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Disclaimer: just sharing my experience!

Curious to know what other people are doing



The reproducibility crisis

Most ML projects:

• Fail before deployment

• Deteriorate silently in production

Lack of robust engineering pipelines to track, compare, 
replicate experiments

Mounting technical debt, no reproducibility, lose trust
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Unstructured development

• We’ve all been there…
at least once!

• Poorly named files

• Hard-coded parameters

• Messy code

• Non-linear execution
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The problem of generalization
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The problem of generalization

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026

7



What can we do about it?
Machine Learning Operations (MLOps)
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MLOps: one definition
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MLOps pipeline
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Data
processing

Modelling

Deployment

Monitoring

MLOps is a multi-stage, 
iterative process:

• Data processing

• Modelling

• Deployment

• Monitoring



Data processing

Data processing is key to ML success

• Quality control: garbage in, garbage out

• Exploratory Data Analysis (EDA)
• Understanding data content and challenges

• Preprocessing
• Validation, cleaning, feature engineering

• Versioning
• Lineage: where data come from? (relationship)

• Provenance: how were data created? (history)
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Paradigm shift: model-centric to data-centric AI [2]



Modelling

• Data splitting: 
• make sure no leakage

• Representative of target data

• Balanced sampling can help!

• EDA is key to understand training requirements & challenges
• E.g. class imbalance, rare events, metrics

• Experiment tracking
• Track and document all design choices for reproducibility!

• …and of course the outputs!

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 12



Modelling: error analysis

• Error analysis is key for model development
• E.g. looking at wrong predictions help debugging 

where training fails

• Performance:
• Carefully consider which metric to optimize

• Looking at more metrics can give more thorough 
assessment
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Deployment & monitoring

• When model is mature, we can finally deploy it!
• Very specific to application and infrastructure

• Typically relies on model file + inference pipeline

• However, not the final step → MLOps is a cycle!

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 14

CI/CD

• production is only a checkpoint between 
development stages

• may want to keep improving the model

• new configs/architectures

• re-train as new data comes in

Monitoring

• always keep an eye on performance, as data 
shift may impact your application

• model metrics

• infrastructure metrics

• errors, resource utilization, ...



How does it look in practice?
Use case: Point Cloud Deep Learning for particle flow in ATLAS

Tools: several frameworks exist
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Demo use Weights & Biases
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Demo use Weights & Biases

clissa/mlops-handson

https://github.com/clissa/mlops-handson
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wandb sessions

Every ML experiment should be traceable, reproducible, and comparable

• `wandb.init()` creates structured experiment runs

• Use `job_type` to group runs
• data_prep dataset creation, EDA, preproc
• training model training
• eval validation/metrics
• debug: diagnostics

→ choose your tags, just be meaningful!

• Automatically tracks experiment code and config
• You can also add additional `notes`
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Experiment tracking

Logging metrics, parameters and outputs

• `wandb.log` tracks configs and results

• You can log:
• Metrics

• Hyperparams/configs

• Plots/images/tables
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Experiment tracking (bonus)

• By default, wandb also tracks:
• Configs

• Computing resources
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Artifacts: data and model versioning

Artifacts enable versioned datasets and models (not only!)

• ` wandb.Artifact` native object

• Automatically manage data/model objects
• Customizable metadata tracking
• Versioning

• v0, v1, …, `latest`
• use custom aliases for readable stages

• Artifact types:
• dataset v0, v1, …, latest
• model baseline, candidate, staging, production
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Lineage and provenance

• We can declare what Artifacts are used: 
`run.use_artifact(“my-dataset:latest”)`

• This enables wandb to automatically 
build dependency graphs

→ Lineage and provenance 
 tracked automatically!

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 22

Lineage: where data come from? (relationship)

Provenance: how were data created? (history)



Hyperparameter sweeps

W&B supports automated hyperparameter search

• configurable as dict / YAML

• `method` enables 3 search strategies

• grid, random, bayes

• `metric` defines target metric

• `parameters` defines search space

• Specify values or distributions

• Run from script or terminal
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Sweeps visualizations

W&B sweeps provide great default vizs to compare configs

• Parameter importance

• Evaluate impact of params on target metric

• Parallel coordinates plot
• Great to compare configs based on target metric
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Reports

Wandb also supports reporting

• Easily integrate run results 
with formatted comments

• Interactive

• Useful to:
• Document

• Debug

• Share 
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demo report

https://api.wandb.ai/links/lclissa/a9vqxv9p
https://api.wandb.ai/links/lclissa/a9vqxv9p


Conclusions

• Reproducibility and stability are key for trustworthy scientific research

• Development and production have different needs

• MLOps can help:

• mitigate development challenges 

• speed up experimentation

→it seems overdoing at first
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…but it pays in the long term



Conclusions

• Reproducibility and stability are key for trustworthy scientific research

• Development and production have different needs

• MLOps can help:

• mitigate development challenges 

• speed up experimentation

→it seems overdoing at first

• Many tools, no universal best…

→ Pick one and get proficient
 …but leave a door open to exploration when you get stuck  
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…but it pays in the long term



Questions?
Contacts: luca.clissa2@unibo.it
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