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Abstract:

The aim of this work is to propose an efficient metamodel-based methodology for robust opti-
mization. In the context of computer experiments, metamodels like Gaussian process regression
(kriging) are used to represent the output of computer codes see e.g. [1]. Usually, kriging is
based on the observations of the output given by the numerical code. The first, second and cross
derivatives are assumed to be available. The use of derivatives improves kriging which is then
used to find the optima see e.g. [3]. However, the solutions of the optimization problem could be
sensitive to inputs’ perturbations. For example, these perturbations are due to fluctuations during
production. The idea of robust optimization is to constructed a Pareto front that makes a balance
between the optimization of the function and the perturbation impact. These two objectives are
assumed to be antagonistic. In [4] the authors propose to represent the robustness by a local
variance. However, lots of evaluations are needed at each observation point to catch this variance
but it is not affordable in the context of time consuming simulations. Therefore, two robustness
kriging-based criteria are proposed to cheaply catch this local variance. In the first criterion the
kriging prediction ŷ directly replaces the output in the estimation :

RC1
ŷ(x) =

1

N − 1
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)2
where x ∈ Rp is an observation point, H ∼ N (0,∆2) where ∆2 = diag(δ21 , . . . , δ

2
p) and ¯̂y(x+H) =

1
N

∑N
j=1 ŷ (x+ hj) is the mean. It can be noticed that lots of kriging calls are needed to have

a good approximation of the variance. The second one exploited Taylor approximation and the
derivative metamodel to construct a robust criterion. The robustness criterion is:
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where ∇ŷ is the vector of gradients of ŷ, Hŷ the hessian matrix of ŷ and tr is the trace of matrix
and diag(∆2) is the vector (δ21 , . . . , δ22). Only one call to the metamodel is needed to compute this
criterion. Once the robustness criterion has been defined, a multi-objective robust optimization
is conducted on both the function and the robustness criterion. The two objectives are optimized
with a classical sequential scheme using the NSGA II and the Expected Improvement (EI) see e.g.
[2] but in multi-objective. The multi-objective EIs of y and RCy are expressed, respectively, by :

EIY (x) = E
[(

max
X∗

Y − Y (x)
)+

|Y (X) = y(X)
]

EIRCY (x) = E
[(

max
X∗

RCY −RCY (x)
)+

|RCY (X) = RCy(X)
]
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Figure 1: The triangles in blue represent the Pareto front obtained after the optimization of
{f,RC1

f} (N = 10000) with the NSGA II. The black circles are added during the optimization of
{ŷ, RC1,2

ŷ } (the M2 criterion with N = 1000 on the left and the Taylor criterion on the right).

where X∗ is the non-dominated points of the set X. The EI’s are estimated by a Monte Carlo
method. The application of this methodology to the Six-Hump Camel function shows that the
area is faster and more precisely found with the second criterion (Taylor) than with the first (M2)
see the figure 1. The difference comes from the number of points (N = 1000) to approximate
the M2 criterion. In order to have an estimation error |en| < 10−3 with a level of risk of 5%, the
number of points should be higher than 8, 5.106. However, it is not reasonable to consider so many
points: it takes already more than 8 hours with 1000 points to complete the entire procedure. The
methodology takes only 42 seconds with the Taylor criterion. Currently, the approach using Taylor
is being tested on an industrial case with 15 inputs.
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