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TepmuHonorua

1. MotokoBasi obpaboTka (3aech) — HernpepbliBHasi 0bpaboTka nakeToB
OAHHBIX C MUHUMAbHOU 3a4epXKKoii
2. ®peiimBopk — BUbANOTEKN, HABOP UHCTPYMEHTOB, METOAMKA

NMPUMEHEHNSA



ObnacTb NnpuMeHeHNs1 NOTOKOBO 0OPabOTKM

e Peructpauus cobbituii
o MOHNTOPUHI aKTUBHOCTU

e OnepaTuBHOE pearvpoBaHne HA U3MEHEHNE CUTYaLN

Internet of Things

Tapudprkaums

e Peruncrpayunsa npogax



PaHHue paboTsbl

Dataflow processing, Dataflow database machine, Parallel Dataflow
Approach to SQL, Continues queries over data stream...

e H. C. M. Andrade, B. Gedik, and D. S. Turaga. Fundamentals of
Stream Processing: Application Design, Systems, and Analytics.
Cambridge University Press, New York, NY, USA, 1st edition,
2014

e L. Golab and M. T. Ozsu. Issues in data stream management.

SIGMOD Rec., 32(2):5-14, June 2003
Gamma (DeWitt, 86) [7], Tapestry (Terry, 92) [19],

Aurora[1], Borealis, COUGAR, Gigascop, NiagaraCQ, OpenCQ,
StatStream, STREAM, TelegraphCQ , Tribeca, ...

* CQ - Continuous Query
Pa3Hoo6pa3|/|e A3bIKOB 3aMpoCcoB U CI'IOCO6OB onncaHnsa npouecca
0bpaboTku


http://cs.brown.edu/research/aurora/
http://cs.brown.edu/research/borealis/public/
http://www.cs.cornell.edu/database/cougar
 http://www.cs.wisc.edu/niagara
http://cs.nyu.edu/cs/faculty/shasha/papers/statstream.html
http://www-db.stanford.edu/stream
http://telegraph.cs.berkeley.edu

Aurora: visual programming approach

D. J. Abadi, D. Carney, U. Cetintemel, M. Cherniack, C. Convey, S. Lee,

M. Stonebraker, N. Tatbul, and S. Zdonik. Aurora: A new model and
architecture for data stream management.

The VLDB Journal, 12(2):120-139, Aug. 2003

Ny

Input data

Output to
streams -

Feeser] Continuous

Historica
Storage quer

SQuAI ([S]tream [Qu]ery
[Al]lgebra).
Operations: filter, map, union,

sort, aggregate, join, resample.



Rule engines

RuleML, Drools, JBoss Enterprise BRMS...

Onncatune npasun obpaboTtkn nHdopmaumn (coobLieHnii B 4acTHOM

cnydae)
rule "When there is a fire turn on the sprinkler"
when
Fire ($room : room)
$sprinkler : Sprinkler( room == $room, on == false )
then
modify ( $sprinkler ) { setOn( true ) };
System.out.println( "Turn on the sprinkler for room " +
$room.getName () );
end

https://docs. jboss.org/drools/release/6.5.0.Final/drools-docs/html/ch06.html


https://docs.jboss.org/drools/release/6.5.0.Final/drools-docs/html/ch06.html

Complex Event Processing (CEP)

Mogxon 0bpaboTKM MNOTOKOB Kak OTHE/bHbBIX COODLLEeHN
0O606uieHne, obpaboTka, NOPOXKAEHNE HOBbLIX COODLLEHWIA.

e SQL: TIBCO BusinessEvents, Oracle CEP, SAP ESP,...
e Java: Apache Flink, ...

DataStream<Event> input =
Pattern<Event, 7> pattern = Pattern
.begin("start").where(evt -> evt.getId() == 42)
.next ("middle") .subtype (SubEvent.class) .where (subEvt ->
subEvt.getVolume () >= 10.0)
.followedBy("end") .where (evt ->
evt.getName () .equals ("end"));

PatternStream<Event> patternStream = CEP.pattern(input, pattern);
DataStream<Alert> result = patternStream.select(pattern -> {
return createAlertFrom(pattern);

T 8




TpeboBaHna kK NoTokoBol 0OpaboTke

M. Stonebraker, U. Cetintemel, and S. Zdonik. The 8 requirements of
real-time stream processing.

SIGMOD Rec., 34(4):42-47, Dec. 2005

Mepesop http://citforum.ru/database/articles/stream_8_req/

1. CoxpaHsiiiTe faHHbIE ABUXYLLUMUCS.

2. ®opmynupyiiTe 3anpocsl ¢ ncnonbsosarnem SQL Ha noTokax
(StreamSQL).

3. Cnpaensiiteck ¢ AedbeKTHOCTbIO MOTOKOB (3afep>kKa, OTCYTCTBIE 1

HapyLUeHne NopsifKka SaHHBIX).

leHepupyiiTe Npeackasyemble pesynbTaThi.

