JIEMAHAN
neo

ML-OPS
B JIEMAHA T1PO:

cTopuAa pa3paboTkn 1 BHeLPEHUA
vueHTpannaosaHHon MLOps nnatdopmebl -




I
KceHuA EnnsaBeTa
brnaxesuny [ aBpwunoBa






JlemaHa I'PO kak 6un3Hec:

45000+ 11 6

CoTpyaoHUKOB [apkcTopoB PL|

2000+ 112 21

[TocTaBLUMKOB MarasnHoB busHec-
noenapTamMeHT




CTpykTypa komaHa B 2019 roay

@) DA

@@ DE

OATA- 2 DATA-
OEMAPTAMEHT NMPOOYKTA

DS

*[laTa-npoayKT - peLLeHNEe, B OCHOBE KOTOPOro SIEXXUT 0AHa Uin Heckonbko ML moaenen



NaTta-npoaykTbl B JlemaHa NPO

HA 2019: K 2025:
Mopoenwu Mopoenwu
[TlpooykTa
(moBeneHbl A0 NpoAakLuHa rlpO,El,yKTOB

B KaKOM-TO BMAE)

*[JaTta-npoaykKT - peleHne, B OCHOBE KOTOPOro JIeXXUT ogHa unu Heckonbko ML mooenen



Knaccunyecknm ML/
TabnmyHble naHHble

PekomeHaaTelbHblE CUCTEMBI
CKopuHroBble Mogenu
Knaccudpmkauma

[MporHosbl/
perpeccuoHHbIE MOOENU

Mouck/ PaHxxmnpoBaHue

[ nybokoe
oby4yeHune:

CV
NLP

Perpeccun

Batch inference

GEN Al:

[[eHepauna n3obpa>keHnmn
[[eHepaumA TEKCTOB

Knaccugpukauyma

RAG onAa 3agayd noucka
NO AOKYMEHTam

Real-time inference
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MoTtuBauua
0nA BHeapeHuA
MLOps-
naaTPoOpPMbI



300napK B TEXHOJIOrMAX
N cTaHpgapTax:

« NN NN N NN N N e e -




300napK B TEXHOJIOrMAX
N cTaHpgapTax:

CNOXHbIN KOHTPOSIb KayecTBa HeT obLwen
ML-NpoaoyKTOB U KOMMOHEHT NHJPaCTPYKTYpPbI
OTcyTcTBYET HeT KOHTpOInpyemMmou

egnHoobpasne NpoayKTOB TOYKW NOOOEPXKKN



[logcynTanu
KocTbl [ TM
pa3padboTKn

NPOLOYKTOB

MepeHUMan NPUBbIYKN




BHeﬂ.peH MH DS/ ML-engineer

ML B npopgakwH B LMRU
Pa3spa6oTka Mogenu - *MainnaitH nepeoGyyeHnA Moaenu *TNoppepXKa moaenu
*HacTpouka nH-pbl : *Deploy & Serving Monitoring *Moppep>xka UH(-pbI

HacTpoiika MOTOKOB AaHHbIX:

1 - 2 mecaua 2 - 3 mecAuUa o 1 -2 mecAua

*3QTanbl KoTOpble AY6NnUpytoTcA/ MmoryT **MoHTOPUHI KayecTBa paboThbl, py4yHoe
nepemcnosib3oBaTbCA B pasninyHbix ML-npoaykTax nepeoby4yeHne, o6HOBNEHME MOOENMN



[1pn pa3paboTke Ka>kaoro
paTta-npoaoykra

PaspaboTtka mogenu
11.1¢

Ve *TMoppepxka
11.1%

**Topgepxka Mmogenu
2 11.1%

*Deploy & Serving
11.1%

~9 mecAueB paboTbl
DS/ DEVops T

Monitoring

HaCTpOVIKa MOTOKOB AaHHbIX

*MNepeobyyeHne mogenu
16.79

\.

