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1. BeedeHue

Tepmun "nortokoBas o0paborka maHHbIX" (Stream processing) mojapasymeBaeT
00paboTKy JTOOBIX JAHHBIX KaK MOTOKA, OJJHAKO CeHYac MOl HUM MPUHATO TOHUMATh
cKkopee 00pabOTKY HEKOTOPBIX KPYIHBIX MAKETOB IAHHBIX, TAKUX KaK HEKOTOPOE
COOOIICHMs, HO HE 00pabOTKy ayAnMo M BHIEO NaHHBIX. B 3TOM cTaTthe MBI Oyaem
TOBOPUTH IMEHHO O COCTOSIHHH 00JacTH 00paboTKN OOIBIINX JTAaHHBIX KaK MMOTOKOB,
TO €cTh 00 X 00paboTKe ¢ MUHUMAJIBHOH 3aPKKOH.

Wnen moTokoBoH 00paOOTKHM ITaHHBIX COBEPIICHHO HEe HOBBHL. B 80-e¢ rombl oHHM
nosBWIIHCH 1o, TepMuHamu Dataflow processing, Dataflow database machine u mp.
OnHako B OJU3KOM K COBPEMEHHOMY IIOHUMAaHHIO IEepBEIe pabOTHl B 3TOW obOnacTh
CTaM TOSABIATHCA B KoHIE 90-x — Hagase 2000-x TOMOB Ha BOJHE Pa3BUTHS
Wurtepuer, nosiBieHus uaeil MHTepHeTa Bemled Kak UTOr MOHUMAaHHUS TOTO, YTO
TPaJIUIIMOHHBIN CITOCO0 00pabOTKM MaHHBIX Yepe3 COXpaHeHHE B CTATHUHYIO 0a3y
JTAaHHBIX HE MOJIXOIUT Il 00pabOTKH OCTOSHHO OOHOBJISIEMBIX JaHHBIX. IHTEpeceH
OIIMH M3 0030pOB B 3TOIl obnactu, KOoTopblii ObLT mpercrasieH B 2003-M roay B
pabote [26]. 13 uucia nepBhIX MOTOKOBBIX MPOIIECCOPOB H (peiiMBOpKoB (OymeM
Ha3bIBAaTh TAK MPOTPAMMHBIC MPOIYKTHI, KOTOPBIC MPEIHAZHAYCHBI JJISI TIOTOKOBOM
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obOpaboTtku maHHBIX) Aurora, Borealis, COUGAR, Gigascop, NiagaraCQ, OpenCQ,
StatStream, STREAM, TelegraphCQ, Tribeca 1 0AWH HE TOTYIHIT KOMMEPUIECKOTO
passutus. (A6OpeBuaTypa CQ B Ha3BaHuM NMPOeKTOB - 3T0 Continuous Query.) bonee
moapo6Ho cM. B [19].

YyTh 60J1€€ TOAPOOHO PACCMOTPHM aKaaeMHUUeCKHi poekT Aurora [16], KOTOpBIi
BKITIOYaJ B ce0si JJOBOJIFHO MHOTO HOBIIECTB JJISI CBOETO BPEMEHH. DTOT MPOIYKT
MIO3BOJISUT OITMCATh IPOIIECC HEMIPEPHIBHOW 00paOOTKH TaHHBIX, BKIFOUAsl HECKOIBKO
MapajyIeNbHBIX BXOJIOB W BBIXOJIOB, MOAEPKUBANIACH BOSMOXHOCTD OTIEPATHBHOTO
HaKOIUICHUS! JaHHBIX B JIOKAJHHOM XpaHWJHMIIE Ui X 00paboTku. Mojenb
NpOrpaMMHPOBAHUsS - BU3yaibHas, B TepMuHax anreopsl SQuAl ([S]tream [Qulery
[Al]gebra). IMommepxuBanuch OCHOBHBIC ormepaiuu filter, map, union, sort,
aggregate, join, resample. Onucanue nporecca 0OpabOTKN JaHHBIX MPEACTaBISET
€000l mocIIe10BaTEILHOTh OJIOKOB-ONIEpAllMii M CTPEJIOK, O3HAYAIOUIMX Iepenady
JIaHHBIX, YTO 00pa3yeT HampasieHHbIH auukianyeckuit rpad (DAG). Utorom storo
npoekra ctana pabdora [40], B kotopoit M. CroitaOpeiikep, Y. I'etunremen u C.
3n0HUK cHOopMyNIHpOBAIM TpeOOBaHUS K CHCTEMaM TIOTOKOBOW 00pabOTKH
peaTbHOTO BPEMEHH.

[IpuBeném >t TpeGoBaHus, cHOPMYITHPOBAHHEIC B BUIE TIPABIIL:
1. CoxpaHsiiTe NaHHBIC IBUKYITUAMUCS.

2.  ®opmymupyiiTe 3ampochkl ¢ wucroib3oBanmeM SQL  Ha moToKax
(StreamSQL).

3.  CopaBusiitech ¢ JIS(pEKTHOCTBIO TOTOKOB (33JepXkKKa, OTCYTCTBHUE U
HapyIIeHHEe MOPS/IKA JaHHBIX).

T'enepupyiiTe npeackazyemble pe3yibTaThl.
Huterpupyiite XpaHuMbIe U TOTOKOBBIE JJAHHBIE.
TapantupyiiTe 6€30MaCHOCTD U IOCTYIIHOCTb JaHHBIX.

ABTOMAaTHYECKH pa3feaiTe U MaCIITaOUPYyHTE MPHUIIOKCHHUS.

® Nk

MrHoOBeHHO 00pa0aThIBAliTe U BBIIABANTE PE3YIbTATHI.

Kak BuauM, HecMOTpsi Ha Ooyiee YeM JCCATHIICTHHA BO3PACT IMyOJHMKAIMH, STH
TpeOOBaHUs eIIé aKTyalbHBI, XOTS M C HEKOTOPHIMU OIOBOPKAMH, M HE B HOJHOM
Mepe peajM3yIoTCsi B COBPEMEHHBIX CPEICTBAaX IMOTOKOBOW o0Opaborku. He Bce
BBITIONHSAIOT TpeboBaHue 2. B psanme ciaydae mpoOieMbl ¢ TpeboBaHHEM S5, YacTo
UMEIOTCS TIPOOIJIEMBI ¢ TpeOOBaHUAMU 6-8.

Brmuskoit k o0nacTi MOTOKOBOW 00paOOTKHM JaHHBIX SBJISCTCA TaK Ha3blBacMast
cinoxxknast oopadotka coosrtuii — CEP (Complex Event Processing). Ona 3axmrogaercs
B TOM, YTO Ha OCHOBAaHWW 3aJaHHBIX MpPaBWI OOpPabOTKH COOOIMIEHWH W UX
MOCJIEI0BATENEHOCTH BBIBIIIOTCA W 00pa0aThIBarOTCA HEKHE COOBITHS. ITO
HampaBjeHHE TPAIUIMOHHO OTIMYAETCS COOCTBEHHBIMH SI3bIKAMH HAITHUCAHHS
npaBwi1, Harpumep, Drools [7]. YcnoBro CEP oTnudaroT oT MOTOKOBOW 00pabOTKH
tem, uro CEP O0ObIYHO He SBJISIOTCS MAacCOBO MapalUIeNbHBIMH CHUCTEMaMHU
00paboTku, OHM OOECIeYMBalOT MUHHMMAIBHYIO 3a/IepXKKy BpeMeHH 00paboTkwu,
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OTCYTCTBYET HEOOXOJUMOCTh IIPOrPAaMMHpPOBAaTh HA TPAJULUOHHBIX S3BIKAX
nporpamMMupoBanust (yacto focraroyHo SQL uim coObITHIHOTO s3b1Ka THIIA Drools)
[19]. Takxe B CEP oueHn wacTto He TpeOyeTcsi TapaHTUpOBaHHas 0OpaboTKa Bcex
CoO0MIeHnH 1 B ciydae c00sl 9aCTh MX MOKHO 0TOpocuTh. OHAKO MPUHIMITHAIIEHO
CEP - 3710 Ta ke 00paboTka motoka cooOmienuid. 1, Goyee TOro, coBpeMEeHHbIE
notokoBbie (peirimBopku THma Apache Flink [2], Apache Kafka Streams [29]
MPETeHIYIOT Ha BO3MOKHOCTh MX HCIIOJIB30BaHMs B KauecTBe cpencts CEP.

2. Tunoesasi cxema npuéma u o6pabomku NOMoOKo8bIx OaHHbIX

B naHHO#N craThe paccMaTpHBAIOTCS, MPEXKAE BCEro, MOCTYIHbIE MPOrpaMMHbIE
HNPOJYKTHl C OTKPHITBIM HCXOAHBIM KOJOM. [103TOMY HNpHBOJMMBIE 3[€Ch CXEMBI
OyIyT OTHOCHUTHCS UMEHHO K HHM.

OnHO W3 OCHOBHBIX TpeOOBaHMH NMPH 0OpPabOTKE MOTOKOB — 3TO BO3MOXKHOCTH
HPUHATH TOT MOTOK, KOTOPBIH MOCTyMaeT Ha BXo . OTMETHM, YTO B 3aBUCUMOCTH OT
peliaeMbix 3aja4, O9TOT I[IOTOK MOXET ObITh MNOCTOSHHBIM HJIH CHIIBHO
U3MEHSIOIUMCS BO BPEMEHHU, MPEICKA3YEMBIM U COACPIKAIIMM PE3KUE BCILICCKH,
Ha KOTOpbIC HEOOXOJUMO KOPPEKTHO pearupoBarh. ClelyeT OTINYaTh MOTOKU OT
MOTOJTHBIX CEHCOPOB M, HATIPUMED, MMKOB aKTHBHOCTH TOJIH30BATENICH CETEBBIX TP,
UH(POPMALIUIO O KOTOPHIX HAM HaJlo cOOpaTh.

CrnoxwuBiIasics cxema 00paObOTKH BBITIISAUT MPUMEPHO TaK, KaK 3TO MPEICTABICHO
Ha puc. 1.

Stream Kafka Streaming processing
source

Part. 15 Ioperation

Stream m ‘ Part. Zﬁl > operation Aggr. }——»
source Receiver
Stream | Part. Nﬁl > operation

source

result

Puc. 1: Tunosoii npumep coopa u obpabomku coobwenutl
Fig. 1: Typical process of data gathering and processing

Bxomupie moTokn, 00pa3oBaHHBIE BHEITHUMH HCTOYHUKAMHU, HEOOXOAUMO TPUHSATH
1 YIIOPSIOYHTE. Yale BCero s 3TOT0 HCIOIB3YIOT IPOTrpaMMHBIN TPOoAYyKT Apache
Kafka [3]. Onnako 3aMeTnM, 4TO ceidac 3TO MPaBHIIO YK€ MOKET OBITh TOCTABICHO
IOJI COMHEHHE, IOCKOJIbKY IpyrHe IOTOKOBBbIE (PEHMBOPKH pEIIAlOT CXOIHbBIE
3ajaun camocrositenbHo. OcHoBHOE Ha3HaueHue Apache Kafka — mpunsTh BX0HBIE
cooOIIeHNUsT ¥ TapaHTHpPOBaTb MX JOCTaBKy mnorpedurensm. CooOrieHus
MOMEIIAIoTCs B 04epepb (topic), KoTopast MOXKET ObITh COXpaHEHa B IIPOMEKYTOUHYIO
B/I, 9aTo rapaHTHpyeT mocieAylomee NoIyIeHNe JaHHBIX TOTPEOUTEIIMHU, KOTOPEIE
ceiiuac He akTuBHBL [lo ymomdanuio B kadectBe CYBJ] mis nmpomexxyrouHoit BJ1
nucnonb3yetcs RocksDB. JlonomaurensHo Kafka MoxkeT pa3nokuts cooOmeHws mo
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y3JlaM KJlacTepa B COOTBETCTBHH C HCIIOJb30BaHHOW (DyHKIMEW pasMerneHus. ITo
M03BOJISIET PAaBHOMEPHO PACIPENEIUTh NATbHEHIIYI0 BBIYUCIUTEILHYIO HArPy3Ky.
[MosTOMYy CiEAyIOIIUii 3Tam — HKCIOJIB30BAHHE COOTBETCTBYIOIETO MOTOKOBOTO
(peliMBOpKa, KOTOPBIM OOECHEYUT pa3MelleHue 3amad oO0pabOTKH TaHHBIX, WX
KOOpJIWHAIWMIO ¥ YTeHue u3 odepenau coobmennii Kafka. [Tonpo6uee cm. [28].

3. OcHo@HbIe pa3nu4usi NTOMoOKoebIX ¢hpeliMeopKoe

MaccoBoii mpo0OiieMa HUCIOJIb30BaHHS MMOTOKOBBIX (PEHMBOPKOB CTaja JIUIIb B
MOCJEIHIE TOAbl. B OTHONICHMHM TOTO, KaK IOJDKCH BBITJISIICTh COBPEMCHHBIN
MOTOKOBBIH (PPEHMBOPK, CYIICCTBYET MHOKECTBO MHEHUH. [Iprxomurcs HabmoaaTh,
4TO TO, 0 4€M mucajiu OyKBaJIbHO TOJ-/BAa Ha3aJ, YK€ CTal0 yCTapeBIIUM, a
BBITJISIICBILINE IO/l HA3a ] NCTUHHBIMU YTBEPIKACHUSI CTAJIH JIOKHBIMH.

CoBpeMeHHOE TIOHHMMaHHUE IMMOTOKOBBIX MPOIIECCOPOB M3JI0KEHO B cTaThax [37, 38].
Ha mnepBoM MecTe BBIACISIOT pasziuyus B 00pabOTKM [aHHBIX W MOJEIH
NpOrpaMMUPOBAHHUSL.

