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/ What MLOps is (not only) about ? (7 getindata

e Application of the DevOps principles to ML world

“T SPEND A LOT OF TIME ON THIS TRSK.
T SHOULD LIRITE A PROGRAM AUTOMATING IT™

e Managing ML model lifecycle

e Tools and platforms

e Automation and processes

e Infrastructure as Code

The ultimate goal is: PRODUCTIVITY




/ GID MLOps “Productivity Manifesto”

Machine learning and data science should be first-class
citizens of Data Platforms

Open standards and cloud agnosticism

Short development feedback loop (incl. local dev)

Fast new ML projects bootstrapping and standardization
Execution environment independent training pipelines
Easy collaboration

... MLOps capabilities provisioned in days not months

0

(7% getindata
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ML projects in layers (7 getindata

Data ,
3\‘%%@ Scientist Example technologies:
Experimentation + EDA @ )o
Machine Learning frameworks o2 1F (> XGBoost
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ML projects in layers (7 getindata

= Data :
3\‘%%@ Scientist Example technologies:
Experimentation + EDA @ )o
Machine Learning frameworks o2 1F (> XGBoost
?
Execution environment A

Data

S @AA

MLOps / ML
Engineer
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Building blocks of the GID MLOps (7 getindata

&

t\uﬁi Data

;a;' ?¢§ Scientist Example technologies:
Experimentation + EDA — ’o

.\-/
Machine Learning frameworks .
o®. T O XGBoost
Portable Experiment

MLOps tracking and Lauct:r:gti - \
framework collaboration

& Kedro flow | | Ny#rerstom > GID MLOps platform

Cloud Integrations (incl. GID Kedro plugins)

&
Sy

Execution environment

MLOps / ML

.
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Building blocks of the GID MLOps (7 getindata

&

t\uﬁi Data

;a;' ?¢§ Scientist Example technologies:
Experimentation + EDA — ’o

.\-/
Machine Learning frameworks .
o®. T O XGBoost
Portable Experiment

MLOps tracking and Lauct:r:gti - .\
framework collaboration

& Kedro flow | | "y erator > GID MLOps Platform

Cloud Integrations (incl. GID Kedro plugins)

Execution environment 1nr

MLOps / ML

.
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) (“# getindata

Software
Engineering + Data Science
Principles

McKinsey donates machine

Kedro learning pipeline tool Kedro to the
Linux Foundation

Kedro is an open-source Python framework
for creating reproducible, maintainable and modular data science code.
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What features does Kedro have? (Part 1) getindata

v conf
> base
> local
README.md
> data
> docs
> notebooks
V' src
Vv azureqs

v pipelines

> data_processing

> data_science
__init__.py
__init__.py
__main__.py
pipeline_registry.py
settings.py
> tests

Well defined
project structure



What features does Kedro have? (Part 1)

Default

v conf
> base Data Ingestion

> local
README.md

> data

Reporting
Train Evaluation

Split Dat
> docs Pt D
Companies
> notebooks g
v src

Vv azureqs
) 5 Model Input Table
v pipelines

> data_processing

Prm Spine Table
> data_science

__init__.py
__init__.py
__main__.py
pipeline_registry.py
settings.py

> tests

Reviews

Shuttles

Well defined
project structure
+ project starters

Feature Engineering

Hyperparams Linear Regression

Hyperparams Random Forest

Prm Shuttle Company Reviews

R2 Score Linear Regression

R2 Score Random Forest

getindata

Code block

def

primary

model_input

w reporting

Nodes & pipelines
abstractions

split_dat : pd.DataFram(

""nSplits data into features

Args:

data: Data containing

paramet Parameters de
Returns:

Split data.
target_variable = split_opti(
independent_variable [x f¢
test_size = split_options["t¢
random_state = split_options

logger = logging.getLogger(_
logger. info(

fUSplitting data for the

f"{independent_variables
“

f'with a test d of

"' {random_state}'"

X = data[independent_variable

= data[target_variable]
X_train, X_test, y_train, y_i
X, y, test_sizestest_siz(

return X_train, X_test, y_tr



Kedro pipeline - data engineering getindata

def create_pipeline(** ) -> Pipeline:
return pipeline(

|
L

node (
=preprocess_companies,
="companies",
="preprocessed_companies",
="preprocess_companies_node",
i
node (
=preprocess_reviews,
="previews",
="preprocessed_reviews",
="preprocess_reviews_node",
)5
node (
=create_model_input_table,
s=["preprocessed_reviews", "preprocessed_companies", "ratings"],
="model_input_table",
le="create_model_input_table_node",