*QTanbl KOTOPbIE MOTYT NEPencnonb3oBaTbCA **MoHNTOPUHI KayecTBa paboThbl, py4yHOe
B pas3nunyHbix ML-npoaoykTax nepeobyyeHne, 06HOBNEHME MOOENN



paboTbl DS/Devops,
KOTOPbl€ MOXXHO MHBECTMPOBATb

DS/ ML-engineer

DEVOps

B y/lydllEeHMe KadecTBa WUan HOBbl€ NPOAYKThI

~ *Toppepxka

~6 mecALeB
paboThl
*Deploy & Serving
Devops
~9 MmecAueB paboThbl
DS/ DEVops <
*HacTtporika
~3 mecAula
*TepeobyyeHne mogenu paGOTbl DS
\.
*OTanbl KOTOpPbie MOTyT rnepencrnosib3oBaTbCA **MOHI/ITOpI/IHF Ka4yecTBa pa6OTb|, py4dHOE

B pas3nunyHbix ML-npoaoykTax nepeobyyeHne, 06HOBNEHME MOOENN

2021: 1 5

naTa-npoayKToB

2025: 35+

naTa-npoaykToB




cokpallaeTcH

DS/ ML-engineer

- MaunnanH
Paspa6oTka mopenu - . nepeo6y4yeHunn

. Mmopenv
HacTpoika uHg-pbl i, RERlay Moni g

.° & Serving

]
HacTpoiika NOTOKOB AaHHbIX
1 - 2 mecAaua - 0,5 - 1 mecay,

**MOHUTOPUHI KayecTBa paboThbl, py4YyHOe
nepeoby4yeHve, 06HOBNEHME MOOENN

Mopapep>xka moaenu

Moppep)xka UHQ-pbI

1 -2 mecqaua



3anpocbl OT HaLWKMX CrneumnanncToB

Obuiee AKTyarnbHbI CTeK MuHrvnsauma
NPOCTPAaHCTBO noTpebHoCTHU
OnA research B devops

Train n serving ObLwwme YckopeHue

B OOHOM MECTe KOMMNOHEHTbI pa3paboTKu
[TOHATHbIE [ToTpebHOCTL MacwTabnpyemocTb
NHCTPYKLNN B JIErKOM

N LWAOSIOHbI OocTyne

K GPU



ONA BHeOpeHnA
MLOps nnatdopmbl

CTtaHpapTmnsauma CokpalleHune 3anpochl
NpoayKTUBM3aLmnmn gatpatun TTM oT DS n DA
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VicTopmnAa BHeOQpeHNA
MLOps-nnatdgopmbl



Bbli60op OCHOBbI N1IATAOPMBI

o6Lee NpocTpaHCTBO ANA pecepya
train u serving B oqHOM mMecTe
MUHMMU3aLMA NOoTpebHOCTU B devops

NOTPEOHOCTb B MOHATHbIX MHCTPYKLMAX
M wabnoHax

notpeb6bHocTtb B GPU

open source

<«

<« «««(73)

N NS

< NS

S S



Y10 Takoe KubeFlow?

Habop cepBucos ¢ web-nHTepdencom bunbnnorteka
nnAa nannnanHoB

q’fo‘ Kubeflow @ main v B

Home Dashboard Activity

Notebooks

Quick shortcuts Recent Notebooks Documentation
Tensorboards pip install kfp
4 Upload a pipeline B cls.csv Getting Started with Kubeflow -
Volumes Pipelines Accessed 19.10.2024, 14:54:39 Get your machine-learning workflow up and Ll
running on Kubeflow
Endpoints View all pipeline runs model pickle MiniKF Here is a simple pipeline that prints a greeting:
+ Pipelines E Accessed 19.10.2024, 14:53:48 Z p p p p g g
. A fast and easy way to deploy Kubeflow locally
Experiments
(AutoML) 4 Create a new Notebook server [ g] level1_result_new_2.csv Microk8s for Kubeflow
) ; Notebook Servers Accessed 19.10.2024, 14:51:22 Quickly get Kubeflow running locally on native Z .
Experiments (KFP) hypervisors from kfp import dsl
View Katib Experiments clfdump.pickle
1 Katib LS Accessed 19.10.2024, 14:51:21 Kubeflow on GCP —
Running Kubeflow on Kubernetes Engine and |__| @d 51 . component
. . Google Cloud Platform
g Trainmaxcell (1) (2).ipynb def say_hello(name: str) -> str:
Accessed 17.10.2024, 14:48:37 Kubeflow on AWS '
— ] 1
Running Kubeflow on Elastic Container Service and ZI hello—tEXt - f Hello ’ {name} °
Recurring Runs Amazon Web Services print(hello text)
. Requirements for Kubeflow return hello_text
4 - Recent Pipelines -
Artifacts P Get more detailed information about using Z
Kubeflow and its components
Executions o  auto-upload-20241010-113558 @dsl.pipeline
Created 10.10.2024, 18:35:58 def hello_pipeline(recipient: str) —> str:
hello_task = say_hello(name=recipient)
o auto-upload-20241010-113425
Manage Contributors Created 10.10.2024, 18:34:25 return hello_task.output

