é [A3MPOMBAHK

[a3npombaHK — BXOAUT B TPOWKY KPYMHENLLNX YHUBEpCcanbHbIX GaHKoB

Poccumn 1 3aHMMaEeT TpeTbe MecTo B crnvucke 6aHkoB LleHTpanbHow
n BoctouHon EBponbl No pasmepy cobcTBEHHOro KanuTana.

Mbl He NPOCTO GaHKUPLI: Mbl CO3AaeM
NCKYCCTBEHHbI MHTENNEKT, pa3pabaTbiBaem
KBAHTOBbIE KOMMbIOTEPLI, NPUAYMbIBAEM
HOBbIE LI POBLIE NPOAYKTLI, NOAAEPKNBAEM
NpodeccrnoHanbHoOe KOMbIOHUTU, He 3abbiBas

Npu STOM, YTO B LIEHTPE UHHOBALIMN — YenoBeK.

(@) rA3NPOMBAHK

[MoaToMy Mbl yaensiem ocobyto posib pa3BuUTULo.
Mbl co3gaem |IT-coobLecTBa U ¢ MOMOLLbIO
LLIKOMbI CMIUKEPOB NomMoraem Konneram AenuTbCs
ycrnexamu. PerynapHo npoBoanmM muTansi

N JaeM BO3MOXHOCTbL MOBbILAThL KBanugukauuto
BO BHYTPEHHUX LLKOMNax pa3paboTKu.



UYTt0o Takoe MLOps



Ewe 6onblue *Ops

DevOps
DockOps
ArchOps
CloudOps
ChatOps
DevSecOps
UXOps
FInOps

BizOps
ResearchOps
ServerlessOps
DBOps

MLOps
DataOps
FrontOps
DesignOps



FA3NPOMBAHK

Y10 Takoe MLOps?

Machine Learning

MLOps

Data
Engineering




(AL

MCKYCCTBEHHbIN
MHTENNEKT




FA3NPOMBAHK

Y10 Takoe NN?

y = f(x)



FA3NPOMBAHK

Yto Takoe NA?

MCKyCCTBeHHbIIL/‘I MHTEeNNEKT — HayKa N TEXHO/OInd Cco3aaHunA

UHTEeNNEeKTYaJlbHbIX MalUUH, 0CObeHHO MHTENNEeKTYal/lbHbIX
aJIFTPUTMOB U KOMIbKOTEPHbBIX MNPOrpamMmm

* MawunHHoe obyyeHne — OBLMPHBIM Nofpa3saen UCKYCCTBEHHOroO
MHTENNeKTa, U3y4atoLmni MeToabl MOCTPOEHUS aNlfrOPUTMOB,
CNocobHbIXx oby4aTbCA.

¢ [nybokoe oby4yeHne — COBOKYNMHOCTb METO40B MAaLLUMHHOIO
0by4yeHMs1, OCHOBAHHbIX Ha OBYyYeHUU NPeaCcCTaBeHUsM,
a He cneuvanmM3upoBaHHbIM afifOPUTMaM No4 KOHKPETHbIe
3agaun.




FA3NPOMBAHK

OcHOBHble 3a4a4mn Knaccmnveckoro ML

C yuutenem (Supervised)

Image
g:;‘c’;s:; e Classification
P4 ature ] Customer
. @ Elicitation Fraud ® Retention
* Perpeccus (Regression) Meaningful Detection ®

compression

« Knaccuoukauymsa (Classification) N *cicon ® Diagnostics
®

Visualisation

® Forecasting

. Recommended UNSUPERVISED SUPERVISED .
bes yuutens (Unsu pervise d ) Systems e LEARNING LEARNING ® Predictions
Targetted ® MACHINE ® Process
Marketing Optimization
. o LEARNING \ .
* Knactepusauus (Clustering) Customer New Insights
Segmentation
* CHMIKEHME pa3MEPHOCTH PHNES
(Dimensionality reduction) EOmS