VIHTerpupyiite xpaHnmbie 1 NOTOKOBbIE AAHHbIE.

FapaHTupyiiTe 6e30MacHOCTb N JOCTYMHOCTb AAHHbIX.

ABTOMaTUYECKU pasgensiite n macwuTabupyiiTe NpunoXeHUs.

© N o R

MrHoBeHHO obpabaTbiBaliTe 1 BblgaBaiiTe pesyibTaThl.


http://citforum.ru/database/articles/stream_8_req/

"Jlambpa’ apxuTekTypa

N. Marz and J. Warren. Big
Data: Principles and Best
Practices of Scalable
Realtime Data Systems.
Manning Publications Co.,
Greenwich, CT, USA, 1st
edition, 2015

OTeeT Ha Bonpoc cobupaercst
obbeanHeHeM U3 cos
NOTOKOBOWI (OnepaTuBHON) 1
CNOsA MeAJIEHHO MaKeTHOM
obpaboTku.
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" ”
Kanna” apxuTtekTypa

Jay Kreps, CEO of Confluent

Bbluncnenuns Tonbko B TOT MOMEHT, KOrga €CTb N3MeHeHNE AaHHbIX

Stream Serving DB
processing e
Stream fﬂ Job n [_ Output table n }1 P
source | ) LT - Query

> Job n+1;: ’@75 ttable_n:ﬂ

https://www.oreilly.com/ideas/questioning- the-lambda-architecture
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https://www.oreilly.com/ideas/questioning-the-lambda-architecture

I K Kak 0a3a gaHHbIX

...what is the link between Interactive Queries of embedded state and
traditional databases? The link is the notion of materialized views... We
have made the case in the past that, for streams, materialized views can
be thought as a cached subset of a log (i.e., topics in Kafka)....

Apache Kafka and Kafka Streams // Jay Kreps, Confluent

KAF KA KniElos R

— STREAMS QUEMES
—>

KAFK A CONNECT

o

DATABASE
> QUERIES
e—>

https://www.confluent.io/blog/unifying- stream- processing-and- interactive-queries

- in-apache-kafka/
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https://www.confluent.io/blog/unifying-stream-processing-and-interactive-queries-in-apache-kafka/

Twunosoii npumep coopa n 06paboTkn CoobLLLEeH NI

e llcTouHukmn nHdopMaLuy OTNPaBASIOT COOBLLEHNS.

e [lepBuuHbiii nprém n HakonneHue BoinonHsieT Apache Kafka.

e ObpaboTKy AaHHbIX Peasn3yroT Mpy NOMOLLM MNOTOKOBOro
cpeiimeopka (Apache Storm, Samza, Flink, Apex...).

Stream
source

Y

Stream
source

Stream
source

A\ o

Kafka Streaming processing
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OcobeHHOCTM NoCTpoeHus
NOTOKOBbIX (PperiMBOPKOB



Mopaenn obpaboTkn aaHHbIX

EcrectBeHHasi noTokoBasi 06paboTka

Apache Storm, Apache Samza, Apache Flink

CoobuieHuns obpabaTbiBaloTC NHANBUAYATBHO

MaketHas (micro-batches)

Apache Storm/Trident, Apache Spark Streaming
Coobuerus rpynnupytotcs B nakeT. CoobLueHns B nakeTe

ynopsigoyeHbl. ObpabaTbiBaeTcsi BeCb MakeT 3a pas.

http://waw.cakesolutions.net/teamblogs/comparison- of - apache- stream- processing- frameworks-part- 1

http://www.cakesolutions.net/teamblogs/comparison- of - apache- stream-processing- frameworks-part-2

13


http://www.cakesolutions.net/teamblogs/comparison-of-apache-stream-processing-frameworks-part-1
http://www.cakesolutions.net/teamblogs/comparison-of-apache-stream-processing-frameworks-part-2

Mo,u,enm nporpamMmmunpoBaHus

Komno3sunyunoHHas
MKecTkas cxema coefjMHEHNSI 3/IEMEHTAPHbIX KOMMOHEHTOB (TOmMosorus )
yepes nHTepdelic CTOK-NCTOK

Apache Storm, Apache Samza

OexknapatusHas

BbicokoypoBHeBasi gekiapauusi NOrMHECKOro njaaHa obpaboTku AaHHbIX

Apache Storm/Trident, Apache Spark Streaming, Apache Flink, Apache
Apex

14



MO,D,EJ'II/I nporpamMmmunpoBaHus

Mpumep komnosnumnoHHoW Moaenu

®parmeHT koga gnst Apache Storm Tononorun noacuéra obuwero
KONN4Y€eCTBA CJIOB:

