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1) PasHoBuUAHOCTH *-Ops

Y10 o3HavyawT TepMuHbl TechOps, DevOps, NoOps, DevSecOps?

CneumaAmsaLmMm *-ops CNeLmMaAMCTOB.

TechQOps

— Kok npaBMAO 3TO HAMMEHOBOHME AOAXHOCTU, POAU. COTPYAHWKM HOA IDTOMU
AOAXKHOCTM MOMOTAIOT KOMOHAE PA3PADOTIYNKOB YMEHDBLLMTL HAMPY3KY, YTODbI TE
MOTAU CAOOKYCHMPOBATLCS HA pa3paboTtke [MO.

— TechOps He BKAOHOET B Ceba pa3paboTky MNPUAOXKEHUM, CUCTEM MAMU
NPOrPAMMHOIo obecnevyeHms. OCHOBHAA 3a0A040 TechOps — 3T0 MOMOLLLb BCEM
AOAXKHOCTAM B IT BO BCEM, KpOME pPa3paboTku MN0O.

DevOps

— B otamume ot TechOps, DevOps 310 HE AOAXHOCTb, O B OOAbLLIEN CTEMEHMU
KYABTYPQA, HOOOP MPAKTMK M CcNOoCOO pabOThl AAS MOBbILLEHMI 2F0TOEKTUBHOCTU
OOCAYXMBAHMA [T, OCOOEHHO PA3BEPTLIBAHMA M pa3padboTtkm [1O. OCHOBHO4
30A040 DevOps — TApPAHTUPOBATL BbIMYCK KA4eCTBEHHOIO 1O B MAKCUMAABHO
CXATbIE CPOKM M MOKCMMOABHO 30D EKTUBHbBIM CIMTOCODOM.


https://proglib.io/p/9-glavnyh-specializaciy-v-devops-kakoe-napravlenie-vybrat-osvaivayushchemu-professiyu-novichku-2021-08-06
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NoOps

NoOps (No Operations) — 3T0 MOAXOA, MPU KOTOPOM HEKOTOPbIE MPOLLECCHl 3KCMNAYATALMM OTCYTCTBYIOT,
HAMPUMEP, NPOLLECChI PA3BEPTLIBAHUS U MOATOTOBKM K MCMOAb3OBAHMIO.

OcHoBHAOA 30A04a NoOps — yAyyLLEHME rlgouecco PO3BEPTLIBAHUSI MPOUAOXKEHMM, MPU KOTOPOM  UCKAIOHAETCH

B3AMMOAEMNCTBUE MEXKAY OTAEAOMM PA3PA

OTKM N SKCIMAYATALLMN.

PeaAm3aLmMs TOKOro MOAXOAQ BO3MOXKHA MPU CAEAYIOLLIMX YCAOBMSIX (*):

Pa3pa®oTymkm  COMM  BLIMOAHAIOT  ONepauMM MO  MUIPALMKM  OKPYXEHMS Pa3pabOTKM C  TECTOBOrO CepBepa  HA
MNPOM3BOACTBEHHbIM (B production) 6e3 NpMBAEYEHMS AOMOAHUTEABHOTO 3BEHA B BMAE DevOps-MHXEHEPOB.

B kayectse production-cepsepa UCMOAb3YIOTCY ODAQYHbIE peLueHma: PaasS (Platform as a Service) mn laaS (Infrastructure as a
Service), B KOTOPbIX, OBAQrOAQPS TEXHOAOTMAM BUPTYAAM3ALMM M TUMOBBIM BAPMAHTAM PABOYMX CPEA, PA3PABOTIMK MOXKET
COMOCTOATEABHO PA3BEPHYTh HYXKHOE paboyee OKPYXEHME 30 HECKOABKO MMHYT.

Takum obpaszom, NoOps nponaraHaMpyeT oTka3 oT DevOps-MHXKXEHEPOB, KOK OT AOMOAHUTEAbHbIX YH4ACTHUKOB
Agile-koMaHAbI Mo paspaboTke MO, Npr COXPAHEHMM BCEX MPUHLMMOB M MOAOXKEHMM CAMOM KoHLLEenumm DevOps.

[MpoenmyLiecTtsa noaxoaa NoOps:

OtcytctBMe pacxoaoB HO DevOps-UHXXEHEPOB.
MOBbILLIEHME BOBAEYEHHOCTM U OTBETCTBEHHOCTU 30 MTOTOBbIM PE3YABTAT CMELMAAMCTOB M3 OTAEAC PA3PABOTKM.

Boaee cCTporoe COOTBETCTBME METOAOAOTHU Agile (CKOPOCTb, AQAAMTMBHOCTb, YOCTbIE PEAM3bl, BO3ZMOXHOCTMU OMEPATUBHO
PEeArMpoOBATL HA 3AMNPOCHI U HE BOATLCH OLLMOOK, TAOK KAK BCETAQ BO3MOXXEH BO3BPAT K MPEAbIAYLLLEW BEPCUM).

[NoBbiLLEHWE CKOPOCTM 1N KAYECTBA ONepAUMOHHbBIX NPOOLLECCOB 6/\CIFO.A.CIp9I MCTMOAB3OBAHMIO MHCTRYMEHTOB ABTOMATHU3ALNM A
BHEAPEHUIO OOAQYHbIX peLeHnmn.

[TOCKOABKY YCAOBMS (*) ABASKOTCH AOCTATOYHO CEPLE3HbIMM OFPAHUYEHMIMMK, TO MOAXOA DevOps npoAOAXAET
QKTMBHO Pa3BMBATLCA. NOOPS MOXHO PACCMATPMBATL KAOK AOCTATOYHO Y3KMM MOAXOA, KOTOPbIM TOAMTCS AMLLIb AAS
HEKOTOPbIX KOMOHA. 6



DevSecOps-1

UHxeHep DevSecOps asTomaTtusupyer obecne4vyeHue
UHCPOPMALMUOHHOM  6GEe30MacHOCTM Ha  BCex  ITanax
XXU3HEHHOro LUUKAA pa3paboTKu NPOrpaAMMHbIX NPOAYKTOB, OT
NepPBOHAYAAbHOIO NPOEKTUPOBAHMUSA AO MHTEerpaumm,
TEeCTUPOBAHUSA, PA3BEPTbIBAHUA U AOCTABKM.

AO nossaeHns DevOps npoBepka 6e30MACHOCTM MPOAYKTOB
BbIMOAHAAQCH HA 3QKAIOYUTEABHbIX 3TAMAX >XM3HEHHOTO LIMKAQ
pa3pabotkm [1O. NMOCKOAbKY OCHOBHOE BHMMAHME YAEAIAOCH
pa3paboTke, MNpPoBepKa Oe30NACHOCTM CHYUTAAACH MEHee
BAXKHOM YEM APYTMe 3TArbI.

OTOT MOAXOA PAOOTAA, NMokA OBHOBAEHMS [1O BbIMYCKAAMCH
BCEro OAMH MAM ABO PA3A B rOA. KOraQ pa3pabOTiMKK HOYOAM
NPUMEHATL MeToAMKM Agile 1 DevOps, LnKAbl pa3paboTtkm MO
COKPATUAUCH AO HECKOABKMX HEAEAb WAM ACXKE AHEW, d
TPAAMLMOHHbBIM MOAXOA K 6E€30MACHOCTM CTAA HEAKTYOAbHbIM.

DevSecOps peLuaet npobAeMbl HO TOM 3TAMe, KOrAQ OLLIMOKMH
A€TYE, ObICTPEE U AELLIEBAE UCMPABASITH (AO TOrO, KAK KOA OyAET
3anyweH Ha cepsepax). Kpome Ttoro, DevSecOps aeAaer
OE30MNACHOCTb  MPUAOXEHUMM U MHADPACTPYKTYPbl ObLLEN
OTBETCTBEHHOCTbIO  rPynn  PA3PABOTKYM, €30MACHOCTM U
SKCMAYATAUMM, A  HE  EAMHOAMYHOM  OTBETCTBEHHOCTHIO
NOAPQA3AEAEHMN BE30MACHOCTM.

