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TepmuHonorus

1. MoTokoBasi obpaboTka (3neckb) — HenpepbiBHasi 0B6paboTka NAKETOB AAHHBIX C MUHUMANbHO
3aJep>KKoN

2. ®peiimBopk — 6ubsnoTekn, Habop UHCTPYMEHTOB, METOAMNKA MPUMEHEHUS
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Ob6nacTb NpumMeHeHUs1 NOTOKOBOI 00paboTKu

e Perucrtpauuns cobbituii

o MOHNTOPVHF aKTUBHOCTM

e OnepaTuBHOE pearvpoBaHue Ha U3MEHEHNE CUTYaLWN
e Internet of Things

e Tapudukauyus

e PerncTtpauns npogaxk
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TexHonoru4veckne NpeanocbiIKKM NOTOKOBOW 0O0paboTku

VlCTOpI/I‘-IeCKI/Ie npeanocblikn:

® HaJin4dme CETEBOro B3aI/IMO,EI,eﬁCTBI/IFI
® Haj/in4mne NCTOHHUNKOB OaHHbIX BHE CepBepa

® BO3MOXHOCTb aCUHXPOHHON 06paboTKM AaHHbIX
TexHonorun nepefaynm AaHHbIX:

e ouvepeau coobuyeHnii
e pexumsbl pub/sub

® Cneunmann3npoBaHHble CPeaCTBa HaKOMNEHUA cobbITUiA
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dsosnouns 7 JaHHbIX

1st gen: From DBs to DSMSs 2nd gen: Scalable Data Streaming

- Synopses - Out-of-Order

- Continuous - Sliding - Model Serving
Queries windows - Scalability - State Management - Dynamic Plans

- Inverted DBs - CEP - Best-Effort ’ ':‘"" ﬁf‘.‘“m"‘.“s - HW Accel. 'h:_""”d Apps
Pmeulng - Hecol |gurﬂt|°n - Microservices

- Stream SQL - Actors
- Transactions

Tapest Aurora/Borealis

NiagaraCQ Esper
TelegraphC IBM System S

Arcon Stateful Functions

STREAM Naiad Samza Millwheel/ i
Oracle CQL Neptune Ambrosia
Map Reduce SStore | Dataflow
| Store | Da
‘92 '00-03 ‘04 "10-12 1317 '18- '19-

M. Fragkoulis, P. Carbone, V. Kalavri, and A. Katsifodimos. A survey on the evolution of stream
processing systems, 08 2020
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PaHHue paboTbl @

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

* CQ - Continuous Query
PasHoobpasune sa3bikoB 3anpocos n cnocobos onncaHns npouecca obpaboTkm
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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

——>
\ > :
Input data =
streams_ i |
— . |
> I |
Continuous | =) "
-

SQuAI ([S]tream [Qu]ery [Al]gebra).
Operations: filter, map, union, sort,
aggregate, join, resample.
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Rule engines

RuleML, Drools, JBoss Enterprise BRMS...

Onuncatune npasun 0bpabotku nHgopmauymn (coobuennii B 4acTHOM ciy4dae)

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

Complex Event Processing (CEP)

Moaxon 06bpaboTky NMOTOKOB Kak OTAENIbHbLIX COOBLLEHNI
O60bueHne, 0bpaboTka, NOPOXAEHNE HOBbIX COOBLLEHNIA.

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);

T8
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TpeboeaHus kK NoToKoBOV 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/

CoxpaHsiiiTe JaHHble OBUXYLLMMUCS.

Dopmynnpyiite 3anpocsl ¢ ncnonbsosannem SQL Ha noTtokax (StreamSQL).

CnpaBnsiiTech ¢ fedPeKTHOCTBIO NOTOKOB (3afepXKa, OTCYTCTBUE 1 HapyLUeHne NOPsAKa AaHHbIX).
leHepupyliTe npefckasyemble pesynbTaThl.

NHTerpnpyiliTe XpaHUMbIE 1 MOTOKOBbIE JaHHbIE.

lapaHTupyiiTe 6e30NacHOCTb U JOCTYMHOCTb AAHHbIX.

