Open Research Webinars CWe

Al and Machine Learning Automation
with Activeeon: from Models to MLOps

Andrews Cordolino Sobral, Al Solution Architect

B Acne



e Typical data science project (life cycle, roadmap, challenges, etc)

e What an enterprise level data science project needs?

e The evolution of the MLOps solutions

e Proactive Machine Learning (PML) at the core of data science projects
e Bringing up your data science project maturity level with PML

e Data science project pipelines with PML

e MLOps stack with PML
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Data science project life cycle ACTIVeeon
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Data science project life cycle ACTIVeeon

SCALE BEYOND LIMITS

N

@

Data Scientists \\/I
Data
Engineers . ‘ Archltects
Data Ingestion Data Preparation Model Training Model Deployment Operationalization
Data movement Normalizatipn Hyper—parameter tuniqg Deploymgnt Instrument'ation
Transformation Automatic model selection Batch scoring Monitoring
Validation Model testing Context ca - Alerting

Featurization Model validation

AUTOMATED ML PIPELINE



Data science common roadmap ACTIVeeon

SCALE BEYOND LIMITS

NEED TO BE AUTOMATED !

Develop/Experiment Package Scale-out Tune Instrument Automate

V"“ sk | ) G @
» Dependencies + Load-balance « Parallelism « Monitoring - CI/CD
= Parameters « Data partitions « GPU support « Logging «  Workflows
* Run scripts » Model distribution « Query tuning « Versioning » Rolling upgrades
+ Build * Hyper params « Caching « Security « A/B testing
Weeks with one Months with a large team of developers,
data scientist scientists, data engineers and DevOps

ml-ops-challenges-solutions-and-future-trends


https://towardsdatascience.com/ml-ops-challenges-solutions-and-future-trends-d2e59b74dc6b

Data science is...complex!

ACTIvVeeon

SCALE BEYOND LIMITS
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Data science is...complex! ACTIVeeon

SCALE BEYOND LIMITS
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Data science is...complex!

ACTIvVeeon

SCALE BEYOND LIMITS

/ Data Scientists, ML Engineers, ... \
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Data science is...complex! ACTIVeeon

SCALE BEYOND LIMITS
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Data science needs... ACTIvVeeon

SCALE BEYOND LIMITS

A Modern Automation Platform A Modern Methodology
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Data science needs... ACTIvVeeon

SCALE BEYOND LIMITS

A Modern Automation Platform A Modern Methodology
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MLOps is the DevOps for data science projects

ACTIvVeeon

SCALE BEYOND LIMITS

* MLOps aims to unify the release cycle for machine learning
and software application release.

* MLOps enables automated testing of machine learning
artifacts (e.g. data validation, ML model testing, and ML
model integration testing)

* MLOps enables the application of agile principles to
machine learning projects.

* MLOps enables supporting machine learning models and
datasets to build these models as first-class citizens within
CI/CD systems.

* MLOps reduces technical debt across machine learning
models.

* MLOps must be a language-, framework-, platform-, and

infrastructure-agnostic practice.

MODEL
DENELOPMENT

o Re%mremzrﬂs - Data. 'Ensinee rinj
Eng\'neerinj
ML Use - UL Hode! .
Prionzation " l:.rgmeemy
« Model Testing €
. vailabili R A&t
Data Rvai gh\eét[ Validgtion

ml-ops.org

OPERATIONS

« HL Hodel Deployment
° C.\ }C D ?ipeuhe S

- Honitoring &
Tri'%envg


https://ml-ops.org/

Data science needs... ACTIvVeeon

SCALE BEYOND LIMITS

A Modern Automation Platform A Modern Methodology




MLOps evolution

ACTIvVeeon

SCALE BEYOND LIMITS

The Evolution of #MLOps

Proprietary The Rise of ContalioMstton
Inference Open Source “MLOps Platforms”
: to-the-rescue
Servers Data Science Tools

Machine Learning

: ...attempt to wrap the data : :
using proprietary tools to science stack in a lightweight
perform modeling and : web ser'vi'ce framewor.k, and : :
L feronce ; put it into production 2 i v Dockerized open-
I Python: 1 ; source ML stacks
I/ SciPy stack ! Containerization of the L Deplc?yed tbem i
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Sketch: @visenger Source: bit.ly /mlops-evolution



PML at the core of data science projects

ACTIvVeeon

SCALE BEYOND LIMITS

ProActive §

Machine Learning

Develop/Experiment Package Scale-out

» Dependencies + Load-balance

« Parameters « Data partitions

* Run scripts * Model distribution
» Build * Hyper params

Proactive Machine Learning helps you to:

+  Automate the complete Data Science lifecycle,
« Remove silos by creating a bridge between teams: Data, ML and Operations,
« Use your favorite tools by integrating a vast array of solutions,

«  Use your infrastructure by linking heterogeneous working environments,

At last, you can industrialize your data science lifecycle project
and scale-up seamlessly when needed
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« Monitoring
« Logging
« Versioning
« Security
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« CI/CD
«  Workflows

» Rolling upgrades
« A/B testing

Automate




PML at the core of data science world ACTIvVeeon

SCALE BEYOND LIMITS
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Data science project maturity level ACTIVeeon

SCALE BEYOND LIMITS

More than 80%
of the data
science projects
stays here!

ProActive

Machine Learning (&%

Less than 20% of
the data science
projects comes
here!

Less than 5% of
the data science
projects comes
here!

ml-ops.org


https://ml-ops.org/

Data science project pipeline

ACTIvVeeon

SCALE BEYOND LIMITS
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The MLOps stack with PML ACTIVeeon

SCALE BEYOND LIMITS

~
J
~\
J

Data analysis ' Experimentation

Your fav tool Your fav tool

r
\.
-
\.

N 1 M~ A

Feature store Code repository

Your fav tool Your fav tool

—’ ML pipeline
—P | @em |

-—

N

Metadata store Model monitoring

N~

Model registry

| EemL

Model serving

)
£
N
8
0
N
)
S
g
8
S

3
3
<
0
Q




! hank, you 0[0/‘ wate é/}y



ProActive Machine Learning (PML)

Accelerate the development and deployment of Al models with scalability
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https://www.activeeon.com/products/proactive-machine-learning/

