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Graph-structured distance
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Conditionally active distance

Fundamentally, ML & optimization rely on distances: 1st step for heterogeneity with meta variables
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A — — s a parameter that guarantees the triangular inequality,
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Open-source toolbox for surrogate models

SMT 2.0 features:

A Models to handle a large number of design variables (KPLS i
KPLSK T MGP): automatic number of components

Mixture of experts to handle heterogeneous functions (MOE)
Different covariance kernels added
Multi-fidelity models (MFK T MFKPLS T MFKPLSK)

Noisy kriging to handle uncertainties on data

o To Do o Do

Kriging models for mixed variables (continuous, discrete,
categorical) & associated kernels, sampling and optimization

A Kriging models for hierarchical variables (meta, neutral,
decreed) & associated kernels, sampling and optimization

github.com/SMTorg/smt A Benchmarking problems

C Included some Jupyter notebooks & documentation
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