Kedro pipeline - data science getindata

def create_pipeline(** ) -> Pipeline:
return pipeline(

node (
=split_data,
=["model_input_table", "params:model_options"],
=["X_train", "X_test", "y_train", "y_test"],
ime="split_data_node",

\
Jr

node (
=train_model,
=["X_train", "y_train"],
="pegressor",
="train_model_node",
i
node (
=evaluate_model,
=["regressor", "X_test", "y_test"],
=None,
="evaluate_model_node",




Kedro node getindata

eate_model_input_table(
s: pd.DataFrame, co : pd.DataFrame, ra : pd.DataFrame
) -> pd.DataFrame:
"""Combines all data to create a model input table.

Args:
reviews: Preprocessed data for reviews.
companies: Preprocessed data for companies.
ratings: Raw data for ratings.

Returns:
Model input table.

nun

"rating_id")

s_with_r .merge(
"company_id", ="id"




What about parameters? getindata

ef create_pipeline(** ) -> Pipeline:

return pipeline(
node (
=split_data,
=["model_input_table", "params:model_options"],
=["X_train", "X_test", "y_train", "y_test"],
e="split_data_node",
node (
=train_model,
=["X_train", "y_train"],
="regressor",
="train_model_node",
)i
node (

=evaluate_model,
=["regressor", "X_test", "y_test"],
=None,

e="evaluate_model_node",



What about parameters? getindata

v conf
v base
v parameters
data_processing.yml
data_science.yml N
engines
passenger_capacity
catalog.yml crew

logging.yml d_check_complete
parameters.yml moon_clearance_complete

azureml.yml

> local iata_approved

> data company_rating
review_scores_rating

> docs




ML model? getindata

)

ef create_pipeline(**
return pipeline(

-> Pipeline:

node (
=split_data,
=["model_input_table", "params:model_options"],
=["X_train", "X_test", "y_train", "y_test"l],
e="split_data_node",

)
/1

node (
=train_model,
=["X_train", "y_train"],
="regressor",
="train_model_node",
L
Jr
node (

=evaluate_model,
=["regressor", "X_test", "y_test"],
=None,

e="evaluate_model_node",



What about data? getindata

def create_pipeline(**
return pipeline(

) -> Pipeline:

|

node (
=preprocess_companies,
="companies",
="preprocessed_companies",
="preprocess_companies_node",
),
node (
=preprocess_reviews,
="peviews",
="preprocessed_reviews",
="preprocess_reviews_node",
),
node (
22 =create_model_input_table,

uts=["preprocessed_reviews", "preprocessed_companies", "ratings"],
s="model_input_table",
e="create_model_input_table_node",



Kedro Data Catalog getindata

v conf

v base type: pandas.CSVDataSet
> parameters i th: data/01_raw/companies.csv
I' azureml.yml

catalog.yml 5
logging.yml 1 pandas.ParquetDataSet

parameters.yml data/01_raw/reviews.parquet

> local
> data

> docs

pictures:
pillow.ImageDataSet

data/01_raw/images/*.3jpg
> notebooks

Vv SIc




getindata
pandas.CSVDataSet
data/01_raw/companies.csv

pandas.ParquetDataSet
data/01_raw/reviews.parquet

pillow.ImageDataSet
data/01_raw/images/*.jpg

: pandas.CSVDataSet
: abfs://my_blob_container/data/01_raw/companies.csv

: pandas.SQLQueryDataSet
"select * from reviews;"
: db_credentials

: kedro_azureml.AzureMLFileDataSet
: my_dataset_from_azureml
: data/01_raw/images/*.jpg

Data Catalog



What features does Kedro have? (Part 2) getindata

N

: pandas.CSVDataSet

: data/01_raw/companies.csv

Jupyter

: pandas.ParquetDataSet
: data/01_raw/reviews.parquet

: pillow.ImageDataSet
h: data/01_raw/images/*.jpg

>: pandas.CSVDataSet
1: abfs://my_blob_container/data/01_raw/companies.csv

Extensibility & Integrations

pe: pandas.SQLQueryDataSet . . .
: "select * from reviews;" Kedro can be integrated with multiple

N DRer e EnEials industry leading solutions, including:
Apache Spark, Pandas, Dask, Matplotlib, Plotly,
: fsspec, Apache Airflow, Jupyter Notebook
: kedro_azureml.AzureMLFileDataSet and Docker.
: my_dataset_from_azureml
: data/01_raw/images/*.jpg

Data Catalog



.