DevOps

Development

\ 4

Application

Delivery

IT Operations

DevSecOps

Development IT Operations

©

Application Security
Delivery




DevSecOps-2

TunuyHbIN paboynn npouecc DevOps n DevSecOps:

1. N 7. E=
«  Pa3paboTiMK CO3AAET KOA M BHOCUT €70 B CUCTEMY 0 )
YMNPOBAEHUA KOHTPDOAEM BEPCHM. > S AN ‘
CODE Security Assess APPLICATION
ANALYSIS Compliance Quality Deployed Code MONITORING

 Apyron paspaboTiMK M3BAEKAET KOA M3 CUCTEMDI
YNPOBAEHUS BEPCUIMM U BbIMOAHIET CTATUYECKMM
OHOAM3 KOAQO AAS  BbIIBAEHMS AIODBbIX AEdOEKTOB
OEe30MNACHOCTM MAM OLLIMOOK KO4YECTBA KOAQ.

Scan While You Can

9.{(@}

CONFIGURATION
ENFORCEMENT

« 3dTEM CO3AQETCqd CpeAad C  MCMNOAb3OBAHUMEM @
MHCTPYMEHTA WHJopACTPYKTYPA KOK KOA)). AUTO CODE
[TOUAOXKEHME PA3BEPHYTO, U K CUCTEME NMPUMEHEHb| CORRECTION
HACTPOWMKM BE30MNACHOCTM.

« [loCcAe 3TOrO AAS BHOBb PA3BEPHYTOrO MPUAOXKEHMS

BbIMOAHAETCH HaOOP ABTOMATUYECKOTO + 3L 10. @
TECTUPOOBAHMA, BKAKOHOA CEePBEPHYIO 4ACTb, TR;&NS&PDC;IT ITIS:PNIIESEI;?;J 3
Yy Yy INSPECTION USER BEHAVIOR
MOAb3OBATEALCKMU UHTEPAOENC, MHTEMDALMIO, TECTDI sy 5. ctacic pplicaion . AN AT
6e3OI'ICICHOCTl/1 7! AP'. Security Testing o
CODE THREAT
ANALYSIS ALERTING
« ECAM TMPUAOXKEHME MPOXOAUT IDTU  TECTbl, OHO Static Applcation

PCA3BEPTLIBAETCS B MPOM3BOACTBEHHOM CPEAE.

« 3OTA HOBAS MPOM3BOACTBEHHAS CPEAA MOCTOAHHO
KOHTPDOAUPYETCA AAR  BbIABAEHMS AIODbLIX QOKTMBHbIX
Yrpo3 6€30MNACHOCTU AAS CUCTEMDI.



2) PasHoBUAHOCTH *-Ops AAS 0OpaboOTKHU
ACHHbIX U MALLUMHHOIO O0y4YeHuUs

* YTO O3HAYAIOT TEPMMUHDI:
— DataOps,
— AlOps,
— MLOps,
— ModelOps?



DataOps (BigData+Ops) - 1

«DataOps — 3T0 ABTOMATUIMPOBAHHAN U OPUEHTUMPOBAHHAN HA
NPOLLECChl METOAOAOTMI. OHA MCMOAB3YETCA KOMOHAOMUM AQTA-
QHOAUTMKOB  AAY  TOBbILLUEHMA  KAYECTBA M COKPALLEHMS
BPEMEHHOIO LUMKAQ B AHAAUTMKE AQHHbIXY. Bukuneams.

DataOps — cnoco®b ynpaBAEHMS AQHHbIMM, OBECMEYMBAIOLLIMNM
KOMMYHUKALMM U UHTETPALMIO YXKE MMEIOLLIMXCA AQHHbBIX, KOMOHA
M CUCTEM, MO3BOASIOLLIMM MOAYHYMTb MPEMMYLLLECTBA OT MIMEHEHMS,
NEPECTPOMNKM OPICTPYKTYPbl M TEXHOAOTMM  AAS  MOAAEPXKKM
B3AMMOAEMCTBUI MEXAY TEMMU, KTO CODUPAET U TOTOBUT ACHHbBIE, U
TEMMU, KTO UX AQHOAMIMPYET M NPUMEHSET B OU3HECE.

Data Engineers

[AQBHOS 30A040 DevOps — NpeAOCTaBUTL DM3HECY paboTtatoLLee
NO. 3aaa4a DataOps — NPEAOCTABMTL MPEANPUATUIO OKTYAAbHbIE
paboTaoLLIME AQHHbIE.

Plan Release

. Deploy
DataOps-mHXeHepbl OCOOEHHO HY>XHbI B Big Data komaHae.

ToW OCHOBHbIE MAEWN, HO KOTOPLIX dbokycupyetca DataOps:

— Pabota ¢ AOHHBIMM AOAXKHAO ObITb BOCMPOM3BOAMMOM.

AY 4
- IR ‘..
—  AHOAUTUKQ KOK KOA (AODbIE AEUCTBUS MOTYT ObITb OMUCAHbI KOAOM). A &}

- R‘.
— AQHHbIE KOAK MAQTCPOPMA  (AQHHBIE MOTYT ABAATBCA OCHOBOM  AAS !‘%,}/
PA3PABOTKM ML 7 Al-NPUAOXKEHMI; AQHHbIE OYULLLEHDI,

NpPeAoBpPABOTAHbI, K HUM OBecneyeH AOCTYN U T.A.). Operate

Test Monitor

- [TOPTAA OTKPbITbIX AQHHbIX.

10


https://ru.wikipedia.org/wiki/DataOps
https://data.gov.ru/

DataOps (Bi

Kputepnia

ctepa oTBeT-
CTBEHHOCTH

HanpaBneHwWA

AeATe/IbHOCTH

DataOps-uHxeHep

ABTOM&THSBL{MH W MOHWTOPUHI ynpagne-
HWA AaHHbIMW B TEYEHHE BCETO WX XHW3-

HEHHOro UMKna

- WHXEHEPUA OaHHbIX

- MHTErpaunAa AaHHbIX

- NOEblleHWe Ka4yeCTBa JaHHbIX

- ofecneyeHue LUEeNOCTHOCTH AaH-

HbIX U NONMTUKK Be30NacHoro AOoCTYNna K
HHAM

npUKnagHbie 3a-
DevOps-uHxeHep

Aaun
ABTOMaTU3aLMA U MOHUTOPMHT pas-

paboTKu U pa3BepTbiBaHWA Npo-

rpamMHoOro obecnevyeHunn

- paspa6otka [10

- TecTUpoBaHWe

- pa3BepTbiBaHWe W NOAOEPXKKa

JKCnnyatauum

B3auMoJen-
CTBME C ipYyIH-
MH YleHaMK Ko-

mangbl Big Data

- co3fjaHue WHpPACTPYKTYpbl ANA KOp-

gData+Ops) — 2

- aBTOMAaTM3aLWA NPOLEccoB 3arpysku -  paspabotka [10 B yCKOPeHHOM

AaHHbIX B XpaHWUNKLa pexume

- MOHWUTOPWHT onepalWOHHbIX NOTOKOEB — 4acCTaA NOCTaBKa W pa3BepPTbiBa-

JlaHHbIX Hue 10

- ONTHMKW3aLUKNA aHaNTMTUKKH JaHHbIX - 6blCTp0€ nepekn4yeHne ot 3a-
aav p33p3.50TKH K aKcnnyaTaynu 4e-
pes3 TeCTUpOBaHWe

PEKTHOro XpaHeHWd, ABUXKEHWA U UCNONb-

30BaHWA AaHHbIX

- WHXeHepbl AaHHbix (Data Engineers) -  nporpaMMucTbl, pa3paboTumku

MO (Software Engineers, Developers)
- uccnegoBatenu faHHbix (Data

Scientists) - CHMCTeMHble afMWUHUCTPaTOPbl 1

TeXHWYecKan nogaepxka (System

—  aHanuTMKn ganHbix (Data Analysts) Administrators, Operational Team)

- tectupoBuukm (Testers, QA-

Engineers)

11



AlOps-1

MCKyCCTBEHHbIM MHTEAAEKT AAf UT-akcnayataumm (AlOps, Artificial Intelligence AlOps Will Provide Consolidated Analysis of Monitoring Data
for IT Operations) Bkao4aeT B cebd  MUCMOAb3OBAHME  TEXHOAOTMUM