3.1 Mogenb 06paboTKu AaHHbIX

C Touku 3peHUs MOJCIU OOPaOOTKU JAaHHBIX BBLICISIOT CHCTEMBI CCTCCTBCHHOM
MOTOKOBO# 00pabOTKH, B KOTOPBIX UCXOJHBIC COOOIICHHS MOCTYMAIOT Ha 00pabOTKY
cTporo mocienoBatenbHO. K 310l rpymme oTHOCSATCS poaykTel Apache Storm [6],
Apache Samza [4], Apache Flink [2]. JIpyroii BapuanT 00paOOTKM — MakeTHas
(micro-batches). OHa oTmuuaeTcs TeM, 4TO MEpPe TEM KaK MOMACTh Ha 00paboTKYy,
COOONIeHNsT TPYNmUpyloTcs B makeTel. K 3Toii rpynme otHocsaTcess Apache
Storm/Trident m Apache Spark [5].

Emé ron Hazanm myOnmMKOBanuCh CTaThu [34], Toe MakeTHAas MOJCIb 0O0pabOTKH
JIEMOHCTPUPOBAIACh KaK JOCTOMHCTBO. [IpobiieMa ke 3aKiIrovaeTcss B 0COOCHHOCTH
peanm3anuu KOHKPETHOTO (ppeliMBOpKa, W OTBET Ha TO, Kakas MOJEJb SIBISETCS
MIPEAMOYTHUTENBHOM, HE SIBJISeTCS O4eBHIHBIM. Hampumep, mo cocrostauro Ha 2016
ToJI, IPOTPaMMEI, HCIOIB3YIOIIHE TOJbKO Apache Storm, paboTarT CyIIEeCTBEHHO
OBICTpee, YeM HCIIONB3YIOIINE eTo aKkeTHYI0 HaAacTpoiky Apache Trident. Ograko
Apache Spark ¢ makeTHOW MOJENbIO JEMOHCTPHUPYET CYIIECTBEHHO OOJBITYIO
MPOU3BOIUTEIBHOCTD, YeM Apache Storm, HO TakXe CYIIECTBEHHO MPOUTPHIBACT
Apache Flink ¢ ecrecTBeHHOI TOTOKOBOM MOZENBI0 00pabOTKH.

3.2 Mogenb nporpamMmMmupoBaHus

CrenyromuM — acriekToOM — HCHONB30BaHUsl  (PEHMBOPKOB  SIBJSIETCSI  MOJCIb
NpOrpaMMUpPOBAHUs. Pa3nuyaroT KOMIO3UIIMOHHYI0 M [EKIApaTHBHYIO MOJEIH.
Kommo3uimonnass ~ MoJenb  [OApa3yMeBaeT  OOBbEAMHEHHE  JIIEMEHTaAPHBIX
OTIEPaTOPOB ¥ UCTOYHUKOB JAHHBIX B HEKOTOPYIO CETEBYIO "TOMOJOTHIO", TO €CTh
(hakTHUECKOE COeTMHEHHE CO3/IaHNE DIIEMEHTOB 00pabOTKH U COSTMHEHUE UX BXOZOB
¥ BBIXOJIOB. DTOW Mojenu npuaepxkuBaiorcs Apache Storm u Apache Flume [12].
JexnapatuBHas MOJICIb B COBPEMECHHOM MOHMMAaHUH MPEIOIAracT UCIOIb30BAHUE
BBICOKOYPOBHEBBIX OIEpaluii, MPEAMUCHIBAIOIINX ONpPEACAEHHBIH TUII 00pabOTKH
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naHHbIX. [To cyTH, 3TO HanoMUHAET (PYHKIIMOHABLHBINA CTUIIb TIPOTPaMMUpOBaHus. B
CJeIyIOleM JIMCTUHIE MPUBEAEH MPUMEP MPOrpPaMMbl BBIUKCICHHUS KOJUYECTBA
CJIOB, peamnM30BaHHBIN ¢ moMoIbio Apache Flink.
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 ( "example")
Monens Ha3bIBaeTCS ACKJIAPATUBHOHN, IOTOMY YTO Ha MOMEHT BBIIIOJIHEHHS 3TOTO
Ko/la, TO CYTH, JHIIb BBICTPAaMBAeTCA cXeMa OOpabOTKM IOTOKa, HO eme He
MPOMCXOJUT KaKOH-T1O0 peanbHO 00pabOTKHM JAaHHBIX. DTO MO3BOJSIET JAEiaTh
OIMKCaHKUE MOJICNIM B OOIIEM-TO Ha JIFOOOM SI3bIKE MPOrPAMMHPOBAHUS IPU YCIOBUH,
4yTO OYIyT BBI3BAHBI COOTBETCTBYIOIIUEC METOMBI KJIACCA, KOHCTPYHPYIOUIETO 3TOT
JIOTHYECKUI TUIaH 00paboTKH. DTO MOXKET OBITh CICHUATH3UPOBAHHBIA S3BIK
NPEMETHOW 00JaCTH WU, HAIIPUMEP, MOKET HCIIOIB30BATHCS AHAJIOTHYHBIA KOJI,
HanucaHHbIi Ha s36Ike Ruby 1 BbINONIHsIEMBIH B OKpykeHuH JRuby ¢ moakiroueHnem
COOTBETCTBYIOIUX OMOMHOTEK (peiimBopka. Mimm ke MokeT OBITh peaan30BaH
TpaHCIHATOp Xml-crieruduKanuid MO0 aHAIOTHU C TeM, KaK OpraHW30BaHa MOIEIHh
cnenuukanuii coenuHernns moxayneit B Spring Framework [10]. Orpanugennem
SBIISICTCS JIMIIb HAJIWYIHE COOTBETCTBYIOUIUX OIEPAaTOPOB 0OpabOTKH B TEPMHHAX
KiaccoB Java, ecnu roBopuTh o ¢peiimBopkax Apache Flink mwimm Apache Spark. B
npUMepe TaKUM KJIAcCcoM sBisieTcsl Kiacc Splitter, peanmszanus KOTOPOro He
npuBonutcs. C MCHONB30BaHUEM 3TOr0 MHTepdelica MOTYT OBITh pEalu30BaHO W
BoinonHeHnne SQL-3ampocoB. Takke OTMETUM TEHACHLUMIO TMOCIEIHUX JIET —
CO3JJaHUE CIICLMAIBHBIX cpelacTB Tuma npoekra Emma [18] mim Apache Beam,
Ha3HAYEHHEM KOTOPBIX SIBJISAETCS aBTOMAaTHYeCKasi TPAHCIALUSA B BBI3OBHI UMEHHO
Toro (peMBOpKa, KOTOPBI BBIOpad MOJH30BATEIB-IPOTPAMMHUCT B JIaHHBIN
MOMEHT.
Crnenyer 100aBUTh HECKOJIBKO CIIOB OTHOCHUTEIHHO M3MCHCHHI B TOHUMAaHHUU TOTO,
KaKHe sI3BIKK JOJDKHBI OBITh HMCIIOJB30BAHBI JJISI ONMHKCAHHS Ipolecca o0padoTKu
naHHbIX. Kak yxe ynmomuHaiock panee [19], pasBuTHEe OTOKOBBIX (PpEHMBOPKOB
Havalioch kak BeTBb oOiactu CYBJl, mosToMy M3HAYalbHO OMKCAHHE IMpoIiecca
00paboOTKH TaHHBIX PacCCMATPUBAJIIOCh TOJIBKO ¢ UcTonb3oBanueM SQL. JlanpHeliee
pa3BUTHE, COBIABIIEE C MEPEXOJOM OT KOHCOJIBHOTO MHTEpdeiica moIp30BaTeNs K
rpa@uueckoMy W COOTBETCTBYIONIEH OBOJIIONMEH WIEH NpOrpaMMHUpOBaHMS Ha
YpOBHE CXEM, TPUBEIO K MOSBICHHIO TMPOEKTOB Tuma Aurora [16], rme cxema
00paboTky OblJIa UMEHHO rpaUuecKoii.
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B 2000-e Toasl MOXXHO BHIIETh MAcCOBBIM Iepexoa K rpaduueckuM MeToaam
MPOrpaMMHPOBaHMS. DTO W TOsBIeHUE s3bika BPMN, mpexacraBisioniero coboit
rpadpudeckne CcxXembl OM3HEC-TIpoIlecca, W MacCcOBOE HCIIOJIB30BAaHHE  €T0
moaudukarmmii B cpeacrBax ESB u ETL, m mosinenmne cpencts thuna KNIME,
KOTOPBIE TIO3BOJISTIOT OMKCATh MPOIecc 00pabOTKH JAHHBIX Kak TpadUIecKyto CXeMy.
O4eBHIHO, YTO UCTIOJIB30BaHKE MPaUICCKOr0 SI3bIKa IPOTPAMMHUPOBAHHUS SBISCTCS
npuBiieKaTenbHON anpTepHaTtBoii SQL. besycioBHO, Henb3s 3a0bIBaTh O S3bIKE
onucanus npaswi tuna Drools, 0lHaKO €ro KCrob30BaHKUEe HE OBLIO MACCOBBIM.
Komnerr aToro nepuonia xapakTepu3yeTcs BCIDICCKOM HHTEpeca K ()yHKIMOHATIBHBIM
SI3bIKA MPOTPAMMHUPOBAHUS U K (DYHKIIMOHAILHOMY CTHJIIO MPOrPAMMHPOBAHUS KaK
TakoBoMy. CyIIECTBEHHOE BIMSIHHE OKasaia MOMYJISIpHOCTH Iiatdopmsl JVM, Ha
KOTOpOHW co3/1aHbl Takue si3blkH, Kak Scala u Clojure. Celiuac (yHKIMOHAIBHBIH
CTWJIb peajJM30BaH U B caMoM s3bike Java. BeposTHO, H0O3TOMy OCHOBHOW €HOCOO
NPOTPAMMHUPOBAHMs IS TOTOKOBBIX (DPEHMBOPKOB — JICKIApaTUBHBIA, B
¢dynkmonamsHOM cTIiie. OTMETHM, YTO TIOMBITKH BepHYThCsd K SQL Obutm
aKTyaJdbHBI BCE BpeMs, I[OITOMY pPa3pabOTIMKH COBPEMEHHBIX ITOTOKOBBIX
(bpeliMBOPKOB 3asBIISIIOT O TaKMX BO3MOXHOCTAX. DTO oTHOcUTCs K Apache Flink,
Apache Spark, Apache Kafka Streams. PeanmbHO e BCE 3TO TpeOyeT OTAENbHOI
OIICHKH.

B HacTosmmii MOMEHT MOXHO 3aKIIOYNTh, YTO WMEHHO JeKJIapaTHBHOE
MPOTPaMMHpPOBaHNE B (YHKIMOHATHHOM CTHJIE C HCIOJIB30BaHHEM s3bIKa Java 8
SIBJIIETCS HanOoOJIee PacIpOCTPAHEHHOW TIPAKTHUKOW MPU CO3MaHUW TPHUIIOKCHHH C
UCIIOJIb30BAHUEM MIOTOKOBBIX ()peUMBOPKOB. OCTaNbHBIC I3bIKH IPOTPAMMUPOBAHHUS
SIBIISTIOTCSI CKOPEE HUIIECBBIMU. Berieck momyisspHOCTH s361K0B THIa Scala u Clojure
CJIeJlyeT CUUTaTh BPEMCHHBIM siBlicHHEeM. Ecmu mapy ner Haszan Apache Spark
MO3HUIMOHUPOBANICS Kak (peiiMBopk Ha Scala ans Scala-nporpaMMuCTOB, TO ceiyac
CyIIECTBEHHAs YacTh ero HHTep(EeHCHOro Koa mpoayoaupoBana Ha Java i Toro,
YTOOBI HE TEPSTh KIMCHTOB U UMETh BO3MOXKHOCTh IPHUBIICKATh Pa3paOOTUMKOB,
JKEMAroIINUX UCTIONB30BaTh Java 8. Apache Storm mbITaJIMCh peann30BbIBATh HA SI3BIKE
Clojure, HO celiuac MPUHATO pEUICHUE MPOJOIKATh pa3BUTHE HPEHMBOpKa Ha S3BIKE
Java.

3.3 NapaHTpoBaHHOCTL 06PABGOTKN COOOLLEHMNI U YCTOMYUBOCTb
K c6osim

Crnenyromeli  O0COOCHHOCTHIO  TOTOKOBBIX — (PEHMBOPKOB  SBISETCS  METOJ
rapaHTUPOBaHUSA OOpabOTKH COOOIIEHUH. DTO O0YCIOBIEHO MX pacHpeieIéHHOMN
ApPXUTEKTypOH M HEOOXOJMMOCTBIO COIJIACOBAHMS JAHHBIX HAa pasHbIX Yy3/ax
KJIacTepa, YTO HanpsMYIO BIMSET Ha MPOU3BOJUTEIILHOCTE. Pasnuyaror 06paboTKy
"MakcuMyM oauH pa3" (at most once), "no kpaiiHeit Mepe oauH pas" (at least once) u
"ctporo oxuH pa3" (exactly once).