Real-Time Decisions @ @ Robot Navigation

Game Al ® @ skill Aquisition

2
Learning Tasks




FA3NPOMBAHK

3a4a4u, KoTopble cenyac pewsaet U

PuckoBble OTKNNUK U OTTOK lNepcoHanunsayus MapKeTUHr,
Moaenun KJMEHTOB npeanoXeHun OnNTUMU3aLUS

nepdoMaHca

BuoMeTpusa YaT-60ThI AHTUdpPOA, [TpoBepka
(ronoc, Bnaeo) rmnoTes




YXM3HEHHbIM LUK — npoLecc obyyeHus

ANropmnt™
MoJenu

MaLUMHHOTO
Oby4YeHus




YXM3HEHHbIM LUK — npoLecc obyyeHus

ANropuTt™m

ObyuvatoLas Moaent

MaLLUUHHOTO
obyyeHus

BbIOOPKA




YXM3HEHHbIM LUK — npoLecc obyyeHus

ANroput™

ObyuvatoLas Moaent

oo Id  Beca Vv

obyyeHus

BbIOOPKA




YXM3HEHHbIM LUK — npoLecc obyyeHus

ANropuTt™m
MoLenu

ObyyatoLlas
Y Ao MALMHHOTO Beca V1

obyyeHus

BbIOOPKA

Mopaenb MalLMHHOro oby4vyeHus




YXU3HEeHHbIM LMK - foobyyeHue

ANropuTt™m
MoLenu

ObOHOBMNEHHAH

MaLLUUHHOTO
obyyeHus

obyyatoLlad
BbIDOPKA

Mopaenb MalLMHHOro oby4vyeHus




YXU3HEHHDbIM LMK — TPEKMHI 3KCNepUMEeHTa

ANropuTt™m
MoLenu

ObOHOBMNEHHAH

ALMHHO Beca v2

obyyeHus

obyyatoLas
BbIDOPKA

Mopaenb MalLMHHOro oby4vyeHus

OKCNEepUMEHT



FA3NPOMBAHK

Y10 Takoe MLOps?

Machine Learning

MLOps

Data
Engineering




FA3NPOMBAHK

Y10 Takoe MLOps?

Model Develo pme nt ml4devs.com/mlops-lifecycle (g

17



FA3NPOMBAHK

Y10 Takoe MLOps?

Software Devel opme nt ml4devs.com/mlops-lifecycle (J
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P
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FA3NPOMBAHK

Y10 Takoe MLOps?

| MLOpS = DataML + DGVOpS ml4devs.com/mlops-lifecycle (3
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YeneH>kn MLOPps

 [loarotoBka AaHHbIX (DataEngineering).
 (QbyyeHne/noobyyeHne moaenmu.

 BepcmoHupoBaHue obyyatoLLmMx BbIODOPOK 1 BecoB (TPEeKUHr
3KCNEePUMEHTA).

 QOpraHusauma pa3paboTku.
* be30onacHOCTb AQHHbIX.
e Opranusaums Cl/CD.



YeneH>kn MLOPps

 [loarotoBka AaHHbiX (DataEngineering).
 (QbyyeHne/noobyyeHne moaenmu.

 BepcmoHupoBaHue obyyatoLLmMx BbIODOPOK 1 BecoB (TPEeKUHr
3KCNEePUMEHTA).

 OpraHusauma pa3paboTKku.
* be30onacHOCTb AQHHbIX.
e Opranusaums Cl/CD.



NMoaorortoBKa AaHHbIX

[JOoCTynHblE
OaHHble

Cbop

AHaNu3 u
N1aHUPOBAHMUE

dopMaTUpoBaHUE
M OYMUCTKA

Arperaums




[logrotoBKa AaHHbIX C TOYKU 3peHna ML

C6Hop gaHHbIX

QOuuncTKa
OaHHbIX

FA3NPOMBAHK

MNpeobpasoBaHme
OaHHbIX

[MpoBepkKa
WM BanMpoauums
OaHHbIX

Pa3zbueHue ‘\\\\

OAaHHbIX

Ypanenue
BbIOpPOCOB

P

HopManusauus
JaHHbIX
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YeneH>kn MLOPps

 [loarotoBka AaHHbIX (DataEngineering).
 ObyyeHue/poobyyeHne moaenu.