Cloud agnostic with Kedro (% getindata

Model serving frameworks

LA B X

Machine Learning Frameworks

0. 1F () XGBoost

Machine
Learning
Engineering

Data Science

Infrastructure tools

v O
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MLOps Platform
by GetinData




Icons

What we're achieving with MLOps Platform getindata

Reliable experiment

tracking

made by Freepik and catkuro from www.flaticon.co!

m

~d -
o 0

Easy path
from local to cloud

i <

Faster time to market

Model management


https://www.freepik.com
https://www.flaticon.com/authors/catkuro
http://www.flaticon.com

Experimentation Training Serving

g

(’;" getindata

Data Science

"> Workbench
[

Pipeline source code

v

Data Scientist

'
'

'

'

'

1

'

1

:

'

' Model

' 2

N Registry I
'

. Model service
1

'

1

'

'

'

'

'

'

'

N

ML Serving N Model
& Application Monitoring

Code e Training New Data
Repository Pipollnc CI/CD
[
Pipelineimage
v
Container Continuous lagerre~training ----=---==
Raglétey Training < Trigger re-training X
--> ;
[ ;
Trained model .
J i
Model .
Deployment C1/CD '
1
i
1
1
1
!
!

|

Production App

MLOps Platform S
We built a best-of-breed
solution instead od all-in-one

All rights reserved. Not to be reproduced without prior written consent.



MLOps Platform

A framework of best MLOps
practices to make the process of
ML experimentation, model
training, and model serving
efficient, secure and reliable. We
built a best-of-bread solution
instead of all-in-one

Supported cloud platforms > au{s A

[
< v

aYe

Future integrations 4 bricks

Experimentation

@

Data Scientist

]
'
'
'
'
'
'
'
]
]
]
'
'
'
'
'
'
]
]
'
'
'
'
'
'
'
'
]
]
'
]
'
'
'
'
'
]
]
]
'
'
'
'
'
'

-
Jupyter
~—

Data Science

"7 Workbench

Training Serving

(’;" getindata

PipelinesIJrcecode ef@ " @ ..e@

) CIsCo

Training
peline C1/CD

QROOW  rrmrn

Code 3
Pi

Repository

Registry

a0

Container 3

Registry I

Model service

&5 Emlflow N\ N

ML Serving N Model
& Application Monitoring

DAL Os BOerO

Production App

Continuous €-tmm - Trigger re-training - - - - - - - - -
Training e id |
> :
| '

® '

Trained model s Q@ c:c :
¢ :
Model ;

— Deployment CI/CD 5

1

1
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/ Write once - run (almost) everywhere ( getindata

l' Kedro VertexAl (GCP)
qgithub.com/getindata/kedro-vertexai

Kedro AzureML (Azure)
github.com/getindata/kedro-azureml

E&} Kedro Sagemaker (AWS)
github.com/getindata/kedro-sagemaker

Kedro Airflow (Kubernetes)
qgithub.com/getindata/kedro-airflow-k8s

Kedro Kubeflow (Kubernetes)
github.com/getindata/kedro-kubeflow

S

Kedro

ave
r/\}

% In progress:
Kedro Snowflake & Databricks

Read more: https://getindata.com/blog/running-kedro-everywhere-machine-learning-pipelines-kubeflow-vertex-ai-azure-airflow/

© Copyright. All rights reserved. Not to be reproduced without prior written consent.


https://getindata.com/blog/running-kedro-everywhere-machine-learning-pipelines-kubeflow-vertex-ai-azure-airflow/
https://github.com/getindata/kedro-kubeflow
https://github.com/getindata/kedro-vertexai
https://github.com/getindata/kedro-airflow-k8s
https://github.com/getindata/kedro-azureml
https://github.com/getindata/kedro-sagemaker

// How plugins work? ¢ getindata

! 1
: H H i def train_model(X_train: pd.DataFrame, y_train: pd.Series) 1
Pipeline definition | &2 LinearRegression: ;
‘ ! regressor = LinearRegression() i
! regressor.fit(X_train, y_train) '
: return regressor '
1

K I S U SN S S S A I S Yy
Cloud Native SDKS @dsl.component (kfp_package_path=_KFP_PACKAGE_PATH)