"MakcuMyM OJTiH pa3" 03HAYaeT, YTO COOOIICHUE MOKET OBITH JOCTABJICHO HOJIb HITH
1 pa3, To ectb MOXeET OBITH MoTepsiHO. "Ilo KpaiiHeil Mepe oauH pa3" mpearnoaraer,
YTO cooOLIeHNe OyeT 10CTaBICHO Ha 00PabOTKY B JIIOOOM ciIydae, HO MOXET OBbITh
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6oisiee 1 paza. OueBHAHBIA HEOCTATOK 3TOr'0 METOJa — HEOOXOIUMOCTh YYUTHIBATh
BO3MOXXHOCTb ~ IIOSIBJICHHMSI AyOJNHMKAaTOB M, COOTBETCTBEHHO, Harpy3ky Ha
MIPOTpaMMICTa TI0 UX YU€TYy B CBOHMX anroputMmax. "TodHo oanH pa3" o3Ha4daer, 4To
coobmierne OyneT TapaHTHPOBAHHO [OCTaBIEHO, HO TPH 3TOM HCKIIOUEHBI
IyOnuKaTel. DTOT METOJ CaMbIi YHOOHBIM IS MPOrpaMMIECTa, HO M, OYEBHIHO,
CaMBbIii CJIOXKHBIA U MEIJICHHBIN B pealn3allii OTOKOBOTO (ppeiiMBOpKa.
O4eBUIHBIM TpeOOBAaHUEM K pACTIPEIEIIEHHON cUCTEMe 00pabOTKH JaHHBIX SBISICTCS
TpeOOBaHHE KOPPEKTHOH OOpabOTKM B CiIydae BBIXOJAa M3 CTPOS OIHOTO WIIH
HECKONBKUX y370B Kiacrtepa. O030p HECKOJBKHX METOIOB BOCCTAHOBIICHHS
npuoautcs B [30].

OnHUM U3 TIPOCTEHIINX MEXaHW3MOB BOCCTaHOBIIEHUs1 00magaroT Apache Storm u
Twitter Heron [13]. DTOT MeXaHH3M OCHOBaH Ha OTIPABKE MOATBEPKIACHUS KasKIbIM
CIICIYIOIINM OIEpaTOpOM TpenplaymeMy. B TepMmuHOIOTHE Storm WMEIOTCS
HUCTOYHHMKM JaHHBIX (spout) u omepaTtopsl o0pabotku (bolt). s kaxnoit
oTnpasisieMoii 3amucu (tuple) renepupyercs ciydaiinoe 64-x outHoe yucio. [Tocne
MOJIy4eHHs 3alluCH OIepaTrop oOpabOTKM OTHPABISET COOOLICHHE O IMOJYYEHHH.
Ecnu 9T0 cooOrieHne He Moy4eHO, NCXOHAs 3aluch Oy/AeT oTHpaBieHa emeé pas.
Crenyer 3aMETHTb, YTO IIPH STOM CYIIECTBYET IpoliieMa IMOAJIEePKKHU LETOCTHOCTH
JIaHHBIX B pacrpenenéHHoi cucreme. Kpome Toro, momoOHbIH MEXaHNU3M SIBISIETCS
MEIJICHHBIM U MOXET MOPOXIaTh TyOnnuKkatsr [8].

OueBuaHON wMIeeldl YCKOpPEHWS SIBISIETCS METOJ MHKPOIAKETOB, KOTOPBIH
ncnons3oBaH B Apache Storm Trident u Apache Spark Streaming. Mnes 3akimrogaercst
B TOM, YTOOBI ITOTBEPIKIATh HE KAKAYIO 3aIIHCh, @ HEOOJBION aKeT 3aIiCe, ecin
OTIepaTop BBIMOJHUI HX 00paboTKy (cM. puc. 2). OT0 NEHCTBUTEIHLHO IO3BOJSIET
CYIIECTBEHHO YCKOPHTH 00pabOTKYy M TapaHTHPOBATH JOCTaBKY CTPOTO OJIHOTO
COOOIIEeHNS, OJTHAKO CO3MIAET CIISAYIONINE TPOOIEMBI.

Unit of fault tolerance
is micro-batch

Input stream

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

;
| Job | | Job | \qu|

% % state
m |:> Result stream

Puc. 2: Cxema ¢hopmuposaniisi KOHMPOILHBIX MOUEK C UCHOTb30BAHUEM MUKDONAKEMOG
Fig 2. Checkpointing of microbatches
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B moTokoBBIX 3amagax dacTo TpeOyeTcs CO3JaHHe CKOJB3AIMIET0 OKHA. DTO OKHO
MOXeET OBITh OTPAaHHYEHO BPEMEHEM 00paOOTKH, IUANa30HOM BPEMEHH COOOIIEHMI
WIN KOJIMIECTBOM cOOOIeHHH. B ciydae e MCHONb30BaHUS MHKPOIIAKETOB HET
BO3MOXKHOCTH 00pabaThIBaTh CTPOTO 3aJlaHHOE KONMYECTBO cooOmeHui. [lpyroii
CephE3HBIM HEIOCTATOK — CJIOKHOCTh KOHTPOJISI TeMIla 00paOOTKH B KOHBeHepe,
00pa30BaHHOM IIETIOYKOH omepaTtopoB. To ecThb HET BO3MOXKHOCTH KOHTPOJIS
oOpaTHOro faBieHus AaHHBIX. M mociienHel mpoOiieMoil SBISEeTCS POCT 3aAEPKKH
00paboTKN AaHHBIX, IIOCKOJIBKY MOJATBEPKAEHHE 00pabOTKH OYAET MOJIyYEeHO JIMIIb
mocie 00padotku Beero makera. [Toapoonee cm. [30].

ANBTEpHATHBON MHKpPONAKETaM SIBISIETCS WCIIOJIb30BAHHE TPaH3aKLMOHHOTO
KypHasa. JtoT noaxon npumensercs B Google Cloud Dataflow n Apache Samza.
OcHoBHas unest — paxT 06paboTKH cooOLIeHNs PUKCUpYETCs B )KypHaie. B ciyuae
c00sl BOCCTaHOBJIGHUE COCTOSHHSI BO3MOKHO Ha OCHOBE 3aIlliCedl B 9TOM >KypHale.
Taxoit moaxoa NO3BOJISIET PEIUTh OOJIBIIMHCTBO NPOOJIEM MPEAbIIYIINX MOJETIEH,
TO3BOJISISI paccMaTPUBaTh MOTOK COOOIICHWH M MX 00pabOTKy Kak HETpPEpBIBHBII
mporece, oOecrednBas MPH 3TOM BBICOKYIO CKOpPOCTh 00paboTku. OpmHaKo,
Harpumep, B Apache Samza He pemnieHa npodiema 1y0IMKaToB COOOIICHHIA.

B Apache Flink ncnone3yercst emé omHa MOJelh BOCCTAHOBJICHHWS, Ha3bIBaecMast
aBTropamu Asynchronous Barrier Snapshotting (ABS). CyTts 3T0#1 Moaenm onrcana B
[21]. Wnmes 3akmiodaeTcst B TOM, 9TOOBI COXPaHATh KOHTPOJbHBIE TOUKA 00pabOTKH
cpa3dy g TIOCTEJ0BaTEIbHOCTH COOOImeHn. MMeroTcs omnpenenéHHble TOYKH
CHIMKOB COCTOSIHHI — Oaphephl. B OTIMYMM OT MHKPOIAKETOB, 31IECh IPOIECC
00paboTKN HE MPEPBIBACTCSL.

B MoMeHT 00BbeTMHEHNS TaHHBIX, TOTyYaeMbIX OT Pa3HBIX OMEPaTOPOB, IIPOUCXOAUT
TaK Ha3bIBaeMOE BEIPABHUBAHWE OapbepoB W 3aIlyCK JaHHBIX Ha 00paboOTKy C
(opMupoBaHHEM OuEpeHONH METKH-Oaphepa B BBIXOJHOM IOTOKE (CM. pHC. 3.
Hecmotpst Ha To, 4TO omepaTop MOKET OJIOKMPOBAaTh ONpENeNEHHBIE BXOABI JI0
MOMEHTA BBIPAaBHUBAHUS 0apbepoB, TO €CTh IMOSBJICHUS METOA0B-0apbhepoB Ha BCEX
BX0J1aX, HEBO3MOJKHA CHUTYyalusl, KOT/1a OIIepaTop HUYero He 00pabaTbiBaeT (XOTst Obl
C OJIHOTO BXOJa JaHHbIE MOCTYIIAIOT, MHAYE TaM Y)K€ IPUCYTCTBYET METKa-0apbep),
B OTJIMYUM OT MHKPONAKETOB, TIJi€ COCTOSIHME HPOCTOS Omeparopa BIOJIHE
JIOITyCTHUMO.

1. align barriers 2. checkpoint state 3. emit barrier and continue

\ emit
° barrier

o o, o,
— /, — ] —
Checkpom eccce |
barriers \
°® °®
) ' °
e
Puc. 3: Cxema ¢hopmuposanus konmponsneix mouek Asynchronous Barrier Snapshotting

Fig. 3. Data processing with Asynchronous Barrier Snapshotting
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3.4 CoxpaHeHue coCTOSAHMA U onepauunmn ¢ OKHOM AaHHbIX

Jlnsi  BBINOJIHEHUS! arperalMoHHBIX 3allpOCOB BAaXKHO HAIMYHME BO3MOMKHOCTH
COXpaHEHHE COCTOSHHS CO CTOPOHBI NPUIIOKEHHUS, BBIIOIHAEMOTO (pEeiMBOPKOM.
[Tox coxpaHeHHEM COCTOSIHUS 371eCh IOHMMAETCsl BO3MOXKHOCTb COXPAHSTh JaHHBIC
MeX1y 00paboTKOH COOOLICHUH, HAPUMED, HAKOIJIGHHE JNaHHBIX B aKKyMYJIATOPE
JUISl BBIYMCIICHUsI Cpe/iHero 3HaueHust. J[pyrumu cioBamu, GperiMBOpK 06€3 XpaHeHHUs
COCTOSIHUH HE MOJKET BBIMOJIHUTD arperauio JaHHbIX.

Bonpimas uyacte COBpEeMEHHBIX  (DPEHMBOPKOB  IOJAEPKUBAET COXPaHEHUE
coctostHus, BKIo9ast Apache Storm Bepcum 1.0. OgHAKO CYIMIECTBYIOT pa3iuyiHs B
NPOrpaMMUPOBAHUM HAKOIUICHHS COCTOSIHUS, MOCKOJBbKY B 3aBHCUMOCTH OT
(bpeiiMBOpKa 3TO MOXKET OBITh JIOKAJIbHOE COCTOSIHUE JAAHHOTO OliepaTopa Ha JaHHOM
y3lle, aBTOMATHYECKH CHHXPOHH3UPYEeMOE TJI00aIbHOE COCTOSHHE WM SIBHO
pasnensiemMasi TIepeMeHHasi, 3HaueHHe KOTOPOi OyJeT aBTOMAaTHYECKU PaCChLIATHCS
10 BCEM y3J1aM KJ1acTepa, T/ie MPOU3BOIUTCS 00paboTKa.

B OTHOIICHHH OKOHHBIX ONEpaldii C JaHHBIMU CJEQYeT OTMETHTh TO, YTO B
3aBUCHMOCTH OT (ppeiiMBOpKa, MOAACPIKUBACTCS HECKOIBKO THIIOB OKOH: OKHA Ha
(PMKCHpPOBaHHOE KOJIMYECTBO COOOLIEHMH MM Ha BpeMs. Bpems Moxer OBITh
CHCTEMHBIM WJIM COOBITUMHBIM, TO €CTb OTCUMTHIBAThCS HAa OCHOBE BpPEMEHH
HOCTYIUIEHUS] cOoOOIIeHNH B 00paOOTKYy WJIM Ha OCHOBE BPEMEHH, 3aIIUCAHHOTO
BHYTPH COOOIICHHIA.

Taxoke pa3nuyaloT OKHa, CKOJIB3SIINE C IEPEKPHITUEM JIAHHBIX, U [TOCIICA0BATEIIbHbIE
OKHa 00pabOTKH, THe CleAylollee OKHO HAuyWHAETCS Cpa3dy MOC/Ie OKOHYAHUS
npeablaymiero. BapuaHt okHa ¢ MepeKkpbITHEM IMO3BOJISET, HAPHUMED, YCTAHOBUTH
00paboTKy aHHBIX 32 1 MUHYTY ¢ BbIIa4ell pe3yabpTaTa pa3 B 5 CEKyHI.

Kak yxe oTMedanoch paHee, peain3yeMOCTb TeX WM MHBIX THUIIOB OKOH 3aBUCHUT OT
peanu3oBaHHON BO ppeliMBOpPKE MOJIENH ITapaHTHPOBAHUSI 00PaOOTKH COOOIICHHH.
OtMeTM, 4YTO B OOJBLIMHCTBE CIIy4aeB XpaHEHHE COCTOSIHUS TEXHUYECKH
peanuzyercs ¢ nomoliusto BecrpanBaemoid CYB/I RocksDB [9].

3.5 PacnpepeneHune paHHbIX MO y3raM Kfactepa U mopaenb
pacnapannenMBaHus

ACHEKT pas3felcHUs JaHHBIX [0 Yy3JIaM KiIacTepa M MOJCIb  YIPaBICHUS
pacrnapauieIMBaHAEM OMCpaIfid SBISICTCA OJHHM W3 CYIIECTBECHHBIX AaCIEKTOB
BBIOOpaA (pperimBOpKa.

Cnenyer cpa3y pasaenuTh (GpEHMBOPKH, CHOCOOHBIC BBINOIHATH OICPAIHH
pacnapaluieiBaHusl aBTOMAaTHYECKH, U pperMBOPKH, HE CIIOCOOHBIE ITO [1EaTh.

K nepBoii rpyrime 0OTHOCHTCS OOJIBIIMHCTBO ITOTOKOBBIX (hpeMBOPKOB. [l mpumepa
Ha puc. 4 MPOAEMOHCTPHUPOBAH MPOLECC Pa3MCIICHHUS U 3aITyCKa IPHIIOKCHUS YIS
Apache Flink. Heo0XonuMo BBITOJIHATH KOMAHIYy pa3MENICHHs MPHIOKECHUS Ha
KIlacTepe TIOJ YIpaBlieHHeM Yyxke 3amymieHHoro Apache Flink, mocme wero
nocTpoeHre (hU3M4ecKoro IjaHa BBIMOJHEHUs, 3arpy3ka Koia OIepaTopoB Ha
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COOTBETCTBYIOIINX y37ax, OaJaHCHpOBaHHWE 3arpy3Ku OyIyT BBIIOIHATHCA
ABTOMATHYECKH.