MCKYCCTBEHHOTO MHTEAAEKTA M MALLUMHHOTO OBOYYeHUs HAPSAY C OOAbLLMAMM
ACHHbBIMM, MHTETPAUMEN ACHHbBIX M TEXHOAOTUSMM CQBTOMATM3ALMM, HTOOBI
MOMOYb CAEAQTb MT-BKCMAYATAUMIO MHTEAAEKTYAABHOM M MOCTPOEHHOM HA
NPOrHOCTMYECKMX MOAEAIX. AlOPS AOMOAHSET PyYHbIE ONEPALMM PELLEHUIMM

Ha ocHoBe NN 1 MALLIMHHOTO 0By4YeHMs.
O6bI4HO AIOPS-CUCTEMA COCTOUT M3 TPEX OCHOBHbIX MOACUCTEM: Network Artificial Application
A Performance Intelligence Perf
- HAAUTUYECKAS MOACUCTEMA UCMOAb3YET MHCTOYMEHTbI MCKYCCTBEHHOIO Monitoring and for S
MHTEAAEKTA AAS COOPA AQHHBIX O COCTOSHMM MUT-CPEAbI. Diagnostics IT Operations Monitoring

(APM)
- [loAacHCTEMA MALLMHHOTO ODYYEHMS MOUMEHIET AATOPUTMbI AAS OHOAM3A (NFMD) (AlGps)

STUX AQHHBIX M OBTOMATUHECKOTO CO3AOHMS MPOrHO30B O TOM, KOK OHM
M3MEHSTCS B OYAYLLIEM.

— [loACMCTEMA OBTOMATM3ALIMM MCMOAb3YET CYLLLECTBYIOLLIME MPOLLECCHI, IT Infrastructure
MOAUTMKM M LLUGBAOHBI AA CBTOMATM3AUMM 30AQH, KOTOPbIE YACTO Monitoring (ITIM)
BLIMOAHAIOTCS BPYYHYIO. 3TO MOXHO CAEAQTh AMBO MYTEM CO3AQHMS
CLEHOPUEB  AA9  BLINOAHEHMS  AKOABMW,  AMBO  NYyTEM WX | |p 352700 ©2018 Gariner, Inc.

HEMOCPEACTBEHHOIO BbINOAHEHWA 0e3 BMELLATEABCTBA YHEAOBEKA.

AlOps MCnoAb3yeT BOAbLLME AQHHBIE M3 PA3AMYHbBIX MCTOYHUKOB, KOTOPbLIE MOTYT
ObITb B AKOOM ChopMATE, HAMPUMEP:

—  CUCTEMHbIE XXYPHOAbI M METPUKM.

—  AQHHbIE O CODbLITUAX B PEAABHOM BPEMEHM.
— CoCT09HME CETU U AQHHbBIE O TPAOUKE.

—  30%BKM M AQHHbIE OO MHUMAEHTOX.

—  HakonAeHHble 3HAHMA O MPEAbIAYLLMX MHUMAEHTOX. 12



AlOps-2

OOBLUMPHbIE U PA3HOOBPA3HbIE AGHHbIE UT (0003HAYEHbI YEPHbBIM M CUHUM LLEBPOHAMM). AlOPS AlOps Platform Enabling Continuous Insights Across IT Operations
OCHOBOH HO OBOBEAMHEHUM PA3AMYHBIX AQHHBIX KAK M3 ynpaBAeHus UT-onepaumamm (ITOM)  Monitoring (ITOM)
(mokasateAmn, cobbITHS 1 T. A.), TAK U K3 yripaBAEHUS UT-yCAyramm (ITSM) (MHUMAEHTbI, U3MEHEHMS

M T.A). DOTO SBAEHME HA3bIBAKOT (PA3PYLLUEHUEM PA3PO3HEHHBIX XPOAHMAMLLL ACHHBIX) -  ReakTime e
nd .

OBObEAMHEHNEM AQHHbBIX M3 PA3PO3HEHHBIX MCTOYHMKOB, YTOBbI OHWU MOTAM (OBLLATHCS) APYF C  Historical Dependencies

APYTOM U1 YCKOPUTb BbIIBAEHME MEPBOMPUYMH MAM MCMOAB3OBATh OBTOMATU3IALLMIO. e :

Extensive and diverse IT data. B ocHoBe MAQTADOPMbI, B LLEHTPE PUCYHKA, AEXAT OOAbLLME Historical Analysis Task Automation

AlOps

AQHHbIE. [TOCKOABbKY AQHHbBIE BbIAEAAOTCS M3 PA3PO3HEHHbLIX MHCTPYMEHTOB, MX HEOBXOAMMO ;Ananalyoem'-on . _ ChangeRiskAnalysis;
OGbEAMHUTD AAR MOAAEPXKKM CHOAMUTUKM CAEAYIOLLLETO YPOBHS. DTO AOAXKHO MPOUCXOAWUTb HE  Performance Analysis M”'“B:;::”"" S
TOABKO B OBTOHOMHOM PEXMME, HO 1 B PEAABHOM BPEMEHM MO MEPE MOCTYNAEHUS AQHHbIX. ) . oiatorm  E— f
Machine learning. boAbLLIME AQHHBIE MO3BOASIOT MPOUMEHATE MALLUMHHOE OBYy4YeHME AA AHOAM3A ) !
OINPOMHbIX OBBLEMOB PA3HOOBPA3HbBIX AGHHbIX. DTO HEBO3MOXHO HU AO OObEAMHEHMSA AQHHbIX, P s

HU BPYYHYIO. MALLUMHHOE OBOy4YeEHME QABTOMATUIMPYET CYLLECTBYIOLLLYIO PYYHYIO QHAAUTUKY WU (Am:‘:m“\ Runs::::>
MO3BOASET MCMOAb30OBATb HOBYIO QHOAMTMKY AAS HOBbIX AQHHBIX - M BCE B TAKOM MACLUTAOE M >
CKOPOCTH, KOTOPbIE HEAOCTYMHbLI 6e3 AlOPS.

Observe. 2T0 3BOAKOLMA TPOAAMUMOHHOIO AoMeHa ITOM, KOTOpbIM OBbEeAMHSET AQHHbIE O

pPa3pPabOTKE (TPACCUPOBKM) U APYIME AQHHbIE, HE OTHOCALLMECS K ITOM (tonoaorms, GusHec- AETAAbHbIM MPUMEP M3 CTATbK «4TO Takoe AIOpS,
METPUKM), 4TODObI OBECNEYMTb HOBbIE CMOCODbLI KOPPEAILUMM U CDOPMUPOBAHMIA KOHTEKCTA. B KAK 310 paboraersy

COMETAHMM C OBPABOTKOM B PEAABHOM BPEMEHU MAEHTUADUKALMA BEPOITHOM MPUYMHDI
CTAHOBMTCS OAHOBPEMEHHOM C reHepaumer NPodBAEMbI.

Engage. Passuine TpaAMLMOHHOTO AOMEHA ITSM BKAIOYAET ABYHAMPABAEHHYIO CBA3b C AQHHbBIMM
ITOM AAS MOAAEP>XKKU BbILLIEYKA3AHHOIO AHAAM3A U ABTOMATUYECKOTO CO3AAHMA AOKYMEHTALLMM
AAS QYyAMTA. Al/ML BbIpOXXAETCS 3AECH B KOTHUTUBHOM KAQCCUMADUKALMM NAKOC MAPLUPYTU3ALMMU
U MHTEAAEKTE B TOYKE B3AMMOAEMNCTBMSI C MOAB3OBATEAEM, HAMPUMEP, YAT-OOTAMM.

Act. D70 NMocAeAHee 3BEHO LEMOYKM CO3AAHMSA LEeHHOCTM AlOpS. ABTOMATM3ALMA QHOAM3QA,
pPaboyero NPoLEeCCA M AOKYMEHTALMM OYyAET HOMNPACHOM, ECAM OTBETCTBEHHOCTb 30 AEMCTBMA
BEPHETCS B PYKM AIOAEN. ACT BKAIOHOET B Ce0d KOAMAPUKALMIO YEAOBEYECKMX 3HOHMM B OBAQCTH
QOBTOMOTM3ALMM U COTAQACOBAHMA MCMPABAEHUI U PEATUPOBAHMS.