TopologyBuilder builder = new TopologyBuilder ();

builder.setSpout ("sentences", new RandomSentenceSpout(), 5);
builder.setBolt("split", new SplitSentence(), 8)
.shuffleGrouping ("sentences");
builder.setBolt("count", new WordCount (), 12)
.fieldsGrouping ("split", new Fields("word"));

8 . 12
sentences split count

http://storm.apache.org/releases/1.1.0/Tutorial .html

15


http://storm.apache.org/releases/1.1.0/Tutorial.html

MO,D,EJ'II/I nporpamMmmunpoBaHus

Mpumep peknapaTusHon mMogenu

®parmenT koga gnst Apache Flink npouecca nogcuéra konmyecrtea cnos
3a nociegHue 5 cekyHa:

StreamExecutionEnvironment env =
StreamExecutionEnvironment.getExecutionEnvironment () ;

DataStream<Tuple2<String, Integer>> dataStream = env
.socketTextStream("localhost", 9999)
.flatMap (new Splitter ())
.keyBy (0)
.timeWindow (Time.seconds (5))

.sum (1) ;
dataStream.print () ;

env.execute ("Window WordCount") ;

https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/datastream_api.html#example- program

16


https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/datastream_api.html#example-program

MO,D,EJ'II/I nporpamMmmunpoBaHus

docTtonHcTBa geknapaTuBHOW moaenu

e Bo3MOXHOCTL TpaHcaauun B bn3nYeckuii nnaH Ha sTane
pa3MeLLEeHNS NPUIOXKEHUS

[ BOBMO)KHOCTb aABTOMATU4ECKOIro 6aﬂaHC|/|pOBaHV|ﬂ Harpy3KV| no
BbIYUCNTENBHLIM Y3/1aM

e B0O3MOXHOCTL onTUMM3aLMK onepaLuii

[ ] BO3MO)KHOCTb OnMnMCaHmsa NOrMKM Ha J'HO6OM SA3blKe
nporpammuposatus (Java, Scala, Ruby, XML, SQL, ...)

Tenpenunn
Co3paHue NpoOMeXXyTOYHOrO CJ10si, CMOCODHOrO TPaHCNPOBaThL
JIOrMYeCcKnli NaaH Ha pasHble ppeliMBOpKM.

e Apache Beam — obonouka Hag noTokoBbIMU hpeliMBOpKamu.

e npoekt Emma [2] — DSEL Ha ocHose Scala gnst HanucaHus
npunoxenuit Apache Flink unu Apache Spark

17



MapaHTUpoBaHHOCTL 0OpPabOTKN cooOLeHN

MoTokoeblil dopelimBopk obecnevmsaeT 6e30MacHOCTb U AOCTYMHOCTb

JaHHbIX

at most once
"Makcumym oamH pa3s’ — cooblueHne MOXeT BbITb 4OCTAaBIEHO HOJb

unu 1 pas. Moxet bbiTb NOTEPSIHO.

at least once

"To kpaiiHeii mepe oguH pa3’ — cooblieHne rapaHTMpoBaHHO byaeT
[OCTaBJ/IEHO Ha 0bpaboTKy, HO MOXET bbITb ¢ aybankatamu. MNpobnemy
peLLaeT NporpaMMUCT, UCTOJb3YHOLWNiA PpeliMBOpPK.

exactly once
"TouHo oguH pa3s” — coobueHmne ByaeT rapaHTUPOBAHHO AOCTABJIEHO, W
Mpy 3TOM WUCK/OYEHbI Ay6NMKaThI.

18



KoHTponb 06paboTku u BocctaHoBneHne: Apache Storm

MogTBepxaeHe ANst KaXXAOro coobLyeHns

Hepoctatku OocTtouHcTBa
o B pacnpenenénHoii cpefe ns-3a 3amepxku e [IpocToTa
NOTBEPXXAEHUS NOSIBASIOTCA AybanKaThl peanusauun

e Huskas npon3BoANTENBbHOCTb

Message

spout — NCTOYHMK coobLeH Ml
bolt — nonyyatens coobeHnii

http://storm.apache.org/releases/current/Guaranteeing-message-processing.html

19

http://data-artisans.com/high- throughput-low-latency-and-exactly-once- stream-processing-with-apache-flink/


http://storm.apache.org/releases/current/Guaranteeing-message-processing.html
http://data-artisans.com/high-throughput-low-latency-and-exactly-once-stream-processing-with-apache-flink/

KoHTponb 06paboTtku n BocctaHoBnenune: Apache Spark

MoaTBepxAeHME ANsi KaxX[Oro naketa coobuieHnii (microbatching)

Hepoctatku OocTtouHcTBa
o Bbicokasi 3agepxka BpemMeHn 0bpaboTku n e TeopeTuyeckn
3aTPYAHEH KOHTPOJSIb 06PaboTKN OKHa BbICOKasi

o Bo3moxHO Ge3gelicTBrE OnepaTopoB npu CKOROSHE

OXNOAHNN COXPAaHEHUA OAHHbIX

while (true) {
11 get next X seconds of data
11 compute next stream and state
)
input : s :
sroam | }