 BepcmoHupoBaHue obyyatoLLmMx BbIODOPOK 1 BecoB (TPEeKUHr
3KCNEePUMEHTA).

 OpraHusauma pa3paboTKku.
* be30onacHOCTb AQHHbIX.
e Opranusaums Cl/CD.



ObyuyeHune/poobyvyeHue Mmopenu




YeneH>kn MLOPps

 [loarotoBka AaHHbIX (DataEngineering).
 (QbyyeHne/noobyyeHne moaenmu.

* BepcuoHMpoBaHue obyyatowmx BbiIbOPOoK 1 BecoB (TPEKUHT
3KCNEePUMEHTA).

 OpraHusauma pa3paboTKku.
* be30onacHOCTb AQHHbIX.
e Opranusaums Cl/CD.



BepcHMoOHUpoBaHMe 0by4aloLMX BbIDOPOK U BECOB

# Lab Dataset Size Tokens
(TB) (trillion)

Ll Google -~ Piper monorepo | 86TB 37.9T
A OpenAl ~ GPT-4 40TB 20T

3 TTI RefinedWeb 23.2TB  5.0T

4 (b==e) ey MassiveText (ml) 20T7B 5.0T

5 (K PaLM 2 13TB  3.6T

M Google ~ Infiniset 12.6TB 2.8T

Table. 2023 largest dataset estimates to Jun/2023. Rounded. Disclosed in bold.

Notes

DIDACT, code only. From 2016 paper.

1T model .. 20T tokens. gdb said 40TB.

CC-only dataset prepared by UAE.

From Retro paper.

From PaLM 2 CNBC report.

From LaMDA paper.

Determined in italics. For similar models, see my What'’s in my Al paper.



FA3NPOMBAHK

CTaTUCTUKa NO pa3mepy moaeneun

B M[a3npombaHK

PasMep obyuvatoulei Pa3sMep BecoB Pa3smep Docker Image
BbIbopkM — oT 100 M6 oT2006Tb mMopenu ot 2.5 0o 35Thb
00 BeCKOHEeYHOCTH

28



YeneH>kn MLOPps

 [loarotoBka AaHHbIX (DataEngineering).
 (QbyyeHne/noobyyeHne moaenmu.

 BepcmoHupoBaHue obyyatoLLmMx BbIODOPOK 1 BecoB (TPEeKUHr
3KCNEePUMEHTA).

 QOpraHusauma pa3paboTku.
* be30onacHOCTb AQHHbIX.
e Opranusaums Cl/CD.



FA3NPOMBAHK

OpraHun3sauma pa3paboTku

VELOCITY

VERACITY

30



rA3NPOMBAHK

OpraHusaumna paspaboTku

Do,

S50 0
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YeneH>kn MLOPps

 [loarotoBka AaHHbIX (DataEngineering).
 (QbyyeHne/noobyyeHne moaenmu.

 BepcmoHupoBaHue obyyatoLLmMx BbIODOPOK 1 BecoB (TPEeKUHr
3KCNEePUMEHTA).

 OpraHusauma pa3paboTKku.
* be30onacHOCTb AQHHbIX.
e Opranusaums Cl/CD.



be3onacHOCTb AaHHbIX




be3onacHOCTb AaHHbIX

PCI-DSS

COMPLIANCE

N



be3onacHOCTb AaHHbIX

Internet

No Internet

PCI-DSS

COMPLIANCE

N



be3onacHOCTb AaHHbIX

Internet No Internet

$ $




YeneH>kn MLOPps

 [loarotoBka AaHHbIX (DataEngineering).
 (QbyyeHne/noobyyeHne moaenmu.

 BepcmoHupoBaHue obyyatoLLmMx BbIODOPOK 1 BecoB (TPEeKUHr
3KCNEePUMEHTA).

 OpraHusauma pa3paboTKku.
* be30onacHOCTb AQHHbIX.
* Opranusaums Cl/CD.