o analogs-dev-classifier-v2
Created 29.02.2024, 18:09:42

Privacy » Usage Reporting

build version dev_local
off gpu_test




Y10 Takoe KubeFlow?

Jupyter Notebooks & VSCode
AutoML

Research

Model Registry

Trai
rain Pipelines (pipeline=DAG, component=task)

Endpoints: KServe

Inference Bo3mMo)xHOCTb 0o06aBNATL CBOU CEPBUCHI



[ lpOCTPAaHCTBO Nopf, research

AOMUH cOo3OaeT namespace KoMmaHabl

yepes k8s maHugecT

OnucaHue Hemcneuca
U TIUMUTOB:

Profile

LimitRange

Bbigaya poctynos
K HeMMcrneucy:

« RoleBinding

« AuthorizationPolicy

kind: RoleBinding
metadata:

apiVersion: rbac.authorization.k8s.io/v1

kind: RoleBinding
metadata:
anngtatigng:

apiVersion: rbac.authorization.k8s.io/v1

apiVersion: rbac.authorization.k8s.io/v1
kind: RoleBinding
metadata:
annotations:
role: edit
user: 'UserName'
name: user-UserName-clusterrole-edit
namespace: test
roleRef:
apiGroup: rbac.authorization.k8s.io
kind: ClusterRole
name: kubeflow-edit
subjects:
— apiGroup: rbac.authorization.k8s.io
kind: User
name: 'UserName'

apiVersion: security.istio.io/vlbetal
kind: AuthorizationPolicy
metadata:
annotations:
role: edit
user: 'UserName'
name: user-UserName-clusterrole-edit
namespace: test
spec:
action: ALLOW
les:

: request.headers[kubeflow-userid]
ues:
serName'

le-edit

8s.1i0

8s.1i0

lbetal

le—edit

Flow-userid]

fedit

. io

. io

Jtal

edit

-userid]




[lpocTpaHCTBO non,

[Tonb3oBaTtens nogHMMmaeT cebe cepsep ¢ Jupyter unm VSCode

-~
(’[0‘ Kubeflow $ test (Ownen) ¥

Home < New notebook Tl/l nce p BEe p a

Notebooks
. °
Jupyter
o~ 1 4 2
Volumes
JupyterLab VisualStudio Code RStudio Custom Notebook
Endpoints
An interactive development A lightweight but powerful An integrated development r Image
Experiments environment for notebooks, source code editor, redefined environment for R, a
(AutoML) code, and data. Ideal for and optimized for building and programming language for dataplatform/mIOpS/base-images/jupy’ter-scipy'ﬂ
prototyping and debugging modern web and statistical computing and :
Experir (KFP) experimentation. cloud applications. graphics.
dataplatform/mlops/base-images/pytorch-full:v1
BazoBbii 06pas™
e Custom Notebook ¢ v p dataplatform/mlops/base-images/pytorch-cuda-full:v1
Recurring Runs CPU/RAM @ kubeflownotebookswg/jupyter-tensorflow-full:v1.8.0
Minimum CPU inimum Memory Gi F
0,5 1 N kubeflownotebookswg/jupyter-tensorflow-cuda-full:v1.8.0
N i o 6 p - —
06 12 eCypPChbl

age Contributors

A Advanced Options

GitHub & GPUs
Number of GPUs

Privacy - _ _
None NVIDIA v

build version dev_local




[lpocTpaHCTBO non,

Korpa Hy>XeH KacTOMHbIN 06pa3s

kubeflownotebookswg/jupyter

" v - -
W%¢' Kubeflow P test (ounen requirements.txt requirements.txt

AU < New notebook

pip install --upgrade pip \

Notebooks

Tensorboards

Volumes

Endpoints

Experiments

(AutoML)

