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METAMODEL CONSTRUCTION FOR SENSITIVITY ANALYSIS

SyLviE HUET! AND MARIE-LUCE TAUPIN?!

Abstract. We propose to estimate a metamodel and the sensitivity indices of a complex model m in
the Gaussian regression framework. Our approach combines methods for sensitivity analysis of complex
models and statistical tools for sparse non-parametric estimation in multivariate Gaussian regression
model. It rests on the construction of a metamodel for aproximating the Hoeffding-Sobol decomposition
of m. This metamodel belongs to a reproducing kernel Hilbert space constructed as a direct sum of
Hilbert spaces leading to a functional ANOVA decomposition. The estimation of the metamodel is
carried out via a penalized least-squares minimization allowing to select the subsets of variables that
contribute to predict the output. It allows to estimate the sensitivity indices of m. We establish an
oracle-type inequality for the risk of the estimator, describe the procedure for estimating the metamodel
and the sensitivity indices, and assess the performances of the procedure via a simulation study.

Résumé. Nous considérons 'estimation d’un méta-modeéle d’un modéle complexe m & partir des ob-
servations d’un n-échantillon dans un modele de régression gaussien. Nous en déduisons une estimation
des indices de sensibilité de m. Notre approche combine les méthodes d’analyse de sensibilité de mod-
eles complexes et les outils statistiques de ’estimation non-paramétrique en régression multivariée. Elle
repose sur la construction d’un méta-modele qui approche la décomposition de Hoeffding-Sobol de m.
Ce méta-modele appartient a un espace de Hilbert a noyau reproduisant qui est lui-méme la somme
directe d’espaces de Hilbert, permettant ainsi une décomposition de type ANOVA. On en déduit des
estimateurs des indices de sensibilité de m. Nous établissons une inégalité de type oracle pour le risque
de l'estimateur, nous décrivons la procédure pour estimer le méta-modele et les indices de sensibilité,
et évaluons les performances de notre méthode & l’aide d’une étude de simulations.

1. INTRODUCTION

We consider a Gaussian regression model
Y = m(X) + oe, (1)

where X is a d random vector with a known distribution Px = P; x ... x P; on X a compact subset of R?, and
¢ is independent of X, and distributed as a A/(0,1) variable. The variance o2 is unknown and the number of
variables d may be large. The function m is a complex and unknown function from R¢ to R. It may present
strong non-linearities and high order interaction effects between its coordinates. On the basis of a n-sample
(V;,X;),i = 1,...,n, we aim to construct metamodels and perform sensitivity analysis in order to determine
the infuence of each variable or group of variables on the output.
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Our approach combines methods for sensitivity analysis of a complex model and statistical tools for sparse
non-parametric estimation in multivariate Gaussian regression model. It rests on the construction of a meta-
model for aproximating the Hoeffding-Sobol decomposition of the function m. This metamodel belongs to a
reproducing kernel Hilbert space constructed as a direct sum of Hilbert spaces leading to a functional ANOVA
decomposition involving variables and interactions between them. The estimation of the metamodel is carried
out via a penalized least-squares minimization allowing to select the subsets of variables X that contribute to
predict the output Y. Finally, the estimated metamodel allows to estimate the sensitivity indices of m.

A lot of work has been done around meta-modelling and sensitivity indices estimation.

For a complete account on global sensitivity analysis, see for example the book by Saltelli et al. [35]. Let us
briefly present the context of usual global sensitivity analysis. Suppose that we are able to calculate the ouputs
z of a model m for n realizations of the input vector X, such that z; = m(X;) for ¢ = 1,...,n. Starting from the
values (z;,X;),4 = 1,...n, the objectives of meta-modelling and global sensitivity analysis are to approximate
the function m by what is called a metamodel or to quantify the influence of some subsets of the variables X
on the output z. This metamodel helps to understand the behavior of the model, or allows to speed up future
calculation using it in place of the original model m.