13
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MLOps-1

* (MLOps — 310 HODOP MPAKTUK (M MHCTPYMEHTOB), HOMPABAEHHbIX HQ HAAEXHOE U
SO EKTMBHOE BHEAPEHME U MOAAEPXKKY MOAEAEN MALLMHHOTO OOYYEHMS B
MPOOM3BOACTBEY. Bukuneamns.

MLOps= ML + DEV + OPS
ﬂ!
ML ll DEV I OPS ! ' ML I v

Experiment Develop Operate
Data Acquisition Modeling + Testing Continuous Delivery

Business Understanding Continuous Integration Data Feedback Loop MLOPS
Initial Modeling Continuous Deployment System + Model Monitoring —

m 2.Develop/Test Feature Pipelines 3. Develop Model ) 4. Train/Validate Model 5. Deploy/Monitor @ e
\ ]

@ ‘,ff Learning /-
Feature Store { ' ‘
DataOps - Data MLOps | 5 |

a CI/CD Platform . Cl/CD platform 9900 \ \
Commit-ooo2 Model Repo, Serving \ N\ 4 /

& Monitoring N /\ |
—— Data ——
wgvsvg) Engineering

g == Model Training & 14

Data engineer Data Scientist Model Validation

Y

Y



https://ru.wikipedia.org/wiki/MLOps

MLOps-2

Kaxabin NPOEKT MAOLLIMHHOTO oby4eHms
HAMPOBAEH HA MNOCTPOEHME CTATUCTUYECKOM
MOAEAN M3 AQHHBIX C MPUMEHEHNEM AATOPUTMA
MOALLUMHHOTO 0By4eHnsd. CAEAOBATEABHO, AOHHbIE U
MOAEAb  MOLLIMHHOTO OBYyYeHUd MNPEACTABAFIOT
CcoOom ABA PA3HbIX ClgTed:)OKTCI AAS PA3PAOOTKM
NPOrPAMMHOTO obecrneyeHms B 4OCTU
PA3PAOOTKM KOAQ. B LIEAOM >XXM3HEHHbIM LIMKA

MOLLUMHHOIO  OOy4YeHmss  COCTOMT M3 TpeX
SAEMEHTOB:
UHXXeHepusi  ACQHHBIX: MNPEAOCTOBAEHME M

o0y4yeHre HABOOPOB AQHHBIX AAd  CQATOPUTMOB
MALLMHHOTO 00y4eHms. BkAaoHOoeT B cebd npuem
AQHHbBIX, WCCAEAOBAHME, T[MPOBEPKY, OYUCTKY,
MAOPKUPOBKY M PA3AEAEHME (HO HAOOP AQHHBIX
AAS OBYHEHUS, MPOBEPKM M TECTUPOBAHMUS).

[pOEeKTUPOBAHUE MOAEAU MALUMHHOIO O0y4YeHus:
BkAloYaeT oOy4YeHME MOAEAM, OLLEHKY KAYEeCTBA
MOAEAN, KOHTENHEPU3ALLMIO MOAEAM.

Pa3BepTbIBAHUE MOAEAMU:. MHTErPALMA OBYH4EHHOM

MOAEAM B  OUBHEC-TIPUAOXKEHME.  BKAIOYOET
OOCAYXMBAHME MOAEAM, MOHUTOPUHT
NOOU3BOAMTEABHOCTM M BEAEHME  XXYPHAAC
NPOM3BOAUTEABHOCTM.

MLOps= ML + DEV + OPS

epgSE
ﬁ 10(74’ Qg:v
ML " DEV ’ OPS ! '
Develop
Modeling + Testing

Experiment
Data Acquisition

Operate

Continuous Delivery
Business Understanding Continuous Integration Data Feedback Loop

Initial Modeling Continuous Deployment System + Model Monitoring

m 2.Develop/ Test Feature Pipelines 3. Develop Model ) 4. Train/Validate Model 5. Deploy/Monitor
\ J

@ MLO;
S
8 » Cl/CD plgtform 900
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MLOps-3

AAd MLOPS XOpOKTEPHO CAeAytoLLLee noHrMmaHue CI/CD:

HenpepbiBHaa uHTerpaumsa (Cl) npumeHsetcs K TECTUPOBAHUIO M MPOBEPKE ACQHHBIX, CXEM U MOAEAEN, A HE
TOABKO K KOAY M KOMIMOHEHTAM.

HenpepbiBHOe pasBepTbiBaHue (CD) OTHOCUTCS KO BCEM CUCTEME, KOTOPAS NPEAHA3HAYEHA AAS PC3BEPTLIBAHMS
BCEX YCAYT, NMPEAOCTABAIEMBIX MOLLIMHHBIM OOYYEHUMEM, HO HE K OTAEABHOMY MPOTPAMMHOMY OBecCnevYeHMIo
MAU YCAYTE.

HenpepbiBHOe o6y4eHue (CT) YHUKAABHO AA MOAEAEM MALLMHHOIO OBYYEHMA M O3HAYAET OOCAY>XXMBAHME U
NEPENOATOTOBKY MOAEAEMN.

CyLiecTsyeTt Tpum YpoBHS MLOPS, PA3AEAEHHbIX HO KOTETOPUM M OCHOBAHHbIX HO YOOBHE ABTOMATM3ALLMM MPOLLECCOB:

YpoBeHb 0 MLOps: npoLecc CO3A0HMS U PA3BEPTLIBAHMS MOAEAM ML BbIMOAHSETCS MOAHOCTBIO BPYYHYIO. DTOro
AOCTOTOYHO AAS MOAEAEM, KOTOPBIE PEAKO MEHSIOTCS MAM ODY4HAIOTCS.

YpoBeHb 1 MLOps: HeMpepbIBHOE 00YYEHUE MOAEAM MYTEM ABTOMATU3ALMMU KOHBEMEPT MALLMHHOTO OBY4YEeHMS,
XOPOLLIO MOAXOAMT AAT UBMEHMIOLLMXCH AQHHBIX, HO HE AAS HOBbIX MOAEAEN MALLIMHHOTO OBY4YEeHMUS.

YpoBeHb 2 MLOps: astomatmiauma Cl/CD no3BoAdeT pAOOTATb C HOBbIMU MAEIMM MPOEKTUPOBAHUI COYHKLLMMA,
APXUTEKTYPbI MOAEAM U TUMNEPMAPAMETOOB.

MLOPS HY>XAQETCH B MOCTOIHHOM MOHUTOPUHIE U NPOBEPKE TOYHOCTM:

MOHUTOPUHT MAMITU. MOHUTOPUHI MCMOAb3OBAHUA MAMIATU MPU MOCTPOEHUM MPOTHO30B.

MOHUTOPMHI  MPOU3BOAMTEABHOCTM MOAEAM. KOTAQ HEODXOAMMO TMPOU3BOAMTL MNEPEOOYYEHME MOAEAENS
AQHHbIE MOTYT M3MEHATLCS, M 3TO MOXET MOBAMITL HO PE3YALTATbI MPOMHO30B.

MOHUTOPMHI MHADPACTPYKTYPbI: MOCTOSIHHbIM COOP U AHAAM3 COOTBETCTBYIOLLIMX AQHHBLIX OO MHADPACTPYIKTYPE.
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https://habr.com/ru/companies/selectel/articles/703460/

PCI3AM‘-IMe mexay MLOps u DataOps

Ha npeanpuatim moxet Obitb DataOps ©6e3 MLOps,
MOTOMY HTO BO3MOXXHO M3BAEKATH M MPEOOPA30BbLIBATL
AQHHblE ©e3 MALLUMHHOroO obyvyeHma. OBbpaTHOE eABA
AV BEPHO.