Experiments (KFP)

Pipelines

Runs

Recurring Runs

Artifacts

Executions

Manage Contributors

GitHub &

Privacy « Usage Reporting

build version dev_local

I~
Jupyter
S’

JupyterLab

An interactive development
environment for notebooks,
code, and data. Ideal for
prototyping and
experimentation.

Custom Notebook

dataplatform/mlops/base-images/jupyter-sc

Custom Image

VisualStudio Code

A lightweight but powerful
source code editor, redefined
and optimized for building and
debugging modern web and
cloud applications.

vVl

[
p

2

RStudio

An integrated development
environment for R, a
programming language for
statistical computing and
graphics.

Custom Image
( myCustomimage

Image pull policy

IfNotPresent

~ Advanced Options

-r requirements.txt




[lpocTpaHCTBO non,

Korga Hy>kHa napa HoBbIX bnbnunoTek: pip install - Hawe Bce!

O

File Edit View Run Kernel Git Tabs

= M 2 c o

Settings Help

’ Filter files by name Q
= Sy
0 Name - Last Modified

@ lost+found 8 months ago

[ ca.crt 8 months ago
Bl o (| Untitled.ipynb 3 months ago

»

Z Launcher

|E| Notebook

Python 3
(ipykernel)

Console

Python 3
(ipykernel)

Other

Terminal

Text File

M
v

Markdown File

Terminal 3 X |+

(base) jovyan@test-serving-0:~$ pip install nltk
l Collecting nltk
Downloading nltk-3.9.1-py3-none-any.whl (1.5 MB)
1.5/1.5 MB 4.7 MB/s eta 0:
Requirement already satisfied: joblib in /opt/conda/lib/python3.8/site-p
Collecting regex>=2021.8.3

Downloading regex-2024.9.11-cp38-cp38-manylinux 2 17 x86_64.manylinux2
785.0/785.0 kB 18.7 MB/s e
Requirement already satisfied: click in /opt/conda/lib/python3.8/site-pa
Collecting tqgdm

Downloading tgdm-4.66.6-py3-none-any.whl (78 kB)
78.3/78.3 kB 590.1 kB/s et
Installing collected packages: tgdm, regex, nltk
Successfully installed nltk-3.9.1 regex-2024.9.11 tgdm-4.66.6
(base) jovyan@test-serving-0:~$

2

Python File

B

Show
Contextual




Research

NccnepnosaHue B Jupyter
Notebook Ha BM nnu
NoKasibHOM KOMMbloTepe

I
L

-V

Train

O6y4yeHne moaeniv Ha HOBbIX
OAHHbBIX: BPYYHYO UN
aBTOMaTU4YECKM NO pacrnmcaHuto

@
N
jupyter

e’

Inference

Batch Serving nnu
HenpepbIBHbIN Serving

@3

model.predict(x)



Train BpYy4HYIO:

3ane3Tb NoparotoBuTtb Jupyter 3anycTuTb
Ha BM (ssh) (oAuvH pa3s) Jupyter npu
Heo6XxoAuMOCTHU

Jupyter jupyt lization Last Checkpoint: 3 minutes ago (autosaved) A an

% ssh 1izvladi@l12.123.123.12

Insert Cell Kernel Widgets

A ¥ PRun B C »  Markd

uuuuuu

BBBBB




pipeline B Jupyter

O MogHsaTtb Jupyter J@r

1 MopgrotoBnTb
nanmnnamH

from kfp import compiler, dsl
from kfp.dsl import Dataset, Input, Output

import pandas as pd

from sklearn import datasets
from sklearn.linear_model import LogisticRegression

@ds 1. component

def read_data(data:Output[Dataset]):
data = wine_data[0]
data["target"] = wine_data[1]
return wine_data

