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This report explores the evolution of software development and delivery and the emergence
of MLOps - a set of practices that bridged the gap between development and data analytics teams.
DevOps introduced automation, continuous integration, and continuous delivery, enabling
organizations to deliver high-quality software at scale and with greater speed. MLOps has adapted
the best practices of DevOps and SRE to maintain and deploy ML models with high reliability and
efficiency. MLOps allows for automation, observability through metrics, and the ability for data
scientists to deploy their models without manual intervention from IT operations teams.

Over the last few decades, we've seen a dramatic shift in the way organizations approach
software development and delivery. In the early days of computing, IT operations teams were
responsible for managing large mainframe systems and keeping them running smoothly. As
technology evolved and distributed systems became the norm, IT operations teams had to adapt to
new challenges and find ways to manage complex infrastructure at scale [1].

The rise of DevOps movement in the early 2000s marked a turning point in the world of
software development and IT operations. Bass, Weber and Zhu defined it “as a set of practices
intended to reduce the time between committing a change to a system and the change being placed
into normal production,while ensuring high quality” [2]. DevOps introduced a set of practices that
broke down the traditional silos between development and operations teams, enabling them to work
together more collaboratively and efficiently. DevOps brought automation, continuous integration,
and continuous delivery to the forefront of software development, enabling organizations to deliver
high-quality software at scale and with greater speed. There are multiple approaches to DevOps,
one of the most famous is SRE, developed and used by Google: SRE emphasizes the importance of
service-level objectives - a measurable target for the level of service a system should provide to its
users. SRE is primarily focused on the reliability and operability of services and tries to cultivate a
blameless culture where failure is treated as an opportunity to learn and improve [3].

This transition that happened to regular system software deployment also happened to ML
models. Before the emergence of MLOps, the deployment and management of machine learning
(ML) models were often ad hoc and unstructured. ML models were typically developed by data
scientists in silos and then handed over to IT or operations teams to deploy in production
environments. This handoff was often a complex and error-prone process, requiring significant
manual intervention and coordination. Only a couple of big tech giants were able to successfully
automate this [4].

Subramanya defines MLOps as “a set of practices that aims to maintain anddeploy Machine
Learning code and models with high reliability and efficiency”’[5], which is really close to
definition of the DevOps given by Bass, Weber, Zhu. Basically, IT operations engineers took
practices they learned while deploying regular system software and applied this to ML models and
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it worked. MLOps, following DevOps and SRE guidelines is focused on automation, observability
through metrics and giving people responsible for the Al models developlemnt tools to deploy their
models without manual intervention from Ops team. MLOps allows us to use familiar Blue/Green
deploymeny processes and A/B testing, we used for regular applications, to manage our ML
pipelines.

One of the key challenges that MLOps aims to address is the versioning and reproducibility
of ML models. This is critical in ensuring that models are accurately and consistently deployed
across different environments, without causing any unintended consequences. MLOps also
emphasizes the importance of monitoring and maintaining the performance of ML models in
production, to ensure that they continue to provide accurate predictions over time.

MLOps tools and platforms have emerged to help streamline the entire ML lifecycle, from
data preparation and model training to deployment and monitoring. These tools enable data
scientists to focus on building and improving models, while providing IT and operations teams with
the necessary infrastructure to deploy and manage ML models at scale.

In conclusion: DevOps practices changed software development processes for the better,
allowing us to have better automation, observability and helping developers to know more about
their production environment. By applying DevOps principles and practices to ML development
and deployment, MLOps aims to make the process of managing ML models in production
environments more efficient, reliable, and scalable. And, seeing how widespread DevOps, as set of
practices become for software development, we can be sure the same would happen with MLOps in
ML/AI development teams.

MLOps is still in its early stages, but it's quickly gaining popularity among organizations
that are investing heavily in machine learning and artificial intelligence. As the demand for ML
models continues to grow, MLOps will become increasingly important for organizations that want
to deploy and manage their models at scale.
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