In particular when the inputs variables X are independent, if m is square integrable, one may consider
the classical Hoeffding-Sobol decomposition [36,41] that leads to write m according to its ANOVA functional
expansion:

m(x) = mo + Z My (Xy), (2)

vEP

where P denotes the set of parts of {1,...,d} with dimension 1 to d and where for all x € R?, x,, denotes the
vector with components z; for j € v. The functions m,, are centered and orthogonal in L?(Px) leading to the
following decomposition of the variance of m: Var(m(x)) = >, Var (m,(x,)). The Sobol sensitivity indices,
introduced by Sobol [36], are defined for any group of variables x,,, v € P by

_ Var (m,(x,))
S = Var (m(x))

They quantify the contribution of a subset of variables x to the output m(x). Several approaches are available
for estimating these sensitivity indices, see for example Iooss and Lemaitre [17] for a recent review. Among all
of them, let us consider the one based on metamodel construction that allows to directly obtain the sensitivity
indices. Generally one consider metamodels that correspond to an ANOVA-type decomposition, and that are
candidate to approximate the Hoeffding decomposition of m. The ANOVA-type decomposition leads to consider
functions defined as follows:

f X = R7f(x) = fO + Z fv(xv)ﬂ EPva(Xv) = EPva(Xv)fv’(Xv’) = OVU,U’ eP (3)
veP

for functions f, that are chosen to belong to some functionnal spaces. The polynomial Chaos construction,
see for example Ghanem and Spanos [14], Soize and Ghanem [38], can be used to approximate the Hoeffding
decomposition of m. This approach was considered by Blatman and Sudret [5] who propose a method for
truncating (such that to keep polynomials with degree less than some integer) the polynomial Chaos expansion
and then an algorithm based on least angle regression for selecting the terms in the expansion. For the same
purpose, Gu and Wu [15] propose an algorithm based on the hierarchy principle (lower order effects are more
likely to be important than higher order effects) and on the heredity principle (interaction can be active only
if one or all of its parent effects are also active). This approach joins the one proposed by Bach [2] for variable
selection based on hierarchical kernel learning.

Inspired by Touzani [39], Durrande et al. [12] propose to approximate m by functions belonging to a repro-
ducing kernel Hilbert space (RKHS). The RKHS is constructed as a direct sum of Hilbert spaces leading to
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a functional ANOVA decomposition (see Equation (3)), such that the projection of m onto the RKHS is an
approximation of the Hoeffding decomposition of m.

Following Lin and Zhang [25], Touzani and Busby [40] propose an algorithm to calculate the penalized least-
square estimator of m on the RKHS space, where the least-square criteria is penalized by the sum of the norms
of m on each Hilbert subspace. This group-lasso type procedure allows both to select and calculate the non-zero
terms in the functional ANOVA decomposition.

Our objective is to propose an estimator of a metamodel which will approximate the Hoeffding decomposition
of m considering a Gaussian regression model defined at Equation (1) and to deduce from this estimated
metamodel, estimators for the sensitivity indices of m. Contrary to the usual setting of sensitivity analysis
where m(X;) is available, only the observations Y are available, which leads us to consider the nonparametric
multivariate regression setting.

Let us briefly describe the methods related to this regression setting and review their theoretical properties,
starting with papers assuming an univariate additive decomposition for the function m in the context of high-
dimensional sparse additive models. Precisely, denote by F'-249, the set of functions f defined on X such that
fx)=fo+ 22:1 fa(za) where fp is a constant, and where for a = 1,...,d, the functions f, are centered and
square-integrable with respect to P,. For each function f, the set Sy of indices a € {1,...d} such that f, is not
identically zero is called the actice set of f.

Ravikumar et al. [32] propose a group-lasso procedure where each function f, is approximated by its truncated
decomposition on a basis of functions. They provide an algorithm and, assuming that the function m belongs
to the set F12d4 and that S,, is sparse, prove the consistency of the active set and of the risk of the estimator
of m.

Meier et al. [27] propose to combine a sparsity penalty (group-lasso) and a smoothness penalty (ridge) for
estimating m(x). Considering the fixed design framework, they establish some oracle properties of the empirical
risk for estimating the projection of m onto the set of univariate additive functions F-2dd,

Raskutti et al. [31] consider the case where each univariate function f, belongs to a RKHS and as Meier et
al. [27] combine a sparsity and a smoothness penalty. Assuming that the d variables X are independent, they
derive upper bounds for the integrated and the empirical risks, as well as a lower bound for the integrated risk
over spaces of sparse additive models whose each component is bounded with respect to the RKHS norm.