ABTOMaTMYECKN pa3faensiiite U MacTabupyiiTe MPUNOXKEHNS.

CONBRL. O CIREERROORIION

MrHoeeHHO obpabaTbiBaiiTe u BblgaBaiiTe pe3ynbTaThl.
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http://citforum.ru/database/articles/stream_8_req/

"Nlambaa”’ apxutekTtypa

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

OTseT Ha Bonpoc cobupaeTtcst
0bbeANHEHNEM U3 CNIOSI NOTOKOBOA
(onepatugHoii) u cnosi MegneHHol
nakeTHOI 0bpaboTku.

Stream
source

Y

Speed layer Batch (slow) layer
————
= [ Master DB ‘
Realtime E———
]
Serving layer
> 4

Query
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"Kanna” apxutekTtypa ®

Jay Kreps, CEO of Confluent

BbluncneHusi Tonbko B ToT MOMEHT, KOorga €CTb U3SMEHEHNE OaHHbIX

Stream Serving DB
processing

Stream Jobn OQutput table n [}
source | N
*| Job n+1; Output table n+1

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

© Camapes Poman Cranucnasosudy, 2023 1Lz


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

Motok kak b6a3a paHHbIX 1

...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

KAFKA- W!VE

— e QUEMES
——>

KAE KA

|

KAFK A comnecT

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

Tunosoii npumep cbopa n 06paboTkn coobdLieHNi

e VlcTouHukn nHdopmaumm oTnpaBasioT cOobLieHS.
e [lepBuyHbliii npuém n HakonseHue eoinonHsieT Apache Kafka.

e Ob6paboTky AaHHbIX peannsytoT Npu NomoLn noTokoeoro peiimeopka (Apache Storm, Samza,

Flink, Apex...).

Stream Streaming processing
source \' »| operation

. _ =
Stream “ ~ operation Aggr. 3
source Receiver o
Stream J » operation
source

© Camapes Poman Cranucnasosudy, 2023 15



Mopgenn obpaboTkn gaHHbIX

EctecteeHHasi notokoBasi obpaboTka

Apache Storm, Apache Samza, Apache Flink
CoobLueHunsi obpabaTbiBalOTCs MHANBUAYABHO

MakeTtHasi (micro-batches)

Apache Storm/Trident, Apache Spark Streaming
Cooberust rpynnupytotcs B nakeT. CoobuieHus B nakete ynopsigoderbl. ObpabaTbiBaeTcst Becb nakeT 3a pas.

Comparison of Apache Stream Processing Frameworks: Part 1 and Part 2:
https://cloud.tencent.com/developer/article/1088152

https://cloud.tencent.com/developer/article/1088157
Previously:
http://www.cakesolutions.net/teamblogs/comparison- of - apache- stream- processing- frameworks-part- 1

http://wuw.cakesolutions.net/teamblogs/comparison- of - apache- stream- processing- frameworks-part-2
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https://cloud.tencent.com/developer/article/1088152
https://cloud.tencent.com/developer/article/1088157
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

Mopsigok obpaboTku cobbITuiA &}

In-order data management

CnocobHocTb 0bpabaTbiBaTh COBLITUS TOABKO B NOPSAKE X MOCTYMAEHUS.
Aurora, STREAMS, Timestream, Trill, Streamscope

Out-of-order data management

ObpaboTka, AeTekTUpoBaHne 1 ynopsigodmsaHne coobiuenuii (npu Heobxopgnumoctn). Flink, Spark, ...
WNcnonbsytotcsa mexanusmbl slack, heartbeats, low-watermarks, pointstamps , triggers
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Mogenu nporpammunpoBaHus )

KomnozununoxHas

MKecTkasi cxema COeANHEHUSI S/IEMEHTAPHbLIX KOMMOHEHTOB (TOMONOrNS) Yepe3 MHTepdeNic CTOK-NCTOK
Apache Storm, Apache Samza

HeknapatusHas

BbicokoypoBHeBasi feknapaumsi OrM4eckoro rjaHa obpaboTku faHHbIX
Apache Storm/Trident, Apache Spark Streaming, Apache Flink, Apache Apex
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Mpumep koMNo3MUMOHHOK Moaenu

TopologyBuilder builder

builder.setSpout ("sentences",
builder.setBolt ("split",
.shuffleGrouping("sentences");
builder.setBolt ("count",
.fieldsGrouping ("split", new Fields("word"));

®parmeHT kopa ans Apache Storm Tononorum nogcyéra obLiero KoAMYeCTBa CJOB:
new TopologyBuilder ();

new RandomSentenceSpout (),
new SplitSentence(),

new WordCount (),

sentences

12

split

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

Mpumep peknapatuBHOW Mogenu ?