OpraHusauusa Cl/CD pna Machine Learning

. ML engineers, developers
A

+

training code Model — 00
1 Building 00
il

model
labeled data

I_.

web app code

-

Deployment s 6

production

data engineers data scientists




Cneuunanunctbl B Machine Learning

Domain Domain
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Math

Domain

[A3NPOMBAHK
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[A3NPOMBAHK
Cneumanunctbl B Machine Learning

Domain Domain Domain

3 5 XL >4
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DevOps cocTasnsawwaa MLOps

* MNCTOYHUKUM AQHHbIX
* MoarotoBKa AaHHbIX / ETL npouecchl

 Pa3paboTKa

* TpPEeKWHr aKCnepumeHTa, COXpaHeHMe BeCcoB.

° TECTVIpOBaHMG N AOCTaBKa MO,EI,GJ'IEVI

* MOHUTOPUHT



DevOps cocTasnsawwaa MLOps

* MNCTOYHMKUM AQHHbIX
* MoarotoBKa AaHHbIX / ETL npouecchl

 Pa3paboTKa

* TpPEeKWHr aKCnepumeHTa, COXpaHeHMe BeCcoB.

° TECTVIpOBaHVIe N AOCTaBKa MO,EI,GJ'IEVI

* MOHUTOPUHT



Tunbl UICTOMHUKOB AaHHbIX

e SQL
PostgreSQL/MySQL/MSSQL/Oracle

* NoSQL
MongoDB/Kafka/Greenplum

 Object storage
S3

* Block storage
HDFS

e WWW
Yandex metrica



TUnbl ICTOYHUKOB AaHHDbIX

saL YMeHblueHue
PostgreSQL/MySQL/MSSQL/Oracle HaKnagHbIX
- NoSQL pacxonoB

MongoDB/Kafka/Greenplum

 Object storage
S3

* Block storage
HDFS

e WWW
Yandex metrica



Hadoop B MNasnpoMbaHk

2 x 1 Mbaunt




DevOps cocTasnsawwaa MLOps

* MNCTOYHUKUM AQHHbIX
* [Moparotoska AaHHbIX / ETL npoueccol

 Pa3paboTKa

* TpPEeKWHr aKCnepumeHTa, COXpaHeHMe BeCcoB.

° TECTVIpOBaHVIe N AOCTaBKa MO,EI,GJ'IEVI

* MOHUTOPUHT



Mopxoabl K opraHM3aumMm UCTOYHUKOB AaHHbIX
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ETL npouecchl
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DataOps

Executive
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MLOps ¢ Touku 3peHnsa DevOps

* MNCTOYHUKUM AQHHbIX
* MoarotoBKa AaHHbIX / ETL npouecchl

 Pa3paboTKa

* TpPEeKWHr aKCnepumeHTa, COXpaHeHMe BeCcoB.

° TECTVIpOBaHMG N AOCTaBKa MO,EI,GJ'IEVI

* MOHUTOPUHT
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Jupyter notebooks ¢ Touku 3peHna MLOps

* Mnoxo anga npoma (PyCharm, Visual Studio Code)
« Xopolwo ana uccnegoBaHum
* Pa3Hble KOHTEUHEPLI ANd Pa3paboTKM U NPUMEHEHMS

« OTpenbHble NamniamHbl 09 pas3HbiX 3Tanos

®
N
jupyter
v

FA3NPOMBAHK
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MLOps ¢ Touku 3peHnsa DevOps

* MNCTOYHUKUM AQHHbIX
* MoarotoBKa AaHHbIX / ETL npouecchl

 Pa3paboTKa

° TpEKMHI’ dKCNepmmeHTa, CoXxpaHeHne BeCOB.

° TECTVIpOBaHVIe N AOCTaBKa MO,EI,GJ'IEVI

* MOHUTOPUHT



TPpeKMUHr 3KCNnepuMeHTa

oIt




TPEeKMHI 3KCnepuMeHTa

git DVC




DVC

LL L

% dvc add cats-dogs
% dvc remote add storag

c push

o090

% dvc exp show




eeeeeeeeeeeeeeeeeee




MLOps ¢ Touku 3peHnsa DevOps

* MNCTOYHUKUM AQHHbIX
* MoarotoBKa AaHHbIX / ETL npouecchl

 Pa3paboTKa

* TpPEeKWHr aKCnepumeHTa, COXpaHeHMe BeCcoB.