Additive sparse modelling is too restrictive in practical settings because it does not take into account inter-
actions between variables that may affect the relationship between Y and X. The generalization of additive
smoothing splines to interaction smoothing splines leading to an ANOVA-type decomposition (see Equation (3))
was proposed by several authors (see for example Wahba [42], Friedman [13], Wahba et al. [43]).

To control smoothness and to enforce sparsity in the ANOVA-type decomposition, Gunn and Kandola [16]
propose to consider the ANOVA decomposition as a weighted linear sum of kernels and to use a lasso penalty
on the weights to select the terms in the decomposition as well as a ridge penalty to ensure smoothness of
the kernel expansion. The COSSO proposed by Lin and Zhang [25] is based on smoothness penalty defined as
the sum of the RKHS-norms of the functions f,. The authors study existence and rate of convergence of the
estimator. In a more general framework, where the function m is written as a linear span of a large number of
kernels, Koltchinskii and Yuan [21] established oracle inequalities on the excess risk assuming that the function
m has a sparse representation (the set of v € P such that f* is non zero is sparse). The authors generalized their
results to a penalty function that combines sparsity and smoothness (see Koltchinskii et al. [22]), as proposed
by Meier et al. [27] and Raskutti et al. [31].

Recently Kandasamy and Wu [19] proposed an estimator called SALSA, based on a ridge penalty, where the
ANOVA-type decomposition is restricted to set v € P such that |v] < Dyax. The authors propose to choose
Dmax via a cross-validation procedure.

Our contributions

Using the functionnal ANOVA-type decomposition as proposed by Durrande et al. [12], we propose an
estimator of a metamodel which approximates the Hoeffding decomposition of m. Following the most recent
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works in the framework of nonparametric estimation of sparse additive models, we propose a penalized least-
square estimator where the penalty function enforces both the sparsity and the smoothness of the terms in the
decomposition. We show that our estimator satisfies an oracle inequality with respect to the empirical and
integrated risks.

Our procedure allows both to select and estimate the terms in the ANOVA decomposition, and therefore, to
select the sensitivity indices that are non-zero and estimate them. In particular it makes possible to estimate
Sobol indices of high order, a point known to be difficult in practice.

Finally, using convex optimization tools, we develop an algorithm (available on request) in R [30], for calcu-
lating the estimator. A simulation study shows the good performances of our estimator in practice.

The paper is organised as follows: The RKHS construction based on ANOVA kernels and the procedure for
estimating a metamodel are presented in Section 2. The estimators of the Sobol indices are given in Section 3.
The theoretical properties of the metamodel estimator are stated in Theorem 4.1 and Corollaries 4.1 and 4.2
whose proofs are postponed in Sections 7 and 8. Section 5 is devoted to the calculation of the estimator and
Section 6 to the simulation study.

2. META-MODELLING

We start from the Hoeffding decomposition (see Sobol [37] and Van der Vaart [41], p. 157) of the function
m that consists in writting m as in Equation (2)

m(x) = mo + Z my(Xy),

veEP

where P denotes the set of parts of {1,...,d} with dimension 1 to d and where for all x € R?, x,, denotes the
vector with components z; for j € v. For all v,v’ in P,

Ex (mv(Xv>) = Ex (mv(Xv)mv' (XU’)) =0.

We propose to consider a functionnal space based on the tensorial product of Reproducing Kernel Hilbert
spaces (RKHS), and to approximate the unknown function m by its projection denoted f* on such such RKHS
space. One of the key point is to construct the space H such that the terms of the decomposition of a function
f in H correspond to its Hoeffding-Sobol decomposition.

2.1. RKHS construction

Let us describe the construction of spaces H, based on ANOVA kernels, construction which was given by
Duwrrande et al. [12].

Let X = X} x ... x X; be a compact subset of R?. For each coordinate a € {1,---,d}, we choose a RKHS
H, and its associated kernel k, defined on the set X, C R such that the two following properties are satisfied

(1) ko : X, x Xy, — Ris P, x P, measurable,

(2) Ep, \/ka(Xq, Xa) < 00.