®parmenT koga ans Apache Flink npouecca noacuéra konnyectea cnos 3a nocnegHue 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/datastrean_api.html#example- program
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https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/datastream_api.html#example-program

JocTtonHcTBa geknapatuBHol moaenu

e BosmoxHoCTb TpaHcnsiuum B pusnyeckuii naaH Ha STane pasMeLLeHNs MPUIOKEHUS
e Bo3moxHoCTb aBTOMaTUYECKOro 6anaHCMPOBaHUS HArpy3KM MO BbIYUCAUTEBHBIM y3/1aM
e Bo3MoXKHOCTbL onTuMun3auuy onepawmii

e B03MOXHOCTbL onucaHus forvku Ha itobom si3bike nporpammuposanusi (Java, Scala, Ruby, XML,

sQL, ...)

CoszpaHue NpomMexxyTOHHOro CJiosi, CMOCOBHOro TPaHC/IMPOBaTh JIOTMYECKUIA MiaH Ha pa3Hble OPeriMBOPKU.

e Apache Beam — obono4ka Hag nMOTOKOBbIMU (hpeiimBOpKaMu.

e npoekT Emma [2] — DSEL Ha ocHose Scala gns Hanucavus npunoxenuii Apache Flink nnn Apache Spark
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FapaHTupoBaHHOCTL 0OpaboOTKN coobwieHni 5]

MoTokoBblii hpeliMBopk obecneynBaeT 6€30MaCHOCTL U AOCTYMHOCTb AAHHbIX

at most once

"Makcumym oguH pas” — coobuieHne MoXeT bbiTb focTaBieHo Hosb unn 1 pa3. MoxeT 6bITb noTepsiHo.

at least once

"Mo kpaiiHeli mepe ognH pas” — coobLLEHNE rapaHTUPOBAaHHO DyfeT JOCTaBAEHO Ha 06PaboTKy, HO MOXET BbITh C
nybnukatamu. MNpobnemy pelsaeT nporpaMMuUCT, UCMOMb3YOLWNIA hpenMBOpK.

exactly once

"To4Ho oguH pas” — coobuieHne ByaeT rapaHTMPOBaHHO LOCTABAEHO, 1 MPU 3TOM WUCKJIKOHEHbI Ay6aNKaThl.
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KoHTponb 0b6paboTku n BocctaHosneHue: Apache Storm 1.0

MoaTeepxaeHne Ansi KaXKAoOro coobuieHuns

HegoctaTtkn HocTonHcTBa

e B pacnpepenérHoii cpefie n3-3a 3a€pXKKN NOTBEPXKAEHUS e [lpocToTta peanuzauunm
NOsIBNAIOTCA Ay6anKaThl

e Huskas NPON3BOANTENBHOCTb

Message

spout — UCTOYHUK COODLLEH M
bolt — nonyuyatens coobuieHnii

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

KoHTponb 0bpaboTku n BoccrtaHoBneHue: Apache Spark

MogTBep)KAeHNe ANs Kax[oro naketa coobuiernii (microbatching)

HepgocTtaTtku [HocTounncTea » I

input
stream

while (true) {
// get next X seconds of data
// compute next stream and state

}

e Buicokas 3agepxka e TeopeTnyeckn
BpemeHn obpaboTku un BbICOKast
3aTpYAHEH KOHTPO/b CKOpOCTb
06paboTky OKHa

PE—

PI—

.. Unit of fault tolerance is
micro-batch

o
o
o

Job

&

&

e BozmoxHo
bespeiicTeue
onepaTopoB npu
OXUNLAHNN COXPAHEHUS
LaHHbIX

&

state

PP S—

PP
P —

logical result
stream

:

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

https://databricks.com/blog/2016/07/30/diving- into-apache- spark- streamings- execution-model.html
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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 06pabotku n BocctaHosneHue: Apache Flink

Asynchronous Barrier Snapshotting (ABS) [5]. MponcxoanT BbipaBHWBaHNE COCTOSIHUS MO METKaM
"checkpoint barrier".