DataOps

« DataOps NPUMEHMM  HA  MPOTPKEHUM  BCETO
)KM3HEHHOTO LIMKAQ TMPUAOXKEHMM AQHHbBIX. MLOpPS B
MNEPBYID OYEPEAL TMPEAHA3ZHAYEH AAY YMNPOLLLEHMS
YMNPABAEHUS 1 PA3BEPTLIBAHMI MOAEAEN MAOLLIMHHOIO
o0y4YEeHMS.

 leabto DataOps dBAFETCA OMNTUMMIALMSA  LIMKAOB
YNPABAEHUA AQHHBIMU, YCKOPEHME BbIXOAQ HA PbIHOK
M TMOAYYEHME BbICOKOKAYECTBEHHbLIX PE3YABTATOB.
Lleab MLOps — obAeryeHme pa3BEPTbIBOHME MOAEAEN
MALLUMHHOTO OBYy4YEeHMS B MPOM3BOACTBEHHbIX CPEAQX.

* AlOps moxeT BblTb MCMOAb30OBAH AAS OBTOMATM3ALLUNM
Kak DataOps, Tak 1 MLOps.
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XXU3HEHHbIN LUKA MOAEAU-T1

KUM MAU XXM3HEHHbBIM LLMKA MOAEAM — DTO COBOKYMHOCTb
BCEX 3TAMOB CYLLLECTBOBAHMI ML-MOAEAU. C MOMEHTA

OCO3HAHMA

ee HeoOOXOAMMOCIM AO BbIBOAQ U3

SKCMNAYyATALUMNMA.

MO>HO BbIAEAUTE CAEAYIOLLIME CTAOAUM XLIM:

1.

[NoctaHoBKA 30AQ44 DS/ML: cBeaeHue 1 DOPMAAMIALUS
peLaemon OU3HEC-30ACHM K 30AQ4E MOCTPOEHMA MOAEAU
MALLIMHHOIO O0YYEHUS UAM MPUMEHEHMA METOAOB MPOABMHYTOMU
OHOAUTUKM;

[MOArOTOBKQO AQHHbIX: MPOEKTUMPOBAHME CXEMbI U PA3PABOTKA
BUTPWHbI AQHHbIX AAS OOYy4YeHUs MoaeAen ML u npumeHeHus
meToaoB Data Science;

OBy4eHME MOAEAM: MOADOP APXUTEKTYPDI U TMNEPNAPAMETOOB
MOAEAM PELLIAIOLLLEM MOCTOBAEHHYIO 3AAQYY;

BHeApeHue MOAEAU: PA3BEPTbIBAHME
MPOMBILLAEHHYIO 3KCMAYATALMIO;

MOAEAN B

OKCMNAYATALMA M MOHUTOPUHI: MPUMEHEHUE MOAEAU AN
MPUHATUS PELLEHMM B PACCMATPUMBAEMOM OU3HEC-30AQYM U
KOHTPOAb KQYECTBA 3TUX PELLEHUM;

M3MEHEHME UAM BbIBOA: MEPECMOTD MOAEAM B CBI3M C
M3MEHEHMEM  YCAOBMM €€  TMPUMEHEHUS  (YXYALLEHMEM
KQYECTBA MPOrHO3MPOBAHMSA) MAM BbIBOA €€ M3 SKCMAYATALMM.

1. OTcyTcTBUEe MHPpaACTPYKTYpbl XXLIM

BcTpeya 6usHec-
3aKas4yMKa u
KOMaHAbl
aHanMTUKK

Mepenucka
UHXXeHepa
DaHHbBIX U

aHanuTuKa

MoprotoBka

AaHHbIX

al)-

9 i)}

MocTaHoOBKa

ObydeHue

3agayu
Moaenu

DS/ML

e Kakue npoekTbl No ML ceiyac
B paboTe U B KAaKoM cTaTyce?

e [Oe AoKyMeHTauusa no
BHeOpE&éHHbIM MoaenamM?

Mepenava
OOKYMeHTauum
KomMaHpe UT

e [MoyeMy 6bINU NPUHATLI Te UK
MHble pelueHuna?

MN3mMeHeHune
WUNW BbiBOL,

BHeppeHme
Mogenu

AkcnnyaTtauma
N MOHUTOPMUHI

BcTpeya
BCEX CO
BCEMU

MogroTtoBKa
penvs3a

GlowByte
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[To1 3TOM MOAXOAE BCE €LLE ECTb BEPOATHOCTb
YNYCTUTb KOKME-AMOO COObITUS, MPOOUCXOASLLLME
C Moaeablo. OTAeAbHO B3aTble ML/MLOps-
CEPBMCHI  MAOXO  CUMHXPOHM3UPOBAHbLI U
COTAQCOBAHbI  MexXay cobown. [lpouecc
NepeBoAd MOAEAM M3 OAHOIO CEPBMCA B
APYrOM AOATUIA, CAOXHbIM U BEAETCA BPYYHYIO.

Hanpumep, cneumaamctel Data Science
O0Y4HAOT MOAEAb M COXPAHAOT APTEdOAKTHI B
MLFlow Tak, KOK MM YAODOHO, O pa3pABOTIMKM
O3KOHAQ OCYLLLECTBAAIOT MEPEHOC MOAEAU B
production B KAOKOM-TO CBOeEM doopmare, K
NPOUMMEPY, HE MNOAAEPXMBAKOLLLEM pPADOTY
KOMIMO3UTHOM MOAEAM, TO ECTb MCMOAb3YIOLLLEMN
PE3YABTATHI ARYTMX MOAMOAEAENM KAK MPUIHAKM
npu 0By4eHUM. B MTOre MM HY>XHO KAXKAbIM A3
AOTOBOPMBATLCA 30HOBO, O BEAb KOXKAQS
KOMOHAQ TMPOAOAXQAET PA3BUTME B PAMKAX
CBOMX TEXHOAOTUM, M MOCTOAHHO YTO-TO MEHSET.

XXU3HEeHHbIN LUKA MOAEAU-2

2. YnpaBneHue otaenbHbiMK aTanamm XUM

©)

MocTaHoOBKa

3agaqum
DS/ML

@) e

N3mMeHeHne
WU/IN BbIBO[,

Jira
Ci/cD

©

CKBO3HOE€ yrnpaBreHue

MoproroBKa
OaHHbIX

O6yueHune
Mogenu

npoueccamm XLIM:
0 == Jira

o ra N
000 Git
[ | | )

Mepenmnckn

BHeppeHune

MoOenuv

Jira
Ci/cD

dKcnnyartaumsa /@
M MOHUTOPWHI &.)

GlowByte



XU3HEHHbIU UUKA MoAeAn-3(1)

YnpasaeHue moaeaamu Al/ML (Model Governance) — 3To o6Lmn npouecc
TOro, KaK OPraHu3auus KOHTPOAUMPYET AOCTYN, PeaAusyeT MNOAUTUKY MU
OTCAEXMBAET COKTUBHOCTb MOAEAEU MALUMHHOIO Oby4YeHuMss U ux
pe3yAbTaTbl. DPPEKTUBHAS MOAEAb YNPABAEHUA SIBAS€TCA OCHOBOM AAS
MWHUMU3IALLMUU PUCKOB OPraHM3ALLUU, UCMOAb3YIOLLLEU MOAEAU MALLUMHHOIO
oby4yeHus.

