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< databricks (’;4 getindata

Part of Xebia
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Chief Data Architect @GetIinData | Part of Xebia
e Research Assistant at the Warsaw University of
Technology

An Open source contributor to Snowflake
Terraform Provider, SeQuilLa and Kedro plugins
Personally a keen long distance runner and
gravel bikes enthusiast



https://registry.terraform.io/providers/Snowflake-Labs/snowflake/latest
https://registry.terraform.io/providers/Snowflake-Labs/snowflake/latest
https://biodatageeks.github.io/sequila/
https://kedro.org/

GetinData - At a Glance (% getindata

‘ g Part of Xebia

Experts in Big Data, Cloud, Analytics and ML/AI solutions
Team of 120+ consultants, ~60% senior level

Experience in: media, e-commerce, retail, fintech, banking, and telco

We work with digital natives where data is core business (Spotify,

Truecaller, Acast, Volt), as well as with traditional enterprises where data

is used for improvements

A go-to partner for companies that need tailored and highly scalable e Snowflake-based Modern Data Platform

data processing and analytics platforms that give competitive e Just 4 months to build from scratch to
advantage and unlock the full business potential of data. insights

e Strong focus on platform security

e The right mix of open-source and
SOLUTION AREAS cloud-managed technologies

2. Other customer references

Data & ML engineering
MLOps & Modern Data project accelerators
Platforms Read:

ING iZettle truecaller
Stream processing & real-time analytics Kce" QVEOLIA Acast

Technologies

¥ dbt & datbricks & Looker 4)) Airbyte w0 e @ R iivow miflow
D



https://getindata.com/blog/how-we-built-modern-data-platform-for-fintech-scale-up
https://getindata.com/blog/running-machine-learning-pipelines-kedro-kubeflow-airflow
https://data-pipelines-cli.readthedocs.io/en/latest/index.html

From MDP' to MDP (MLOps-enabled Data Platform) (% getindata

Part of Xebia

Azure Data Platform

MANAGED INGESTION

DATA LAKE / DATA WAREHOUSE

Jdb

¥ S snowflake /=
‘ W\
g Databases

Generic data
sources

Fivetran

%)

oo X dbt o Fe

i Tableau

Data Qualityand _ SODA" %‘ Datafold m

ADF Observability

| Scheduling . Iﬂ ¥ dbt
|Monitoring . ﬁ- DATADOG v‘u.xuu&‘«m-.v:x

)

PowerBi

|

'MDP - Modern Data Platform

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



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

e Application of the DevOps principles to ML world

e Managing ML model lifecycle T L CDO A LOT O HE NHETOK. |
THEORY:
e Tools and platforms URING
- FREE
MR TorconT O\ AerATon - THE
. ORIGINAL TASK
e Automation and processes e
REAUTY:
DEVELORE!
e Infrastructure as Code ke~ TR N
word  CF Revindne NO TME FOR
ORIGINAL TRSK
. . ANYVIORE
The ultimate goal is: PRODUCTIVITY THE

Source: xkcd by Randall Munroe. Automation takes a life of its own.

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



/ GID MLOps “Productivity Manifesto” & getindata

e Machine Learning and data science should be first-class

citizens of Data Platforms

e Lightweight and KISS

e Open standards and cloud agnosticism

e Short development feedback loop (incl. local dev)

e Fast new ML projects bootstrapping and standardization

e Execution environment independent training pipelines

e Easy collaboration

e .. MLOps capabilities provisioned in days not months




ML projects in layers

Data

3’%% .= Scientist
= 59

Experimentation + EDA

Machine Learning frameworks

C’;’: getindata

Part of Xebia

Example technologies:

-3
Jupyter n
N’

o®. T O XGBoost

© Copyright. All rights reserved. Not to be reproduced without prior written consent.
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i i 7% getindat
ML projects in layers & getindata
Y. Data o
3\‘%%@ Scientist Example technologies:
Experimentation + EDA @ )o
Machine Learning frameworks o2 1F (> XGBoost

?

Execution environment A
on cOaA
MLOps / ML
Englneer © Copyright. All rights reserved. Not to be reproduced without prior written consent.