HegpoctaTku HoctonHcTea

e CnoxHocTb peannsaynn e Bebicokas CKOPOCTb CO4YETaeTCs C OTCYTCTBMEM MPOCTOSAA ONeEPATOpPOB

.
]
\ \
. .
o, ay
—_— —_—

checkpoint // operator LR} operator [T

emit barrier n
\
.
%

—
operator LN L

barrier
\‘ 3 19 .
. .
s * g s
2 ‘/
1. align barriers 2. checkpoint state 3. emit barrier and continue

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

COXpaHFIEMbIe COCTOsIHNA, OKOHHbIe onepaunun

e Peanusauynu onepatopos arperaunu TpebyeT COXpaHEHUS N BOCCTAHOBMIEHUS MPeablAyLLero
coctositus (Apache Flink, Apache Spark, Apache Storm/Trident)

e BHyTpeHHee HakonneHne faHHbIX HEODXOAMMO AJ1si peannauun ornepauuii ¢ OKHOM LaHHbIX.
O6paboTka aKTUBUPYETCS TPUTTEPOM

e C nepekpbiTieM (MO BPEMEHU MU KOJIMHECTBY e HTepBanbHbie
COOBLLEHNA)

® 0 BPEMEHN MOCTYMEHNS
e [ocnepoBaTenbHble ® 1o BpemeHn B obpaboTke
® 110 BPEMEHU MOJIb30BaTENS

e [lo konmyecTBy cooblueHnii

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-0TBeTbI )

e EcrtectBeHHbIil npouecc 0bpaboTku — npném, obpaboTka, oTnpaBka AaHHbIX
e Mogens distributed RPC (DRPC) 8 Apache Storm

e

["request-id", "result"]

+"resul" — DRPC

Topology
—args" | Server

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

https://storm.apache.org/releases/2.4.0/Distributed-RPC.html
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https://storm.apache.org/releases/2.4.0/Distributed-RPC.html

Queryable State

AOCTyI'I K XpPaHNMOMY COCTOAHUIO NMOTOKa

e Apache Storm Trident State
e Apache Flink Queryable State

Query Client performs location
lookup to determine which
TaskManager contains stat for
a ke first lookup anky)

Queryable State Demo
. Job
thk Manager
(T g
]
I
I Source FlatMap
I
I this demo, the Source generates { m
B | (i ———————
Query
i Client
! Source FlatMap
| o e
B M
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https://data-artisans.com/blog/queryable-state-use-case-demo

Mogenb pa3meLleHns NpuaoXKeHUiA: aBTOMaTUYecKast

ABTOMaTM4eckoe pasMelleHune u pacnapasnenusanme Ha npumepe Apache Flink. Mpunoxenne xpanut
norvyeckunii naaH obpabotku n Habop onepaTopos-knaccos. Pa3melueHne n pacnpegenerune no ysnam —

aBTOMaTU4eECKOeE.
Physical Slave node
plan . Slave node
Stream building | Slave node
application Master node and ‘ Flink
automatic slave
Logical distribution | :
execution of the code Streaming
p|an : task
Flink
Deploy Master
Code of
operators L
7|
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Mogenb pa3meLleHns NpUAOKEHUA: pyyHas

Mpunoxenune Apache Kafka Streams — aBToHoMHOe Java-npunoxeHune, NOAHOCTLIO BbINOJHSIIOLEE
06paboTKy 04HOro NMOTOKA AaHHbIX.
MaclwtabupoBaHue — 3a CHET 3anycka HECKOJIbKNX SK3EMIJISIPOB MPUJIOXKEHUSI.

