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Jeroen Overschie
Machine Learning Engineer



What does
It mean to
be ready?

To find out,
let’s first look
at what MLOps
promised us.




The promise
of MLOps



Hype cycle

The promise

of

AVISIBILITY

TIME



https://en.wikipedia.org/wiki/Gartner_hype_cycle

Hype cycle

The promise
of MLOps

AUISIBILITY

MLOps

TIME
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The promise

Experiment tracking

Dataset versioning

Model registry

Data extraction

Model versioning

ML pipelines

i ] Monitoring
Configuration
Feature
Engineering ML Model Scheduling
Preprocessing | | Orchestration Serving

CICD

Monitoring
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The promise
of

Experiment tracking

Dataset versioning

Model registry

Model versioning

ML pipelines

CICD

Monitoring
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The promise
of

ml C Experiments  Models

Experiments + mifiow-demo 0

I
=]
»

Default
@ Track machine learning training runs in an experiment. Learn more
miflow-demo

Y
=

Experiment ID: 1
» Description  Edit
£27 Refresh Download CSV&, ¥ Start Time Al time

8 BColumns Only show differences e Q

Showing 5 matching runs

D 1 start Time Duration Run Name User Source Version
D @ 2 minutes age 945 run_4 Kaylan L2 C\Program

D @ 2 minutes ago 118 run_3 Kaylan L1 CAProgram

D @ 2 minutes ago 124s run_2 Kaylan L2 C:\Program -

O © 3 minutes ago 1685 run_1 Kaylan O CiProgram -

] @ 2 minutes ago 10.7s un_0 Kaylan O ChProgram -

Models

B sklearn
[ sklearn
® skiean
[§ sklearn

[ skleam

Search

= Filter

Metrics
accuracy
1

1

0.867
0867

08633

Clear

Parameters
depth

20

Share

Experiment tracking

Dataset versioning

Model registry

Model versioning

ML pipelines

CICD

Monitoring
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The promise
of

Experiment tracking

mayworkspace > Experiments > keras-mnist > keras-mnist_1570739212_92bc7afd
+ New Run 24

(@ Home () Refresh

Author

Properties ~ Metrics  Images  Childruns  Outputs  Logs  Snapshot  Raw JSON

[El Notebooks
L Properties Metrics
-3
Status Accuracy
& Designer Completed Vector
Assets Created Final test accuracy
Oct 10, 2019 1:31 PM 0.9794999957084656
[
2 Daelesets Duration Final test loss
Rl Biperimenits 1m 55.69s 0.17366168976166854
Compute target Loss
& Pipelines local Vector
B Models Run ID Loss v.s. Accuracy
keras-mnist_1570739212_92bc7afd Image
& Eroponts Run number
Manage 24
Script name
= Compute keras_mnist.py

& Environments Input datasets
keras-mnist

Switch to old experience @

Model registry

Model versioning

ML pipelines

CICD

Monitoring

12



The promise

of

Vertex Al

TOOLS
Ij1  Dashboard
f  Workbench

i Pipelines

€  Feature Store

[  Datasets

@ Labeling tasks
MODEL DEVELOPMENT

®  Training

A Experiments

Metadata

DEPLOY AND USE
¢)  Endpoints
L ] Model Registry
Batch predictions

8
% Matching Engine

Model Registry CREATE & IMPORT

Models are bullt from your datasets or unmanaged data sources. There are many

different types of machine learning models available on Vertex Al, depending on your use

case and level of experience with machine learning. Lean more

Region
[ us-centrall (lowa) >~ @

s Enter a property name

abalone-model

automl_object_t ion_quickstart (2)_2020924155613

automl_untitled_15997825_20200910050743

automl_with_weight_colum_20200916_peris (7)

automl_ybo_427_automl_1

pl 76-3750702443181113344

tabul del-upload- 17045504-27

automl-tabular-model-upload-6099367032250171392-1464271861511618560

credit_card_default_1619536651363_2021524173021_limit_balance_regression

credit_card_default_1619536651363_limit_balance_

custom_batch_prediction_test_model_20210303

custom_job_with_gpus_0610
custom_model_tf_flowers
custom_model_tf_gpu_flowers

flowers_2021119233932

flowers_2021119234048_edge

Deployment status
@ Deployed on Vertex Al

@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Depioyed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al
@ Deployed on Vertex Al