. Unit of fault tolerance is
micro-batch

I I I # logical result

http://data-artisans.com/high-throughput-low-latency-and-exactly-once-stream-processing-with-apache-flink/

20

https://databricks.com/blog/2015/07/30/diving- into- apache- spark- streamings- execution-model.html


http://data-artisans.com/high-throughput-low-latency-and-exactly-once-stream-processing-with-apache-flink/
https://databricks.com/blog/2015/07/30/diving-into-apache-spark-streamings-execution-model.html

KoHTponb 06paboTkn u BocctaHoBneHue: Apache Flink

Asynchronous Barrier Snapshotting (ABS) [5]. MponcxoanT
BblpaBHMBaHMe cocTosiHusa no meTkam ''checkpoint barrier”.

Hepoctatku DocTtouHcrBa

o CnoxHoOCTb peanusayuu e Bbicokasi cKOpocTb coyeTaeTcs
C OTCYTCTBUEM MPOCTOst
onepaTopos

\ \ \ emit barriern
N —
checkpoint // —
barrier \ operator o o operator
1. align barriers 2. checkpoint state 3. emit barrier and continue

21

http://data-artisans.com/high-throughput-low-latency-and-exactly-once-stream-processing-with-apache-flink/


http://data-artisans.com/high-throughput-low-latency-and-exactly-once-stream-processing-with-apache-flink/

COXpaHﬂeMble COCTOsIHNA, OKOHHbIe onepauunn

e Peanusauun onepaTopos arperauumn Tpebyet coxpaHeHus 1
BOCCTaHOBAeHUst npefbiayuiero coctositus (Apache Flink, Apache
Spark, Apache Storm/Trident)

e BHyTpeHHee HakonneHue gaHHbIX HEOOXOAMMO ANs peanuaumu

onepaumnii ¢ okHom faHHbix. ObpaboTka akTUBNPYETCS TPUTTEPOM

Bupbl okoH Bupbl Tpurrepos
e C nepekpbiTuem (no Bpemern e VlHTepBanbHble
NN KOJINYECTBY coo6L|J,eHV||7|) ® 0 BPeEMEeHU MOCTYMNIEHUS

o MocnenoBaTesnbHble e o BpemMeHun B obpaboTke

® 0 BPEMEHWN NONb30BaTENA

e [lo konnyectBy coobLueHuli

https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/windows.html
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https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/windows.html

3anpocbl-oTBeThI

e EctectBeHHbIli npouecc obpaboTku — npuém, obpaboTka, oTnpaska

JaHHbIX

e Mogenb distributed RPC (DRPC) 8 Apache Storm

e

["request-id", "result"]

s

< 'result' —| DRPC
| —"args" —» Server

Topology

["request-id", "args", "return-info"]

=)

http://storm.apache.org/releases/1.0.3/Distributed-RPC.html

23


http://storm.apache.org/releases/1.0.3/Distributed-RPC.html

Queryable State

JocTyn K XpaHMMOMY COCTOSIHWIO MOTOKa

e Apache Storm Trident State
e Apache Flink Queryable State

Job
Manager
! \
[ Source FlatMap
i cant
AN\ (A
’ Query
Client
Source FlatMap

= Fault tolerant local state

https://data-artisans.com/blog/queryable-state-use-case-demo
24


https://data-artisans.com/blog/queryable-state-use-case-demo

MO,D,EJ'Ib pa3MeLlleHnsa I'IpI/IJ'IO)KeHI/II\;'H daBTOMaTun4eckas

ABTOMaTMYecKoe pasMelleHre N pacnapasfiesnBaHue Ha npumepe
Apache Flink. lMpunoxeHne xpaHnuTt nornyeckuii nian obpabotku un
Habop onepaTopos-knaccos. Pa3melyenne n pacnpegeneHve no ysnam —

 Physical HM
plan o Slave node

ABTOMaTN4YECKOE.

Stream . building | Slave node
application Master node |  and Flink

Logical j c;a.utu;)natic : slave

~ distribution |
execution . ofthe code | | |[Streaming
plan T task
Master
Code of
operators |
A

25



Mopenb pasmelleHns npuioxeHnii: pydHas

Mpunoxerne Apache Kafka Streams — aBToHomHoe Java-npunoxerne,
MOJIHOCTBLIO BbINOJIHSIOWEe 06pabOTKY OZHOrO MOTOKA LaHHbIX.
MacwTabupoBaHue — 32 CHET 3aMycka HECKOJIbKNX SK3EMMISIPOB

MPUIOXKEHNA.
Kafka node Kafka node Kafka node
Zookeeper
Manual deploy, Standalone Standalone Standalone
execution and process process process
state monitoring (stream app.) (stream app.) (stream app.)