Model Registry uam 6ubanoreka moaeaeu

— Peectp MmoaeAen HEODXOAMM AA YY4ETA KAXKAOTO PA3PABOTAHHOrO
OATOPUTMA. M3 peecTpa Mbl Y3HOEM O XPOHOAOTUKM MOSABAEHMS
MOAEAEN, BEPCUIO MOAEAM, DTAM, HO KOTOPOM OHA CEMYAC HAXOAMTCH.
B peectpe XpaHATCd CCbIAKM HQA BCKO CBA3AHHYO MHADOPMALMIO M
ApTEdOAKTLI, TOKME KAK AOKYMEHTALIMEA, AOQTACETHI, ARYIME MOAEAU, 1 B
LLEAOM BCE METAACQHHBIE, HOMPUMED, MOAEAM MOTYT MMETb TETU AN
OUABTRALIMKM, MOUCKA, ODbEAMHEHMS MOXOXMX OAATOPUTMOB B OAHY
KATETOPUIO.

ynpasaeHue 6usHec-npoueccamm XLUM

— BepxHeypOBHEBbIE 3TAMbI MAMMIAAMHA MOXHO PA3AEAMTL HO AETAAbHbIE
OU3HEC-MPOLLECCHI, KOTOPLIMU MOXHO YIMPABAATb U3 CUCTEMbI B BPMN-
MNOAODOHOM HOTAUMM. Hanpumep, OU3HEC-NPOLLECC PA3PABOTKM
MOAEAM OMUCLIBAOET 4YTO M B KAKOM TIOPJAKE AOAXKHbI CAEAQATb
YH4ACTHUKM KOMAHAbBI PA3PABOTKM MOAEAU, ABTOMATUIMPYET MNPOLLECC
NepeAQYn PEAEBAHTHbIX  AQHHbIX BHYTPM  KOMOHAbLI, MO3BOASET
30CPUKCHUPOBATL MO LLAFOM BCE TPUHATbIE pPeLlueHud, a OusHec-
MPOLLECC 3KCMAYATALMM MOAEAM OMUCHIBAET YTO AEAQTb, ECAMU
KA4ECTBO MOAEAU CUABHO YXYALLIMAOCH.

3. PewweHue ana XXLUM knacca Model Governance

Mepepaya apTedpakToB
MOCTaHOBKU 3ada4vun

Mpo3payHblii 06MeH

KOMaHe aHaNIUTUKu .

Moarotoeka
DaHHbIX

MocTaHoBKa
3apaum
DS/ML

O6y4yeHune
Mogenu

BepaeHwe 613Hec Bepcui
peluaeMbIx 3afay,
HacnepoBaHue Bcex =@
apTedakToB NpeablayLmnx
uTepaummn

ABTOMaTU3NPOBaHHbIN
Cl/CD-npouecc
BHefpeHuUa Moaenun

Model
Governance

W3MeHeHMe
WY BbIBOA,

BHeppeHue
Mopenu

SkcnnyaTtaumsa

Y MOHWUTOPUHI fo Mpo3payHoe ynpasneHune
penusamu Bcex CBA3aHHbIX
06beKTOB (OaHHble, Mogenu,

6u3Hec-npaBuna)

ABTOMaTH4yeckoe .

3aBefeHne MHLUMOEHTOB
KayecTBa U OTKaT K
npeablayLnMM BepcusamM

GlowByte
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XU3HEHHbIU LUKA MOoAEAU-3(2)

Mpo3pa4yHas poAeBas cucTema

4100bl caeAaaTb XUM 6GoAee Mpo3paYHbIM, HY>XXHA 4ETKAd POAEBAS CUCTEMQA, C
MOMOLLLIO KOTOPOM KOMAHAQ OyaAeT 3HATb, KTO 30 4YTO OTBevaer. [lpu TaKom
noaxoae Teamlead MOXeT HA3HAYATb OTBETCTBEHHBLIX 34 TY MAM UHYIO 30AQYY,
OTCAEXMBATb CTATYC BbIMOAHEHMS 30AQ4 M ODPALLLATLCSH K HYXXHOMY COTPYAHMKY 3a
oT4eTOM. KO>KAbIM YAEH KOMAHAbI OYAET 3HATb O CBOMX 30AQYAX, KOTOPbLIE AMOTYT
OblTb COBPAHBI B OAHOM MECTE.

Hanpumep, npm nepexoae HA 3TAMN MOATOTOBKM ACHHBIX AAS MOAEAM 3TA 30AQHA
HA3HA4YQEeTCH COTPYAHMKY M3 KOMAHABI C poAbio Data Engineer. COTpyAHMK B CBOIO
oYepeAb MOAYHOET YBEAOMAEHME O HOBOM HA3HAYEHMMU, OH YBMAMT HOBYIO 3AAQHY B
CNMCKE 30AQ04, TOM Xe Y Hero OyAeT BO3MOXHOCTb 3AMOAHUTb HEOBOXOAMMBbIE
ApPTECDPAKTLI M MEPEBECTM 3AAQYY B CTATYC «in progress/doney.

B OOAbLLMX KOMOHAOX M OPraHM3ALMEAX  CTOHOBMTCA  BAXKHbBIM  BOMPOC
PA3MPAHMYEHMA MPAB AOCTYMNA. He KAXAbIM YY4OCTHMK KOMOHAbI AOAXEH BMAETb
MHAOOPMALMIO YYBCTBUTEABHYIO AAS OU3HECA KM HE KOXKAbIM YHOCTHMK KOMOHADI
AOAXKEH MMETb MPABO HA BHECEHWE M3MEHEHUU B OMPEAEAEHHbIE APTECDAKTLI M
ATPUOYTbl MOAEAMN.

XpaHuAuLLE apTeddaKTOB MOAEAEMN

B npouecce pa3paboTki MOAEAEN NOIBAIETCH OOAbLLOE KOAMYECTBO APTEOAKTOB.
KUM peLuoetr 30AQ4y OPraHmsaLmmM €AMHOTO MECTA XPAHEHUS PA3HOPOAHbIX
apTedOKTOB —  OT  OM3HEeC-peLleHnn (COrAQCOBOHMSA  AOKYMEHTALIMM,
NPOXOXAEHME code review, NPUHATUS PEeLLEHUN O BHEAPEHMU U T.A.) M 3AKAHYMBAS
TEXHUYECKMMIM apTECdDAKTAMM (pickle-doana moaeAn, sql-CKpunT COOPKM BUTPUHDI),
KOTOpble OObLIMHO XPAHATCA B CMNELUMAAMIMPOBAHHBLIX cuctemax (Jira, git, DVC,
NPOCTblE JPAMAOBbBIE XPAHUAMLLLA, AOKOAbHbIE MAMKU PA3PAOOTYMKOB).

EAMHBIM  MHTEPODENC AAS APTECDOAKTOB TMO3BOAJET TMOAYYMTb MHAOOPMALMIO O
MOAEAU AAT ALOBOM POAM-YHOCTHMKA PA3PABOTKM B OAHOM OKHE.

HaAUYME XPAHMAMLLA TAKXKE MO3BOAJET PA3NPAHMYMBATL MPABA AOCTYMA.

3. PewweHue ana XXLUM knacca Model Governance

Mepepaya apTedpakToB
MOCTaHOBKU 3ada4vun

KOMaHe aHaNIUTUKu .

Mpo3payHblii 06MeH

Moarotoeka
DaHHbIX

MocTaHoBKa
3apaum
DS/ML

O6y4yeHune
Mogenu

BepaeHwe 613Hec Bepcui
peluaeMbIx 3afay,
HacnepoBaHue Bcex =@
apTedakToB NpeablayLmnx
uTepaummn

ABTOMaTU3NPOBaHHbIN
Cl/CD-npouecc
BHefpeHuUa Moaenun

Model
Governance

W3MeHeHMe
VNN BbIBOA,

BHeppeHue
Mopenu

SkcnnyaTtaumsa

Y MOHWUTOPUHI o Mpo3payHoe ynpasneHune
penusamu Bcex CBA3aHHbIX
06beKTOB (OaHHble, Mogenu,

6usHec-npaBuna)

ABTOMaTH4yeckoe .

3aBefeHne MHLUMOEHTOB
KayecTBa U OTKaT K
npeablayLnMM BepcusamM

GlowByte
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XU3HEHHbIU LUKA MoAeAn-3(3)

° MHTerpGLI.Mﬂ CO CTOPOHHUMU CEepPBUCAMHU

XOPOLUMM  PELLEHMEM  AAT  CUCTEMbBI  ynpasaeHus XUM  cranetr paspaboTtka
CUHXPOHM3ALMOHHOIO MOAYAS, KOTOPbIM ByAeT OTBEYATh 3a MHTEerpaumio ¢ Jira, Wiki, Git,
MOYTOM, KOAEHACPEM U ARYTUMK CEPBUCAMU. HOMPUMEP, OBTOMATUYECKOE CO3AQHUE U
3AMOAHEHME CTPAHMLBI HO Wiki METAMHAOOPMALMEN O MOAEAM MAM OBTOMATUHECKOE
30BEAEHME 30AQY B JiIrd U AEAACGMHOB B KOAeHAAPE. [TpU 3TOM CUHXPOHMU3ALMA MOXKET
PABOTATH M B OBPATHYIO CTOPOHY, TO €CTb OOHOBAEHUS B CMNELMAAMIMPOBAHHbBIX CUCTEMAX
TAKXKE MOTYT MHTETPUMPOBATLCH C MACTEPR-CUCTEMOM XLM.