Building blocks of the GID MLOps & getindata

&

Qﬁ Data

@;" ; ?!t@ Scientist Example technologies:
Experimentation + EDA — ’o

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

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

@ «edro flow | | Ny#rerstom > GID MLOps Platform

Cloud Integrations (incl. GID Kedro plugins)

Execution environment

MLOps / ML

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




C’;" getindata

Building blocks of the GID MLOps

&

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

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




64 getindata

s MLOps expert: Part of Xebia

becomes a member of

at Kedro

¢

Software
Engineering +
Principles

Kedro McKinsey donates machine
learning pipeline tool Kedro to the
Linux Foundation

Kedro is an open-source Python framework
for creating reproducible, maintainable and modular data science code.

nsent



Part of Xebia

What features does Kedro have? (7 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
+ project starters



What features does Kedro have? getindata

EEU
Code block

v conf = def split_dat : pd.DataFram
"""Splits data into features
> base > Data Ingestion

Args:
> local > Feature Engineering

data: Data containing

> o paramet Parameters dq
README.md Reporting primary

Returns:
Train Evaluation )
> data split data.

Split Data
> docs & target_variable = split_optic
Companies independent_variable [x fc
S
> notebooks test_size = split_options["t¢
Hyperparams Linear Regression Fahdonistare ¥ hUitioptions
v src = =t
Hyperparams Random Forest
Vv azureqgs logger = logging.getLogger(_|
: : Model Input Table model_input logger. info(
v pipelines f'Splitting data for the
Prm Shuttle Company Reviews
> data_processing

f"{independent_variables
“

Prm Spine Table f'with a test d of

i f'"'{random_state}'"
> data_science ) {randon_state}
R2 Score Linear Regression
init__.py )
.. R2ScoreRandom Forest X = datalindependent_variabl|
init__.py A = dataltarget_variable]

__main__.py Shuttles
pipeline_registry.py

settings.py 2= i return X_train, X_test, y_trq
reporting
> tests

X_train, X_test, y_train, y_{
X, y, test_size=test_siz¢

Well defined Nodes & pipelines
project structure abstractions
+ project starters



Kedro pipeline - data science & engineering

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

node (
=preprocess_companies,

="companies", de

="preprocessed_companies",
="preprocess_companies_node",
Jp
node (
=preprocess_reviews,
="reviews",
="preprocessed_reviews",
="preprocess_reviews_node",

=create_model_input_table,
s=["preprocessed_reviews", "prepri
="model_input_table",
le="create_model_input_table_node",

create_pipeline (¥
return pipeline(

) -> Pipeline:

node (
=split_data,
=["model_input_table", "params:model_options"]
=["X train®, "X test", “v_train®, "y test"l,
e="split_data_node",

N
Js

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

getindata

Part of Xebia




Kedro node

def create_model_input_table(
s: pd.DataFrame, c : pd.DataFrame, rat
) -> 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.

wnn
l|id|l(
s_with_t

'company_id",

getindata

Part of Xebia

.DataFrame

"rating_id")



getindata

What about parameters?

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?

v conf
v base
v parameters

data_processing.yml

data_science.yml

azureml.yml
catalog.yml
logging.yml
parameters.yml
> local
> data

> docs

getindata

Part of Xebia

engines
passenger_capacity

crew

d_check_complete
moon_clearance_complete
iata_approved
company_rating
review_scores_rating




What about data - Kedro data catalog!

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

|
|

node (
=preprocess_companies,
="companies",
="preprocessed_companies",
="preprocess_companies_node",
)
node (

v conf

=preprocess_reviews, v basd

="reviews", > parameters
="preprocessed_reviews", azurelnlymi
="preprocess_reviews_node", catalog.yml
i logging.yml
node ( parameters.yml
=create_model_input_table, > local
s=["preprocessed_reviews", "p/ > data
s="model_input_table", > docs
e="create_model_input_table_nod > notebooks

VvV SIc

getindata

Part of Xebia

pandas.CSVDataSet
data/01_raw/companies.csv

pandas.ParquetDataSet

data/01_raw/reviews.parquet

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




{’ Configuration and code separation with envs! C* getindata

pandas.CSVDataSet
data/01_raw/companies.csv

v conf
pandas.ParquetDataSet Vv base

- pandas.CSVDataSet
data/01_raw/reviews.parquet > parameters

: data/01_raw/companies.csv
azureml.yml

catalog.yml :

logging.yml : pandas.ParquetDataSet

: data/01_raw/reviews.parguet

pillow.ImageDataSet

data/01_raw/images/*.jpg
parameters.yml

: > local
: pandas.CSVDataSet Shdata .
: abfs://my_blob_container/data/01_raw/companies.csv % : pillow.ImageDataSet
sl : data/01_raw/images/*.jpg

> notebooks

: pandas.SQLQueryDataSet V SIC
: "select * from reviews;"

: db_credentials

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

Data Catalog



What other features does Kedro have? getindata

Modular and dynamic pipelines!