Ko Bropoi#i rpymme moxuHo oTHecth Apache Kafka Streams wm Java Reactor.
Ocobennoctp Apache Kafka Streams 3akimtouaeTcst B TOM, YTO TPHIIOKEHHE,
HAIMCAaHHOE C TIOMOIIBI0 3TOTO (pelHMBOpKa, SBISIETCS aBTOHOMHBIM Java-
MIPWIOKEHWEM, BBITTOJIHAEMOM Ha OIHOM y3ie (cMm. puc. 5). DpeiiMBopk He
MPEIOCTAaBIICT HUKAKUX CPEJICTB Tepeladyr JaHHBIX Ha ypoBHE omepanuii. Ecim
TpeOyeTcsi 0OMEeH JaHHBIMHU C APYTUMH OINEpaTOpPaMH, 3TO O3HAYAET, YTO JaHHEIC
cienyer BHIrpy3uth B ouepenp Kafka ¢ HeoOxommmont ¢yHkumed pacripeneneHus
JIAHHBIX, W JIOJDKHO OBITh HAIMCAHO €IIE OJHO NPHIOKEHHE, MPUHUMAIONIUE 3TH
JlaHHBIE W TpojoipKarouiee ux oopaborky. To ects Kafka cranoButcs cpeactsom,
o0ecrieuynBaOIIMM rapaHTHPOBAHHOCTh 00pA00TKHU JaHHBIX M UX JIOCTABKH 110 Tpady
OIIEpaToOpOB, OJHAKO NPOOJIEMOI MporpaMMucTa SBISIETCS CO3IaHUE HYMKHOTO
KOJIMYECTBA ITPHUIIOKEHNH, NX paclpeelieHUE 110 y3JaM KIIacTepa, a TaKKe 3aIyCK 1
MOHHUTOPHHT UX COCTOSHHS.

OtMmeTnM, 4TO NpssMBIM KOHKYpeHTOoM Apache Kafka Streams cnenyer cunrarts Java
Reactor [15] u eé momcucremy Flux. HecmoTps Ha TO, 4TO 3TO CPEINCTBO HE
MO3UIMOHUPYETCS KaK MOTOKOBBIM TIPOIIECCOp, a CO3MaHO KaK CHUCTEMHBIN
kommoHeHT Spring Framework u Java 9, Java Reactor obecrieunBaeT BBITOTHEHHE
TUTIOBOTO HaOopa omepanuii HaJX MOTOKOM COOOIIEHWH, BKIIOYas ONEepaIliy
arperamnyy JaHHBIX B OKHE.

""" F’Vhyéiréélr o Slave node
plan H Slave node
Stream ~ building Slave node
application Master node | and 2 Flink
. automatic | ' s
Logical - distribution | !
: Zook ; ;
execution m of the code = | |[Streaming
Flink
Master
Code of
operators .
- 4
Puc. 4: Cxema 3anycka npunoacenus ons Apache Flink
Fig. 4. Execution of an application with Apache Flink
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Kafka node Kafka node Kafka node

[ Kata |<—[ Kaha ]o—b[ Kana |
U H J

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

Puc. 5: Cxema 3anycka npunosicenus ons Apache Kafka Streams
Fig. 5. Execution of an application with Apache Kafka Streams

4. Modesnu oueHKu xapakmepucmuK NomoKoebIX ¢hpeliMeopKoe

Cepbé3Hoil mpobieMoll BbIOOpa MOTOKOBBIX (DPEIMBOPKOB B HacTosIIee BpeMs
ABISIETCS ~ OTCYTCTBUE  €IMHBIX M OOBEKTHBHBIX  KPUTEPUEB  OLIEHKH
NPOU3BOMUTENEHOCTH.  EcTh  myOnukammm,  aBTOpPBl  KOTOPBIX — IPOBOJT
orpezieIEHHbIE CPaBHEHMS, OJJHAKO MPOOJIEMOM SBISIETCS y3Kasi CIelUaIn3alis 1
OTpaHUYEHHOCTbH IPUMEHEHUS STHX TECTOB.

OnHUM W3 NEPBBIX U3BECTHHIX TECTOB MPOM3BOAUTEIBHOCTH OBUI TaK HA3bIBACMBbIH
nuHeHHbId opoxkHbIi TecT (the Linear Road benchmark) [20]. Tect umutupyer
JIOPO’KHOE JIBIDKCHHE B HEKOTOPOM aOCTPakTHOM TOpojAe C MapajuieidbHBIMU
noporamu. Kaxxpiit aBToMoOMITE pa3 B 30 ceKyH I OTIPaBIIsIeT HHPOPMAITHIO O CBOEM
MOJIOKEHNH. 3a7aui TIOTOKOBBIX (PpEHMBOPKOB — OTNPEIENIUTh TEKYITUH TpapuK Ha
KaXXIOW W3 JOPOT, BBIIBUTH aBAPHH, YUWUTHIBATh KOJMYECTBO AKTHBHBIX IIOJIOC
JIBIDKEHUS, KOTOpOE MOCTOSHHO M3MEHSeTCs n3-3a aBapuil. Kpome Toro, TpeGyercs
OUHAMUYECKA TOJCYMTHIBATH 3aTpaThl BpPEMEHH Ha TMPOe3 TPAHCIOPTHBHIMHU
CpeACTBaMHU 10 OpOTraM 3a 3aJlaHHbIH nepro BpeMeHH. [Ipobiemoit npuMeHnMocTH
9TOTO TECTa SIBJISETCS TO, YTO VISl KAXKJ0ro GppeiiMBopka He00XoMMa COOCTBEHHAs
peanu3aiys TECTUPYIOIIEro MPHUIOKEHHs. DTOT TECT ObUI pa3paboTaH Ui OLEHKU
npoekra Aurora M, HECMOTPSI Ha NMPOPabOTAaHHOCTb MOJENU JAaHHBIX U KPUTEPHEB
OLICHKH, OH TaK M HE CTaJl yHUBEPCAJIbHBIM CPEJICTBOM OLIEHKH POU3BOIUTEILHOCTH
MOTOKOBBIX ()pEHMBOPKOB.

B pabote [31] paccmarpuBaeTcsi KOMOMHHMpOBaHHBIN TecT StreamBench aist oueHkn
NPOU3BOJUTENLHOCTH M 3aJlepXKKH 00pabOTKH, B KOTOPOM HCIOJIB3YIOTCS 7
NpOrpaMM TECTHPOBAHUS C PasIMYHOM CJIOKHOCTBIO M Pa3IMUHBIMH ONEpalUsIMH
(bunpTparus mo oOpasily, MOUCK, U3BJICUYCHUE TIOJIS, MOACUYET KOJIMUYECTBA CIOB U
mp.). [IpoBeneno Tectupoanne Apache Spark m Apache Storm. DToT TecT Takke He
TIOJIYYIHJI PA3BUTH, BEPOSTHO, IIOTOMY, YTO UCXOTHBIE TEKCTHI HE TOCTYITHBI.

B pabGore [25] mpencraBnen tect BigBench. Ilpenmomaraercsi, ato HEOOXOAMMO
BKIIIOYATh TECTHPOBAHME OOJBIIOT0 00bEeMa, Pa3IMIHOIO THIA JAHHBIX U CKOPOCTH
ob6pabotku (volume, variety, velocity). O0beM moapa3zyMeBaeT neTadaiTol JaHHBIX,
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pa3NIMYHBII THO — CTPYKTYPHPOBAaHHBIE, CJIA00 CTPYKTYpHPOBaHHBIE |
HECTPYKTYPHUPOBAaHHEIE JaHHBIE, CKOPOCTh 00pabOTKM — TpeOoBaHWE "TEKy4eCTH
naHHBIX" Tpu pemennu 3aaad ETL. [TpuHIHMHANBHBIM OTIIMYUEM OT TPEBITYIIAX
paboT sBILETCS TO, UTO CIENaHa MOIBITKA HCIIONB30BAaHHUS CTaHAAPTH30BAHHBIX
HabopoB TectoB TPC-DS (TPC Benchmark DS: ‘The’ Benchmark Standard for
decision support solutions including Big Data).

B paGore [35] mpencraBiena Mmommdmkamms BigBench, B pamxax koTopoit
cpaBauBatorcsi Apache Flink m Hive ¢ ucmons3oBanneM SQL-1omoOHOTO s3BIKA
HiveQL. Peamu3oBano Heckonbko 3ampocoB TPC-DS B TepMuHax aekiapaTHBHOM
Java-monmemn Apache Flink n HiveQL. IIupokoro pacnpocTpaHEeHHs 3TH TECTHI
TaKke He moiaydmwnu. B pabore [39] npencrasneHo Bunenue tecra BigBench, xax
NPUOTMIKEHHOTO K PEIICHUI0 KOHKPETHBIX OW3HEC-3a]au, BKIIOYas IOTOKOBYIO
00paboTKy AaHHBIX, MAIIMHHOTO OOY4YeHHMs, aHaIM3 TpadoB, MyJIbTHMEANA. DTOT
TECT HE JJOBEJEH 0 peaau3alyu.

O030p npyrux TecToB (pPEHMBOPKOB OOJBLIMX MJAaHHBIX, HE OrPaHUYEHHBIH
MOTOKOBBIMU ()peiMBOpKaMH, MPUBOJUTCS B padoTe [23].

Crenyet OTMETUTB, YTO HECMOTPS Ha OB pa3BUTHUS 00J1aCTH IIOTOKOBOH 00paboTKH
JIaHHBIX, ceiflyac HET HU TOTOBBIX K HCIIOJb30BAHMIO TECTOB, HH JAAXKE CIUHBIX
METOAMK TecTupoBaHud. [103TOMy paccMOTpPUM OTAEIbHbIE aCIEKThl TECTUPOBAHUS
MOTOKOBBIX ()pEHMBOPKOB.

TumoBast cxema TectupoBanusi npusoxutcs Ha puc. 6. Kafka(l) m Kafka(2) —
BXOJIHasl U BBIXOJIHAsl O4Yepeny COOOLIEHUH, KOTOPBIE B PsiJe CIIy4yacB MOTYT OBITH
3aMEHEHBI CAMUMH TTIOTOKOBBIMH (ppeiiMBOpKaMH.

Flink | Storm | Spark

Stream Benchmark Results
generator| | Kafka > app 1 Kafka ™ collector

Puc. 6: Tunosas cxema mecmuposanusi NOMOKOBbIX (PPeiiMeopKos

Fig. 6 Typical benchmarking schema for streaming frameworks

4.1 OueHKa 3agepXKn o6paboTKM JaHHbIX

OmHPM W3 caMBIX M3BECTHBIX TECTOB MOTOKOBBIX (PpEHMBOPKOB ceifuac ABISETCA
Yahoo Streaming Benchmark [22]. McxoaHple TEKCTBI 3TOTO TecTa AOCTYIHBI U
MOTYT OBITh ITOBTOPHO HCITONB30BaHbL. OMyOIHKOBAaHBI PE3YIbTaThl TECTUPOBAHHUS
Apache Storm, Apache Spark Streaming n Apache Flink. I{enbsio Tecta siBnsiercst
OIICHKA 33JICPKKHU BpeMeHH 00paboTku naHubIX (Latency) mpu BEITOJHEHUN THIIOBOM
LETMOYKH O0pabOTKM JaHHBIX C MPOCTCHINCH arperameid W YTCHUEM/3AIHCHIO
nmanabix B CYB/] Redis. Ilenpro Tecta He SBISETCS OICHKA MPOU3BOAUTEIBHOCTH,
MO3TOMY JJAHHBIA TECT MOXET OBITh UCIIOJIb30BaH JIUIIb JJISl OLCHKH IPUMEHIUMOCTH
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MOTOKOBBIX (DPEAMBOPKOB [Ii KCIOJIb30BAHUSI B HHTEPAKTHBHBIX CHCTEMAax
00pabOTKU JaHHBIX.

B Yahoo Streaming Benchmark ucrions3yercst cxema TecTUpOBaHuUs, IPUBEIEHHAS
Ha puc. 7. 3a7epKKa BEIYUCISIETCS 110 (hopMyJIe:

window.final_event_latency = (window.last_updated_at - window.timestamp) -
window.duration

Apache Kafka
Events in JSON format
Benchmark Platform
Flink | Storm | Spark Streaming under test
Parse : Transform ; Time Window Increment
JSON [ Fiter / Projection N " . Aggregation & Store
AT 7
Redis r
distributed ad_id to campaign + window
T campaign_id to seen count
Hash Hash

server

Puc. 7: Cxema mecmuposanus 6 Yahoo Streaming Benchmark
Fig. 7: Benchmarking schema in Yahoo Streaming Benchmark

B pamkax Tecra peannzoBaHo 3 mpuiokeHHs aiust pperimBopkoB Apache Storm,
Apache Spark u Apache Flink.

4.2 OueHKa aBTOMaTU4YeCKOMN NOACTPONKN KOHBenepa oopaboTku
AaHHbIX

ITomumo 3amepkKu 0OpabOTKH, IJIsi MHTEPAKTHBHBIX CHCTEM OOpabOTKU JaHHBIX
BOXHOHW  XapaKTEPUCTHKON SIBISIETCS  PEryJSIPHOCTh  BBIJAYU  Pe3yJIbTaTOB.
Hanpumep, mycth ycTaHOBJIEHa OKOHHAsI OTIEpalds C Bblgauyei pesynabrarta pas B 1
MuHyTy. He3aBUCHMO OT TOrO, CKOJBKO BXOAHBIX JaHHBIX OBUIO MOJYYEHO,
Heo0xoanMo obecriednTs 00paboTKy NaHHBIX M BBIAAdy pesynbTaTa. IlomcTpoiika
ckopocTu paboThl KoHBekepa (backpressure) mMo3BoJIIET MOTOKOBOMY (PpeliMBOpPKY
obecrieunTs 00pabOTKY JaHHBIX B IETIOYKE OIEPATOPOB CO CKOPOCTHIO Camoro
ME/IGHHOTO OllepaTropa, MCKIoYas HAKOIUICHWE Iepe] HUMHU OOJBIINX MacCHBOB
HE0OPaOOTaHHBIX JaHHBIX U MOTEPU BO3SMOKHOCTH (DOPMHPOBAHUS OTKIIMKA IMOCIC
HUX.