1
|
1
| def train_model(X_train: pd.DataFrame, y_train: pd.Series) -> str:
. ’ﬂ.> 1
(B AR i
1
1

return regressor

Fr T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T TSI T T T TS T T T T TS ST TSI TITITITI TSI TI SIS S TS S EEEEmT 1
1
! : "exec-data-science-active-modelling-pipeline-train-model-node": { :
' ! "container": { !
v | "args": [ h
1 "kedro vertexai -e local initialize-job --params='{\"data_science\": {\"active_modelling_pipeline\": 1
: {\"model_options\": {\"test_size\": 0.2, \"random_state\": 3, \"features\": [\"engines\", :
. . . . 1 \'"passenger_capacity\", \"crew\", \"d_check_complete\", \"moon_clearance_complete\", \"iata_approved\", |
Serlallzed plpellne 1 \"company_rating\", \"review_scores_rating\"]}}, \"candidate_modelling_pipeline\": {\"model_options\": 1
: {\"test_size\": 0.2, \"random_state\": 8, \"features\": [\"engines\", \"passenger_capacity\", \"crew\", :
deployment | \"review_scores_rating\"]1}}}}' && KEDRO_VERTEXAI_DISABLE_CONFIG_HOOK=false \
I KEDRO_CONFIG_RUN_ID={{$.pipeline_job_uuid}} KEDRO_CONFIG_JOB_NAME={{$.pipeline_job_name}} 1
: KEDRO_VERTEXAI_RUNNER_CONFIG='{\"storage_root\": \"mb-temp/mlops-webinar-demo\"}' kedro run -e local --pipeline :
1 __default__ --node \"data_science.active_modelling_pipeline.train_model_node\" --runner 1
: kedro_vertexai.vertex_ai.runner.VertexAIPipelinesRunner --config config.yaml" :
1 ’ 1
1 1

Our Plugins translate the ML Pipeline from Kedro to selected execution environment.

© Copyright. All rights reserved. Not to be reproduced without prior written consent



Google Cloud % gid-ml-ops-sandbox ¥

. Runtime Graph
Ii! Dashboard @ g
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£ Workbench
0 Pipelines

@) Training
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®  Model Registry
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Batch predictions
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A
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& Amazon SageMaker Studio Edit View Run Kemel Git 4
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Our approach: cloud agnostic MLOps Platform ¢ getindata

mmmmmmmmmmmmmmmmmm

®Ce=29
Client 1 e = — Completed
Client2 ------- - io T - @ - S — - project!
. edro ‘

Client 3 R

|' { f’ » ’ .

: AEBER®

MLOps Framework MLOps Platform

With cloud agnostic approach, we can unify MLOps projects with one framework (Kedro)
and deploy it into various cloud platforms with Kedro Plugins.

© Copyright. All rights reserved. Not to be reproduced without prior written consent



s Platform to Run Production (% getindata
Al Models (banking) (CONTIDENTIAL

EDA Workbench @ Do ks
Isolated environment @ EDA Workbench — Data Leadin g Bankin CEE
%«An Ly { :‘:. ] Science environment
£ Kedro Project Continuous model training
Data scienti ook F \ @ environment
@i — = _ A Notebooks Hub (& Model monicring
Notebook Kedro Project (Al Platform Model serving (APIs and
. . Notebooks) scoring tables)
Data Preparation pipelines ML pipelines l Model Deployment
o v [
@ @ Model Registry crico
ETL Scheduler (Semi) auto

Anthos [

(Cloud Aoacna deployment
Composer) ~ Airflow @
(]
@ %8 SELDON _
Cloud a’l Model Apa_che J u pyte r
Dataproc ® i : Server Airflow N

Key technologies J

e —-»> @ - > —-»> Spar Google Cloud Platform
Raw data Cloud Structured ¢ Batch
?&;S) Dataflow - data , XGBoost application Am“‘l\z I I
igQuery -
e spark’  mlflow
BigQuery Cloud
saL Dataflow

Q
Performance Monitoring ‘ ;% S E I_ D O Vl G G rafana
@ gPromcthcus G Grafana

Metrics Storage Visualization
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/N!n Data Platform, analytics and (% getindata
ps (FinTech) | ‘«Vllla I

We have delivered Data Platform that supports general analytics Willa is a Sweden and U.S.-based
(ad-hoc querying, reporting in Bl tools) and Machine Learning FinTech that helps professional
initiatives. Data Platform is build on top of Google Cloud services freelancers, influencers, and social

(BigQuery, Cloud Composer, Data Studio) and open-source projects media gontent creators get pa.id
(dbt, Terraform) immediately by brands for their

freelance work and paid
collaborations.