[Mprmeyanme: noxoxe Ha npoekT Java Reactor Project

26


https://projectreactor.io/

TecTunposaHune NOTOKOBbIX
cdpeiimBopkoB




Linear Road: A Stream Data Management Benchmark

Oann 13 nepBbIx n Hanbonee n3BeCTHbIA beHumapk (ans ouerkn Aurora
project [1])

A. Arasu, M. Cherniack, E. F. Galvez, D. Maier, A. Maskey, E. Ryvkina,

M. Stonebraker, and R. Tibbetts. Linear road: A stream data
management benchmark.

In M. A. Nascimento, M. T. Ozsu, D. Kossmann, R. J. Miller,

J. A. Blakeley, and K. B. Schiefer, editors, (e)Proceedings of the
Thirtieth International Conference on Very Large Data Bases,
Toronto, Canada, August 31 - September 3 2004, pages 480-491.
Morgan Kaufmann, 2004

27



Linear Road: Basic principles

Basic statements of Linear City Linear Road Requirements

e 100 x 100 miles area e Toll Processing: Notifications,

e 10 parallel expressways Assessments

e 100 enterences/exit per each e Accident Processing: Detection,
expressway Notification

e Each express way contains 3 e Historical Query Processing

travel lanes and 1 entrance/exit
ramp

e Every vehicle emits a position

every 30 seconds.

Stream
(Type = 0, Time, VehiclelD, Speed, XWay, Lane, Dir, Seg, Pos)

Disadvantage: implemented only for Aurora project

28



TeCTMpOBaHI/Ie Ha TUNOBbIX Ha60an n onepauunax

R. Lu, G. Wu, B. Xie, and J. Hu. Stream bench: Towards benchmarking
modern distributed stream computing frameworks.

In Proceedings of the 2014 IEEE/ACM 7th International
Conference on Utility and Cloud Computing, UCC 14, pages
69-78, Washington, DC, USA, 2014. IEEE Computer Society

StreamBench

Datasets AOL Search Data, CAIDA Anonymized, Internet Traces
Dataset

Operations Identity, Sample, Projection, Grep, Wordcount,
DistinctCount, Statistics

Frameworks  Apache Spark, Storm

Non reproducable. Without source codes.

29



TecTupoBaHue Ha Ou3sHec-3agadvax

BigBench [9] n BigBench2 [17] (Tilmann Rabl, Kai Sachs, Meikel Poess,
Chaitanya K. Baru, Hans-Arno Jacobsen)

Dataset: TPC-DS (TPC

Benchmark DS ‘The' 7Marketprice Structured Data o nstg;:;ured

Benchmark Standard for _

decision support solutions e —

including Big Data) Web Page Customer

Control parameters: volume, ‘ ey

variety, velocity Web Log TPC-DS
Semi-Structured Data - g;’geB:f?;h

Mogudrkauns BigBench [16] anst Tectuposanusi Ha HekOTOpbIX
3anpocax TPC-DS B TepmuHax geknapatusHoii Java-mogenu Apache
Flink n HiveQL. 30



O0630pbI Npo4unx beH4YmapkoBs

S. Ekanayake. Towards a systematic study of big data performance and
benchmarking.

PhD thesis, the School of Informatics and Computing, Indiana
University, United States — Indiana, 10 2016.

http://pqdtopen.proquest.com/doc/1845860615. html 7FMT=ABS

e Berkeley Big Data Benchmark

BigDataBench
HiBench
Graph500
MineBench

31


http://pqdtopen.proquest.com/doc/1845860615.html?FMT=ABS

TunoBas cxema TecTupoBaHus ppeiimBopka

e Stream generator obecneynBaeT NOTOK COODLLEHMNIA 3a4aHHONA
MAOTHOCTM

e Kafka(1) n Kafka(2) — BxogHast n BbixogHasi ouyepesm coobLyeHnii.
MoryT bbITb 3amMeHeHbl CODCTBEHHBIMU CPeACTBaMYU (DPEAMBOPKOB
nan BbITb NCKITIOYEHDI.

e Benchmark app — npunoxetue, BbinosHsoLLEE TECTOBYIO HarpysKy

[Streaming framework|

Stream | | Karfka Benchmark Kafka | | Results
generator @) app ) collector

st ynpaBneHusi npoLeccoM TECTMPOBAHUS UCMOIb30BATh, HANpUMEp,
Peel Framework - http://peel-framework.org/

32


http://peel-framework.org/

OueHka 3agep>xkn 00paboOTKN AaHHbIX

Mpobnema: gaHHble | ApacheKaika

obpabaTbiBatoTCs €
3apepxkoii. Kputnaro gns

Benchmark Platform

NPUIOXKEHUT “peanbHOro Storm, ik ot Spark Srcaming
BpemeHy’”. M% i y
Llenb npoBepkun: oueHnTb \ !
Redi N )