Mozenp OIEHKHM 3aKio4aeTcss B TOM, YTO Ha BXOJ IIOTOKOBOHM 3ajxauwm,
00pabaThIBAIOLIYI0 JaHHBIE B paMKaxX CKOJB3SILEr0 OKHA, HEOOXOAMMO NOAATh
MOTOK C IIOTHOCTBIO OOJIBILIE, YEM MOXKET OBITh BBINOJIHEHO 3a BpPEMs, paBHOE
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CMEIIEHNI0O OKHa. TO ecTh [0 MOMEHTa IEPEeKIIOYCHHS OKHAa Ha CIICXYIOLTHHA
HWHTEPBAI HaI0 00€CIeYNTh BBIIaYy pe3ysbTaTa Ipeablaymeii o0paboTKy.

Ilpumep, peanm3oBaHHBII B  https://github.com/rssdev10/spark-kafka-
streaming, TIOKa3bIBaeT, uYrto B Apache Spark, nHampumep, OTCYTCTBYIOT
3 PeKTUBHBIE MEXaHU3MBI TOJICTPOHKH KOHBelepa. DTO BBIpAKAeTCS B TOM, YTO
€CJII B MOMEHT (ha3bl YTCHHUS JAaHHBIX W3 UCTOYHMKA MCTOYHHK COLEPXKUT OOJIBIIE
JaHHBIX, 9eM Spark mMokeT oOpaboTaTh, BCe HaHHBIE OyAyT 3arpykeHsl B Spark.
OpHako wx moiHas oOpabOTKa COCTOWTCS HEHW3BECTHO KOTAA, HE3aBHCHMO OT
YCTaHOBJICHHOTO BPEMCHH BBIJAYU PE3yNbTaTa, cM. puc. 8 b). Ecim ke ucTOYHHK
JTAaHHBIX BBIIAET BXOAHOM MOTOK C PE3KMMU BCILIECKaMH, i Spark 3TO IpUBOIUT K
PE3KOMY YBEIMYCHHUIO MHTCPBAJOB BBIIaYM pe3ysbTatoB. Hampumep, Bmecto 10
CEKYH]I BbIJJaua pPe3yJbTaTa MOXKET MPOU3OUTH pa3 B HECKOJNBKO MUHYT. Ecmu ke
paccmarpuBath noBenenune Apache Flink B aToif ke curyanum, TO pe3ynbTar
00paboTKu OyIET BBIIAH IMOYTH FapaHTHPOBAHHO B YCTAHOBJICHHOE JIJIsl OKHA BPEMSL.
CwM. puc. 8 a).

Kafka | | Application Kafka
(1) [ Ag. op. (2)
y | Pesodic
o Cmidy output
PIOGEEIING e
a) framework with backpressure delecnon
Kafka | | Application Kafka
(1) i Ag. op. (2)
O 0 o
) ' [ 0 Aperiodic
[ oulput

b)) framework withcut backpressure defechon

Puc. 8: Pacnonoocenue oannvix 6 3a8ucumocmu om noOCmpouKu Koneeliepa
Fig. 8. Data concentration depending on presence of backpressure detector

Hecmortps Ha TO, 4TO BXOAHBIEC TaHHBIC HA/I0 00paboTaTh B IFOOOM Citydae, TOT (BaxT,
4To (peliMBOPK HE yCIIeBaeT 3TO CHejaTh, O3HAYAET JIMIIb TO, YTO JaHHbIE TIe-TO
JIOJDKHBI ObITH HakorieHsl. Mozens Flink ynpomaer nanbHeiryio oopaboTky asst
MIPOrpaMMHCTa, KOTOPOMY HE MPHUXOAUTCS JENaTh IOIOJHHUTEIBHBIE ITPOBEPKU
BPEMEHH BbIJIa41 pe3yJIbTaTa.

To ecrp paHHas TpoOBEpKa IIO3BOJSIET OLECHUTH IPHUIOJHOCTH ITOTOKOBBIX
(peiiMBOPKOB 1Sl 3a]1a4, TPEOYIOIIMX BbIJIauM JaHHBIX IO CTPOTOMY PErJIaMeHTy.
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4.3 OueHKa BOCCTaHaBNMBaeMOCTH Y3n0OB KrnacTtepa nocre c6oeB

Pacnipenenénnas kiacTepHasi CHCTEMa COCTOUT M3 MHOYKECTBA B3aMMOJICHCTBYIOIINX
Y3JI0B, KaXIBIH M3 KOTOPBIX MOXET BBIUTH W3 CTpos. IIpoBepka MOTOKOBOTO
(peiiMBOpKa Ha YCTOHYMBOCTH PabOTHI B CIIydac OTKJIFOYCHHS OTICIBHBIX Y3JIOB
BO)KHA MMOTOMY, YTO B OTJIMYMH OT MAaKETHON 0OpabOTKH, MOTOKOBas 3ajavya
3aIlyCKaeTcsi OJIHOKPATHO W JIOJroBpeMeHHo. IIoTokoBasi 3ajavya HE MOXKET OBITh
3aBepiieHa 0e3 mpekpamieHds oO0pabOTKU 3ampocoB BooOmie. Eciau moTOKOBEIM
(peiiMmBOpK He obOecreunBaeT aBTOMATHIECKOE BOCCTAHOBJICHHE Y3JIOB IOCIE cOOsI,
9TO BeJET K JIerpajalliy MPOM3BOAUTEILHOCTH 3a/1a4i. IMEHHO M03TOMY B CUCTEMax
BBICOKOI1 JIOCTYITHOCTH HENPHUEMJIEMO HCIIOJIb30BaHNE OTOKOBBIX (PPEHMBOPKOB, HE
CIOCOOHBIX 00ECTIEYUTh BOCCTAaHOBJICHHE.

Mojiesb OLEHKH 3/IeCh J0CTaTOuHO mpocrtas. OHa 3aKII0YaeTcsi B MMUTALMKA cOOeB
y3JI0B KJIacTepa, KOTOpas MOXeT ObITh peajln30BaHa KaK BCIIOMOTaTeIbHAas
nporpamMma, HCHOJIb3yeMasi COBMECTHO C JIIOOBIM JPYTrHM TecToM (peiiMBOpKa.
HeobOxonuMo WMMUTHpOBaTH ammapaTHble cOOM (IS MOTOKOBOTO (peiiMBOpKa
BBITJISIIUT KaK MOTEPS MPOIecca) Wik MporpaMMHbIe cOou 3a1au (Harpumep, u3-3a
HEXBATKU ONEPATUBHOM MAMSITH [IPU BBIIOJIHCHUH).

CoruacHo TecTy, npoBeneHHOMY B [33], Hanpumep, Apache Spark 1.3 He cnocoden
BOCCTaHOBHUTH PabOTOCIIOCOOHOCTH MOCIIE OJTMHOYHBIX cO0eB. B T0 ke Bpems Apache
Flink moxer paboTaTe HONTOBPEMEHHO 0O€3 MOCIEACTBHUA OT COOCB OIMHOYHBIX
Y3JIOB.

4.4 OueHKa BO3MOXHOCTM oOpraHusauuMm nocregoBaTenbLHOM
06paboTKM AaHHbIX 6€3 NULLHUX ceTeBbIX 0OMeHOB

B ormimmumm ot makeTHOW 00pabOTKW, TAe MdaHHbIE MOTYT OBITH 3apaHee
MOATOTOBJICHBI U pa3MeNIeHbl B HEMOCPEICTBEHHOHN OJIM30CTH OT MecTa 00paboTKH,
B 3aj1a4ax MOTOKOBOM 00paboTKK nMeeTcs mpodiemMa JOCTaBKY ATHX JTaHHBIX. Kpome
TOTO, pelIaeMble 3a/J]a4d B IOTOKOBOH 00pabOTKe 4YacTO anrOpUTMHUYECKH Ooliee
JIETKOBECHBI, YeM 3aJ[a4d, pelraeMple NMpH MakeTHOW o0paboTke. DTO MPHUBOIUT K
TOMy, 9TO eciau (peldMBOpK He cmocobeH obecnednTh OOpPabOTKY JaHHBIX
(HampuMep, 3a7ayd  arperanudy o pasaeiaM) Oe3 JHIIHUX TEPEeChUIOK, TO
TOPU30HTAILHOE MAcCIITA0MpPOBAHWE IPOU3BOAMTEILHOCTH — KJacTepa OyneT
HCBO3MOXKHBIM.

Monens TeCTUPOBaHUS 3aKIHOYACTCS B TOM, YTO JaHHBIC Ui 00pabOTKH JTOJKHEI
OBITh MPEIBAPUTEILHO PACIIPEICIICHBI 0 Y3J1aM KlacTepa, HAPUMep, MPH IOMOIIH
Apache Kafka, a moTokoBbIi hpeiiMBOpK 00s13aH IOCTPOUTH IUIAH BBHITIOJHCHUS TaK,
YTOOBI K&Kl y3€N HCIONB30BAI TOJBKO NaHHBIC W3 TOTO pasieiia, KOTOPBIH
pa3MeILEH Ha y3II€.

IIpobnema cOoCTOUT B TOM, YTO B HACTOSINEE BPEMs MOTOKOBBIC (PPESHMBOPKH, Kak
MPABUJIO, JIUIIb TCOPETUYECKH IMO3BOJIIIOT 3TO CAeiaTh. MeETOIbI, MO3BOJISIONINE
OpPraHU30BaTh 00PabOTKY MOJOOHBEIM 00pa3oM, OOBIYHO HE JOKYMEHTHpPOBaHBI. K
puMepy, MOJ00HYI0 CXeMy MOXKHO OpraHu3oBath nmpu nmoMommu Apache Flink, Ho
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JAaHHBIC TOJDKHBI OBITH Pa3OKEHBI MO y3JIaM IpW MOMOINM HECTAaHAApPTHOM Iyt
Kafka ¢ynkunu pacnpeneneHus.

Ha puc. 9 npencraBneHa cxema o0pabOTKH C MPEABAPUTEIBHBIM pacrpecicHueM
JTaHHBIX. L[BeToM 0003HAYCHEI CBS3aHHBIE ONIEPAaTOPHI, paclapauieInBaHIe KOTOPBIX
obecreunBaeT MOTOKOBEIN (pelMBOpK. JIJIT MPOCTOTHI CYUTAEM, YTO BXOJHBEIE
JlaHHBIe OAHOM W Toi ke ouepenan Kafka(l) pacmpeneneHsl Ha pa3gelbl MO YUCITY
y37I0B Kyactepa. JlaHHbIe MOABEPTAIOTCS HEKOTOPOHW TpeaBapuTeIbHON 00paboTKe,
OTIepalysAM arperady Mo KaXKAOMY H3 pa3fesioB, IIOCIE 4Yero coOMparoTcs |
OTHpaBJIsIOTCS B BeIXoHbIe ouepenu Kafka(2).

Kafka Application under Streaming framework Kafka
Q) Preparation Aggregation Reduce (2
B I ~O——+{IIIT~0-
§IIIII > [ @[] @ pLILI[[ Ol
el T o111~/ o
Partitioning \
by User ID Y\
- T ~O—»{1111T O \
8| (T (> @111 -0 | 111 @11
P2 | I ~@——>{II -0 o2
M
- T ~0——+{II1 -0
3 DZDI—4+D]]I+—>DZD]:+ ST @111
Part. 3 /
T eI e s

Puc. 9: Cxema obpabomxu ¢ npedgapumensuvim pacnpeoenenuem OaHHbIX

Fig. 9. Data processing with preliminary partitioning

4.5 OueHka npefenbHbIX BO3MOXHOCTEN COXpaHeHUs1 COCTOSIHUS
(OKOHHbIe onepauum)

[ToTrokoBble (HPEHMBOPKH HUCIONB3YIOTCA A PELICHUS 3a7ad OLEHKH BXOMHBIX
JAHHBIX 10 OINpPEAEIEHHBIM KPUTEPHSM BO BPEMEHH, ONM3KOM K peanbHOMY. Jlis
3TOTO MPHUMEHSIOTCS ONEPAIH arperanyy, KOTOpPble MOT'YT OBITH BBINOJIHEHBI Hal
JIaHHBIMHU B paMKax okHa. [Ipu 3TOM pa3mep OkHa orpezesieTcs pemaeMon 3aaaden
U MOXET OBITh OT HECKOJBKHX CEKyHI IO CYTOK. B mociemHem ciydae OOBIYHO
UCIIOJNIb3YIOT TaK Ha3blBaeMylo JIiMOma-apXuTekTypy [32], B pamkax KOTOpOi
UMeeTCs IOCTOSHHOE XpaHWIMIIE JUIsl OONbIIMX OOBEMOB M JOJITOBPEMEHHOTO
XpaHeHHs [aHHBIX, a TaKKe HeOONbIIoil 00bEM OINEepaTHBHBIX  JAaHHBIX,
NPUHUMAEMBIX U3 BXOJHOrOo NoToka. OJHAKO HAaJ0 MOHUMATh, YTO MpPUYHHA

246



Camape P.C. OG630p cocTosiHUs 0611aCTH TIOTOKOBOIT 00paboTku nanubIX. Tpyosr UCIT PAH, tom 29, Bbim. 1, 2017,
ctp. 231-260.

Samarev R.S. Survey of streaming processing field. Trudy ISP RAN/Proc. ISP RAS, vol. 29, issue 1, 2017, pp. 231-260.