@ds 1. component

def train(data: Input[Dataset]):
X = datal0]
y = datal[1l]

model = LogisticRegression()
model.fit(X,y)

@dsl.pipeline
def hello_pipeline():
read_data_task = read_data()
train_task = train(data=read_data_task.outputs["data"])

compiler.Compiler().compile(hello_pipeline, "pipeline.yaml")

2 3arpysunTtb
CKOMMNUANPOBaHHbIN
pipeline.yaml

3 3anycTuTb NannnanH
npun HeobxoanuMocTK

%% Kubeflow

"f.‘ Kubeflow

Experiments (KFP)

Pipelines

@ lizatest (Owner) v
PRI VeraRTS
& New Pipeline
Upload pipeline or pipeline version.

@ Create a new pipeline O Create a new pipeline version under an existing pipeline

Select f the new pipeline will be private or shared.

@ Private O Shared

Upload pipeline with the specified package.
Pipsiine Name

test-pipeline

Pipeline Description
Choose a pipeline package file from your computer, and give the pipeline a unique name.

You can also drag and drop the file here.

For expected file format, refer to Compile Pipeline Documentation.

Fier
@ Upload a file [ Choose file

O Import by url e

Code Source

Cancel Must specify either package url or file in .yaml, .zip, or .tar.gz

@ main ~
Pipelines
. + c
< template_v2 (template_v2_version_at_2024-.
Gmuleanﬁwrun
Graph Pipeline Spec
Layers | root
H doy
data metrics



pipeline B Jupyter

from kfp import compiler, dsl
from kfp.dsl import Dataset, Input, Output

import pandas as pd

from sklearn import datasets
from sklearn.linear_model import LogisticRegression

@dsl.component

def read_data(data:Output[Dataset]):
data = wine_datal[0] 1 |_|O,EI,FOTOBI/ITb
data["target"] = wine_datal[1] o -
return wine_data I'IaI/II'IJ'IaI/IH

@dsl.componente ¢ ¢ ¢ e e 60600,

def train(data: Input[Dataset]).:””“”""”"““"“'--) KOMMNOHEHT = taSk

X = datal0]
y = datal[1]

model = LogisticRegression()
model.fit(X,y)

......................)na|7'|nna|‘]|H = DAG

@sl.pipelin@ s e s e o e o e e °?
def hello_pipeline():
read_data_task = read_data()

train_task = train(data=read_data_task.outputs["data"]) KOMHMHFILI.VIFI yaml

e 0 ® ? J A\
compiler.Compiler().compile(hello_pipeline, "pipeline.yaml"} s *° C nNnamniaamdHomMm
—



pipeline B Jupyter

-
"F Kubeflow @ liza-test (Owner) ¥

Pipeline Versions

< New Pipeline
Upload pipeline or pipeline version.

@ Create a new pipeline O Create a new pipeline version under an existing pipeline

Select if the new pipeline will be private or shared.

@ Private O Shared
Upload pipeline with the specified package. 2 3 a r py3 M T b

Pipeline Name*

CKOMMNUTMPOBaHHbLIN
pipeline.yaml

Choose a pipeline package file from your computer, and give the pipeline a unique name.
Runs You can also drag and drop the file here.

For expected file format, refer to Compile Pipeline Documentation.