8 Inputt 8 Input2

Extensibility & Integrations

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

Stay tuned for our blog post soon!




7% getindata
Part of Xebia

4 fAre We done yet?

This is whegé¥he fun begins.



o

Building blocks of the GID MLOps & getindata

&
ol Data
V1) N o
‘A/isgt§ 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) \ p
N
>

Execution environment

MLOps / ML

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




@4 getindata

f plugins to run your ML pipelines, everywhere!

e Kedro is claimed to be a “React” for ML ... but we prefer to
call it a “dbt” or “Terraform” for ML pipelines i
‘ >3<

-
-_——
— e e



https://xebia.com/blog/kedro-the-ultimate-wingman-for-your-data-pipeline-across-any-cloud-platform/

/ Write once - run (almost) everywhere & getindata

:id Kedro Vertex Al (GCP)
7 qgithub.com/getindata/kedro-vertexai

¥
E&} Kedro Sagemaker (AWS)

qgithub.com/getindata/kedro-sagemaker

f;‘ Kedro Kubeflow (Kubernetes)
‘A‘ github.com/getindata/kedro-kubeflow

------------ > A Kedro AzureML (Azure)

github.com/getindata/kedro-azureml

S Kedro Snowflake (all clouds)
Kedro ,4°§ agithub.com/getindata/kedro-snowflake

@ In progress: Kedro DBX

Read more on our blog: Running Kedro... everywhere? Machine Learning Pipelines on Kubeflow, Vertex Al, Azure and 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-azureml
https://github.com/getindata/kedro-sagemaker
https://github.com/getindata/kedro-azureml

/ Write once - run (almost) everywhere & getindata

il Kedro Vertex Al (GCP)
; qithub.com/getindata/kedro-vertexai

E%% Kedro Sagemaker (AWS)

qgithub.com/getindata/kedro-sagemaker

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

S

Kedro AzureML (Azure) )

github.com/getindata/kedro-azureml

>\

) Kedro Snowflake (all clouds)
)O( agithub.com/getindata/kedro-snowflake
Kedro \4 () )

@ In progress: Kedro DBX

Read more on our blog: Running Kedro... everywhere? Machine Learning Pipelines on Kubeflow, Vertex Al, Azure and 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-azureml
https://github.com/getindata/kedro-sagemaker
https://github.com/getindata/kedro-azureml

//Snowﬂake - putting it all together...

\=

ﬁ(edro pipeline ‘ \

Kedro
ML pipeline
+ranslation

<

(

'Y
L4

J

e Native Snowpark ML and Tasks

integration

e MLflow Snowflake plugin for

deployment as UDF

e MLflow Sagemaker - REST

e Set of Terraform of modules

e Built-in Kedro starter

ShowRlake DAG of tasks|

AP in+egra+ion

s+oraae in+egra+ion

|

N\

¢ >
( Artifacts
m

REST AP

J

Copyright. All rights reserved. Not to be

L

[ nline and ofFline mllerence

©e

reproc

duced w

64 getindata

itho

ut prior

Part of Xebia

written consent



i:o:? MLOps Platform for Showflake - GCP

7 qeti
> getindata
Part of Xebia
Client Snowflake HTTPS Remote
Program Proxy Service
—— Service
ClrcbD
Callto
S remote
HTTP POST service
’E::‘ec;;‘i request HTTP
POST)
SELECT 0 1
MyExternalFunction(x) == _‘ Gatew_ay
FROM BER { (authenticate Lturn y;
tablel; S5 and relay) ;
HTTP HTTP Phickage,upload to
TT Response Resgonse stade & register as UDF
EEE miflow-snowflake
AP ‘
Integration
 S—

Download model
Get model

Snowflake external functions and / mlf/)w\

API Gateway "