SAACDRKY] 06p36OTKVI, Dlm-nt:ted f adidw campalgn + window

e Key/Value | campaign_id to seen count
BbI3BAHHYIO Mepeaayeii no bl P
KOHBeepy

Yahoo Streaming Benchmark [6] (8 cratbe — gnst Apache Storm, Spark u
Flink).

https://github.com/yahoo/streaming-benchmarks

d)opmyna BblHNC/IEHNA 3a[0EPXKKN:  window.final _event latency =

(window.last _updated _at — window .timestamp) — window .duration
- - 33


https://github.com/yahoo/streaming-benchmarks

CTpoiika Temna obpaboTKu gaHHbIX B KOHBeiiepe

Mpobnema: nmeem onepauuto ¢ OKHOM Mo BpemeHu. Heobxoanmo

obecneyunTb CTaNbHbINA BbIXO4 pPe3y/ibTaTa

Llenb npoBepku: oueHuTb KavecTBo pabotsl back pressure detector

Kafka Application Kafka
(1) windowing Aggr. op. (2)
0111 > ~O—»[T11T O[T
— ‘,11 [:—r}j__)_/if—p[;—j F’ert\ odt\c

L outpu
[ — ‘Dmrt\lmlwtntfame "
a) framework with backpressure detection
Kafka Application Kafka
) windowing Adgr. op. (2
HEEN SO [ Ol
— = = | — A di
[7'] Fjﬁ[ - }_‘_’ OE?[;I&‘C

h) framework without backpressure detection

a) Apache Flink with back pressusure detector; b) Apache Spark

https://github.com/rssdevi0/spark-kafka- streaming
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https://github.com/rssdev10/spark-kafka-streaming

OLI,eHKa BOCCTAHOBJIEHNA y3J10B KJ1aCTepa nocre cbosi

Mpobnema: notok 3anyckaercs og4HOKpPaTHO U obecrneymsaeT obpaboTky
OAHHBIX HEOTPAHUYEHHO JO/rOe Bpemsi. Y3/bl KnacTepa MOryT BbIXOAUTb

13 cTposi. [lpouecc He JosXKeH AerpagnpoBaTh CO BPEMEHEM

Llens npoBepku: oueHnTb CMocoboHOCTL ppeiiMBOpKa BOCCTaHABINBATb
CBS3M

Mpumep: B pabote Diana Matar (TU-Berlin) [14] amynuposanucs cboun
Y3/10B K/JacTepa 1 OLEHMBANOCh BAUSHME HA MPON3BOAUTENBHOCTL. Spark
Streaming 1.3 He BoccTaHaBnMBaeT 0bPabOTKy AaHHBIX.
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OueHka BO3MOXXHOCTWU OpraHusauum nocsenoBaTesibHOW 00-

paboTkn AaHHbLIX 0e3 NUWHNX ceTeBbix 0OMeHOoB

Mpob6nema: cetb orpatuyera. Apache Kafka (nnu ananor) peannsyer
pacnpefenérHoe xpaHeHne. OpeiiMBopk He Ko/keH TpeboBaTh AaHHbIE,
pPacCnoNIOXKEHHbIE Ha APYrnx y3nax

Llenb npoBepKun: oUeHUTH peann3yeMocTb 1 Ka4ecTBO YrpaBJieHUs

Kafka Application under Streaming framework Kafka
(1) Preparation Aggregation Reduce 2)
. A ~0—
g | [ H I -e— LT
= Part. 1 NI @ CR)t;sullts
by User s,
P11 ~O—
L g g
’ P11 ~@— op. 2
- P11 ~O— | \\“
2| e »r")wm ~@ 111
Fan s | ST @ >0 oo %




OLI,eHKa npeneyibHblX BO3MOXXHOCTE COXpPaAHEHUA COCTOAHUA

(okoHHbIe onepauun)

Mpobnema: onepauun arrperayun (peannsyroTcst B OKHE JaHHbIX)
TpebytoT BPEMEHHOro XpaHeHNsl B ONEPaTVBHON NamsTu, KOTopas
orpaHuyeHa. BpemeHHoe cocTosiHusi foKHO ObITh 3aLyuLLeHo oT cbos.

Llenb nposepku: OueHnTb HaknagHble pacxoabl peiimBopka asis
XPaHeHNsl COCTOSIHMS B OMEPATUBHON NaMATU 1N 3a€P>KKN COXPAHEHUs 1

BOCCTAQHOBJIEHNA Ha NMOCTOAHHOM HOCUTENE.
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OLl,eHKa peain3dauunnm A3blka 3anpocos

Mpobnema: dpelimBopKM peannsytoT pasHble UHTEPERACHI U A3bIKK
3anpocoB (NOHMMaeM 3TOT Kak Jtoboli s3bIk 06paboTKM [aHHbBIX).