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

[MprnmeyaHue: noxoxe Ha npoekT Java Reactor Project
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https://projectreactor.io/

Linear Road: A Stream Data Management Benchmark

OpvH 13 nepBbix 1 Hanbonee n3BecTHbI beHumapk (s 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

© Camapes Poman CtaHucnasosud, 2023
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Linear Road: Basic principles

Basic statements of Linear City Linear Road Requirements

e 100 x 100 miles area e Toll Processing: Notifications, Assessments
e 10 parallel expressways e Accident Processing: Detection, Notification
e 100 enterences/exit per each expressway e Historical Query Processing

e Each express way contains 3 travel lanes and 1
entrance/exit ramp

e Every vehicle emits a position every 30
seconds.

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

Disadvantage: implemented only for Aurora project

© Camapee Poman Cranucnasosudy, 2023 &2



TecTupoBaHuve Ha TUNOBbIX Habopax 1 onepauunsx @

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 T7th 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.
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TecTnpoBaHue Ha GusHec-3agavax

®

BigBench [10] n BigBench2 [17] (Tilmann Rabl, Kai Sachs, Meikel Poess, Chaitanya K. Baru, Hans-Arno

Jacobsen)

Dataset: TPC-DS (TPC Benchmark DS:
‘The' Benchmark Standard for decision
support solutions including Big Data)
Control parameters: volume, variety,
velocity

Structured Data ) Unstructured
Marketprice Item Data |
Sales Reviews
Web Page Customer
“ [ Adapted
Web Log TPC-DS
Semi-Structured Data - B|gB§r‘1ch
Specific

Mogndukauus BigBench [16] ans TectupoBanus Ha HekoTopbix 3anpocax TPC-DS B TepmuHax
neknapaTtusHoii Java-mogenun Apache Flink n HiveQL.

© Camapes Poman CtaHucnasosud, 2023
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0630pblI Npoyuunx beHYMapkoB ©

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.

https://wuw.researchgate.net/publication/308761924_Towards_a_Systematic_Study_of_Big Data_
Performance_and_Benchmarking

Berkeley Big Data Benchmark
BigDataBench

e HiBench

Graph500

MineBench

© Camapes Poman Cranucnasosudy, 2023 35


https://www.researchgate.net/publication/308761924_Towards_a_Systematic_Study_of_Big_Data_Performance_and_Benchmarking
https://www.researchgate.net/publication/308761924_Towards_a_Systematic_Study_of_Big_Data_Performance_and_Benchmarking

TunoBas cxema TecTupoBaHusA hpelimBopKa

e Stream generator obecne4ymsBaeT NOTOK COODLLEHUNII 3aAaHHON NAOTHOCTH

e Kafka(1) n Kafka(2) — BxopHasi n BbixogHas odepegu coobuieHnii. MoryT BbITb 3ameHeHbl
CobCTBEHHBIMU CPeACcTBaMU (DPeliMBOPKOB 1N BbITb NCKITIOHEHDI.

e Benchmark app — npunoxeHne, BbinosHstOLLEE TECTOBYIO HAarpy3Ky

Streaming framework

Stream | | Kafka Benchmark Kafka | | Results
generator (D app (2) collector

[Ons ynpaBneHus NpoLeccoM TeCTMPOBaHUsA UCNoAb30BaTb, Hanpumep, Peel Framework -
http://peel-framework.org/
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OueHka 3agep>Xkn obpaboTkn gaHHbIX

Mpobnema: paHHble obpabaTbiBatoTcs C
3agepxkoii. KpntnyHo aisi npunoxeHuii 4
“peanbHoro BpemeHn'.

