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| Traditional Approach

Traditional Approach for Al Solution Delivery

Since today, the deployment process is performed by IT departments and in other cases, the model is executed manually

by data science teams.
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| Al Engineering

What triggers Al Engineering

Al team needs tools and processes to be more efficient in operationalizing Al assets and managing Al factories

» models versions distributed in different environments and sharing

g ? “ %\ How can | efficiently manage an increasing number of use cases and Al
4 ~
/  computational and data resources?

/ o ? - \\, How can I build the DevOps processes for Al software solutions managing
/ the practical concerns of production Al systems?

s _‘('@)’_ % How can | catalog, share and reuse developed data and Al artifacts?

/ How can | combine those components and be fast in deploying?
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| Al Engineering

What triggers Al Engineering
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(,' Y @ c %, There’s a change to do on the model and it should be released fast and
- S/ without impacting our service to the customers
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is a set of , and to support
departments working with Artificial Intelligence in
, easing integration with company processes and Al actionability.
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| Technologies

Bip MLOps Market Research

Bip supports clients in the adoption of MLOps technologies by offering advisor and implementation services

Depending on companies’ needs, Al maturity and IT
context, the most suitable MLOps technologies can
be identified among these three different groups:

é Cloud-Native Platforms

mmm ouite of public cloud computing services to create and
manage end-to-end ML pipelines leveraging cloud
native vertical tools.

@ Data Science Platforms

V4 Third-party services dedicated to Data Science and
Machine Learning development featured with tools for
MLOps.

5}, Open Source Tool-Chains
—@ Integration of several open-source tools to create and
manage end-to-end ML pipelines.
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* Bip analysis on Open-Souce best-of-breed technologies are presented in the next slide.
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| Demo

Introduction to MLOps demo on Vertex Al

We aim to demonstrate how to create a ML pipeline that is integrated with MLOps tools provided by Vertex Al to create an
end-to-end state-of-the-art MLOps pipeline

Vertex Al pipelines allows to
manage the end-to-end ML

workflow by creating a components’ Vertex Al Model Catalog contains all
sequence interacting among model versions and related artifacts.
themselves and with MLOps tools VertexAl Vertex Al | . Itprovides the models to Vertex Al
provided by Vertex Al. Workbench Model Catalog Predictions and expose the'model
x through Vertex Al Endpoints.
v '
T Vertex Al Pipeline |
Vertex Al » BigQuery } Vertex Al } } Vertex Al
. Feature store Datasets AutoML Predictions
Vertex Al Fééture
Storage manages,
stores and versions all
engineered features for Gog?'e Cloud Vertex Al Vertex Al
analytics and ML orage Explainable Al Monitoring

models. ——— N—

Vertex Al Explainable Afénd Monitoring provide
insights and alerts on ML models predictions to
'JIP. xTech drive retrainings and version switches. 9



Thank you.

Business Integration Partners S.p.A.
Piazza San Babila 5

20122 Milano

www.bipconsulting.com

The information contained in this document is given without any liability
whatsoever to Business Integration Partners S.p.A. or any of its controlled,
controlling or related entities (collectively, “BIP Group”) or their respective
managers, directors, officers, employees, consultants or advisers and is not
intended to constitute consultancy, legal, tax or accounting advice or opinion.

No representation, warranty or undertaking, expressed or implied, is made as to
the accuracy, completeness or thoroughness of the content of the information in
this document or any other written or oral information made available. BIP Group
disclaims any responsibility for any errors or omissions in the information
contained in this document.

The recipient should obtain and rely on its own professional advice from its other
professional advisers in respect of the addressee’s objectives or needs.

This document does not carry any right of publication. This document is
incomplete without reference to, and should be viewed solely in conjunction with,
the oral briefing provided by BIP Group.

This document is private and confidential and cannot be distributed, reproduced
or used for any other purpose without the prior written consent of BIP Group.