(log_paramet
og_metric
Native ML pipeline
API Gateway
kedro-snowflake Upload ML
artifacts

GCP

1
@miflow_stage i
(external)

:nt



db
o

MLOps Platform for Snowflake- GCP & getindata

o Glue code for requests/responses to MLflow API
e PR tothe Snowflake provider

"mlflow_run_create" {

)

= <<EOH
let exeprimentId = EVENT.body.data[6][1]
let timestamp = new Date().getTime();
return { "body": { "experiment_id": exeprimentId, start_time: timestamp }}
EOH
+

snowflake api_inteqration.mlflow_gcp.
= "Sfvars }.$4{var. }.${snowflake_function.mlflow_run_create_req. }
= "${var. }.$4{var. }.${snowflake_function.mlflow_generic_res. }
= "${var. +



https://github.com/Snowflake-Labs/terraform-provider-snowflake/pull/1735

i:o:? MLOps Platform for Snowflake - AWS/Azure & getindata

v ClrcbD
Phickage,upload to
stage & register as UDF
‘ miflow-snowflake
Download model

Get model artifact
storage URI

\ / mlf/Jw\
(log_parameter, o
Native ML pipeline og_metric —> </> e | :

|

@miflow_stage
(external)

VRN s

SELECT
MyExternalFunction(x)
FROM
#

Kedro /

e Snowflake external integrations
and network rules
e No need for API Gateway

@ml_model_sta
(internal)

API Gateway
Upload ML
artifacts

kedro-snowflake

GCP




(j": getindata

Part of Xebia

Q search
& KEDRO/PUBLIC / TRAIN_MODEL_NODE

~ B KEDRO

> 2 INFORMATION_SCHEMA ¢= Task () ACCOUNTADMIN (D 1week ago
f Preprocess Companies Node f Preprocess Shuttles Node <= pusLic

> sl TaskDetails  Graph  Run History

> Sstages

v Tasks

All Task Runs Account Task History (7 Date Range Last7days  Taskstatus Al « DEFAULT C

® Succeeded (1)
= CREATE_MODEL_INPUT_TABLE_NODE
1

VALUATE_MODEL_NODE

EXPORT_DATA_TO_SNOWFLAKE_NODE

(EDRO_SNOWFLAKE_START_DEFAULT_TASK

PREPROCESS_COMPANIES_NODE

f Create Model Input Table Node

PREPROCESS SHUTTLES NoDE o May 9 May 10 May 11 May 12 May 13 May 14 May 15

1Task @

f Split Data Node SCHEDULED TIME & STATUS DURATION QuERY

> © SNOWFLAKE_SAMPLE_DATA May 13, 2023, 2:09:44 PM ' Succeeded m s

f Train Model Node

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



| 5‘0‘2 MLOps Platform for Snowflake & getindata

nr

Support for native Snowflake Tables and Stages in Kedro
Data catalog

: kedro_datasets.snowflake.SnowparkTableDataSet
: companies_snowflights_starter
: snowflake

. overwrite

: kedro_snowflake.datasets.native.SnowflakeStageFileDataSet

: data/02_intermediate/preprocessed_shuttles.csv
: snowflake

: pandas.CSVDataSet




" MLOps Platform for Azure getindata

— getindatacom > mi-ops-sandbox > Jobs > kedro-azureml-e2e-tests > _default_

< All workspaces » () Refresh = Clone D> Resubmit | Viewprofiling 3 Schedule - [il Delete

2 Home _default_ < @ Completed

p‘ l l e I\ 4 I bl I M M “r 1 I 'T) & Model catalog seview
Z r I I t I I I fI o U V Authoring ® s:::::::: ::‘:J‘(‘K‘Lis"n:dr;e ® z::::::::: :::::;:s‘:‘:::

° o
B Notebooks —— s
S 7
Set of Terraform of modules & -
S o]
&% Designer B create_model_input_table_node
create_model_input_table_node
Assets ®
model ifput table
f Preprocess Shuttles Node f Preprocess Companies Node B Data model_igput table
I & Jobs B split data_node
split_data_node
B5 Components °
& Pipelines
L Environments 'gf
AA4 @ Models oot s
f Create Model Input Table Node o

&> Endpoints

% 7
regffssor / //
Manage | [
regrefso..  xtpst  y.test
(o} (o} (o}
7 evaluate_model node
A 4 = Compute evaluate.model node