Benchmark Platform
Storm, Flink or Spark Streaming

Llenb npoBepKu: oueHNUTb 3a4epXKKY
06paboTku, BbI3BaHHYO nepenadeii no
KOHBelepy \ /

campaign + window
to seen count.

table

Yahoo Streaming Benchmark [6] (8 ctatbe — gns Apache Storm, Spark u Flink).
https://github.com/yahoo/streaming-benchmarks

DopmMyna BbIYUCIEHNS 3a[EPXKKU: window .final _event latency = (window.last updated at — window.timestamp) — window .duration
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OueHka noacTpoiikun Temna obpaboTku OaHHbIX B KOHBeWepe =

Mpobnema: nmeem onepaunto ¢ okHOM no Bpemern. Heobxogumo obecneunTs CTabubHbIN BbIXO4

pe3synbTaTa

Llenb npoBepku: oueHnTb kadyecTso paboTsl back pressure detector

Kafka
2
- ITTT

Periodic
output

Kafka
2

Kafka Application
(1) dowmg AQQr. op.
LLLTT [T] *O—P\IIII*(}
il 2
L\m\t by
S ‘precessing Hme
a) framework with backpressure detection
Kafka Application
(1) windowing AQQr. op.
LI M O[]0
S I s B

Aperiodic
output

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

@ Camapes Poman CtaHucnasosud, 2023

b} framework without backpressure detection

//github.com/rssdevi0/spark-kafka- streaming
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OueHka BOCCTaHOBMEHMS Y310B KaacTtepa nocse cbos ©

Mpobnema: NoTok 3anyckaeTcsi Of4HOKPATHO U obecnevnBaeT obpaboTKy AaHHLIX HEOrPaHUYEHHO JONTOe
BpeMsi. VY3/bl KnacTepa MOryT BbixoguTb U3 cTpos. [lpolecc He fonxKeH ferpafnpoBaTb CO BPEMEHEM

Llenb npoBepku: oueHUTb CNocoboHOCTb (ppeliMBOpKa BOCCTaHABANBATL CBA3

Mpumep: B pabote Diana Matar (TU-Berlin) [15] amynuposanucs cbon y3noe knactepa u oLeHNBanoCh
BAMSHWE Ha Npou3BoanTenbHocTb. Spark Streaming 1.3 He BoccTaHaBAMBaeT 06paboTKy AaHHbIX.
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OueHka cnocobHocTn 0OpaboTku 6e3 NULLIHUX ceTeBbIX 0OMEHOB @

OueHka BO3MOXHOCTW OpraHM3auumn nocnefoBaTesbHOl 0bpaboTkn AaHHbIX 6e3 ANLHUX CeTeBbIX
obmeHoB

Mpobnema: cetb orpaHnyera. Apache Kafka (nnu ananor) peanusyer pacnpegenérHoe xpaHeHue.
PDpeiiMBOpK He Jo/mKeH TpeboBaThb faHHbIE, PACMOIOKEHHbIE HA APYrUX y31ax

L'.eﬂb NPOBEPKU: OLUEHNTbL PEANNIYEMOCTb N KA4YECTBO yNpaBJiEHNA

Kafka Application under Streaming framework Kafka
1) Preparation Aggregation Reduce )
. P T T ~O——» 11T ~O—
3| I *{*H\H ~@——>111 @ P11 O]
= Part. 1 Results
m*mﬁ op. 1
Partitioning
by User ID
11T ~O—ITIT -0}
% [TTTT 7<*\HH ~@——»11[ @ | »[[1 @[]
- Part. 2 i/ Results
P @111 @ | op. 2
|
® T ~O—>11T O
‘g\HH*<ﬂHHf4>H\H*.—“ +@ >
Part. 3
3 e IIrre Do
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OLl,eHKa COXpaHeHns CoCTosAHuUsA

OueHka npeaesbHbIX BOSMOXHOCTEN COXPaHEHUS COCTOSIHNS (OKOHHbIE OnepaLum)

Mpobnema: onepauun arrperayumn (peannsyroTcsi B OKHe JaHHbIX) TPeBYIOT BPEMEHHOIO XpaHeHUs B
onepaTUBHOI MamsiTM, KOTOpasi orpaHuyeHa. BpemerHoe cocTosiHns fonxHo bbiTh 3awmuieHo ot cbos.