Uenb nposepku:

[ ] OueHMTb CNHTAKCUC A3blKOB 3anpoc05 N CEMaHTUKaA (BKJ’HO‘-Iaﬂ
cosmecTumocTb SQL, ocobeHHocTu onepauwii arrperaumn)

e OueHnTb MOMHOTY peasnin3auummn s3blka 3anpocoB

L4 OL||eH|/|Tb NMPUMEHNMOCTb CTAaHAAPTU30BAHHbIX 6eH‘-IMapKOB
(cemeiicteo TPC)

e OueHnTb Npon3BoOANTEBHOCTE 0OPabOTKM LaHHbIX HA JAHHOM
S3bIKE 3aMNpOCOoB

Spark SQL, Flink Table APl and SQL,...
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OueHka cnocobHOCTM aBTOMaTUYECKOW ONTUMU3aLUKN

M. Hirzel, R. Soulé, S. Schneider, B. Gedik, and R. Grimm. A catalog of

stream processing optimizations.

ACM Comput. Surv., 46(4):46:1-46:34, Mar. 2014

Mpobnema: nnaH BbINOAHEHNS
OnepaTopoB 3aBUCUT OT AAHHbIX U
JOCTYMHbIX annapaTHbIX Pecypcos.
®peliMBOPK JOJIXKEH aBTOMATUNYECKN
ONTUMU3NPOBATL JIOrMYECKUIA NAaH.

Llens npoBepku: BbISABUTL
NoAAepP>KNBaEMbIE ONTUMU3ALNN 1
OLIEHUTb UX Ka4ecTEo.

Operator reordering
Redundancy elimination
Operator separation
Fusion

Fission

Placement

Load balancing

State sharing

Batching

Algorithm selection

Load shedding
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OueHka ceTteBbix 0OMeHOB

Mpobnema: HexBaTKa MPOMNyCcKHOIA

Cxema opraHusaumm noTtoka AaHHbIX
CNocobHOCTY CEeTU OrpaHnYnBaeT

0151 OLEHKM

NPON3BOANTENBHOCTb U Master node
Slave node

MacTabupyemocTb Stream Slave node

generator

Slave node

Llenbs npoBepku: oueHnTH :

Flink/Spark
XapaKTep 3arpysky CeTU 1 BANSHUE slave

-Kafka
Ha NPOU3BOAUTENIBHOCTb [ Benchmark |

Flink/Spark

Apache Flink
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Mpumepbl NOTOKOBLIX
cdpeiimBopkoB




Apache Storm

Event size single message

Delevery http://storm.apache.org/
guarantees at least once

Data flow topology

Mainly /C \C
powered by Twitter, Hortonworks ) —
Adventages Low latency. Well known \

and widely used

Disadvantages Low throughput

* Apache Storm Trident discontinued

https://twitter.github.io/heron/ - new generation
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Apache Samza

Event size single message

Delevery

guarantees at least once

Data flow topology

Mainly http://samza.apache.org/

powered by Linkedin

Specifics Primary oriented to m
work with Kafka

Adventages Low latency.  High
throughput

Disadvantages Low level programming
conception

https://engineering.linkedin.com/performance/benchmarking- apache- samza- 12-million-messages-second-single-node
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Apache Spark Streaming

Event size microbatch

Delevery

guarantees exactly once

Data flow Application with
declarative description

Powered by amplab.cs.berkeley.edu/,
Databricks

Specifics batch oriented

Adventages Relativaly high

throughput, very popular

Disadvantages

Limited support of timed
windows, unworkable
backpressure  technique,
cluster degradation
(checked upto v2.0)

http://spark.apache.org/

Spa
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Apache Flink

Event size single message

Delevery

guarantees exactly once

Data flow Application with http://flink.apache.org/

declarative description

Powered by www.dima.tu-berlin.de/, @ R
Flink

data Artisans

Adventages Low latency, high
throughput

Disadvantages limited ML support

a4


www.dima.tu-berlin.de/
http://flink.apache.org/

Apache Kafka Streams

Event size single message http://kafka.apache.org/
Delevery
guarantees at least once

Data flow Topology @ N
Powered b Confluent \ NG

W .r. Y u : \ \ /
Specifics other  semantic  of \ P Processer

aggregation operations i
vs Flink, Spark

Adventages Low latency, high \ .
throughput ‘ “ -
Disadvantages Manual scalability. @

Unstable API
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Apache Ignite

Event size single message
Delevery https://ignite.apache.org
guarantees at least once

Data flow Job with a declarative s apache
description s |gn|[e
Powered by GridGain

Disadvantages Limited community
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Apache Apex

https://apex.apache.org

Event size single message

Delevery

guarantees at least once

Data flow Application ~ with  a
declarative description

Powered by DataTorrent

Adventages Low Latency, High

throughput

Disadvantages

Limited community
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Apache Beam

Event size single message

Delevery

guarantees  exactly once

Data flow Application  with
declarative pipline

Powered by  Google

Specifics Wrapper over
Flink, Apex, Cloud
Dataflow, Spark
(limited)

Adventages Low latency, high

throughput

http://beam.apache.org/

Choose your language.