 TecTMpoBaHMe U JOCTaBKa moaenei

* MOHUTOPUHT



TecTnpoBaHue moaeneu

TecTupoBaHue ML Moaenu OOMKHO BbiTb COMPAXKEHO
C TECTUPOBAHMEM CaMUX LAHHbIX, HA KOTOPbIX NOCTPOEHA
M ByneT NPUMEHATbLCA MOodeNb.

+ ObecneynTb HanMuuMe gaTtaceTa Ha BCex cpepax.
[apaHTUPOBaTb BOCNPOU3BOAUMOCTD.

FA3NPOMBAHK
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[NocTaBKa Mogeneun - KoHTeMHepbl ansg MLOps




MLOps ¢ Touku 3peHnsa DevOps

* MNCTOYHUKUM AQHHbIX
* MoarotoBKa AaHHbIX / ETL npouecchl

 Pa3paboTKa

* TpPEeKWHr aKCnepumeHTa, COXpaHeHMe BeCcoB.

* TecTnpoBaHue U AOCTaBKa moaeneun
* MOHUTOPUHT



[A3NPOMBAHK

MoHuTopuHr ML moaeneun

YpOBHM MOHUTOPUHIa Ml Mogene:

88 Docker and system monitoring «

Uptime Containers Load average 1

* ML MOHUTOPUHI 28 week 48 - 1823%

(Ginil ROC AUCI NDCGI Lift) ) oad avera ace Available Memon,

* UT MoHuTOpMHT (Prometheus)

* BU3HEC MOHUTOPUHT
(A/B TecTbl, addeKTbl)

CPU Usage per Container

67



FA3NPOMBAHK

MoHuTopuHr ML moaeneun




FA3NPOMBAHK
310 MLOps

ITLOPS = DataML + DevOps ml4devs.com/mlops-lifecycle (3
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EaouHaa cuctema pna MLOps?

[ ¥ TensorFlow O PyTorch 5 SEI_DOVI}

..............

o :
jupyter 'F- | ﬁ 4 : :"cs' t
g’ KFServin * Experiments
° TensorFlow ‘ Katib argo ‘ d + Metadata
» Serverless
Model Hyperpara T Model
Nootbooks Training | Tuning Pipelines | gerving
/_ 5 &

KubeFlow

Istio Prometheus Grafana

o5

WY

vmware

dWsS

AAzure \-)

Google Cloud Platform

© S &

Kubernetes  OpenShift CPU/GPU/TPU




Kubeflow

3
("0‘ Kubeflow $® kubeflow-user (Owner) +
F

Home

Quick shortcuts

+ Upload a pipeline

Pipelines

+ View all pipeline runs
Pipelines

+ Create a new Notebook server
Notebook Servers

+ View Katib Experiments
Katib

Dashboard Activity

Recent Notebooks

kale.log
Accessed 10/12/2021, 2:06:43 PM

lost+found
Accessed 10/12/2021, 2:06:00 PM

Recent Pipelines

:

open-vaccine-model
Created 5/6/2021, 12:32:25 PM

[Tutorial] DSL - Control structures
Created 5/6/2021, 1:42:51 AM

[Tutorial] Data passing in python components
Created 5/6/2021, 1:42:49 AM

[Demo] TFX - Taxi tip prediction model trainer
Created 5/6/2021, 1:42:48 AM

[Demol XGBoost - Iterative model trainina

Documentation

Getting Started with Kubeflow

Get your machine-learning workflow up and running on
Kubeflow

MiniKF
A fast and easy way to deploy Kubeflow locally

Microk8s for Kubeflow

Quickly get Kubeflow running locally on native
hypervisors

Minikube for Kubeflow
Quickly get Kubeflow running locally

Kubeflow on GCP

Running Kubeflow on Kubernetes Engine and Google
Cloud Platform

Kubeflow on AWS

Running Kubeflow on Elastic Container Service and
Amazon Web Services

Requirements for Kubeflow

Get more detailed information about using Kubeflow
and its components

>



HoBaga nnatdopma gaHHbIX

Platform engineering



[leHnc 3aHKOB

Oner Bo3HeceHCcKun
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