Recurring Runs

File*
@ Upload a file Choose file

O Import by url ackage U

Code Source

Cancel Must specify either package url or file in .yaml, .zip, or .tar.gz




pipeline B Jupyter

-
1,!0‘ Kubeflow $® main v
Pipelines

< template_v2 (template_v2_version_at_2024-0.. + Upload version

Home

Notebooks
Graph Pipeline Spec

Tensorboards
Layers | root

Volumes
download-data

Endpoints

| et 3 3anycTuTb

(Auto M |_) data metrics

| | namnnaviH npu
Pipelines A H eO6XO|D| MMOCTWU

Runs
metrics test train

Recurring Runs

Artifacts

train-model
Executions

metrics model

Manage Contributors

= switch-model
GitHub & +

Privacy « Usage Reporting i Show Summary metrics

build version dev_local 8




pipeline B Docker

1) BasoBbiin 06pa3 co BceM
HeobxoaMMbIM Ons paboTl
. NaiinnaiiHa

. 2) Kaxgpin py-dann — ogmH
. KOMIMOHEHT, KOTopblin 6yaeT
N .-éanyu.l,eH B CBOEM KOHTelNHepe
—"docker . .
| L— base_image 4 .
| L— Dockerfile o
— kubeflow_pipeline/ o
— kfp_vars.py o
[— pipeline.py <o o o , , o
L— pipeline.yaml IR I
— requirements.txt KOMMOHEHT B e,u,MHI_:u?l r_|aV|r|na|7|H
— vib/ 0 n komnunsaumen pipeline.yaml

| L— config.py "'.
L— pipeline_steps/
— download_data

— prepare_data

train_model . .
||: switch model 4) Jenkinsfile gns:

‘—Jenkinsfile(---"""""........._. _ base_i_mage
pipeline.py->pipelimne.yaml

|
|
l_ - - 3) py-daiin co cbopkon Bcex
|
|
|
|
|
|
|
|



pipeline B Docker

Cospnatb Git-

PENO3nNTOPUIA C Hanucatb
NnpuMepoMm Jenkins moaynu
NpoeKTa

—"docker
| L— base_image F
| L— Dockerfile Lo ro

74 o’

kubeflow_pipeline/
— kfp_vars.py
— pipeline.py
L— pipeline.yaml

-
|
}_ sr¢/, e e e e e e e e o0
|

|

|

|

|

|

|
!_

— requirements.txt
F— lib/

| L— config.py
L— pipeline_steps/

— download_data E Ku befIOW

— prepare_data
— train_model

— switch_model
Jenkinsfile

[TpoBecTu
obyyeHne



nepenada gaHHbIX Yyepeas Artifacts

@container_component

def prepare_data(
data: Input[Dataset],
metrics: Output[Metrics],
train: Output[Dataset],

HectaHAapTHbLIN CUHTaKCUC
test: Output[Dataset]

onucaHuA BbIXOAHbIX AAaHHbIX

return ContainerSpec(
image=f"docker-local-{team_name}.art.lmru.tech/{team_name}/{project_name}/base-image:{tag}t",
command=["python", "pipeline_steps/prepare_data/task.py"],
args=[
"——executor_input",
ds1.PIPELINE_TASK_EXECUTOR_INPUT_PLACEHOLDER,

@dsl.pipeline(name="project_template")
CoBceM Heo4YeBUOHbIN def pipeline():
CHOCOG nepep‘a"’"ﬂ - task_download_data = download_data()
apryMeHTOB n3 KOMaanHOM task_download_data = prepare_task(task_download_data)
CTPOKM BHYTPb KOHTEUHepa

task_prepare_data = prepare_data(data = task_download_data.outputs["data"])
task_prepare_data = prepare_task(task_prepare_data)

task_train_model = train_model(train = task_prepare_data.outputs["train"], test = task_prepare_data.outputs["test"])
task_train_model = prepare_task(task_train_model)



nepenaya OaHHbIX

nony4aem

@container_component

def prepare_data( =
data: Input[Dataset],
metrics: Output[Metrics], B » » Y » »
train: Output[Dataset], . @ =
test: Output[Dataset] E . | L= prepars-data 0
):
metrics . . test e : , train

Artifact Info Visualization

Scalar Metrics: metrics ®r L 4 T
train-model Q

name value

date "20241023"
split 0.2
test_size 36

train_size 142



ceKpeTbl

HashiCorp

V Vault

A4

Kubeflow

B Vault komaHgbl
BK/IOYEHa
ayTeHTudukauma
yepes Approle

KOMaHaa co3paeT
HY>KHYO pOsib
N Kpeapbl K HEen
(role_id,
secret_id)

