Batch

Pre-first
Batch

First
Batch

Second
Batch

DStream
" Source [=»| Receiver RDD
DStream
Source > Receiver RDD ad : Single Pass
Filter H Count
Stateful
<DD RDD 1
- DStream
: Stateful
Source > Receiver RDD é; i
RDD > : Single Pass
Filter H Count
RDD Stateful |
RDD 2

[Abb. 15]



State of the art: Apache Spark 2.x

Structured Streaming: A Declarative API for Real-Time
Applications in Apache Spark

Michael Armbrust’, Tathagata Das’, Joseph Torres’, Burak Yavuzi, Shixiong Zhu,
Reynold Xin', Ali Ghodsi', Ion Stoica’, Matei Zahariai*
“Databricks Inc., #Stanford University

hohere APl — Streaming & Batching

basiert auf Spark SQL-Engine

Streaming Aggregation, Event-Time Windows, Stream-to-Batch Joins,..
End-to-End Exactly-Once Processing

Fehlertoleranz, Garantien durch Checkpointing & Write-Ahead Logs
Continuous Processing — bessere Performance (geringere Latenz)



State of the art: Apache Spark 2.x

fStreaming Query
(DataFrame/Datasets/SQL)

// here( )
events.where("state = CA"
” .groupBy (window("time"”, "3@ seconds"))
K .avg(“"latency")
Structured Streaming
Fe B 2 ~N Y
A 2 Micro-batch Processing
\ L% o / (default)
=8 o o g =) N
o J| E »output streams
S g ‘ —
. £ o |\ . )
) Qo Continuous Processing
input - N (low-latency, optional)
tables —__J J _
iy

. . . . . Abb. 1
Structured Streaming processing modes: Micro-batch and Continuous Processing [AbD. 16]



In Zahlen...

Single Core Throughput (higher is better)
40 Core Throughput on 10 Worker Nodes

(higher is better)

S N —— —— T

Spark (1 ad/c)

spa 1033/ rink 10 o0/ | ;L
Finkibios |
Flink (1 ad/c) post)
Kafka Streams |
Flink (10 ad/c) 0 ia 2 10 40 50 50 70

Throughput (Million records/s)

Throughput (records / second)

mittels Yahoo! Benchmark fur Streaming Systeme

Benchmark Problem

ords/s

@
-
“
o
wv
&
(o]

M

System Throughput
65M

700K

Kafka Structured

Streams

Apache

Flink Streaming



Fazit: Flink & Spark

e Spark & Flink erlauben sowohl Batch & Stream Processing

e Flink als Innovator fir
o  Event-time Windowing, out-of-order Streams, and exactly-once Semantik
o  Checkpointing & Replayability — Consistency
e Adoption einer hoheren API, die Batch & Stream transparent macht
e Performanz abhangig vom Anwendungsfall — Benchmarks schwer vergleichbar



Kappa Architecture

f StreamlngLayer | f ServmgLayer |
I
|

== Serving .
== ‘ Real-time Engine [J8 [ Backend :- Queries
-

[Abb. 17]

eine zentrale Datenpipeline (fiir Batch und Streaming — Flink/Spark)
immutable, append-only Event-Store (Kafka) — long-term HDFS/S3
alle Operationen im Streaming-Layer — geanderte Logik — Replay

e Aufwand fir die Wiedergabe der gesamten Historie steigt linear mit dem Datenvolumen
o spezieller Use Case
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Was ist mit diesem A‘ Lambda ?




Use Case: Nuclio

Multiple async workers for

maximum parallelism with

Function Processor

minimum CPU overhead

Event
Listeners

Events and data Fetch/Serve

abstractions enable
re-use and portability

\ Control Framework: Portal, Logging, Monitoring, Security, ...

events

Function
Workers

Runtime Engine

Data
Bindings

Connect
& Cache

Interface to platform resources through pluggable APIs

Super fast, Zero-copy access

/ to events and data

Event Sources (Pluggable):

e Sync: HTTP

e Async: RabbitMQ, MQTT

¢ Stream: Kafka, Kinesis, v3io
* Polling: DB/file changes

Runtime Engines:

Native (real-time): Go, C
Shmem: Java, Python, ...
Shell: Scripts, Bin

Data Bindings (Pluggable):

File & Obj: volumes, S3, v3io
DB: DynamoDB, v3io
Stream : Kafka, Kinesis, v3io
Message: RabbitMQ

[Abb. 18]

E2E Nutzen
Serverless Visual
Analytics?



Research &
Conferences



Konferenzen

|IEEE International Conference on Big Data (10-13 Dezember 2018)
ACM International Conference on Distributed and Event-based Systems (25-29 June 2018)
|IEEE International Conference on Data Engineering (16-19 April 2018)

ACM SIGMOD/PODS International Conference on Management of Data (10-15 June 2018)

Andere;

Strata Data conference



Forschung

Algorithmen & Mechanismen verbessern
Performance

Benchmarking & Improvement Detection
Sicherheit & Governance
Anwendungsbereich Distributed Machine
Learning (nahere Untersuchung
notwendig)

Low-Latency Sliding-Window Aggregation in
Worst-Case Constant Time

Kanat Tangwongsan Martin Hirzel Scott Schneider
Mahidol University International College IBM Research IBM Research
kanat.tan@mahidol.edu hirzel@us.ibm.com scott.a.s@us.ibm.com
Abstract Algorithm Time Space Invertible FIFO
Sliding-window aggregation is a widely-used approach for extract- Subtract on Evict worst O(1) O(n)  needed no
ing insights from the most recent portion of a data stream. The Recalculate from Scratch  worst O(n) ~ O(n)  no no
aggregations of interest can usually be cast as binary operators that Reactive Aggregator [27] avg. O(logn) O(n) no no
are associative, but they are not necessarily commutative nor in- Two-Stacks avg. O(1) o) no esdad
vertible. Non-invertible operators, however, are difficult to support FOA and IOA worst O(1) O(n) no needed
efficiently. The best published algorithms require O(log n) aggre- DABA worst O(1) O(n) no needed
gation stens ner window i swhere n is the clidi ind,

Benchmarking Distributed Stream Data Processing
Systems

Jeyhun Karimov®, Tilmann Rabl"*, Asterios Katsifodimos®
Roman Samarev*, Henri Heiskanen®, Volker Markl""

#DFKI, Germany " TU Berlin, Germany SD(*lfl University of Technology, Netherlands *Rovio Entertainment

Exploring the Impact of Processing Guarantees on Performance of Stream Data

Processing

Online Machine Learning in Big Data Streams

Andras A. Benczir and Levente Kocsis and Robert Palovics

Riffle: Optimized Shuffle Service for Large-Scale
Data Analytics

Haoyu Zhang*, Brian Cho', Ergin Seyfe', Avery Ching’, Michael J. Freedman*

* Princeton University ' Facebook, Inc.




Course of action



Cours of action

tieferes Verstandnis der Streaming Anwendungen/Design
Architekturansatze vergleichen

eigene Architektur aufbauen & testen
Vergleich/Benchmarks

tieferes Verstandnis der anwendbaren Algorithmen

Use Case: Machine/Deep Learning naher untersuchen
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