@ Deployed on Vertex Al

Description

Default version

1

|

Versions

1

1

Type

@ Custom trained
M Object detection
B Tabular

B Tabular

M Object detection
@ Imported

@ Imported

@ Imported

B Tabular

@ Tabular

@ Imported

@ Custom trained
@ Imported

® Imported

M Image classification

M Image classification

Experiment tracking

Dataset versioning

Model versioning

ML pipelines

CICD

Monitoring

13



The promise
of ] |Experiment tracking

Dataset versioning

Model registry

J Vertex Al & Churn classifier model /' EDITDETAILS
A Workbench
Model description Region Model labels y,
{7 Pipelines A churn prediction model for real-time inference us-central? (lowa) -
DATA ~
Versions
@  Feature Store
= Fiter Enter a property name ° "
Bl Datasess VersionID Alias Status Description Endpoints Created Labels:
@ Labeling tasks 3 rfor  experimental @ Ready Random Forest - Oct 5,2022, 5:45:10 PM created_by : data_scien... team : data_office
} 2 gbtree  staging @ Ready Gradient Boosting - Oct 5, 2022, 5:35:06 PM created by : data_scien..  team : data_office
MODEL DEVELOPMENT ~
1 @ default logistic_reg production @ Ready Logistic Regression - 0ct 5, 2022, 5:33:58 PM created by : data_scien... ‘team : data_office . .
$ ML pipelines
A Experiments
i Metadata J
N
DEPLOY AND USE ~
o C I C D
®  Model Registry
@  Edge deployments Y,
) Batch predictions ( )
sk Matching Engine M . .
- onitoring
. J




Experiment tracking

Dataset versioning

@ TrainAbaloneModel

Model registry

°° | Model versioning

€ | ML pipelines

CICD

true —
@ RegisterAbaloneModel é /’
(o
https://www.amazonaws.cn/en/sagemaker/pipelines/ M O n I tO r I n g




The promise

4 )
D r—
® e
Of H | Experiment tracki
\ J
4 )
P —.
D t t . -
J
N\
Model registry
J
N\
©) Update deploy.yml Deploy Application #32 Gl | coo M | . .
@ Summary Triggered by push 2 minutes ago Status Total duration Artifacts
Jobs © ahdbilal pushed < 4ba3bdl master In progress - - J
ol
N\
@ Frontend Build
" "
R = ML o] peI INEeS
@ Frontend Unit Test A
@ Frontend Unit Test B )
@ Backend Build 20s @ Backend Unit Test A 108 @ End-to-End Test 20s @ Deploy Staging 7s » Deploy Production 8s
@ Backend Unit Test A 4 hitps:/jwww.staging.interstellar.dev Deploying to production
@ Backtend Unit Test B 10s
@ Backtend Unit Test B
© End-to-End Test @ Frontend Build 21s
© Deploy Staging @ Frontend Unit Test A 108
#) Deploy Production
@ Frontend Unit Test B 108

Monitoring




The promise
of ] |Experiment tracking

Dataset versioning

Sum Server requests, Avg Server response time, and Sum Failed requests for tailspintoyswebapp Va
% Add metric %y Add filter 2 Apply splitting [&% Line chart \ [ Drillinto Logs \s [[) New alert rule 5> Pin to dashboard ... d I . t
" tailspir bapp, Server req Sum O f.' tailspintoyswebapp, Server response time, Avg O., Y @ tailspintoyswebapp, Failed requests, Sum L3 O e reg IS ry

° | Model versioning

ML pipelines

/| cicb

. A,MM It

falled
I 24.30m I 0

Server
|4~59u




The promise
of

Cloud providers offer
solutions for

Azure Machine Learning

S

Amazon SageMaker databricks

18



The promise
of

So what's
that promise?

MLOps

Productionisation

Automated quality checks

Faster development

Automated releases

Faster deployment

Better monitoring

SIISISISIOI®

Reliable (ML) software products

19



The promise
of

> So where
did this all
come
from?