UCTIONIE30BAHUSI  HECKOJBKUX TOACHCTEM — OrPaHUYCHHS CYIICCTBYHOIIUX
(peiiMBOPKOB.

Kamma-apXuTekTypa — 3TO MOIBITKA MOCTPOCHHS CUCTEM OO0pa0OTKU NaHHBIX Oe3
UCTIOJIB30BaHUs OTACIBHOTO JOJITOBPEMEHHOTO XpaHWwInia U (pedMBOpKa JUIs
MakeTHOW o00paboTku naHHBIX. JlroOas omepaius arperamuy IpearojaracT
HAKOIIJICHWE COCTOSIHWS, W, CIEIOBAaTENbHO, HAJIWYHE JIOKAJBFHOTO XpPaHWINIIA
JAHHBIX IS K&KIOTO OMepaTopa, BEIMOIHAEMOTO B paclpeienéHHON CHCTEME.
Jlerxo moacYMTaTh pa3Mep 3TOro XpaHMWIUIA. Tak, It cirydast BXOAHOTO TIOTOKA C
mioTHOCcThI0O 100 ThIC. COOOMmIEHWIT B CEKyHAY W OKHa, pasmMepoM B 1 wdac,
HeoOXoauMo XpaHuTh 360 MIIH. COOOIICHWH TPH YCIOBHH, YTO IMOTOKOBBII
(hpeiMBOpK HE cO3MaET TyOIMKATHI IUIS CITydasi CKOJB3AIIET0 OKHA C TIEPEKPBITHEM.
Wnu ske maHHBIA pa3Mep clieAyeT KpaTHO YBEJIWIUTh, €ClU (PEHMBOPK peain3yeT
MPOCTEHUINIA CITydail CKOJIB3SIIEro OKHA.

Monens peanu3anyuy 3TOTO TECTa JOCTaTOYHO mpocTta. HeoOxommmo obecneduTsh
BBINIOJTHEHUE Omepanuid arperanud. Hampumep, MTOAXOOWT pelIeHHE 3aJadd
mojcuéTa KOJNMYECTBA YHUKAJIBHBIX IOJH30BATENICH W CPENHIO JIIUTEIHHOCTD
ceccuu 3a 1 4ac ¢ nepruoioM 0OHOBICHUS HHPOPMALKH Pa3 B | MUHYTY Ha IUIOTHOCTH
3anpocoB 100 TbIC. B CEKYHY.

OcHOBHas CJI0KHOCTB 3TOTO TECTA 3aKITI0OYAETCA B TOM, UTO ITPH OAOOHBIX 00beMax
noBeJicHrEe PPEHMBOPKOB CTAHOBUTCS HECTAOMIIBHBIM, U OUYEHb YaCTO TECTHI BOOOIIIE
HE MOTYT OBITh BBITIOJTHCHBI.

4.6 OueHKa NpoYnx XxapakTepmucTmkK

B GonbmuHCTBE MOTOKOBBIX (ppeiiMBOpKoOB B 2016-M TOy Havana IeKIapupoBaThCs
noaneprKka si3pika SQL /Ui HanrcaHus 3alpoCcoB Ha BEIOOPKY B 00pabOTKY JaHHBIX.
ITockonbky ceituac HeT cranmapta SQL, ymIoBIETBOPSIONIETO 3aaa4aM MOTOKOBOM
00paboTKN JaHHBIX, Pa3padOTIUKHN MTOTOKOBBIX (PPEHUMBOPKOB, TIO CYTH, HUYEM HE
OTpaHMYEHBI B CO3JaHMM COOCTBeHHBIX amanekToB SQL. Tem He MeHee, (akt
nojepxxkn SQL 3actaBiseT 3agymMaThes HaJ TeM, KaK TECTUPOBATh M 3TOT aCIEKT.
B nmaHHBIE MOMEHT, BEpOSTHO, CJIEAYeT CTABHTh BOIPOC O MPHHIUITHAIBHOMN
BO3MOXKHOCTH pPEaM30BaTh TE WIM WHBIC 3aadu ¢ nomombio SQL mis kaxmoro
(hpeiiMBOpKa KOHKPETHO M OIICHUBATh UX MPOU3BOJAUTEIILHOCTS.

Kpome oueBUIHBIX TpeOOBaHU, MPUBEAEHHBIX BHIIIC, CYIICCTBYIOT CICIHATIbHEIC
METOJBI ONTUMU3AIMK BBIIONHCHUs Tpada OmepaTropoB; COCTAB ITHX METOJOB
omucad B pabote [27]. Cpean HUX NepeynopsI0YMBaHUE ONEPaTOpPOB, YCTPAaHEHHUE
JUITHUX ONEepPaTOpOB, OalaHCHPOBKA HATPY3KH, PAcChUIKA COCTOSHHUS W IIp.
O4EeBHIHO, YTO 3TO TAKKE BIMSACT HA CKOPOCTh PabOTHI MPOrpaMM, OJHAKO TECTHI C
YYeTOM OJTHX ONTHMH3AIMA HAIpaBlIeHB B TEPBYI0 OdYEpens Ha CIOCOOHOCTH
MOTOKOBBIX (PPEHMBOPKOB aBTOMATHYECKH O0OECIEUYNBATh ONTHMH3AIMIO HE
ONTUMAJIFHBIX TPOTpaMM. DTO TaKKe BIHSET HA CKOPOCTh pa3pabOTKH W OTIAIKH
POTPaMM.
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Ecnu BepHYThCs Ha3a[ K TpeOOBAHHUSAM K IIOTOKOBBIM CHCTEMaM PEabHOTO BPEMEHH,
chopmynmupoBaHHbIM B pabote [40], To HE PaCCMOTPEHHBIMH OCTaJIMCh TPeOOBaHIE
3 (medeKTHOCTh BXOAHBIX MOTOKOB), IMOCKOJIKY 3TO CKOpee 3ajada MPHUKIaIHOTO
MporpaMMHCTa, a He (peiiMBOpKa, a Takxke TpeboBaHWE S5 (MHTETPUPOBAHHOCTH
XpaHUMbIX W TIOTOKOBBIX JaHHBIX), MOCKOJbKY JTO 3aBHCHUT OT MOJICIH
UH(QOPMALMOHHOM CUCTEMBI B IIEJIOM.

5. [Tlomokoebie ¢hpeliM8OPKU C OMKPbIMbIM UCXOOHLIM KOOOM

5.1 Apache Storm/Trident, Twitter Heron

[ponykrer Apache Storm [6] m Storm/Trident GbUIM TOMYJISIPHBI HECKOJBKO JIET
Ha3aJ M PEKOMEHJOBAIMCH B KaueCTBE OCHOBBI JJISi CUCTEM MOTOKOBOI 00paboTKH
JnaHHbIX [32]. OaHako B HACTOSIIEE BpPEMsI MX MOXKHO OTHECTH K YCTapeBLIUM
MPOTPAMMHBIM MPOJYKTaM, KOTOPHIC HEJIb3s UCIOJIb30BaTh B BEICOKOHATPYKECHHBIX
cuctemMax. OCHOBHBIE HEJAOCTATKM — HHU3Kas MPOW3BOAMTEIHHOCTL Trident,
CIIO)KHOCTh HACTPOHKH s paboThl B KiacTepe, KOTOpas CBOAWTCS K MOmOopy
MapaMeTpoB pachapauieuBaHus. Taxke CcIeayeT OTMETHUTh HEeCIIOCOOHOCTh
o0ecreunTs HOPMHUPOBAHHOE BpeMs (DOPMUPOBAHHS OTBETA MPU PE3KUX BCIUIECKAX
TUTOTHOCTH BXOIHOTO ITOTOKA cOOOMmeHni. I3 OTIHYNTENEHBIX TOCTONHCTB CIIEIyeT
Ha3Bath koHmenuo DRPC (distributed remote procedure call), B pamkax KoTOpoit
Storm mpenocraBiseT MPOrpaMMHBIA HHTEp(hEHC IS MHTEPAKTHBHBIX 3alpPOCOB,
obecrieunBasi aBTOMaTHYECKOE NIepeHaIpaBiieHne Ha cBOOOJHEIE Y3IIbI KilacTepa. ITo
TAKXKE MO3BOJSIET PEATM30BBIBATh MHKPOCEPBHUCHI, CIOCOOHBIC BBIAATH OTBET HA
OCHOBE COXPaHEHHOT'O COCTOSIHHUS.

Twitter Heron [13] — HOBBI IpOeKT, B KOTOPOM JeKiapupyercs oOparHas
COBMECTHMOCTh C IMPHWJIOXKCHUSAMH, HamUcaHHbIMU misi Apache Storm. OpgHako B
JTAHHBI MOMEHT IPOIYKT HAXOIUTCS B pa3padOTKEe U HE MOXKET OBITh PEKOMEHIOBAH
JUISL PeaIbHOTO UCTIOJIb30BaHUS.

5.2 Apache Spark Streaming

Apache Spark [5] sBisiercsi, moxkanyi, camblM HM3BECTHBIM (PPEHMBOPKOM ISt
pemeHust 3amad  MammHHOrO oOywenus. Moayns Apache Spark Streaming
npeaHa3Ha4YeH Julst NOTOKOBOI 00paboTku. [Ipobnema Apache Spark 3akitouaercs B
ero apxumrekrype. M3HauambHO NMPOAYKT OPHEHTHPOBAH HA MAKETHYIO 00pabOTKy
OonmpmMx naHHBIX Kak 3ameHa Apache Hadoop m Map/Reduce. Apache Spark
Streaming rUMOTETHYECKH MO3BOMISAET PELIATh TOTOKOBBIE 3a/1a4H, OJHAKO HACIEIUC
MAKETHOI 00pabOTKM CKasbIBaeTCAd HETaTWBHO. Jleximapupyemas BO3MOXKHOCTB
HCTIONIb30BaHMS €ANHOTO NPOrPaMMHOTO HHTepdelica I TaKETHOTO U HOTOKOBOTO
PESXUMOB PabOTHI, HO B PEILHOCTH 3TO PEalM30BaHO ¢ OOJIBIIMMHU OrPaHHYCHUSIMH.
PaccmoTpuM cxeMy TecTUpoBaHUs (QpelMBOpKa, INpeacTaBieHHyto Ha puc. 10.
Stream generator - reHepaTop IMOTOKa JaHHBIX, Zookeeper - KOOPIUHATOP KIacTepa,
Kafka - enuncrBennsiii y3en Kafka, tectupyemsrit ¢peiimBopk Flink wmu Spark,
Benchmark — Tectupytomee npuioxxenue. Cxema siBIsIeTCSl IPOCTEHILECH, MpUIEM
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BCA ICHEpalus JaHHBIX OCYIICCTBJIACTCA Ha €JUHCTBCHHOM Y3JIC YIPaBJICHHA, BCC
OCTAJIbHBIC Y3JIbl - BBIYUCJIUTCIIbHBIC. 9TO MO3BOJSIECT OYECHBb IpOCTO OIPEACIUTDH
OIrpaHUYCHUA BBIYMCIUTEIILHON CETH.

Master node
Slave node
Stream | Slave node
generator Slave node
‘: L 1
Zookeeper ‘ [Flink/Spark|
slave |
Kafka | _
Benchmark | |—
FlinkfSpark

Puc. 10: Cxema mecmupoganus 6 pesicume 00H020 YNPAGIAIOUIE20 U MHOIICECTNBA
BbIUUCTIUMETILHBIX Y3106

Fig. 10. Benchmarking with one master node and multiple slave nodes

Ha rpa¢wuxke 3arpys3ku cetu (puc. 11) oueBunen xapakrep pabots! Spark, rae 9éTko
MIPOCIEKHUBAIOTCS (ha3bl 3arPy3KH NAaHHBIX W (a3l 00pabOTKH. DTO MPHUBOIMUT K
€CTECTBEHHOMY (H3MYECKOMY OIPAaHMYCHHIO BBIYUCIUTENIBHOH CeTH W K
OTPAaHUYCHUIO MPOU3BOMUTEIHLHOCTH. [lOKa3aTenu 3arpy3Kd CETH IMOJNYYCHBI MPH
MTOMOIIIX YTHIIUTHI dstat.
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Fig. 11. Master node network utilization by Apache Spark
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Cy1iecTBeHHOH MPOOIeMOH sIBIIsIeTCS TO, UTO Spark He crmocoOeH BOCCTaHABIMBATH
paboty y310B KiacTepa, KOTOpbIe BRINATH B pe3yibrate coos [33]. Ecmu peus unét
0 TIAKETHOM DPEXHME paboTHI, 3TO HE SBIIETCS MPOOJIEMOil, TIOCKOJIBKY MaKeTHAS
3amada OyeT BEITpY)KeHa Iociie 3aBepeHmst 00padoTku. B cirydae ke moToKoB, T
MpOTpaMMBI  3aIlyCKAlOTCS OIOWH pa3 M JOOJDKHBI paboTaTh MOCTOSHHO, 3TO
HEMPUEMIIEMO, TIOCKOJIbKY BEIET K HEMHUHYEMOH JieTpaialiiy POU3BOUTCIHHOCTH.
[Ipob6nemoii Takxke SBISIETCS HEOOXO0IUMOCT BPYIHYIO ITOIOMPATh M yCTaHABINBATh
OTPaHNYEHUS IUIOTHOCTH BXOAHOTO MOTOKA, MOCKOJIBKY OCOOCHHOCTh Spark B ToMm,
4yTO HE uMesl A(H(HEKTUBHBIX CPEJICTB OTCIICKUBAHUS OOPATHOTO JABJICHHUS, BCILIECK
BXOJHBIX JaHHBIX MPHUBOAUT K TOMY, 4TO Spark TbITaeTCsA 3aXBaTHTh WX BCE,
WTHOPUPYS BBICTABICHHOE BpEeMsi 00paOOTKH B OKHE.

