
MLOPs as an infrastructure 
for ML models in production

Prof. Filippo Lanubile
Università di Bari - Dipartimento di Informatica



Machine Learning (ML) models as components of 
ML-enabled systems

Software systems that uses ML to provide value for users
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Data scientists tend to focus on ML model building

This is not enough!
The Big Challenge to have an impact: 

know how to take an idea and a model developed by data scientists
and deploy it as part of a scalable and maintainable ML-enabled system
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PREPARATION BUILDING DISSEMINATION

Output artifacts:
• Experimental scripts/notebooks
• A single model working on a static dataset



1.4 million notebooks from 
GitHub: attempted to 
execute all 753,405 Python 
notebooks with 
unambiguous execution 
order

Decomposing the big challenge: 
Reproducible and auditable training process
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J. F. Pimentel, L. Murta, V. Braganholo and J. Freire. A Large-Scale Study About Quality and Reproducibility of Jupyter Notebooks. MSR 2019



Decomposing the big challenge: 
ML code is just a small fraction of what you need

The required surrounding infrastructure is vast and complex
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D. Sculley et al., "Hidden technical debt in machine learning systems" NIPS'15: Proc. of the 28th Int. Conf. on Neural Information Processing Systems - 2015 



We cannot test a ML model for correctness, because we do not 
have a specification of what it means to be correct

• We cannot avoid some wrong predictions

We can evaluate 
whether a ML model 
works well enough on 
some test data or in the 
context of a concrete 
system

Decomposing the big challenge: 
Lack of specification 
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From J. M. Zhang, M. Harman, L. Ma and Y. Liu, "Machine Learning Testing: Survey, 
Landscapes and Horizons," IEEE TSE, Jan. 2022



Decomposing the big challenge: 
Interdisciplinary teams

• Culture clashes: conflicts between data scientists and software engineers
• Lack of ML literacy leads to unrealistic requirements
• Product requirements are often not translated into clear model requirements
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https://twitter.com/Grady_Booch/status/1430240815058620416?s=20  



MLOps comes to help

A set of practices and tools to facilitate 
the creation and evolution of ML-enabled systems
• rooted in software engineering and inspired by DevOps
• emphasis on the automation of the ML pipeline
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From Christian Kästner. Machine Learning in Production: From Models to Products. 2022



MLOps-based Solution Framework to drive the transition from 
model prototypes to production-ready ML components 
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As part of DARE Spoke 1 – Enabling factors 
and technologies for digital prevention



Scoping an ML problem
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Scoping an ML 
problem

Checklists for 
requirements elicitation

ML Canvas



Ensuring the Reproducibility of ML pipelines
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Ensuring reproducibility

Cookiecutter

Git・DVC・MLflow



Fostering Quality Assurance of ML Artifacts
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Fostering QA

Pytest ・ Ruff・Pynblint
Code Carbon・
Deepchecks



API Development for ML
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API development

FastAPI・OpenAPI



ML Component Delivery
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Component delivery

Model and Dataset Cards
Docker・Compose
GitLab CI/CD・Locust



ML Component Monitoring
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Monitoring

Prometheus

& Grafana
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Pilot Project: 
Predicting neurodegenerative diseases and brain aging
Center for Neurodegenerative Diseases and 
the Aging Brain (CMND) 
University of Bari Aldo Moro, Tricase (LE)
• directed by Prof. Giancarlo Logroscino MD
• dedicated to the research, diagnosis, and 

treatment of neurodegenerative diseases 
(Alzheimer’s, Parkinson’s, ALS, and other 
nervous system disorders)

• Advanced diagnostic techniques such as 
functional MRI (fMRI) and PET scans



Evolving the MLOps-based Solution Framework for 
certified medical use
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clinical use



Teaching MLOps through project-based courses
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Thank You!
This research was co-funded by the Italian Complementary National Plan PNC-I.1 "Research initiatives for 
innovative technologies and pathways in the health and welfare sector” D.D. 931 of 06/06/2022, "DARE - DigitAl 
lifelong pRevEntion" initiative, code PNC0000002, CUP: B53C22006420001 
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