Lens npoeepku: OueHuTb HaknagHble pacxofbl (PpeiiMBOpKa A5 XPaHEHNS COCTOSIHUSI B ONepaTUBHON
namMsiTu 1 3afE€P>KKN COXPAHEHMNSA N BOCCTAHOBJIEHWNS HA NOCTOSHHOM HOCUTENe.
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OueHka peanusauum si3bika 3anpocoB

Mpobnema: cbpelimBOPKM peannsytoT pasHble NHTEPMENChI 1 A3bIKM 3anpocoB (MOHMMAEM 3TOT Kak
Ntoboii 53bIk 06PAbOTKM [aHHBIX).

Llenb nposepku:
e OUEeHNTb CMHTAKCUC SA3bIKOB 3aMpPOCOB 1 ceMaHTuKa (Bktodast coBMmecTumocTb SQL, ocoberHocTn
onepauuii arrperauun)
e OueHUTb MOHOTY peanu3aunmn si3bika 3anpocos
e OueHNTb NPUMEHNMOCTb CTaHAAPTU30BaHHbIX beHumapkos (cemeiicteo TPC)

L] OLI,eHI/ITb NpPon3BOANTENBHOCTb 06pa6OTKI/I AaHHbIX Ha OAaHHOM sA3blKE 3anpoCcoB

Spark SQL, Flink Table APl and SQL,...
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OueHka cnocobHOCTN aBTOMaTUYECKO ONTUMMU3aLLMn L

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 BbINOJHEHNSI ONEPaTOPOB 3aBUCKT
OT [AHHbIX U AOCTYMHbIX annapaTHbIX PeCypcoB.
DpeliMBOPK JOSKEH aBTOMATUNYECKN
ONTUMU3NPOBATbL IOTMYECKUNA MJIaH.

Llenb npoBepku: BbISBUTL NoAAeP>KUBAEMbIE
ONTUMM3ALMN N OLLEHNTb UX KAaYeCTBO.

Operator reordering
Redundancy elimination
Operator separation
Fusion

Fission

Placement

Load balancing
State sharing
Batching

Algorithm selection
Load shedding

© Camapes Poman CtaHucnasosud, 2023
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OueHka ceTeBbix 0OMeHOB

Cxema OpraHn3aynm NOTOKA AaHHbLIX OJ1A OUEHKN
Master node

Mpobnema: HexBaTka NponycKHOl cnocobHOCTM ceTu
OrpaHMYMBaET NPOU3BOAUTENBHOCTL 1
MacluTabupyemocTb

Slave node

Slave node
Slave node

Llenb npoBepku: oueHNTb XapakTep 3arpy3Kn CeTu 1
B/INSIHAE HA MPOU3BOAUTENBHOCTb

Flink/Spark|

Apache Flink Apache Spark

Total NETWORK Usage

Benchmark

Total NETWORK Usage

1750 1750

1500 1500

1250 1250

1000 - 1000

m send

m send
750

bandwidth [Mbps]

bandwidth [Mbps]
o
3
2

500 4

250 4

0

& o o o o o

50" 5O o> bl
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Apache Storm ©

Event size single message Ketph//= Lol

Delivery

guarantees at least once

Data flow topology /C \C
Mainly & /
powered by Twitter, Hortonworks 6

Adventages Low latency. Well known and widely used \

Disadvantages Low throughput S ¢ ¢

XpaHeHue cocTosiHus peanmsosaHo B Mogyne Apache Storm Trident —
https://storm.apache.org/releases/2.4.0/Trident-tutorial.html
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Apache Samza ©

Event size single message

Delivery

guarantees at least once http://samza.apache.org/
Data flow topology

Mainly

powered by Linkedin

Specifics Primary oriented to 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

Delivery

guarantees exactly once http://spark.apache.org/
Data flow Application with declarative description

Powered by amplab.cs.berkeley.edu/, Databricks a
Specifics batch oriented ALGIE
Adventages Relativaly high throughput, very popular qur

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

Event size single message

Delivery

guarantees exactly once

Data flow Application with declarative description
Powered by www.dima.tu-berlin.de/, data Artisans
Adventages Low latency, high throughput

Disadvantages

limited ML support

http://flink.apache.org/

&Flink

© Camapes Poman Cranucnasosudy, 2023
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Apache Kafka Streams @

http://kafka.apache.org/

Event size single message @
Delivery

Stream
Processor

guarantees at least once

Data flow Topology

Powered by Confluent

Specifics other semantic of aggregation operations vs
Flink, Spark

Adventages Low latency, high throughput

Disadvantages Manual scalability
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Apache Ignite ©