MO>KHO TPEIOIOKUTh, YTO B Ommkaimme 1-2 rojga pa3paOOTYMKH HE pPEIIaTCs
W3MEHUTHh €ro sApO, IOCKOJBKY IIOTEHIMAIBHO O3TO NpUBENET K MOTepe
COBMECTHMOCTH C HANMCaHHBIMH paHee NPWIOKCHUSIMH. B HacTosiiee BpeMs
mpoaykt (Bepcus 2.0.1) HempuromeH ans pabOTBI B CUCTEMax C HEpETYISPHOM
HATPY3KOW, HENPUTOACH JUIS HHTCPAKTUBHBIX CUCTEM. YUHTBIBAas HE CIHUIIKOM
BBICOKYIO MPOU3BOJAUTEILHOCTD, BBICOKOE BPEMS 3aJICPKKH, a TAKKE MACCy PYIHBIX
orepanuii mogoopa mapaMeTpoB, MOXKHO MPEIIOI0KHTE, 4To Spark OyneT omqHuM 13
CaMBIX JOPOTHX B AKCIUTYyaTaI[H POIYKTOM.

5.3 Apache Flink

Apache Flink [2] mosummonmpyercss Kak YHHBEPCAIbHBIH (PEeHMBOPK, TO €CTh
CIOCOOHBIH BBIMTOJIHATH KaK MOTOKOBBIC, TaK M ITAKETHBIE 3a7jauH, OTHAKO IS TOTO,
9TOOBI M30eraTh mpsMoil KOHKypeHInu ¢ Apache Spark, pa3paGoTumku cMeCTHIIN
OCHOBHOH aKIIEHT UMEHHO Ha 00pabOTKy MOTOKOBBIX AaHHBIX. [IpoexT pommics u3
akaJieMuIeckoro mpoekra Stratosphere m oTnm4aeTcs riayOOKOW TeopeTHYeCKOi
POpabOTKOHN apXUTEKTYpHI [17].

B Apache Flink peanmmsyercss ecTecTBeHHas IOTOKOBas 0OOpabOTKa HaHHBIX,
rapaHTupyeTcst 00paboTka cOOOIIeHHM CTPOro OTHH pa3, To ecTh "exactly-once",
obecrieunBaeTCsl aBTOMAaTH4YecKoe OalmaHCHUPOBAHWE HATPY3KW M BOCCTAHOBIICHHE
rocie cOoeB, a TaKKe MPUCYTCTBYIOT MEXaHU3MBI TIOICTPOHKH CKOPOCTH 00pabOTKH
KOHBeliepa.

W3  oueBuanbix pgoctomHcTB paborbl  Apache Flink ciemyer oTmeTnTh
HETIPEPBIBHOCTD BBINIOJIHEHHS OIEpaTopoB 0e3 pasneneHust Ha (as3bl 3arpy3Ku
JaHHBIX 1 00paboTKy. Tect, mpoBeAEHHEBIN 1O cxeMe, IpecTaBiIeHHoi Ha puc. 10,
MIOKa3bIBAET MOYTH POBHBIN Ipaduk 3arpy3KH CETEBOTrO aaanTepa YHpaBISIOLIETO
y3na (cM. puc. 12).
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Fig. 12. Master node network utilization by Apache Flink

Apache Flink xapakrepusyeTcss HU3KUMU 3aJ1epyKKaMH BBITIOTHEHUS [22] U BBICOKOI
MIPOU3BOTUTEIILHOCTBIO.

W3 HemoCTaTKOB TPAIUITMOHHO OTMEYAIOT TO, YTO MPOEKT JOCTATOYHO MOJIOJOU, U
HEMHOTHE KPYIHbIE KOMIIAHWHM PEAJTbHO PEIIWIM €ro WCI0JIb30BaTh, OIHAKO
JIMHAMHUKA €ro Hcmosb3oBaHus 3a 2016 rox roBOpUT O JOCTATOYHOM €r0 YpOBHE
pa3BUTHAL.

Apache Flink umeer 6ubnuoreky ais onucanus oopadotku B repmunax CEP [42]].
Ipumepom 3amaun CEP MokeT OBITh BBINOJHCHHE NCHCTBUN MPHU JOCTHXKCHUH
HeKoTopoi Temnepatypsl. Taxke noaaepxusaercs SQL [24].

5.4 Apache Kafka Streams

Kafka Streams [29] sBnsieTcst pesynbratoM pasButusi npoekra Apache Kafka [3].
ITockombky Apache Kafka mmpoko wucmonb3yercs B OW3HEC-TIPHIOXKEHUSX B
Ka4yecTBE CpEACTBA MOJMIEPXKKH OdepelNed COOOLIeHUH, Npodne MOTOKOBBIC
(peiiMBOpKH BBIHYKIEHBI 00ECTIeYMBaTh YTEHHE U OTIIPaBKy coobmennii n3 Kafka.
IIpn 3TOM Ha cThIKE OE3YyCIIOBHO BO3HHKAIOT IpPOOJIEMBI TapaHTHPOBAHHOCTH
00paboTKH COOOIIEHUH 1 MPOU3BOAUTEINHHOCTH. [ToaTOMY 1i1st Kommmaruu Confluent
OBUIO JIOTMYHBIM MPEAJIOKUTh COOCTBEHHBIH MHCTPYMEHT IOTOKOBOW 00padoTKwy,
KoTopslii Bxomut B coctaB Apache Kafka, naunnas ¢ Bepcum 0.10. B nactosimee
Bpemsi Kafka Streams — jerkoBecHass OuOnMOTEKa, IMO3BOJISIOIIAS BBIIOJIHSTH
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TpaIUIIMOHHBIE OTIEPAIINH C OKHAMH, arPEeTaINIO0 JAHHBIX U OTINCHIBATH COOCTBEHHEIC
OTIepaTOPHI ISt 00paOOTKH JaHHBIX.

TeopeTndeckuM IUTIOCOM JAaHHOTO (QpeiMBOpKa SBISIETCS IOCTYIHOCTH BCEX
BHYTpeHHHX MexaHm3MoB Apache Kafka, xoroprile HEOOCTYIMHBI WM HE
JOKYMEHTHPOBAHBI ISl HCIIOIB30BAHNS CTOPOHHUMH TTosib3oBaTessivu Kafka.
Pazpabotunku Kafka memaroT akimeHT Ha TOM, 9TO TIOTOKOBBIE TaHHBIEC U TAOJIHIIBI ITO
CYTH SABJISIOTCS OTHUM U TeM ke [29]. To ecTh TabuIa — 3TO pe3yabTaT HAKOTIIICHHS
HEKOTOPBIX COOBITHH 3a OTIPeIeTICHHOE BPEMsI, HJIF OKHO B TEPMHHAX COBPEMEHHOTO
MOTOKOBOTO Tporeccopa. COOTBETCTBEHHO, B TporpamMmmMHoM wuHTepdeiica Kafka
npenycmotpensl kinaccbl KTable u KStream. Ecnm e o0ecieduTs 10JITOBpeMEHHOE
XpaHEHHE BCETO MOTOKA, MoTydaeM Temnopansayo CYB/I.

Cpenu HenoctatkoB Kafka Streams ciemyeT oTMETHTD TO, 9YTO TIPOAYKT HE SBISCTCS
YCTOMYMBBIM, BO3MOXHBI u3MeHeHus API, cemanTmka omnepauuii arperanuu
oTaMyaeTrcs OT Apyrux ¢peiimBopkoB. Hampmmep, omepamms aggregateByKey
BMECTO HAKOIUICHHUS W BBIJAYM HECKOJIbKHX 3HAYCHHN B KOJHYECTBE, PaBHOM
KOJIMYECTBY KJIFOUCH, OyIeT BhIIABATh YACTHBIC arperathl MO KaKIOMY KIIIOYY Ha
KaxIoe BXojsiliee cooOmieHrne. Bo3MoxkHO, 3TO MmoBelncHHE OyIeT HM3MEHEHO B
CJICYIOIINX BEPCUSX.

Emé omuum crenuduueckum momentom Kafka Streams sBisercs To, 4To HET
MOJUICPKKU pacrapayicIUBaHus JaHHBIX, MACIITAOUPOBAHHUS M ABTOMATHYCCKOTO
KOHTPOJISI COCTOSTHHS, TOCKOJIBKY TIOTOKOBOE Tpuioxenue st Kafka Streams — 3to
aBTOHOMHOE Java-npuiioxxeHue, cBszanHoe ¢ Apache Kafka Ttonpko cranmapTHeIM
MIPOTOKOJIOM B3aMMOJICHCTBHSI. NmmocTpanus paboTHI TIPHUIIOKCHHS,
ncnons3ytoniero Kafka Streams, Obl1a npuBenena Ha puc. 5.

Eciu 3TH BO3MOXXHOCTH HE OYyAYT MPEIOCTaBJICHBI MIPOrPAaMMUCTaM B OJrkaifiiee
Bpems, To IpssMbIM KoHKypeHToM Kafka Streams ssisiercst Project Reactor [15]. Ero
JIOCTOWHCTBOM SIBIISIETCS TITyOOKast mHTErpaius ¢ Java (sBisercs KaHIWAATOM Ha
BKITIIOUeHHE B cocTaB Java 9). Project Reactor yxe mcmonp30Ban B mpoekTe Spring
Framework 5. B aktuBHO# pa3zpaboTke HaxoauTces mpoekT Reactor Kafka.

5.5 Apache Samza

Apache Samza [4] — MOTOKOBBIH (PpeHMBOPK, JEMOHCTPUPYIOIIHHA OYEHb BHICOKYIO
CKOPOCTh 00pabOTKH COOOIIEHUH M HU3KYIO 3aIepKKy nx oOpadoTku [41]. Samza
MTO3UITMOHUPYETCS KaK MPOIYKT TOH ke KaTeropuu, uto u Apache Storm.

Samza mommepkuBaeT pexuMm o0paboTku '"exactly-once", TO ecTh IyOIMKATHI
coobmiennii Bo3MOXxHBI. CoxpaHeHHe COCTOSHHUS obecreumBaeTcs 3a c4€T BJI
«KITIOY-3HAYCHHUEY, CBI3aHHOM C KaXKJIOM ITOTOKOBOM 3aJaucH.

Mopens nporpaMMUpOBaHUS — KOMIIO3UITMOHHAS, PUYEM MTporpaMMa Co3aETcs B
TEpMHUHAX KJaccoB Java, peanu3yromux omnpeaenéHHasie naTepdeiicel. To ecth, B
otmuunu ot Apache Flink mmu Spark, HeT BbIOOpa s3bIKa MPOTPaMMHUPOBAHHS 32
npeaenamu JVM.

JlomomHUTETHFHBIE 0COOCHHOCTH Samza paccMaTpuBaroTcs B [14].
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5.6 Apache Apex

Apache Apex [1] Tak xe, kak Apache Spark, Apache Flink, mosuunonupyercs xaxk
YHUBEpCaJIbHBIH (PEHMBOPK JUIsl HOTOKOBOH M MAaKETHOW 00pabOTKHM JaHHBIX.

Tak xe, kak um B Apache Flink, momnepxwuaercs pexum "exactly-once”,
BBICOKOYPOBHEBAs JICKJIapaTHBHAS MOJEIb NPOTPaMMHPOBAHUS C BO3MOXHOCTBIO
paboThI C OKHAMU JTaHHBIX U 00pabOTKOM COOOIIEHHH 110 UX BHYTPEHHEMY BPEMEHU
Wi 1o cucreMHomy Bpemenu. [lognepxusatorcest cpencrsa ETL, umeercss nHabop
CPE/ACTB MHTETpAallMU C pa3lIMuHBIMM ouepensMu coobieHuid, Brmouas Kafka, a
takke ¢ pasnmuaabiMu CYBJI. Jlekmapupyercs uHTETparus co cpeacrsamMmu Apache
Beam, Apache SAMOA.

B cratee [43] cpaBuBatoTcs Apache Apex um Apache Flink mo cxeme Yahoo
Streaming Benchmark. Ilpm »ToM Apex mOKa3bpIBaeT HECKOIBKO MEHBIINE
a0COJIOTHBIC 3aJIep)KKU M pa3dpoc WX 3HAYEHUM Ha OONBIINX O0beMax NaHHBIX.
O/HaKO HUKAKUX OLEHOK IO APYTMM KPUTEPHSM B CTAThE HET.

6. Kommepuyeckue npoepaMMHble npPodyKmbl C 3akpbimbIM
UCXOOHbIM KOOOM

B oTHOmEHMH KOMMEpPYECKHX IOTOKOBBIX (PEHMBOPKOB CHUTyalus COBEPIICHHO
uHas. B uccnenoBanuu [36], Hanpumep, CpaBHUBAIOTCS Pa3IMUHble KOMMEPYECKHE
¢peiimBopku Trna Cisco Connected Streaming Analytics, Data Torrent RTS, Esper
Enterprise Edition, IBM Streams, Impetus Technologies StreamAnalytix, Oracle
Stream Explorer, SAP Event Stream Processor, SAS Event Stream Processing,
Software AG Apama Streaming Analytics Platform, SQLstream Blaze, Striim,
TIBCO StreamBase, WSO2 Complex Event Processor u mp.

I'maBHast mpo0iieMa 3aKJIF0YACTCS B TOM, YTO YaCTh BEHIOPOB BBITYCTHIIU MPOYKTHI
JUIL TIOTOKOBOW OOpa0OTKHM YHCTO HOMHHAJIBHO. B  OOJBIIMHCTBE ClydyacB
NOTPEeOUTEh HE UMEET BO3MOXKHOCTH OOBEKTHBHO CPaBHUTh HX C OTKPBITHIMH
MOTOKOBBIMH IIPOIIECCOPAaMHU M JOJDKEH JOBEPUTHCS JIMIIL aBTOPHUTETY Mapku. B
JAaHHOM CIlydae CleAyeT OTOpachlBaTh KOMIIAHHWH, Ui KOTOPHIX IPOTPaMMHEIC
pa3paboOTKH HE SBISIFOTCS OCHOBHBIMH. Y Ka3aHHBIN OTYET KaK pa3 U IEMOHCTPUPYET
HEeTpopaboTaHHOCTh MPOAYKTOB Y psiia KOMIAHHUH, YTO, CKOpPEe BCETO, MPHUBEIET B
JaIBHEHIIeM K 0TKa3y OT UX MOICPKKH.

