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MOTIVATION
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What is logging in software engineering?
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Logging code System in 
production

Log messages

★ Common practice in software engineering is to record runtime system information.

logging.info("Training accuracy {:.2f}" .format(accuracy))

Verbosity Level Static Message Dynamic Variable

2022-02-01 16:10:08 INFO Training accuracy 0.79



Why Logging Matters Even More in ML Systems?
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❖ Data drift

❖ Reproducibility of results

❖ Overfitting

❖ Monitoring and Logging
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Is logging within applications challenging?
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Too much : runtime overhead, 
storage overhead, too many 
trivial logs.

Too little: missing important 
information, increasing the 
difficulty for problem diagnose



PRIOR STUDY
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Our Prior Study: Logging Practices 
in ML Systems.
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❖ 502 open-source ML repositories from GitHub

❖ Python ML ecosystem

❖ Analysis of logging statements and frameworks

❖ Practitioner survey



Study Design
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Replication package
Try it out!

502

31



Finding 1: Logging is Less Prevalent in ML Systems

Result (1): Prevalence of Logging in ML vs. Traditional Applications
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Metric: 
Log density = SLOC/NL

Finding 1: Our study reveals that logging practices in ML-based applications 
are less prevalent compared to traditional software systems.



Finding 2: Hybrid Logging Ecosystem.

Result (2): Logging libraries types.
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Finding 2: 
● Traditional applications primarily rely on general logging libraries.
● ML-based applications use a combination of ML-specific and general logging 

libraries.

60% of 31 
practitioners



Finding 3: Logging Concentrated in Training.
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Finding 3: All five phases of the entire ML pipeline contain logging statements. 
However, the model training phase has the largest proportion of logging statements and 
the model deployment phase has the smallest proportion of logging
statements.

❖ Model training: need for extensive 
experimentation and configuration adjustments.

❖ Model Deployment:  monitoring inference 
performance and detecting anomalies.



RESEARCH GAP
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Research Gap: Understanding Logging Quality in ML Systems.
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What we know What we don’t know

Logging used in ML. What logging smells exist?

Hybrid logging tools. ML-specific bad practices?

Logging across pipeline. Practitioner perception?



Research Opportunity.
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Identify ML logging smells.

Build an empirical taxonomy

Understand practitioner perceptions



RR PROTOCOL
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444 ML GitHub 
repositories

Extract function + 
logging statements

LLM + Human 

Smell Taxonomy Survey 
Practitioners

Agreement

Frequency

Relevance

Severity

5-point 
Likert Scale



EXPECTED 
CONTRIBUTIONS
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Expected contributions.
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Empirical Catalog
Logging smells in ML systems

Large-scale Evidence
Mining ML repositories

Practitioner Insights
Survey of ML developers

Impact:
Improving observability in ML systems



TAKEAWAYS
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Takeaways.
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Logging plays a critical role in ML systems;

ML logging practices remain poorly understood;

Our study aims to systematically identify ML logging smells.
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