B f SplitDataNode °

P Linked Services

Data Labeling

v
f Train Model Node

Yv

f Evaluate Model Node



Kedro-AzureML - datasets ( getindata

kedro_azureml.datasets.AzureMLPandasDataSet
my_new_azureml_dataset

Microsoft Azure Machine Learning Studio

>

getindata.com ml-ops-sandbox > Data

&~ All workspaces

Data

@ Home
Data assets Datastores Dataset monitors ~ PREVIEW

Model catalog rreview
Data assets are references to your data. You can create data assets from datastores, local files, public URLs, or Open Datasets. Data assets can be versionec
Authoring data assets @

[l Notebooks (0 Refresh 2 View options v

kedro_azureml.datasets.AzureMLFileDataSet
{75 Automated ML

. . a X
pillow. ImageDataSet Q. search
&8 Designer
1 1
-png Name * Source Version  Created on | Modified on
1 . Assets
n .
p rocessed_ima g es O e2e_tests_preprocessed_compa... * This workspace 15 Mar 8, 2023 1:17 PM May 4, 2023 4:41 PM
B D
% Data
K Jobs spaceflights_x_test This workspace 2 Feb 22, 2023 4:23 PM Feb 22, 2023 4:43 PM
A5 Components spaceflights_x_train This workspace 3 Feb 22, 2023 3:55 PM Feb 22, 2023 4:43 PM
& Pipelines spaceflights_test_data This workspace 2 Feb 22, 2023 3:51 PM Feb 22, 2023 3:55 PM
£ Environments
spaceflights_training_data This workspace 4 Feb 22, 2023 3:49 PM Feb 22, 2023 3:55 PM
@ Models
as This workspace 1 Jan 27,2023 1:16 PM Jan 27,2023 1:16 PM
&> Endpoints
M Stanford Cars This workspace 1 Sep 22,2022 10:46 AM Sep 22, 2022 10:46 AM
anage
BatchPredict1 This workspace 1 Aug 25, 2022 4:07 PM Aug 25, 2022 4:07 PM
[=e
ompute

o Linked Services Test This workspace 1 Aug 17, 2022 9:42 AM Aug 17, 2022 9:42 AM



MLOps Azure DevOps pipeline getindata

Azure DevOps marcin-getindata gidmlc

Pipelines MLOps demo pipeline 202305101

8 o

gidmlopsv7 -+ .
¢ Jobsinrun #20230510.1
MLOps demo pipeline
ﬂ Overview
_ Build & run ——— ] 8 . 2 T8 .2 KB 238 .3
" Boards Collecting pytoolconfigl[globall>=1.2.2
v @ MLOps Pipeline 3% Download%ng pytoolconf%g—l.2.4—py3—none—any.wh1 (16 kB)
Repos Downloading pytoolconfig-1.2.2-py3-none-any.whl (16 kB)
Initialize job I Collectlng.appd1r5>'=1.4.4
f Downloading appdirs-1.4.4-py2.py3-none-any.whl (9.6 kB)
Pipelines Collecti id 4,>=2.5
@ Checkout MLOps by GetinData ... 1s T e
Downloading idna-3.4-py3-none-any.whl (61 kB)
3 o .
:2  Pipelines 3 61.5/61.5 KB 224.5
w e @ Loginto ACR <1s ‘ 2
Collecting PySocks!=1.5.7,>=1.5.6
& Environments © Full latest image v Downu‘)adinjng PySocks=1.7.1-py3-none-any.whl (16 kB)
Collecting jeepney>=0.6
& Releases ® Buid Downloading jeepney-@.8.0-py3-none-any.whl (48 kB)
ek 48.4/48.4 KB 203.5
BY Library O push Collecting greenlet!=0.4.17
Downloading greenlet-2.0.2-cp39-cp39-manylinux_2_17_x86_64.ma
= Task groups A PRl 610.9/610.9 KB 293.6
group O RunKedro pipeline in Azure ML . 4
Collecting backports.weakref
"F"  Deployment groups X Downloading backports.weakref-1.0.post1-py2.py3-none-any.whl
ploy g P O Post-job: Checkout MLOps by Getl... own loading backports.weakre pos py2.py3-none-any.w