KomaHaa
co3gaeT NonUTUKY
C [OCTYNOM
K cekpeTam npoekTa

B KO NannianHoB
KOMaHAa C NOMOLLbIO
k8s cekpeTa ¢ kKpegamu
NoaKtoyaeTca K
cesoemy Vault n yntaetr
HY>KHbl€ CEKPETbI

agvunH KF 3aBoguT
k8s-cekpeT ¢ Kpeoamu
B HermMcnence KomaHabl

€Ccnu Haao O6HOBUTDL
CEeKpeTbl - KomaHaa
NPOCTO OBHOBNAET
nx B Vault




ceKkpeThl

HashiCorp 6ubnuoTteka
. 9 HaocHose hvac
u A4 Secrets  Access | Policies  Tools o ® o ®
iEl I o ®
o ®
ACL policies LJ °
vault_con = connectors.VaultConnector()
mlops-rw vault_con.set_secrets_as_envvars(
d path=os.getenv("VAULT_PATH"), mount_point=os.getenv("VAULT_MOUNT_POINT")
ACL Policies I LI .
) ® e .
Policy (HCL format) _log.info("Secrets imported from vaul®\e" o °
path "mlops/*" ° o
LIS o
.

capabilities = ["create", "read", "update", "delete", "list"]

LI .AY
K8s-cekpeThl

vl

A oT

Kubeflow

vault-approle-mlops-template
LER

Opaque



Train

ononmnoTeka Ha
v OCHoBe hvac

vault_con = connectors.VaultConnector()
vault_con.set_secrets_as_envvars(
path=os.getenv("VAULT_PATH"), mount_point=os.getenv("VAULT_MOUNT_POINT")

_log.info("Secrets imported f vault\n")

K8s-ceKpeTbl




N3 yero coctomnt ML-npouecc?

Research Train
NccnepnosaHue B Jupyter O6yyeHne Moaenmn Ha HOBbIX
Notebook Ha BM mnn OAHHbIX: BPYYHYIO UK
NoKasibHOM KOMMbloTepe aBTOMaTU4eCKM NO pacrnmcaHuto
o amm o
| jupyter
== = e’

Inference

Batch Serving nnu
HenpepbIBHbIN Serving

&

model.predict(x)



Inference:

Kak 6bis10 vi

A

Hanncatb
NPUIIOXEHNE

Kak Ob1/10 v2

-

-
MopgHATL BM
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Inference:

Kak cTtano

NMonyyaeTe B nntoc:

* MOHUTOPUHI C MOMOLLbIO
Prometheus

 MacwTtabmnpyemocTb

ff.‘ Kubeflow

Home

Notebooks

Tensorboards

Volumes

Endpoints

Experiments (AutoML)

Experiments (KFP)

Pipelines

@ main ~

< New Endpoint

1 apiVersion: "serving.kserve.io/vlbetal"
2 kind: "InferenceService"
3 » metadata:

12 storageUri: "gs://kfserving-examples/models/sklearn/1.0/model"

4 name: "sklearn-v2-iris"

5+ spec:

6+ predictor:

7~ model:

8~ modelFormat:

9 name: sklearn

10 protocolVersion: v2

11 runtime: kserve-sklearnserver
13



N3 yero coctomnt ML-npouecc?

Research Train
NccnepnosaHue B Jupyter O6yyeHne Moaenmn Ha HOBbIX
Notebook Ha BM mnn OAHHbIX: BPYYHYIO UK
NTOKasIbHOM KOMMblOTEpEe aBTOMaTU4eCKM NO pacrnmcaHuto
— s
|
L jupyter

TV T/

Inference

Batch Serving nnu
HenpepbIBHbIN Serving

&

model.predi V



Kakne wabnioHbl 1 MHCTPYKLUUN HY>KHbI

~ IHCTpyKumMA no nony4vyeHuto aoctyna Kk KubeFlow
.~ VIHCTpyKUMA no pa6oTe ¢ Jupyter
» Base: kak nogHATb Jupyter ¢ Hy>XHbIMW pecypcamu
* Pro: kak nogHATL Jupyter ¢ KacTOMHbIM OKpYy>XeHunem (docker)
Lla6noH ML-npoekTa ¢ KF-naunnamnHom ¢ KOHTEeMHEePU3NpPOBaHHbLIMU KOMIMOHEHTaMMU
« Kak HanucaTb component (aHasnor task)