7. 3aknroyeHue

B nacrosmiee BpeMst HaOmrogaeTcss MHOTOoOpa3ue TOTOKOBBIX (peiiMmBopKoB. [Tpu
9TOM CJIeAyeT OTMETHTh, C OJHOW CTOPOHBI, TMOMBITKH pPa3pabOTUUKOB
MO3UIMOHUPOBATh CBOM MPOJAYKTHl KaK YHHBEPCAIbHbIE W HPUTOJHBIC U BCEX
Clly4aeB KHM3HH, C JpYroil CTOPOHBI, CYyLIECTBYET TEHJICHLMS CO31aHHs
CHCIUATM3UPOBAHHBIX (PPEHMBOPKOB TI0J] KOHKPETHBIC 3a/iayd, CBOWCTBCHHAS
CKOpee KPYITHBIM KOMIaHusM. 11 B OTHOM, U B IPYTOM CIIy4ae pe3yJbTaT SBISCTCS
HabOpPOM KOMIIPOMHCCOB.
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JlomoTHUTENHHO ClieAyeT yKa3aTh cTaThio [11], rme mpuBOAMTCS CpaBHUTEIbHAS
tabimma 12-tm mpomykToB Apache, OTHOCAIIMXCSA K TPYIIE IMOTOKOBBIX
¢periMBopkoB. B Tabnmily CBeOeHBI MG XapaKTEPHUCTHKH, IEKIapHpyeMBbIe
pa3paboTINKaMHU 3TUX MPOIYKTOB.

HecmoTpst Ha TOIBI pa3BUTHS TOTOKOBEIX (pEeHMBOPKOB M X MHOTO0Opa3ue, 10 CHX
MOp HE CYIIECTBYET HUKAKUX CAWHBIX ITOJXOMOB JJIS OLEHKH HX XapaKTePUCTHK H
JKCIIEPUMEHTAITLHOM MTPOBEPKH. PacCMOTpEeHHBIE B 3TOH CTaThe METOABI MOTYT OBITh
WCTIONIB30BAaHBl ISl TIPOBEPKH KOHKPETHBIX AaCIeKTOB  (PYHKIIMOHHUPOBAHMUS
(hpeiiMBOPKOB U BHIOOpA TOAXO/IAIIETO MPOAYKTA JUIsl KOHKPETHOTO Cliydasl. 3ajada
co3aHus O0IIell METOJMKKA TECTHPOBAaHUs, HabOpa TECTOB M HA0Opa NAHHBIX IS
MPOBEPKU TOTOKOBBIX (PPEHMBOPKOB BCE €l OCTAETCS aKTyallbHOM.
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Abstract. This article is devoted to review of current state of streaming processing field
including. This includes some historical aspects and mentioning of leaps of technologies
development. Big part is attended to aspects of working of streaming processing frameworks
at the point of view programmers which are using ones to create own streaming applications.
These aspects includes framework selection issues which are criteria of selections, hidden
aspects of functioning, existing benchmarks for big data and streaming frameworks review,
and different benchmarking techniques description. Also, this article contains comprehensive
list of references.

Keywords: big data, benchmark, apache storm, spark, flink, samza, apex, katka

DOI: 10.15514/ISPRAS-2017-29(1)-13

For citation: Samarev R.S., Review of streaming processing field. Trudy ISP RAN/Proc. ISP
RAS, vol. 29, issue 1, 2017. pp. 231-260 (in Russian). DOI: 10.15514/ISPRAS-2017-29(1)-13

References

[1]. Apache Apex. https://apex.apache.org/. [Online; accessed 2017-01-02].

[2]. Apache Flink: Scalable Batch and Stream Data Processing. https://flink.apache.org/.
[Online; accessed 2017-01-02].

[3]. Apache Kafka. https://kafka.apache.org/. [Online; accessed 2017-01-02].

[4]. Apache Samza. http://samza.apache.org/. [Online; accessed 2017-01-02].

[S]. Apache Spark™ - Lightning-Fast Cluster Computing. https://spark.apache.org/. [Online;
accessed 2017-01-02].

[6]. Apache Storm. https://storm.apache.org/. [Online; accessed 2017-01-02].

[7]. Drools - Business Rules Management System (Java™, Open Source).
https://www.drools.org/. [Online; accessed 2017-01-02].

[8]. Guaranteeing message processing.
http://storm.apache.org/releases/current/Guaranteeing-message-processing.html.
[Online; accessed 2016-12-23].

[9]. RocksDB a persistent key-value store. http://rocksdb.org/. [Online; accessed 2017-01-02].

[10]. Spring. https://spring.io/. [Online; accessed 2017-01-02].

[11]. An Overview of Apache Streaming Technologies.
https://databaseline.wordpress.com/2016/03/12/an-overview-of-apache-streaming-
technologies/, 2016. [Online; accessed 2017-01-02].

[12]. Apache Flume. https://flume.apache.org/, 2016. [Online; accessed 2017-01-02].

[13]. Heron. A realtime, distributed, fault-tolerant stream processing engine from Twitter.
https://twitter.github.io/heron/, 2016. [Online; accessed 2017-01-02].

257

Samarev R.S. Survey of streaming processing field. Trudy ISP RAN/Proc. ISP RAS, vol. 29, issue 1, 2017, pp. 231-260.

[14]. Samza. Comparison Introduction. http://samza.apache.org/learn/documentation/
latest/comparisons/introduction.html, 2016. [Online; accessed 2017-01-02].

[15]. Project Reactor. https://projectreactor.io/, 2017. [Online; accessed 2017-01-02].

[16]. Daniel J. Abadi, Don Carney, Ugur Cetintemel, Mitch Cherniack, Christian Convey,
Sangdon Lee, Michael Stonebraker, Nesime Tatbul, and Stan Zdonik. Aurora: A new
model and architecture for data stream management. The VLDB Journal, 12(2):120-139,
August 2003.

[17]. Alexander Alexandrov, Rico Bergmann, Stephan Ewen, Johann-Christoph Freytag,
Fabian Hueske, Arvid Heise, Odej Kao, Marcus Leich, Ulf Leser, Volker Markl, Felix
Naumann, Mathias Peters, Astrid Rheinldnder, Matthias J. Sax, Sebastian Schelter,
Mareike Hoger, Kostas Tzoumas, and Daniel Warneke. The stratosphere platform for big
data analytics. The VLDB Journal, 23(6):939-964, December 2014.

[18]. Alexander Alexandrov, Andreas Salzmann, Georgi Krastev, Asterios Katsifodimos, and
Volker Markl. Emma in action: Declarative dataflows for scalable data analysis. In Fatma
Ozcan, Georgia Koutrika, and Sam Madden, editors, Proceedings of the 2016
International Conference on Management of Data, SIGMOD Conference 2016, San
Francisco, CA, USA, June 26 - July 01, 2016, pages 2073-2076. ACM, 2016.

[19]. Henrique C. M. Andrade, Bugra Gedik, and Deepak S. Turaga. Fundamentals of Stream
Processing: Application Design, Systems, and Analytics. Cambridge University Press,
New York, NY, USA, 1st edition, 2014.

[20]. Arvind Arasu, Mitch Cherniack, Eduardo F. Galvez, David Maier, Anurag Maskey,
Esther Ryvkina, Michael Stonebraker, and Richard Tibbetts. Linear road: A stream data
management benchmark. In Mario A. Nascimento, M. Tamer Ozsu, Donald Kossmann,
Renée J. Miller, José A. Blakeley, and K. Bernhard 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.

[21]. Paris Carbone, Gyula Fora, Stephan Ewen, Seif Haridi, and Kostas Tzoumas. Lightweight
asynchronous snapshots for distributed dataflows. CoRR, abs/1506.08603, 2015.

[22]. S. Chintapalli, D. Dagit, B. Evans, R. Farivar, T.Graves, M. Holderbaugh, Z. Liu,
K. Nusbaum, K. Patil, B. J. Peng, and P. Poulosky. Benchmarking streaming computation
engines: Storm, flink and spark streaming. In 2016 IEEE International Parallel and
Distributed Processing Symposium Workshops (IPDPSW), pages 1789-1792, May 2016.

[23]. Saliya 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?FMT=ABS.

[24]. Hueske Fabian. Stream Processing for Everyone with SQL and Apache Flink.
https://flink.apache.org/news/2016/05/24/stream-sql.html, 2016. [Online; accessed 2017-
01-02].

[25]. Ahmad Ghazal, Tilmann Rabl, Minqing Hu, Francois Raab, Meikel Poess, Alain Crolotte,
and Hans-Arno Jacobsen. Bigbench: Towards an industry standard benchmark for big data
analytics. In Proceedings of the 2013 ACM SIGMOD International Conference on
Management of Data, SIGMOD ’13, pages 1197-1208, New York, NY, USA, 2013.
ACM.

[26]. Lukasz Golab and M. Tamer Ozsu. Issues in data stream management. SIGMOD Rec.,
32(2):5-14, June 2003.

[27]. Martin Hirzel, Robert Soulé, Scott Schneider, Bugra Gedik, and Robert Grimm. A catalog
of stream processing optimizations. ACM Comput. Surv., 46(4):46:1-46:34, March 2014.



Camape P.C. OG630p cocTosiHUs 0611aCTH TIOTOKOBOIT 00paboTku nanubIX. Tpyosr UCIT PAH, tom 29, Bbim. 1, 2017,
ctp. 231-260.

[28].

[29].

[30].

[32].

[33].

[34].

[35].

[39].

Kreps Jay. Putting Apache Kafka To Use: A Practical Guide to Building a Stream Data
Platform. https://www.confluent.io/blog/stream-data-platform-1/,
https://www.confluent.io/blog/stream-data-platform-2/, 2015. [Online; accessed 2017-01-
02].

Kreps Jay. Introducing kafka streams: Stream processing made simple - confluent.
https://www.confluent.io/blog/introducing-kafka-streams-stream-processing-made-
simple/ , 2016. [Online; accessed 2017-01-02].

Tzoumas Kostas, Ewen Stephan, and Metzger Robert. 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/, 2015.
[Online; accessed 2016-12-23].

. Ruirui Lu, Gang Wu, Bin Xie, and Jingtong 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.

Nathan Marz and James Warren. Big Data: Principles and Best Practices of Scalable
Realtime Data Systems. Manning Publications Co., Greenwich, CT, USA, Ist edition,
2015.

Diana Matar. Benchmarking Fault-Tolerance in Stream Processing Systems. Master’s
thesis. TU-Berlin, 2016, 57 pp.

Zaharia Matei, Wendell Patrick, and Das Tathagata. Diving into apache spark streaming’s
execution model.  https://databricks.com/blog/2015/07/30/diving-into-apache-spark-
streamings-execution-model.html, 2015. [Online; accessed 2016-12-23].

Guido Mazza. big data streaming processing engines under the umbrella of the apache
foundation: benchmark and industrial applications. Master’s thesis. Universita' degli
Studi di Modena e Reggio Emilia, 2015. http://www.dbgroup.unimo.it/tesi/Magistrale/
201516_Guido Mazza tesi.pdf

. Gualtieri Mike, Curran Rowan, Kisker Holger, Miller Emily, and Izzi Matthew. The

forrester wave™: Big data streaming analytics, ql 2016.
http://www.cakesolutions.net/teamblogs/comparison-of-apache-stream-processing-
frameworks-part-2,
https://www.sas.com/content/dam/SAS/en_us/doc/analystreport/forrester-big-data-
streaming-analytics-108218.pdf, 2016. [Online; accessed 2017-01-02].

. Zapletal Petr. Comparison of apache stream processing frameworks: Part 1.

http://www.cakesolutions.net/teamblogs/comparison-of-apache-stream-processing-
frameworks-part-1, 2016. [Online; accessed 2016-12-23].

. Zapletal Petr. Comparison of apache stream processing frameworks: Part 2.

http://www.cakesolutions.net/teamblogs/comparison-of-apache-stream-processing-
frameworks-part-2, 2016. [Online; accessed 2016-12-23].

Tilmann Rabl, Michael Frank, Manuel Danisch, Hans-Arno Jacobsen, and Bhaskar
Gowda. The vision of bigbench 2.0. In Proceedings of the Fourth Workshop on Data
Analytics in the Cloud, DanaC’15, pages 3:1-3:4, New York, NY, USA, 2015. ACM.

. Michael Stonebraker, Ugur Cetintemel, and Stan Zdonik. The 8 requirements of real-time

stream processing. SIGMOD Rec., 34(4):42-47, December 2005.

. Feng Tao. Benchmarking Apache Samza: 1.2 million messages per second on a single

node.  https://engineering.linkedin.com/performance/benchmarking-apache-samza-12-
million-messages-second-single-node, 2015. [Online; accessed 2016-12-01].

259

Samarev R.S. Survey of streaming processing field. Trudy ISP RAN/Proc. ISP RAS, vol. 29, issue 1, 2017, pp. 231-260.

[42].

[43].

260

Rohrmann Till. Introducing Complex Event Processing (CEP) with Apache Flink.
https:/flink.apache.org/news/2016/04/06/cep-monitoring.html, 2016. [Online; accessed
2017-01-02].

Rozov Vlad. Throughput, Latency, and Yahoo! Performance Benchmarks. Is there a
winner? https://community.mapr.com/community/exchange/blog/2016/12/05/
throughput-latency-and-yahoo-performance-benchmarks-is-there-a-winner-by-vlad-
rozov, 2016. [Online; accessed 2017-01-02].



