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Learning Goals





Microsoft PowerPoint
https://azure.microsoft.com/en-us/blog/how-azure-machine-
learning-enables-powerpoint-designer/



Fall Detection Devices

https://www.mobihealthnews.com/content/how-fall-
detection-moving-beyond-pendant



Google Add Fraud Detection



Recidivism Detection



Many more examples



Software Engineering and ML



ML Development 
• Observation
• Hypothesis
• Predict
• Test
• Reject or Refine Hypothesis 



Microsoft’s view of Software Engineering for 
ML



Data science is iterative and exploratory

https://cacm.acm.org/blogs/blog-
cacm/169199-data-science-workflow-
overview-and-challenges/fulltext



https://docs.microsoft.com/en-us/azure/machine-
learning/team-data-science-process/overview



Similar to Spiral Process or Agile?



Data science is iterative and exploratory



Data science is iterative and exploratory



Share experience?



Case Study:
The Transcription Service Startup



Transcription Services





The startup idea

• PhD research on domain-specific speech recognition, that can detect 
technical jargon
• DNN trained on public PBS interviews + transfer learning on smaller 

manually annotated domain-specific corpus
• Research has shown amazing accuracy for talks in medicine, poverty 

and inequality research, and talks at Ruby programming conferences; 
published at top conferences
• Idea: Let‘s commercialize the software and sell to academics and 

conference organizers



Likely Challenges?



Quality Attributes



Qualities of Interest?
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Quality of Interests



Examples for Discussion



Examples for Discussion 2



Challenges
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Data Preparation Feature
Engineering

Model
Training Deployment Maintenance



15-313 Software Engineering 30





Likely Collaboration Challenges?
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https://andrewhead.info/assets/pdf/notebook-gathering-slides.pdf

Computational Notebooks

https://andrewhead.info/assets/pdf/notebook-gathering-slides.pdf


Computational Notebooks

Read-Eval-Print-Loop



Notebook limitations and 
Drawbacks?



Problem
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1 WEEK LATER

1. How did I produce this 
result?

2. Didn't I have a better 
version of this? 

3. What can I get rid of?

https://andrewhead.info/assets/pdf/notebook-gathering-slides.pdf

https://andrewhead.info/assets/pdf/notebook-gathering-slides.pdf


Poor code quality 
(Exploration)

Buggy code (lack of testing)
Duplicate code
Tangled & Scattered code
Unused code
Lack of documentation

Problem
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[Chattopadhyay et al. CHI’20,  Head et al. CHI’19, Kery et al. CHI’19, Kery et al. VL/HCC’18]
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[Chattopadhyay et al. CHI’20,  Head et al. CHI’19, Kery et al. CHI’19, Kery et al. VL/HCC’18]



Reproducibility

"A startup’s ML models were so disorganized it was causing serious 

problems as his team tried to build on each other’s work and share it 

with clients. Even the original author sometimes couldn’t train the 

same model and get similar results!" [1]

[1] The Machine Learning Reproducibility Crisis, https://petewarden.com/2018/03/19/the-
machine-learning-reproducibility-crisis/

https://petewarden.com/2018/03/19/the-machine-learning-reproducibility-crisis/


Reproducibility



Current Practices



Practices in SE don’t meet the needs

• " If you were to map this onto a traditional git workflow, what you 
would get is thousands of orphaned branches with one or two 
commits. Which isn't really useful, because none of our UIs are built 
for tracking thousands of branches, along with the results of those 
experiments."

https://www.reddit.com/r/MachineLearning/comments/9gakd
d/ml_people_are_bad_at_version_control_d/

https://www.reddit.com/r/MachineLearning/comments/9gakdd/ml_people_are_bad_at_version_control_d/




AI 2020 = Software Engineering 1970s





Specifications
• Textual
• Assertions
• Formal specifications
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Specification in ML?



Specification in ML?



From Models to AI-Based Systems



Whole System Perspectives



Hidden Technical Debt in Machine Learning Systems



Thinking about systems