1
The RKHS H, may be decomposed as H, = Hoq ® H1q, where

Hoa = {fa € HaaEPa(fa(Xa)) = 0}7
Hla {fa EHa;fa(Xa):C}7

the kernel ko, associated to the RKHS Hg, being defined as follows (see Berlinet and Thomas-Agnan [4]):

_ Euep, (ka(2a,U))Eunp, (ka(7g, U))
Ew,vy~p,xpP.ka(U, V)

kOa(xav 1{1) = ka(maa x:z)
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The ANOVA kernel is defined as

d
k(x,x") = H (1 + koa(xa,x5)) =1+ Z ky(x4,x)), where ky(x,,X),) = H koa(Ta,2),),
a=1

vEP acv

and the corresponding RKHS

1
H:®g:1 (1697—[0(1) :1+ZHv7
vEP
where the RKHS H,, is associated with kernel k,. According to this construction, any function f € H satisfies

F&) = £k = fo+ D, folx),

vEP

where f,(x) = (f, ky(x,-))n depends on x, only. For all v € P, f,(x,) is centered and for all v # v, f,(x,)
and f,/(x,) are uncorrelated. We get thus the Hoeffding decomposition of f.

2.2. Approximating the Hoeffding decomposition of m
Let f* = fo +>_,cp fo which minimizes

lm = £l1E2(py) = Bx (m(X) = £(X))?

over functions f € H. This f* can be viewed as an approximation of m and more specifically his Hoeffding de-
composition is an approximation of the Hoeffding decomposition of m. Therefore if the Hoeffding decomposition
of m is written as in Equation (2), each function f} approximates the function m,,.

The idea is propose an estimator of f* as estimator of m.

2.3. Selection step

Since P is the set of parts of {1,...,d}, the number of functionsf; is related to the cardinality of P = 2¢ —1
that may be huge. Our construction is thus associated to a selection strategy.

The selection of f in f* is based on a ridge-group-sparse type procedure which minimizes the penalized least-
squares criteria over functions f € H. The least-squares criteria is penalized in order to both select few terms
in the additive decomposition of f over sets v € P, and to favour smoothness of the estimated f,. The ridge
regularization is ensured by controling the norm of f, in the Hilbert space H, for all v, and the group-sparse
regularization is strengthened by controling the empirical norm of f,, defined as

£l = | = 3 f2(K).
=1

For any f € H such that f = fo+>_ .p fu, and for some tuning parameters (i, v,,v € P), let L(f) be defined

as . )
E(f) = %Z (YZ - fO - Z fU(XU,i)> + Zﬂv”fv“?—lv + Z'Yv“fv”n (4)

i=1 vEP veEP veP
Let us define the set of functions F

F = {f such that f = fo + Z Joy fo € Ho, ||fv||’H1, < 1} . (5)

vEP
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Then the estimator fis defined as

o~

f=argmin {L(f),f € F}. (6)

Remark 2.1. The construction of the RKHS spaces described above, allows to consider functionnal spaces that
suit well to the smoothness of the function m, irrespectively of the distribution of X. Indeed, the kernels ko,
depend on the distribution of X only for calculating the projection onto the space of constant functions. In
comparison, the decomposition based on the truncated polynomial Chaos expansion, used for sensitivity analysis
(see Blatman and Sudret [5]), is based on the distribution of X, and only the choice of the truncation handles
the smoothness of the approximation.

3. SENSITIVITY ANALYSIS

3.1. Sobol indices

Let us go back to the Hoeflding decomposition Equation (2). The orthogonality between two terms in this
decomposition leads to the additive decomposition of the variance of m(x):

Var (m(x)) = Z Var (my,(x,)) -

veEP

Each of these variance terms are related to Sobol indices [36]. For example, the Sobol indice linked with the
interaction between variables x, is defined as

~ Var (m,(xy))
S = Var (m(x)) ’

or the global Sobol indices for the variable z,, a € {1,--- ,d}, is

ng{a} Var (mv (X'U))
Var (m(x)) '

Go =

Those Sobol indices and global Sobol indices quantify the contribution of a subset of variables x to the output
m(x). As it is said in the introduction direct estimation of these Sobol indices may require lot of calculations.
We consider here methods based on metamodels to directly obtain Sensitivity indices.

