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=Practical MLOps by Noah Gift, Alfredo Deza
=RedHat MLOps base model
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fCuus MIOps

Wikipedia :

MLOps or ML Ops is a paradigm that aims to deploy and maintain machine learning models in
production reliably and efficiently. The word is a compound of "machine learning" and the
continuous development practice of DevOps in the software field. Machine learning models are
tested and developed in isolated experimental systems. When an algorithm is ready to be

launched, MLOps is practiced between Data Scientists, DevOps, and Machine Learning engineers
to transition the algorithm to production systems.
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DevOps s MLOps <l

* Continues Integration

* Continues Delivery

* Microservices

* Infrastructure As a code

* Monitoring And Instrumentation

» Effective Technical Communication

» Effective Technical Project Management
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Data Ops =l e ailal )b

* Cross-functional communication
* Agile mindset

 Integrated data pipeline

« Data-driven culture

« Continuous feedback
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Data Ops 1=l s

Periodic collection of data and running of jobs
Processing streaming data

Serverless and event-driven data

Big data jobs

Data and model versioning for ML engineering tasks

[ Periodic data collection jobs ]
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Data+Al

ML maturity levels

i)
Almost every company wants to be a Data+Al company, % =
«®
but the majority are new to machine learning (ML). j‘ .g
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Ku bEfIOW Seamless integration with Kubernetes Requires Kubernetes expertise
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Powerful visualization for TensorFlow models Focused on visualization; may lack other M
TensorBoard MLOps features J «
M &
DVC Strong data versioning and pipeline orchestration Limited MLOps-specific features j’ ..8
)2
7
. Excellent for complex workflow orchestration Additional components needed for full
Apache Airflow MLOPS subpart
TFX Scalable model training and serving with TensorFlow Tightly integrated with TensorFlow
Easy to use and collaborate on data science projects May lack extensive enterprise-grade
Metaflow A
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