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• Meta variables control inclusion and/or bounds of decreed variables

• Roles (meta and/or decreed) are attributed to variables, in addition to their type
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For any k ≥ 1, the mixed distance 𝑑𝑖𝑠𝑡: ҧ𝜒 × ҧ𝜒 → ℝ is a distance. 

𝑑𝑖𝑠𝑡𝑝 ഥ𝑥, ത𝑦 = 

𝑟∈𝑅



𝑖=1

𝑛𝑟

ҧ𝑑 ഥ𝑥𝑖
𝑟 , ഥ𝑦𝑖

𝑟 𝑘

1
𝑘

,

Where 𝑅 = {𝑚,𝑚𝑑,𝑑𝑒𝑐,𝑛𝑒𝑢} are the roles and 𝑛𝑟 is the dimension of the role 𝑟.

𝑜′ = ADAM

𝑙′ = 1

𝛼′ = 𝐸𝑋𝐶

𝑢1′ = 100 𝑢2′ = 𝐸𝑋𝐶

𝛽’ = 0.5

𝑟 ’ = 0.5

𝑜 = ASGD

𝑙 = 2

𝛼 = 0,5

𝑢1 = 50 𝑢2 = 50

𝛽= 𝐸𝑋𝐶

𝑟 = 0.5

Meta (m)

Meta-dec (md)

Decreed (dec)

E. Hallé-Hannan, C. Audet, Y. Diouane, S. Le Digabel, P. Saves, A graph-structured distance for heterogeneous datasets with meta variables, 2024, Neurocomputing, Under review.
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Theorem 2 (conditionally active distance)

Conditionally active distance
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Fundamentally, ML & optimization rely on distances: 1st step for heterogeneity with meta variables

The following function, defined for the 𝑖-th variable of role 𝑟between two extended points 𝑥 , 𝑦 ∈ 𝑋 , is

a one-dimensional distance

ҧ𝑑 ഥ𝑥𝑖
𝑟 , ഥ𝑦𝑖

𝑟 ≔ ൞

0
𝜃𝑖
𝑟

𝑑 𝑥𝑖
𝑟 , 𝑦𝑖

𝑟

if ഥ𝑥𝑖
𝑟and ഥ𝑦𝑖

𝑟are excluded (inactive),

if either ഥ𝑥𝑖
𝑟or ഥ𝑦𝑖

𝑟is excluded,

if ഥ𝑥𝑖
𝑟and ഥ𝑦𝑖

𝑟are included (active),
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2
> 0 is a parameter that guarantees the triangular inequality,
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𝑟 is the largest distance between any pair 𝑥𝑟 , 𝑦𝑟 of included variables, 

• 𝑑 is a one-dimensional distance of the appropriate variable type.
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SMT 2.0 features:

• Models to handle a large number of design variables (KPLS –

KPLSK – MGP): automatic number of components

• Mixture of experts to handle heterogeneous functions (MOE)

• Different covariance kernels added

• Multi-fidelity models (MFK – MFKPLS – MFKPLSK)

• Noisy kriging to handle uncertainties on data

• Kriging models for mixed variables (continuous, discrete, 

categorical) & associated kernels, sampling and optimization

• Kriging models for hierarchical variables (meta, neutral, 

decreed) & associated kernels, sampling and optimization

• Benchmarking problems

 Included some Jupyter notebooks & documentation

github.com/SMTorg/smt

18/25
P. Saves, R. Lafage, N. Bartoli, Y. Diouane, J. Bussemaker, T. Lefebvre, J. Hwang, J. Morlier, J. Martins, SMT 2.0: A Surrogate Modeling Toolbox with a focus on Hierarchical and Mixed
Variables Gaussian Processes, 2024, Advances in Engineering Software.

M.-A. Bouhlel, J. Hwang, N. Bartoli, R. Lafage, J. Morlier, J. Martins, A Python surrogate modeling framework with derivatives, 2019, Advances in Engineering Software.

Open-source toolbox for surrogate models
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Convergence plots Boxplots after 160 evaluations

10 runs of 10 + 150 iterations 10 runs of 10 + 150 iterations

DRAGON optimization results

29 params
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 More to come for System Architecture Optimization
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Thank you for your attention!