3.2. Estimation of Sobol indices

Thanks to the orthogonality property of functions in H, the variance of m(x) will be estimated by

Var (m(x)) = 3 Var (my(x,)) , where Var (my (x,)) = Ex (J2(X.)) = [ Fu 22 py (7)
veEP

In practice, in order to avoid calculating the variance of fv(XU), one may use an estimator based on the

empirical variances of functions fv Precisely, if ﬁ,7, is the mean of the f,(X, ), for i =1,...,n, then
———emp 1 LIRSS N2
Var ™ (my(x,)) = ——= > (AXoi) = i) - ®)
i=1

One of the main contribution of this approach is to allow the estimation of Sobol indices of any order, whereas
classical methods only deal with small order, generally less than two.
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4. THEORETICAL RESULT: ORACLE INEQUALITY FOR METAMODEL

In this section we state the oracle inequality for the estimated metamodel j?which approximates the Hoeffding
decomposition of the unknown function m.

4.1. Notations and Assumptions

For a function f € H, f = fo+>_,cp fo, We denote by Sy its support and |Sy| its cardinality. More precisely

Sy={veP,f,#0}. 9)

We consider RKHS spaces H,,,v € P satisfying the following assumptions:

e for all f, € H,, Ex f2(X) < oo,
o forall f, € Hy, fuor € Hur, lanb()()::O and-l;Xj%()()jL{)()zzov
e there exists R’ > 0 such that

Vfo € Ho |l follo =sup{|fu(X)|, X € X} < R'. (10)

For each v € P, let w, 1, for £ > 1 be the eigenvalues of the operator associated to the self reproducing kernel
k,, arranged in the decreasing order. Let us define the function @, ,(t), for positive ¢, as follows:

Quo(t) = \/i > min(t2, w, k), (11)

k>1
and for some A > 0 let v, ,, be defined as follows
Up,p = inf {t such that @y (1) < AtQ} . (12)

For each v € P, v, refers to the so-called critical univariate rate, the minimax-optimal rate for L2(Px)-
estimation of a single univariate function in the hilbert space H, (e.g. Mendelson [28]).
Our choices of regularization parameters and rates are specified in terms of the quantities:

Any = max {l/mv, \/d/in} . (13)

Theorem 4.1. Let us consider the regression model defined at Equation (1). Let (Y;,X;), i =1,...,n be a

n-sample with the same law as (Y, X). Let 7 be defined by (6).
If there exist constants C;,1 =1,2,3, C1 > 1, and 0 < n < 1 such that the following conditions are satisfied:

for allv e P, A, < min &, Lac) , n)\fw > —Cslog A v, (14)
Ccy’'\ Cy
and
for all f € F, max Z 72, Z ey | <1, (15)

vESy vESy
then, with probability greater than 1 — 7,

Im = 7112 < O3 nf_ ¢ llm = I3 40 3 (o +97)
vESy
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The result can be easily generalized to the minimization of £(f) over the space JF, defined as follows: For some
positive constants r,,v € P,

Indeed,

Fr= {f such that £ = fo+ > fu, fo € Houllfullae, < m} : (16)

veEP

we just have to consider the RKHS H, associated with the kernel k, (x,,X,) = 72k, (X, X, ) in place of

the RKHS H,. Then minimizing

2
%Z (Yi —fo— ny(Xv,i)> 3wl follae + S ol folln

over the set

f/

{f such that f = fo —&-va,fv € ’Hlv, va”f,q; < 1},

is equivalent to minimizing £(f) over the set F.

Let us now comment on the theorem.

The term ||m — f||? refers to the usual bias term quantifying the approximation properties of the Hilbert
space H as a distance between the true m and f, its approximation into H.

Koltchinskii et Yuan [22] considered what is called the multiple kernel learning problem, where the
functions in H have an additive representation over kernel spaces. They do not assume that the variable
X are independent, nor that the kernel spaces satisfy an orthogonality condition. In return, they assume
that some decomposability type properties are satisfied, and they introduce some characteristics related
to the degree of “dependence” of the kernel spaces.

In the particular case when the decomposition is limited to the main effects of the variables, then the
problem comes back to the classical nonparametric additive model. The theoretical properties of the
estimator based on a ridge-group-sparse type procedure have already been established (see for example
Meier et al. [27], and Raskutti et al. [31]).

Weights in the penalty terms may be of interest for applications. The theoretical result highlights that
the tuning parameters (u,,7,) should depend on the decreasing of the eigenvalues of the kernel defining
‘H,. Besides, we may be interested by introducing weigths that favor small order interaction terms.
Because we aim to approximate the Hoeffding decomposition of m, we need to have orthogonality
between the spaces H,,v € P. This condition, required by our objective, is also a key point in the proof
of the Theorem, when the problem is to compare the euclidean norm of functions in ‘H with the norm
in L?(Px). At this step we need to assume that Assumption (15) holds to conclude.