ApxnTekTypa namnnanHa co cBA3bio Mexxay waramu (aHanor DAG)

[lepenaya gaHHbIX mexay components (aHanor XCOM)

Aicnonb3oBaHMe cekpeToB (Hala KacToMHaAa 6ubnnoTteka)

Hactpownka CI/CD (rotosble warun gna Jenkins-namnnamnHa)






KubeFlow:

YTo nonyuunum

, Research + Train +
\ Inference B eanHoMm

\J KOHTYype

A M
acwtabnpyemocTb
nlo(l Y

MOHUTOPUHT

OT yero He ywnu

% okcnepTmsa B Docker

({o CI/CD



MLOps nnatdoopma

1) BblgeneHHaAa komaHga oA pasBuTumA
niaTgopmbl

e [oBbiwaeTcA Ka4ecTBO peLueHui

2) CBOA KOHTpOSIMpyeMaa To4yka Noaaep>XKu
MHPPaCTPYKTYpPbI

e [loBbllWlaeTcA HAAEXXHOCTb:
MOHUTOPUHI, MacluTabupoBaHue

* YmeHblwaeTcA bus-thakTop

3) MNoppep>kka B HAaNUcCaHMUM namnaanHoB:

* [lepeucnosib3oBaHune o6LUUX
KOMMOHEHTOB

4) TpaTbl HA UHPACTPYKTYPY
no)xatcAa Ha gaTta-genaptameHT (Oo
2025)

5) Cpega onAa aKcnepmMeHToB /
aHanNUTUKn



BpemA

DS/ ML-engineer

coKpauwiaetcA B ~1.5 pa3a
B ~2 pa3a MeHblle pecypcoB

- NannnaiH -
Paspa6oTka moaenu - nepeo6y4yeHuna - Mopaepxka mopenu
mopenu ..
HacTtpouka uHd-pbl R Monitoring NMopnepxxka WHG-pbI
& Serving .
HacTpoiika NOTOKOB AaHHbIX
1 - 2 mecAaua . 0,5 -1 mecay o 1 -2 mecAaua

**MOHMUTOPUHI KayecTBa paboThbl, py4YyHOe
nepeoby4yeHve, 06HOBNEHME MOOENN



oTCneXmBaTtb U NMogaep>XmBaTtb

s T TTTETTEENSN 32 yaca/ MmecAL 0 T T TTETETEESNS
/ \ Y / \
Heo6xoaMmocTb 3 aHanorn4yHbIX NpoAyKTa
nepeo6y4yeHuA: B LMRU:

~1.5 mecAaua paboTtbl ML-

* OO6y4eHune Ha CBeXMUX AaHHbIX /
nH>xeHepa/ DS Ha serving mogenu

(oTcTaBaHue < mecAaua) + 13%

K KayecTBy
~2 mecAaua paboTbl ML-mH>XeHepa

Ha co3gaHme navnnanHa

e [lerpagauma mogenu Ha
nepeoby4vyeHna moaenm

cTapblX AaHHbIX (OTCTaBaHMe 6
mMecAaueB) - 34% noTepb

~1 mecay paboTtbl ML-nHxeHepa
¢ OnTumanbHaA 4YactoTa Ha HACTPOMKY MOHUTOPWUHIOB

nepeoby4veHus - 1 pas B )| \ ]
. _seaeno S ’
- e .- e .- .- - - -_" e - - - - - .
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LieHTpanmnsosaHHaAa MLOps nnatdopma

O
15%
Tonbko 15-20% -
MOLeNnen NpPoayKTuBM3NpyemM BHe

nepumeTpa Miops-nnatgopmbl 200/0



O deKT OT BHEOPEHUNA:

. time-to-market BbikaTkn mogeneu B npofa B 1.5 pasa

. pecypcoB

. npoayKTuBu3aunm Mogesien MmalmHHoOro obyyeHmsa

° LLeHTPa/IM30BaHHbIA MHCTPYMEHT OJ1A NPOBEAEHUNA UCCNeaoBaHUN
. nnatdgopmMma NpoayKTuen3aunm Mogenen ¢ wabdsioHamu

N NOOLOEPXKKOUN