Java Python Other languages.

j Beam Model

..and your runtime.
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Kommepueckune notokoBble hperiMBOpKHn

Mike, Gualtieri and Rowan, Curran and Holger, Kisker and Emily, Miller
and Matthew, lIzzi The Forrester Wave'™: Big Data Streaming Analytics,
Q1 2016

https://www.sas.com/content/dam/SAS/en_us/doc/analystreport/forrester-big-data-streaming-analytics-108218.pdf

e Cisco Connected Streaming e SAP Event Stream Processor
Analytics e Software AG Apama Streaming

e Data Torrent RTS Analytics Platform

e Esper Enterprise Edition e SQLstream Blaze

e IBM Streams e Striim

e Impetus Technologies e TIBCO StreamBase
StreamAnalytix e WSO02 Complex Event

e Oracle Stream Explorer Processor
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MoTokoBbie chperimBopkn nog ynpasneHnem cdoHga Apache
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MoTokn B obnakax

OocTtouHcTBa Hepoctatku
e Het HeobxoanmocTn o [lpuBsizka K KOHKpPeTHOMY
NoAAEpPXKNBaTb COBCTBEHHbII 0b1a4HOMY MOCTaBLLMKY YCaYTN
Knacrep o ClOXHOCTb OTAaAKM

e [lpobnembr cTtabunsHocTn e MacwTtabnpyemocTs MOXeT

dpeiimBopka — npobnemsl BbITb OrpaHMyeHa

MOCTaBLUMKA yCoyrn 0CODEHHOCTAMMN peanmnsauum

e [pobnembl hpeiimBopka

NPOV3BOAUTENLHOCTY PELIAEMbI o Hego3MOXKHO OLEHUTH

3a CHET M30LITOYHOCTH npeaeNibHble BO3SMOXXHOCTM

obopynoBaHus dpeiimeopka
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Amazon AWS

Amazon Kinesis, https://aws.amazon.com/kinesis

Analyze a Time Series in Real Time with AWS Lambda, Amazon Kinesis and Amazon DynamoDB Streams
RAVEN Platform

amazon Serverless Time Series Analysis with AWS Lambda, J tG' i g
webservices™ ‘Amazon Kinesis and DynamoDB Streams us IVIn

Consumers (1,2, -.m)

|||| ‘:(>W |

e
‘‘‘‘‘ oK)

Kineals Prodseors MSK--:- e

ANS DynamoD!
(1,2,...m partons)

Programming Model ~ AWS SDKs for Java, JavaScript, .NET, Node.js,
PHP, Python, and Ruby

Additional tools Amazon Kinesis Firehose, Amazon Kinesis

Analytics, Amazon Kinesis Analytics
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https://aws.amazon.com/blogs/big-data/analyze-a-time-series-in-real-time-with-aws-lambda-amazon-kinesis-and-amazon-dynamodb-streams/

Microsoft Azure

Azure Stream Analytics

https://azure.microsoft.com/en-us/services/stream-analytics/

Programming Model .Net and REST API
Additional tools Event Hubs, Machine Learning, loT Hub
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Google Cloud

https://cloud.google.com/dataflow/

Programming

Model Apache Beam SDK CLOUD DATAFLOW
Additional tools Cloud  Storage, Cloud i, -

" L
Pub/Sub, Cloud

Datastore, Cloud Bigtable, =
and BigQuery

Same Apache Beam SDK for both local and cloud deployment.
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e Obnactb NoTokoBoil 06pPabOTKN NHTEHCMBHO Pa3BUBAETCS

L] Onpep,envmmc:: TUNOBbIE NOAXOAbl MOCTPOEHNA I'IpVIJ'IO)KeHVIVI

[ ] OTcyTCTBy}OT CTaHOapTbl Ha A3bIKN 3aMpPOCOB NN METObI
onncaHusi mpouecca obpaboTkm

[ ] OTCyTCTByT TUNOBblIE METOAbl OLUEHKN Pa3/INHHbIX NMOTOKOBbIX
dpelimBopkoB
[ ] HeT BO3MO>XXHOCTWU CPAaBHUTb KOMMEP4YECKNE N O6}'|a'-|Hb|e

dpeiimBopky

e B kaxxgom KoHKpeTHOM criydae pa3paboTku BusHec-npunoxeHus
HeobXoAMMO NpoBepsiTh BCe (hpeliMBOPKU-KaHANAATbI

PaboTa BbinonteHa npu nogaepxke Database Systems and Information
Management Group at Technische Universitdt Berlin
http://www.dima.tu-berlin.de/
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