We do not assume that the functions in F are uniformly globally bounded, that is that the sup{| f(x)|,x €
X'} is bounded by a constant that does not depend on f. Instead we assume that each function within
the unit ball of the Hilbert space H, is uniformly bounded by a constant multiple of its Hilbert norm. In
fact, the functions f in the space F, written as fo + ), f, satisfy that for each group v, f, is uniformly
bounded. This assumption is easily satisfied as soon as the kernel &, is bounded on the compact set X.
Indeed, || fy]loo < supxex vV Ev(Xo, Xo)|| folln,. We refer to Raskutti et al. [31] for a discussion on that
subject and a comparison with the work of Koltchinskii et Yuan [22].

Assuming that nA2 | > —Cslog A, , allows to control the probability of the union of |P| events. This

n,v =

is a mild condition, satisfied for A, , = n/y/n for K, of the order v/logn.

The following corollary gives an upper bound of the risk with respect to the L?(Px) norm. It is mainly a
consequence of Theorem 4.1 (its proof is given Section 8.2 page 47).
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Corollary 4.1. Under the assumptions of Theorem 4.1, we have that, with probability greater than 1 —n, for
some constant Cly,

Im = fliE2 () < Ci Jnf q llm = FIn A+ m = flEape + 07 D (1 +77)
vESy

From this corollary we can compare the Var (my(xy)) (see Equation (7)) with the variance of m,(x,). Thanks
to the following inequality

1 follL(py) — ”mv”]LQ(Px)‘ < lfo = mullL2p) < I = mllze),
and to Corollary 4.1, we get the following result

if m, =0 then \//a\r(mv(xv)) <|f- m||H%2(Px),

Var (Mo (x0)) _1
Var (m, (xy))

if |mo(2y)llL2(px) = ¢ >0 then <|If - M2 (py /-

4.2. Rate of convergence

Corollary 4.2. Under the same condition as Theorem 4.1, if v, = cAy » and p, = c)\?w for ¢ > C1, then

d‘Sf| o2

Im=FI2 < Gy int § fm—f2+ | 30 w2+

vESy

The result is non asymptotic in the sense that it is shown for any (n,d). Nevertheless, the upper bound is
relevant when the infimum is reached for functions f whose decomposition in H is sparse, and when d is small
face to n. In fact, the coefficient d occuring in the rate d|S¢|/n comes from the logarithm of the cardinality of
P equal to log(2¢ — 1). When d is large, it may be judicious to limit the decomposition of functions in H, to
interactions of limited order, so that the number of terms in the decomposition stays of the order log(d).

Let us discuss the rate of convergence given by »_ S; I/T2m). For the sake of simplicity let us consider the
case where the variables X1, ..., X4 have the same distribution P; on X7 C R, and where the unidimensionnal

kernels ko, are all identical, such that k,(x,,x},) = [[,c, ko(®a, ). The kernel ky admits an eigen expansion
given by
ko(x,2") = Zwo,e@(x)@(l’/),
1
where the eigenvalues wp, are non negative and ranged in the decreasing order, and where the (, are the
associated eigen functions, orthonormal with respect to IL?(Py). Therefore the kernel k, admits the following

expansion
|v]

el vl
ko (X0, X;) = Z H wo, 4, H e (Ta) H Ce, (33:1) .

e:(ll...fm)a:l a=1

Wo,e Cu,e(%v) Coe(x)
Consider now the case where the eigenvalues wg, are decreasing at a rate {~2* for some o > 1/2. It can
be shown, see Section 8.3, that the rate v, , defined at Equation (12) is bounded above by a term of order
n~=/2at1)(logn)Y, where v > (|Jv| — 1)a/(2a — 1). Note that in this particular case, the rate of convergence
depends on |v| through the logarithmic term, and that up to this logarihmic term the rate of convergence has
the same order than the usual nonparametric rate for unidimensionnal functions. It follows that the RKHS
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space H should be chosen such that the unknown function m is well approximated by sparse functions in H
with low order of interactions.

