Computational Intelligence has achieved considerable successes in recent years and numerous applications rely on it. However, its use crucially relies on human experts, from feature engineering to algorithm selection. Since the performance of a given approach depends on the qualities of the algorithm regarding the targeted data and task, the design of new application becomes more and more difficult. Benchmarking, algorithm selection and hyperparameter tuning thus become tools of choice for helping non-experts to rigorously design the method that will solve their problem. This presentation aims at introducing the (relatively) new scientific field arising around the progressive automation of computational intelligence.

Given a random set of problem instances I ∼ I drawn in all the possible problems I = P(I), the algorithm selection problem is to find the mapping from problems to algorithms f : I → A that maximize a measure of central tendency of the performance metric distribution:
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Design, Selection, Tuning = Optimization Given a random set of problem instances I ∼ I drawn in all the possible problems I = P(I), the algorithm selection problem is to find the mapping from problems to algorithms f : I → A that maximize a measure of central tendency of the performance metric distribution: parser.add_argument("-x", metavar="X", type=float, help="A variable") parser.add_argument("-y", metavar="Y", type=float, help="Another variable")

f (I) = arg max A⊂A E i∈I p(i, A(i))
Test a single run:

../python/problem_server.py # Run problem server ./smac3-elpida-cli.py 0 1 2 3 4 -x 2 -y 3 # One design

Thanks for your attention!

And don't worry, I will help you.
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Performances•

  • Design of Features • Selection of Model • Model Parameters Tuning • Design Topology of NN • Postprocess Models • Analyze Results Demands for off-the-shelf, automated, tools. 6 | Johann Dreo | AutoML for Bioinformatics | 2022-06-21 Why? Simple example in bioinformatics • Olson et al., Data-driven advice for applying machine learning to bioinformatics problems, Pacific Symposium on Biocomputing 2018 • 13 scikit-learn algorithms • 165 bioinfo classification problems • model selection & hyperparameters tuning • with a grid « search » Why? Improvement in accuracy compared to the average on each dataset. • 20% av. increase in accuracy • up to more than 60% Design, Selection, Tuning = Optimization Given a random set of problem instances I ∼ I drawn in all the possible problems I = P(I), the algorithm selection problem is to find the mapping from problems to algorithms f : I → A that maximize a measure of central tendency of the performance metric distribution Design, Selection, Tuning = Optimization

•

  Key difference: representation of A Design, Selection, Tuning = Optimization Given a random set of problem instances I ∼ I drawn in all the possible problems I = P(I), the algorithm selection problem is to find the mapping from problems to algorithms f : I → A that maximize a measure of central tendency of the performance metric distribution: Allow the user to have preferences • Parameters importance / Automatic Ablation Studies • Visualizations • Human-guided search • Automated integration of results in the OPTION Ontology 20 | Johann Dreo | AutoML for Bioinformatics | 2022-06-21
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  So far, in the ascending phase • Lot (too many) of options to choose from • Which platform will win?
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Part 2

Solutions

Algorithmics

Two main families: Run SMAC:

smac.py --scenario scenario.txt