Event size single message e ST RO ER R N0 O

Delivery

guarantees at least once cpache
Data flow Job with a declarative description
Powered by GridGain \

Disadvantages  Limited community
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Apache Apex )

https://apex.apache.org

Event size single message

Delivery

guarantees at least once

Data flow Application with a declarative description
Powered by DataTorrent

Adventages Low Latency, High throughput

Disadvantages  Limited community

This project has retired since 2018.
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Apache Beam

Event size single message

Delivery

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/

Java

Choose your language...

e -
3 Beam Model

...and your runtime.

© Camapes Poman Cranucnasosuy, 2023
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Kommepueckne notokoBble chpeiiMmBOpKYy

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

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

] . : AP Event St P
e Cisco Connected Streaming Analytics oS ventio e e

e Data Torrent RTS

Software AG Apama Streaming Analytics

Platform
e Esper Enterprise Edition o SQLstream Blaze
e IBM Streams "
) ) e Striim
e Impetus Technologies StreamAnalytix e TIBCO StreamBase

Oracle Stream Explorer

WSO2 Complex Event Processor
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MoTokn B obnakax

HoctounHcTea HepoctaTtkn

e Her HeobxoanmocTn nogaepxusaTb e [lpuBsizka K KOHKPETHOMY OBNaYHOMY MOCTABLUMKY

COBCTBEHHbIN Knactep ycayru
e [Npobnembl cTabunbHocTU pelimeopka — e CnoXHOCTb oTnagku

npobnembl nocras

P Lmka yeayru e MacwTtabupyeMocTb MOXeT BbITb OrpaHu4eHa

e [Ipobiembl NPON3BOAUTENBHOCTY peLIaeMbl 3a 0COBEHHOCTSIMI peanv3aunmn periMBopKa

CYET n3bbITOYHOCTN 0bopyAOBaHNSA

e HeBO3MOXKHO OLEHUTb MpefesbHble BO3MOXHOCTU
dpeiimBopka
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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 A Dy DB

RAVEN Platform

amazon Serverless Time Series Analysis with AWS Lambda, JustGiving"‘

webservices" Amazon Kinesis and DynamoDB Streams
1
—— |*
weem S ) SCT— | v
Stream Event 0 ANS Lambda % Events Eent) 0 ANS Lambda AWS CloudWatch

0 Counters & QA
1 Events (Altematve)

Source) Analytics Streams or e Vi s

Time Series
Running Counts Further Processing
Consumers (1,2, .., n) Consumers (1,2, .., m)

‘ Web Everts :

S Kness S0K) ms . ol
inesis Streams
Kinesis Producers (1.2, . shards)

/AWS DynamoDB
(1,2,..,m partitions)

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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Microsoft Azure g

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/

CLOUD DATAFLOYV

Lf

Programming

Model Apache Beam SDK

Additional tools  Cloud Storage, Cloud Pub/Sub, Cloud
Datastore, Cloud Bigtable, and BigQuery

Same Apache Beam SDK for both local and cloud deployment.
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Obnactb NOTOKOBOW 06PabOTKN MHTEHCUMBHO pa3BUBAETCS

o Onpenennnnce TUNOBbIE MOAXOALI MOCTPOEHNST MPUIIOXKEHNT

OTCyTCTBYIOT CTaHAAPTHI Ha SI3bIKM 3aMPOCOB WM METOAbLI OMMcaHus npouecca obpaboTku
e OTCyTCTBYT TUNOBbLIE METOAbLI OLEHKN PA3/IMYHbIX MOTOKOBbIX (hpeliMBOPKOB
e Het BO3MOXHOCTW CpaBHUTb KOMMepHecKne 1 obnadHble ppelimBopKY

e B kaxaom KOHKpeTHOM ciy4ae pa3paboTKn BU3HEC-NPUNOXKEHNST HEOOXOANMO MPOBEPSTL BCE
hperiMBOpPKU-KaHANAATI
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