5. CALCULATION OF THE ESTIMATOR

The functional minimization problem described at Equation (6) is equivalent to a parametric minimization
problem. Indeed, we know that if H is a RKHS associated with a kernel k : X x X — R, then for all (x1,...,%,) €
™, and for all (a1, ..., a,) € R™, the function f(-) = Y77 ) cuk(x;,-) is in H and || f[|5, = 227 —y civirk(xi, %], ).
In particular, it can be shown that the solution to our minimization problem is written as f = fo + > cp fo
where, according to the representer Theorem (see Kimeldorf and Whahba [20]), f,(:) = Y1 0yiky (X, ) for
some parameter 8 € R™P! with components Opii=1,....,n,v=1,....|P]).

Let || - || denotes the usual euclidean norm in R™. For each v € P, let K, be the n x n matrix with
components (K,); s = ky(Xyi, Xyir) that satisfies t(K'/?)K'/? = K. Let fy and 6 be the minimizer of the
following penalized least-squares criteria:

1 1
veEP veEP veEP

Then the estimator f defined at Equation (6) satisfies

J?(X) = J?O + Z ﬁ/(x’u) with ﬁ}(xv) = Z é\v,ik;v()(v,iaXv)-
i=1

vEP

Because C/(foy, 0) is a convex and separable criteria, we propose to calculate 0 using a block coordinate descent
algorithm described in the following section.

Note that the estimator f defined at Equation (6) should satisfy ||fo|lx, = ||K5/20v|| < 1, or generally
I foll2, < 7o for some positive r,, see (16). Usually we have no idea of the value of this upper-bound in
practice, and we propose to remove this contraint in the optimization procedure. Nevertheless, if one wants to
consider such an additional constraint, the problem can be solved at the price of some additional complication,
considering a Lagrangian method for example, see Section 8.7 for more details.

5.1. Algorithm

We will assume that for all v € P the matrices K, are strictly definite positive. If it is not the case, one
modifies K, by K, + &I, where £ is a small positive value, in order to ensure positive definiteness.

Using a coordinate descent procedure, we minimize the criteria C(fy,0) along each group v at a time. At
each step of the algorithm, the criteria is minimized as a function of the current block’s parameters, while
the parameters values for the other blocks are fixed to their current values. The procedure is repeated until
convergence, considering for example that the convergence is obtained if the norm of the difference between two
consecutive solutions is small enough. See for exemple Boyd et al. [8] for optimization in such context.

For the sake of simplicity, we consider the minimization of the following criteria:

C'(f0,0) = 1Y = fo = D Kobul® + D 21K + D i, 1K,/26,]. (18)

vEP vEP vEP

Taking v, = v/ny, and u) = nu,, this is exactly the same criteria as the one defined at Equation (17).
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Let us begin with the constant term fy. Because the penalty function does not depend on fj, minimizing
C’'(fo, 0) with respect to fo for fixed values of 0 leads to

fO =Y _ZZ(Kvov)i /n, (19)

v =1

where Y. denotes the mean of Y and (kK,0,), denotes the i-th component of K,8,,. In what follows, we consider
a group v, and fix the values of the parameters for all the other groups. We describe the algorithm and postpone
the proofs in Section 8.7.

Let us first consider the case where both p/ and 7, are non zero. If 9C!, denotes the subdifferential of C’( fo, 6)
with respect to 6,, we need to solve 0 € C!, which is equivalent to

—2K,R, +2K20, + 7.5, + pilt, =0, (20)

where
R, =Y~ fo— Y K0,
wH#v
and where s, and t, satisfy:

if0,=0 |K;'s,| <1, and |K;Y?t,| <1,
K20, K.,

i£60,#£0  s,=-—""_ andt, = —2 " .
15,0, || K226, ||

The first task is to obtain necessary and sufficient conditions for which the solution 8, = 0 is the optimal one.
Let

J(t) =||2R, — p, K ||, and J* = argmin {J(t), for t € R™ such that ||[K;*/2t]| < 1} : (21)

Then the solution to Equation (20) is zero if and only if J* < /2. Calculating J* is a ridge regression problem
that can be easily solved (see Propositions 8.2 and 8.3 in Section 8.7).
If the solution to Equation (20) is not 6, = 0, the problem is to solve the subgradient equation:

-1

il ~!