Collecting pyproject_hooks



v v o~
x_trai..  x_test. y trdi..splity_ test
X_train_raw x_test yaw
O O

H} prepare_features_node
prepare_features_node

x_thain

H train_model_node
train_model_node

]

mpdel

mgdel x_test

y_test

184

H} evaluate_ model_node
evaluate_model_node

o

train_model_node

Overview Parameters Outputs + logs
(O Refresh it Create custom chart
Select metrics (¢

Select to view as visualization or table of the data

‘ /O Search w

Select all
v Metrics (5)
training_mean_absolute_error
training_mean_squared_error

training_r2_score
training_root_mean_squg

training_score

Metrics

- w

Azure ML “MLflow”

Microsoft Azure Machine Learning Studio

(’}i getindata

Part of Xebia

< All workspaces.

@ Home
(% Model catalog sreview

Child jobs Ima  authoring

El Notebooks

Current vi¢
5 Automated ML
£ Designer
Assets
training_mean_absolut.
B pata
A Jobs

1.7061e+4

B9 Components
¥ Pipelines
B Environments

| © Models

training_score

0.9190283
el(
pd.DataFrame,

"""Tpain the model on t
mLflow.sklearn.autolog(

(

getindatacom > ml-ops-sandbox > Models

Model List

+ Register () Refresh [l Delete

Q search

5 Archive

Name * Version

©  HousingModell
HbMaodell
xgboostl
TorchScriptModel1
TorchScriptModel1
PyTorch-Model1
asd1

active_model

: pd.Series,

training data."'

= RandomForestRegressor(

it

)

D> Deploy ~

Type

MLFLOW

MLFLOW

MLFLOW

MLFLOW

MLFLOW

MLFLOW

MLFLOW

MLFLOW

B Compare (preview)

Source

This workspace
This workspace
This workspace
This workspace
This workspace
This workspace
This workspace

This workspace

@ ) Show latest versions only

Experiment Job (Run 1D)

xebia-demo 205577d3-a6ad-48bc-a631-869.

b8c7290-b03c-ddfe-bedf-663d.

9e8119ff-9¢18-44

71-48424,

6592-0400-40ab-9¢27-bb.

fe3c36¢9-66e9-4495-88bf-b87b.

d7ce6f9c-93cc-450d-a1d5-7al1

01b942bf-ade9-4234-adaa-3e7.

13f02d6b-c7f

44d6-9904-0eT.
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Part of Xebia

Model deployment - Azure Devopss

Run pipeline
Select parameters below and manually run the pipeline

Branch/tag

l I° master

Select the branch, commit, or tag

@ Deploy model to Online Endpoint

Name of the model to deploy

| HousingModel:1

Name of the endpoint to deploy to

| mlops-getindata-demo-endpoint

Description of the endpoint

| Demo endpoint for mlops-getindata-demo

Name of the deployment

| mlops-getindata-demo-deployment

Instance type for the deployment
| standard_ps2_vz

Authentication method for the endpoint (Key or AMLToken)

| Key

Traffic allocation for the deployment

| 100

(C) Enable system diagnostics
ced without prior written consent.



Model Monitoring (¢ getindata

Part of Xebia

ml-ops-sandbox-fyevv

Details  Test  Consume  Moni

ring  Deployment logs

Time range ‘ Wed, May 10, 2023 819 PM - Wed, May 10, 2023 958 PM ‘ @) Autorefresh

Average Requests per minute

157

Average Request latency

25ms
Requests per minute & B /S
w0
@
w
I
o
0 2025 230 w3 200 a5 50 2055 %0 205 210 s ax n2s 1. ns 210 248 2150 nss
Time
— housingmodei1-1
Request latency & B 2
=
»
L
z
0
o
220 202 2% 208 2040 2048 050 205 200 205 210 2 2120 22 210 28 240 21es 2% a8
Time
— housingmodel1-1

© Copyright. All rights reserved. Not to be reproduced without prior written consent.
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e Kedro is one of the best MLOps frameworks to make data
scientists more productive out-of-the-box

e GetinData contributions to Kedro enable users to extend
their Data Platforms with MLOps capabilities seamlessly

e Kedro together with MLflow and Terraform are the main

building blocks of our MLOps platform

© Copyright. All rights reserved. Not to be reproduced without prior written consent
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Také DATA Pill and join DATA Matrix

Best content from Big Data, Cloud,

Al/ML and more
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