Back to the
hype cycle



Hype cycle

DevOps
/‘ P

Back to the

AUISIBILITY

MLOps

TIME
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DevOps MLOps”

SecOps  ...Ops hype

DevSecOps . LLMOps
DataOps SgLPS



DevOps

e e = il

Google Trends
N

P

1 jan 2004

1 jul 2070

MLOps

Opmerking

2

Opmerking

1jan 2017


https://trends.google.com/trends/explore?date=all&q=mlops,devops&hl=nl

DevOps

Since 2007/.
Bring together
Dev and Ops.

Key principles

« Automation

« Collaboration &
communication

« Continuously
Improving

<F@EUS on user needs
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DevOps

THE DATA SCIENCE
HIERARCHY OF NEEDS

Al,
DEEP
LEARNING

A/B TESTING,
EXPERIMENTATION,
SIMPLE ML ALGORITHMS

ANALYTICS, METRICS,

LEARN/OPTIMIZE

AGGREGATE/LABEL SEGMENTS, AGGREGATES,
FEATURES, TRAINING DATA
EXPLORE/TRANSFORM CLEANING, ANOMALY DETECTION, PREP

MOVE/STORE

COLLECT



Scheduling § Orchestration
DevOps s
pipelines
Experiment Model Dataset M L O p S
Tracking versioning versioning
Dev / Prod

Linting | Formatting @ Infrastructure as l Container
(QA) code (l1aC) isation

Dev
Ops

Version control / Git Source code repo Config

management




MLOps

Dev
Ops







DevOps

Alright so DevOps.

But then what's
the MLOps twist?



The MLOps
twist

Ideate Experiment

USE CASE
FOR,
MACHINE
LEARNING

IDEATE
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The MLOps
twist

It was never
just tech.

e

Technology '

=
O
W



The MLOps
twist

ML
development

ML
operations

36



The
twist

Operations

ML product team

ML platform team

Data platform team




When to consider

People & Process &
o V o V o V o V

. Vv Vv ¢ Vv Vv

\/ Curious about what checkmarks
you should take into account?
Contact us about the MLOps
% maturity scan.



Let's together make
this a great
community K

MLOps

-community

@ Worldwide MLOps
community

mss3up

1 Hh Eindhoven

BIEE Data
Community

Meetup
community

]

NKebia

Sharing Knowledgo

MLOps a

MWebia m Mebia

Anss Tansaton | Gt | Ciovt | Mo Otn 1 Ot Scince st |
Ot Sctenc and A | D Leveraging Serverless s p—"
How 10 Measure Your and Generative Al for How ML System
MLOps Performance Image Captioning on Design heips us to
Gep make botter ML
products

@ @

u

Hebia Academy

MLOps on
Azure

Do you already have a solid |
understanding of Machine Learning and
would like to take your models outside of
the development phase? This MLOps on
Azure training is then a perfect next step
for you.

Learn more about the key principles of
MLOps and the elements of an end-to-
end Machine Learning system. Also, you
will create Machine-Learning pipelines in
Azure ML and deploy a CI/CD pipeline
with GitHub Actions. And much more!

Xebia Academy
MLOps Training

Mebia

Xebia Solutions

Base MLCQs Platform 3
\I

Pl -
BWa Seiengevand Al use cases int@jproduction
“With the lowest possibil‘e time to farket T 1
b, 4

A Tailored-To-Fit Solution to Productize Data and
Machine Learning Solutions

torm is a tadoredto-fit solution bult using pr
process of operationalizing data products a br

ting-edge components

The MLOps Platform has been designed and developed based on decades of experience
‘with deploying and running of data solutions. The resultis a platform that s both easy to
malntain and provides jaw-dropping fast time-to-market.

The MLOps Platform is part of Xebia Base, our suite of tailored-to-fit platforms.

|BI\SE|

Xebia Base MLOps
Platform

40



|Room B

10:00 - 13:00 A A
@ How to MLOps: Experiment tracking & deployment

Yke Rusticus a Jeroen Overschie
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Thank you!

— Jeroen Overschie

Jeroen Overschie
Machine Learning Engineer @ Xebia Data

xebia.com


https://linkedin.com/in/jeroenoverschie
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