We have delivered an MLOps Platform that supports a
production-grade ML model lifecycle. Our solution is using heavily
Google Cloud Pla.tform services (Vertex Al, BigQuery, Cloud Build) and Key technologies

open-source projects (Mliflow, Kedro). '_>

We have co-developed a number of production Al/ML models such as ot 8 Google CloudPiatform
User Suspension Model, Invoice Model, Activation Model. H)y

Googe  mlflow

Big Query

_ © Copyright. All rights reserved. Not to be reproduced without prior written consent


https://open.spotify.com/episode/7CehkuRhU5xrARLycW5upq?si=472f3b45552642fc&nd=1

@4 getindata

Michat Brys

Machine Learning Engineer at Getindata

michal.brys@getindata.com

Marek Wiewiorka
Chief Data Architect at Getindata

marek@getindata.com

Marcin Zabtocki
MLOps Architect at Getindata

marcin.zablocki@getindata.com




Let’'s meet our (hypothetical) clients (¢ getindata

Client1

A few ML models, no pipelines, manual / script based on VMs
Data Scientists distributed across different teams
Strict compliance requirements

Client 2

O

Small data volume, but this will change quickly as the business grows
One model, trained on the DS workstation / Jupyter Notebook
Limited budget for the infrastructure

Small team, overwhelmed by tasks

a Client 3

:

Current ML workloads running on-premises on Kubernetes
Exploring the cloud services
Lots of technical debt

© Copyright. All rights reserved. Not to be reproduced without prior written consent



Our approach: cloud agnostic MLOps Platform ¢ getindata

Client 1
Client2 - ~
Client 3

Completed
project!

With cloud agnostic approach, we can unify MLOps projects with one framework (Kedro)
and deploy them to various cloud platforms with Kedro Plugins.

© Copyright. All rights reserved. Not to be reproduced without prior written conse

nt.



// ML model training in layers (¢ getindata
o

|w | Data
S\Vf g Scientist Example technologies:

Experimentation + EDA @ )o
Machine Learning framework o2 1F (> XGBoost
MLOps Framework ‘

Integrations (plugins)

azon

ebservices

A
The data i?,? @ i

Kedro abstracts the pipeline from the execution environment SDK.

-

0

-’:
B3
885

Execution environment (local, cloud)

© Copyright. All rights reserved. Not to be reproduced without prior written consent.



getindata

Under-engineering refers to building with reduced
complexity resulting in a less robust, efficient and
capable product. It happens because of tight
deadlines or because of a lack of understanding.

We machine-learning
prototypes and create code with a lot of

Technical debt is intentional or accidental decisions
that make code difficult to understand, maintain,
extend and fix errors. Much like a loan, you pay a
higher cost later, as it decreases the team's agility as
the project matures.



What features does Kedro have? getindata

project-template I s
— conf II. Jupyter
data 7 i :"'/
docs '

logs
notebooks

pyproject.toml .:'E.
setup.cfg d
README . md

setup.cfg
src

I_
l_
'_
I_
'_
l_
I_
'_
L—

FEATURES
Project Templates

FEATURES
Extensibility & Integrations

Kedro starter contains code in the form of a Cookiecutter template for a ML project.
Metaphorically, a starter is similar to using a pre-defined layout when creating a
presentation or document.

Kedro can be integrated with multiple industry leading solutions, including Apache
Spark, Pandas, Dask, Matplotlib, Plotly, fsspec, Apache Airflow, Jupyter Notebook
and Docker.


https://cookiecutter.readthedocs.io/en/1.7.2/

Default

What features does Kedro have?

Data Ingestion
Feature Engineering
Reporting.

Train Evaluation

Split Data

Companies

Hyperparams Linear Reg
Hyperparams Random Forest
Model Input Table

Prm Shuttle Company Reviews
Prm Spine Table

R2 Score Linear R

R2 Score Random Fore
Reviews

Shuttles

Pipeline Visualisations

Kedro's pipeline visualisation plugin shows a blueprint of your developing data and
machine-learning workflows, provides data lineage, keeps track of

getindata

Code block

pd.DataF ram|

spark.SparkDataSet
s3a://your_bucket/data/01_raw/flight_patterns*
dev_s3
csv

primary

model_input

matplotlib.MatplotlibWriter
gcs://your_bucket/data/08_results/plots/output_1. jpeg

my-project
y_gcp_credentials

reporting

FEATURES FEATURES

Data Catalog

A series of lightweight data connectors used to save and load data across many
different file formats and file systems.

machine-learning experiments and makes it easier to collaborate with business

stakeholders.


https://github.com/kedro-org/kedro-viz

/ Pillars of the GID MLOps approach ( getindata
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