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• Construction of the correlation matrix [𝑅𝑖]

Continuous Relaxation diagonal kernel

Exponential Homoscedastic Hypersphere 𝑆𝑖 𝑟,𝑠 ≥ 0

𝑆𝑖 𝑟,𝑠 ≤ 1

𝟏 ≫ 𝝐 > 𝟎
𝑪𝒊: Homoscedastic hypersphere

Rebonato, R. and Jäckel, P. (1999) The Most General Methodology to Create a Valid Correlation Matrix for Risk Management and Option Pricing Purposes. Journal of Risk, 2, 17-28. 
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Model
Θi

(example with 3 levels)

Ki ci
r, ci

s, Θi # of parameters

Homoscedastic

Hypersphere (HH)

1 [Θi]12 [Θi]13
1 [Θi]23

Sym. 1

[Θi]ci
r,ci

s
1

2
Li Li − 1

Our full model (FE)

[Θi]11 [Θi]12 [Θi]13
[Θi]22 [Θi]23

Sym. [Θi]33

exp( −( [Θi]ci
r,ci

r + [Θi]ci
s,ci

s )) exp( −2 [Θi]ci
r,ci

s) 1

2
Li Li + 1

Our model as Exponential

Homoscedastic

Hypersphere (EHH)

0 [Θi]12 [Θi]13
0 [Θi]23

Sym. 0

exp( −2 [Θi]ci
r,ci

s)
1

2
Li Li − 1

Our model as Continuous

Relaxation (CR)

[Θi]11 0 0

[Θi]22 0

Sym. [Θi]33

exp( −( [Θi]ci
r,ci

r + [Θi]ci
s,ci

s )) Li

Our model as Gower 

distance (GD)
[Θi]cov

0 1 1
0 1

Sym. 0
exp( −2 [Θi]cov) 1
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Pelamatti, J., Brevault, L., Balesdent, M., Talbi, E.-G., and Guerin, Y., Overview and Comparison of Gaussian Process-Based Surrogate Models for Mixed Continuous and Discrete Variables: Application on 

Aerospace Design Problems, Springer International Publishing, 2020, pp. 189–224

Every model can be written as

Our new kernel EHH is Gaussian and categorical!
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• An illustration case

2 design variables

• 1 continuous variable 

• 1 categorical variable: 13 levels

• 14 dimensions

• DoE: LHS with 98 points (7 per dimension)

Roustant, O., E. Padonou, Y. Deville, A. Clément, G. Perrin, J. Giorla, and H. Wynn (2020). Group kernels for Gaussian process metamodels with categorical inputs. SIAM J.Uncertain. 8, 775–806.
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Roustant, O., E. Padonou, Y. Deville, A. Clément, G. Perrin, J. Giorla, and H. Wynn (2020). Group kernels for Gaussian process metamodels with categorical inputs. SIAM J.Uncertain. 8, 775–806.
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Only few hyperpameters are used which may not be enough.  
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Best trade-off: number of hyperparameters vs model accuracy! 
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Accurate model but expensive. 

> 𝟎

Results

Only positive correlations can be handled.
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Efficient method with positive correlation values

∈ [𝟎, 𝟏]

Include general correlation values but might be hard to handle

∈ −𝟏, 𝟏
but hard to 

optimize

Our Exponential

homoscedastic

hypersphere kernel

Homoscedastic

hypersphere kernel

(Pelamatti et al., 

2020)
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• An illustration case

2 design variables

• 1 continuous variable 

• 1 categorical variable: 13 levels

• 14 dimensions

• DoE: LHS with 98 points (7 per dimension)

Validation set of 30603 points

𝑅𝑀𝑆𝐸 =
1

30603
෍

𝑖=1

30603

መ𝑓 𝑤𝑖 − 𝑓 𝑤𝑖

2

1/2

𝑃𝑉𝐴 = log
1

30603
෍

𝑖=1

30603 መ𝑓 𝑤𝑖 − 𝑓 𝑤𝑖

2

𝜎𝑓 𝑤𝑖
2

C.Demay, Iooss, B., Gratiet, L. L., and Marrel, A., “Model selection based on validation criteria for Gaussian  process regression: An application with highlights on the predictive variance,” Quality and 

Reliability Engineering International, Vol. 38, 2022, pp. 1482–1500.
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M. M. Zuniga and D. Sinoquet. Global optimization for mixed categorical-continuous variables based on gaussian process models with a randomized categorical space exploration step. INFOR: 

Information  Systems and Operational Research, 58:310–341, 2020

Branin Toy problem
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- Proposed a unified framework for continuous relaxation and Gower distance

based kernels.

- Validated the efficiency of the proposed method on a challenging mixed-

categorical problem.

• Current works

Apply dimension reduction (e.g., PLS) using the proposed Gaussian kernel to model

large-scale mixed-categorical problems. “Mixed categorical Gaussian process for high-dimensional

Bayesian optimization” in Structural and Multidisciplinary Optimization.

Couple mixed-discrete variables with hierarchical variables. SMT 2.0: A Surrogate Modeling

Toolbox with a focus on Hierarchical and Mixed Variables Gaussian Processes” in Advances in Engineering Software.
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The End

Thank you for your attention !
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