*  WUHTerpauus c MLOps-peLieHnamu

210 caeaqetr npouecc pabotel ¢ XUM npolle m yaoOHee. Hanpumep, 3amnyck
npoueccos ClI/CD no KHOMKE, OTODPAXKEHME SKCMEPMMEHTOB M3 MLFlow, otobpaxkeHme
AQLLIOOPAOB MOHUTOPUMHIA.

° MOHMTOpMHr Ka4yecTBa 6M3HeC-MeTpMK

BAXXHO OTCAEXMBATL HE TOABKO CTATUCTUYECKOE KAYECTBO CAMOM MOAEAU, HO U BU3HEC-
METPUKMN MPUMEHEHMI KOHKPETHOM MOAEAM B KOHKPETHBLIX BM3HEC-30AQYAX. AALLOOPAbI
PA3PABOTAHHOIO CEPBUCA MOKA3bIBAIOT YCMNELUHOCTh MPUMEHEHMA KOXKAOM MOAEAM HA
OCHOBHbIX OM3HEC-MOKA3ATEASIX.

C NOMOLLLBIO TOKOM CUCTEMbI AETKO OTCAEXMBATH KOXKAbIM 3TAM PABOTH HOA MOAEABIO,
MOHWUMATb, HO KAOKOM CTAAMM OHAO HOXOAMTCS M KTO B HOCTOALLLMM MOMEHT 3Q HEE OTBEYAET.
MMOMMMO ITOrO, MOSFBASETCS BO3MOXHOCTb CYMUTATb BPEMS OT MOCTAHOBKM 30AQHU AO
BbIBOAQ B production, HOXOAUTb COMbIE AAUTEABHBIE MECTA U ONTUMM3IUPOBATL MX.

« Takxke onucaHHag cuctema XUM no3BOA4ET CYLLECTBEHHO YMNPOCTUTb PADOTY M
nepeaayy MHAOPMALMU BHYTPU KOMOHA, HAMNPUMEP, HOBbIM COTPYAHUKOM AETKO
NOrPY>XATbCH B MPOEKT, MMEA AOCTYN KO BCEM APTECPAKTAOM MOAEAM, TAKXKE MNPO
MOAEAb HUKOTAQ HE BO3HMKHET BOMPOCOB KTO U 3A4EM €€ CAEACA.

*  Cucrtema XUM cTaHET HE TOABKO EAMHOM TOYKOM BXOAQ BO BCE ML/MLOpSs-cepBUChI, HO
N YAOOHbBIM MHCTRYMEHTOM AASL BCEX POAEN OT PA3PADOOTIMKOB AO MEHEAXKEPOB.

3. PeweHune anga XLUM knacca Model Governance

MNepepaya apTedakToB
MOCTAaHOBKU 3aa4yun

KOMaHOe aHaNnTUKun .

Mpo3payHbi o6MeH

MoarortoBka
[aHHbIX

MocTtaHoBKa
3agaum
DS/ML

O6y4yeHue
Mogenu

BepneHue 6usHec Bepcuin
peluaeMbix 3agay,
HacnefoBaHue Bcex =——Q)
apTedaKToB NpeabiayLLmMx
uTepauum

ABTOMaTU3NPOBaHHbIN
Cl/CD-npouecc
BHeApeHusa Moaenu

Model
Governance

N3MeHeHne
VN BbiBOA,

BHeppeHue
Mopenu

dkcnnyataums

Y MOHUTOPUHI o Mpo3payHoe ynpasneHue
penusamm Bcex CBA3aHHbIX
06beKTOB (OaHHble, Mofenu,

6u3Hec-npasuna)

ABTOMaTU4ecKoe .

3aBefileHMe UHLMOEHTOB
Ka4yecTBa U OTKaT K
npeabioyLwmnM BepcUam

GlowByte
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ModelOps

ModelOps - 3T0 cucTema onepaumit C ML-MOAEAIMU, OPMEHTMPOBAHHAS HA PYKOBOACTBO M YMPOBAEHUE >XM3HEHHbBIM LIMKAOM LLMPOKOrO CHEKTPd
OMNePALMOHAAMIMPOBAHHbBIX MOAEAEN MCKYCCTBEHHOTO MHTEAAEKTA (MM) 1 METOAOB MPUHATUS PELLEHMM, BKAIOYAS MALLUMHHOE OOYy4YEHMUE, rPAdObl 3HAHMM, MPABMUAJ,
OMNTUMM3ALLMIO, AMHIBUCTUHECKME U MYABTUATEHTHBIE MOAEAM.

MLOps aBageTcs noamHoxectBom ModelOps. OH CGOKYCUPOBAH HO ONEPALMOHAAMIALMU MOAEAEN MALLMHHOIO OBy4yeHMs, B TO Bpems Kok ModelOps oxBATbIBAET
ONeEPALMOHAAMIALMIO BCEX TUMOB MOAEAEN MCKYCCTBEHHOTO MHTEAAEKTA (Al).

ModelOps AeXUT B OCHOBE AIOBOWM KOPMOPATUBHOM CTPATEMM UCKYCCTBEHHOIO MHTEAAEKTA, YMPOABASS XXM3HEHHBIMM LIMKACQMM BCEX MOAEAEN B MPOOM3BOACTBE HA
BCEM MNPEANPUATUM, OT 3AMyCKa B production A0 OLLEHKM M OBHOBAEHUS MPUAOXKEHUI COFAQCHO HOBOPY YNPABAIIOLLMX MNPABUA. DTO MO3BOAIET OU3HEC-OKCNEPTAM
COMOCTOATEABHO OLLEHMBATHL PABOTY MN-MOAEAM C SKOHOMMYECKOM TOYKM 3PEHUS, HE3ABUCMMO OT CNELIMAAMCTOB MO OOBPABOTKE M AHAAM3Y AQHHbIX.

Lleab ModelOps B YCTPOHEHUM PA3PBLIBA MEXAY PA3BEPTBIBAHMEM MOAEAU U €€ YMNPABAEHUMEM B MPOM3IBOACTBEHHOM CPEAE C Y4ETOM OM3HEC-MOKA3ATEAEN,
TEXHUYECKMX OFPAHUYEHMM M PUCKOB. TEXHUMHECKM DTO PEAAM3YETCH C MOMOLLLBIO MOBTOPHO MCMOAb3YEMbIX KOMMOHEHTOB, KOTOPbIE MO3BOAAT BEPCUAM MOAEAU
COOTBETCTBOBATb OU3HEC-MPUAOKEHMIM U BKAIOHAIOT MLOPS-NPAKTUKK, KOK MOHUTOPUHT MOAEAM, ODHAPYXEHME APEMdDA U AKTMBHOE OBYyYeHMeE.

ModelOps — 310 pacwmpenme MLOPS AAT MACLLUTADUMPYEMOTO MU YNPOABAIEMOTO OBbEAMHEHMS HECKOABKMX OOBEKTOB, peLueHur 1 naarcbopm M. ModelOps
TpebyeT Tex Xe CNeUMAAUCTOB, 4TO M MLOPS, a TaKKe KOMMNETEHUMM, CBA3AHHbIX C UT-ONepaumamm, YINPABAEHUEM PUCKAMM 1M OBLLMM BU3HEC-MEHEAXKMEHTOM.
Takum 0Bpa3om, B oTAmdme oT MLOps, ModelOps dooKyCHPYETCa HE TOABKO HO MOAEAIX MALLUMHHOTO OBYyYEHMS, O HALLEAEHO HA ONEepPAUMOHAAM3ALMIO BCeX MN-
peweHnit 1 MCNoAb3yeTCcd UT-KOMOHAOM M BU3HEC-CTEMKXOAAEPAMU. ModelOps dboKkycHpyeTCs HA YNPOBAEHMU MOAEAIMM U KOMMAEKCHOM YMNPABAEHUMA
>KM3HEHHbBIM LIMKAOM, TAE HY>XXKHO YOEAMUTbCSH, YTO MPOrHO3MPYEMAS LLEHHOCTb AAS OM3HECA, ONEPALMOHHAN SADADEKTUBHOCTD, A TAKXKE YPOBHW PUCKOB COOTBETCTBYIOT
TPEOOBAHUSIM.
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https://en.wikipedia.org/wiki/ModelOps

UHCTpymeHTbl MLOPpS

« Awesome MLOps — curated list of awesome MLOps tools.

