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Event Storming + ML Canvas
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Finding Pain Points: Candidates for ML-Use Cases?
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Using Domains For Prioritization
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How to Structure ML Projects
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Structuring ML Projects

The Machine Learning Canvas (v0.4)
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Input, output to predict, type of problem.
(Start with a heuristic)
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Making Predictions
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Live Evaluation and Monitoring
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Machine Learning Operations

With Machine Learning Model Operationalization Management (MLOps), we want to provide an end-to-end machine learning
development process to design, build and manage reproducible, testable, and evolvable ML-powered software.

Model Operations

Development