« The Best Open-Source MLOps Tools You Should Know

« Top 10 Open Source MLOps Tools
e https://habr.com/ru/company/vk/blog/694482/
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https://github.com/kelvins/awesome-mlops
https://neptune.ai/blog/best-open-source-mlops-tools
https://thechief.io/c/editorial/top-10-open-source-mlops-tools/
https://habr.com/ru/company/vk/blog/694482/

Cookiecutter

o LIaBAOHM3ATOP AAF CO3AAHMYE Data Science npoeKTos.

« OdomumMaAbHBIM COUT - hitps.//github.com/cookiecutter/cookiecutter

e CO3AQHME MPOEKTA MALLUMHHOTIO OBYy4EeHUS -
hitps://drivendata.github.io/cookiecutter-data-science/
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https://github.com/cookiecutter/cookiecutter
https://drivendata.github.io/cookiecutter-data-science/

Snakemake

« Cucrtema cbopkm Data Science npoeKTos.

* OdomUMAAbHBIM COUT - hitps://snakemake.qgithub.io/

o CTATbY C OMMCAHMEM MPOAYKTA -
https://f1000research.com/articles/10-33/v ]
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https://snakemake.github.io/
https://f1000research.com/articles/10-33/v1

DVC - Data Version Contirol

 CHCTemMda BEPCMOHHOIO KOHTPOAS AAS AQTOCETOB.

C1aTbM C MOACHEHMEM MPUMHLIMMNOB PAOOTHI:

— https://habr.com/ru/company/raiffeisenbank/blog/461803/
— https://habr.com/ru/post/535274/

o OdomMUMAAbHBIM COUT - hitps://dvc.org/doc

KAlo4YEeBblE PA3PADOTYMKM M3 0ds.al — https.//ods.ai/projects/dvc

KOMMNOHUS 30HUMAETCS PA3PADOTKOM MHADPACTPYKTYPbI DS-NPOEKTOB —
https://iterative.qi/
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https://habr.com/ru/company/raiffeisenbank/blog/461803/
https://habr.com/ru/post/535274/
https://dvc.org/doc
https://ods.ai/projects/dvc
https://iterative.ai/

Apache AirFlow

« Apache Airflow — OTKpbITOE MNPOrPAMMHOE obecneyeHne AA4
CO3AQHMUSA, BbINMOAHEHUA, MOHUTOPUHIA M  OPKECTPOBKM MOTOKOB
onepaumm no obpadboTKe AQHHbIX. BUkuneams.

 C1ATbM C NOICHEHUNEM MPUHLMMNOB PAOOTHI:
— https://ru.wikipedia.org/wiki/Apache Airflow
— https://habr.com/ru/company/vk/blog/339392/

o ObruUMAAbHBbIM CaUT - https://airflow.apache.org/
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https://ru.wikipedia.org/wiki/Apache_Airflow
https://habr.com/ru/company/vk/blog/339392/
https://airflow.apache.org/

MLFlow

* An open source platform for the machine learning lifecycle.
(oripeseAreHne ¢ OPULMAABHOIO CanTal)

 C1ATbM C NOICHEHUNEM MPUHLMMNOB PAOOTHI:
— https://habr.com/ru/company/XsTech/blog/593263/
— https://habr.com/ru/company/vk/blog/565022/
— https://habr.com/ru/companies/vk/articles/770944/

e OHMuUMAAbHBIM caumT - hitps://miflow.org/
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https://habr.com/ru/company/X5Tech/blog/593263/
https://habr.com/ru/company/vk/blog/565022/
https://habr.com/ru/companies/vk/articles/770944/
https://mlflow.org/

Kubeflow

« The Kubeflow project is dedicated to making deployments of machine
learning (ML) workflows on Kubernetes simple, portable and scalable.

(onpeseAeHne C OOUUMAABHOIO CAUTA)
* C1ATbM C NOICHEHUNEM MPUHLMMNOB PAOOTHI:

— https://habr.com/ru/company/vk/blog/547066/
— https://habr.com/ru/company/nixys/blog/578880/

o OdoMUMAAbHBIM COMT - hitps.//www.kubeflow.org/
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https://habr.com/ru/company/vk/blog/547066/
https://habr.com/ru/company/nixys/blog/578880/
https://www.kubeflow.org/

GitHub Stars

CpdaBHeHUE NPOAYKTOB

CtaTbd C nosgscHeHnamum - https://aicurious.io/blog/2022-03-26-airflow-mlflow-or-kubeflow-for-mlops

20.0k

15.0k

10.0k

5.0k

Star history

2016

207

2018

Date

2019

2020

202 2022

2} star—history.com

Experiment Model Live metric Easy model

tracking management tracking registry

Workflow Experiment Model Notebook

orchestration tracking management workspace Megieleiving
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https://aicurious.io/blog/2022-03-26-airflow-mlflow-or-kubeflow-for-mlops

UCTOYHUKMU

Kypc «MLOps u production noaxoaA K ML uccaeaosaduamy (ods.ai)

C1aTbM:

PoAb TechOps, DevOps, and NoOps B XXU3HEHHOM LIMKAE MPOTNAMMHOIo obecnevyeHms

Y10 TaKkoe NoOps 1 3a4eM TYT OOAQKC

NoOps: HoBbit AQile B ODAQKAX

Kak 1 3a4em m3y4atb metoamkm DevSecOps B 2021 roay e

Y10 TaK0Ee AIODPS AU MCKYCCTBEHHbLIM MHTEAAEKT AAS UT-akcnAyaTaumme Ton 10 cAy4yaeB MCNOAb30OBAHMS AlOPS

Y10 TOKOE AIOPS, KOK 3T0 paboTaeT?e

ManHurdpect DataOps

5 ctoanos MLOps

Y10 Takoe MLOps?

Kak u 3a4eM YD ABAATE ML-MOAEAIMIN S

[Mo3HakombTeCh ¢ ModelOps: HOBbIM pacLUmpeHHbIM MLOPS AAS BM3HECA

DataOps : The new DevOps for Analytics

ModelOps HO NPaKTMKE
MLOps and ModelOps: What's the Difference and Why it Matters
Awesome MLOps

83


https://ods.ai/tracks/ml-in-production-spring-22
https://habr.com/ru/company/nixys/blog/647373/
https://dzen.ru/media/cloud_mts/chto-takoe-noops-i-zachem-tut-oblaka-5e6f57060c5261139a1703eb
https://www.bigdataschool.ru/blog/noops-devops-agile-evolution.html
https://proglib.io/p/kak-i-zachem-izuchat-metodiki-devsecops-v-2021-godu-2021-08-23
https://cleverics.ru/digital/2021/03/chto-takoe-aiops-ili-iskusstvennyj-intellekt-dlya-it-ekspluatacii-top-10-sluchaev-ispolzovaniya-aiops/
https://cio.osp.ru/articles/270918-Chto-takoe-AIOps-i-kak-eto-rabotaet
https://qliksense.ivan-shamaev.ru/dataops-manifesto/amp/
https://vc.ru/u/639152-glowbyte/230302-5-stolpov-mlops
https://habr.com/ru/companies/selectel/articles/703460/
https://vc.ru/u/639152-glowbyte/263920-kak-i-zachem-upravlyat-ml-modelyami
https://www.bigdataschool.ru/blog/what-is-modelops-and-how-it-deals-with-mlops.html
https://maveric-systems.com/blog/dataops-the-new-devops-for-analytics/
https://habr.com/ru/companies/sas/articles/596655/
https://www.kdnuggets.com/2021/09/mlops-modelops-difference.html
https://github.com/kelvins/awesome-mlops
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