0= ———-I0+K,+ —>"—K, R,. (22)
<2||Ki/20v” 2|| K0, )

Because 6, appears in both sides of the equation, a numerical procedure is needed (see Proposition 8.4).
Other cases.

o If all the p! are equal to 0, the parameters 6, are not identifiable.
e If all the 7, are equal to 0, then we have to solve a classical group-lasso problem with respect to the
parameters 6/, defined as ! = K+/%0, for all v € P.
e Let v such that u) = 0, 7/ # 0 and assume that at least one of the !, is non zero for w € P, w # v.
Then it is shown in Proposition 8.1 that 8, = 0 if and only if 2||R,|| < ..
e In the same way, if 7/, = 0, and !, # 0, then 6, = 0 if and only if 2||K%/2RUH < .
Finally the algorithm is the following:

(1) Start with an initial value 8 = 8.

(2) Calculate fy using Equation (19). For the group v, calculate R, and determine if the group v should
be excluded or not either by solving the problem defined at Equation (21) if u # 0 and +, # 0, or
directly if one of them equals 0. If it is the case, set 8,, = 0. If not, solve Equation (22) to obtain 6,,.

(3) Iterate step 2. over all the groups v.

(4) Tterate step 2. and 3. until convergence.
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5.2. Choice of the tuning parameters

For each value of the tuning parameters (u,,v,),v € P, the algorithm provides an estimate of m and of the
Sobol indices. The problem for choosing these parameters values is crucial. We propose to restrict this choice
by considering tuning parameters proportionnal to known weights: for all v € P, ! = pw, and ~, = v(,, where
the weights w, and (, are fixed. For example, one can take weights that increase with the cardinal of v in order
to favour effects with small interaction order between variables. Or, according to the theoretical result given at
Theorem 4.1, we can choose w, = ﬁfw and (, = Vp,, Where U, ,, is an estimate of v, ,, based on the eigenvalues
of the matrix K,. Any other choice, depending on the problem of interest, may be relevant.

Once the weights are chosen, we estimate m, on the basis of a learning data set (Y;,X;),i = 1,...n, for a
grid of values of (u,7). We first set v = 0, and calculate pmax the smallest value of p such that the solution to
the minimization of

IY = fo = Y Kubul* + 1) will K20,
veP veEP

is @, = 0 for all v € P. Then we can consider 1y = pmax2~¢ for £ € {1,..., fmax}, as a grid of values for y. The
grid of values for v may be chosen after few attempts.
For choosing the final estimator, say f , we suppose that we have at our disposal a testing data set (Y;1, XT),i =
1,...nT, and we propose two procedures.
Proc. GS: The first one uses the testing data set for estimating the prediction error. Precisely, for each

value of (u,7) in the grid, let J?(u,"/) () be the estimation of m obtained with the learning data set. Then

PE(1,7) = Ei_j( FiumXD))’

estimates the prediction error, and we propose to choose the pair (,7y) that minimizes PE(u,v), say
(11,%). Finally the estimator, denoted fGS is defined as fGS f(;; In the following, we will refer to
this procedure as the Group-Sparse procedure. 7

Proc. rdg: Doing the parallel with the inconsistency of the lasso for estimating the support of the pa-
rameters in the classical regression problem, we propose to choose the tuning parameter that minimizes
the risk of the ridge estimator over the support estimated by the ridge-group-sparse procedure. In-
deed, if the tuning parameter is chosen to minimize the prediction error, the lasso is not consistent for
support estimation (see [24] for example). One idea to overcome this problem, is to choose the tuning
parameter that minimizes the risk of the Gauss-lasso estimator which is calculated in two steps: For a
given value of the tuning parameter, the estimation of the support of the parameter is estimated using
a lasso procedure, then the least square estimator over this support is calculated. When the objective is
support estimation, some numerical simulations [33] and theoretical results [18] suggest that it may be
more advisable not to apply the selection schemes based on prediction risk to the lasso estimators, but
rather to the Gauss-lasso estimators. Our procedure, called the ridge procedure, applies the same idea
in the framework of sparse nonparametric estimation. Precisely it considers the collection of supports
composed of the different S?(M . when (p,~y) belongs to the grid. For each support S in this collection,

we estimate f using a ridge procedure assuming that the support of f is S: for a given A, f;dsg is defined

n

as follows:
1 — ’
10¢ = argmin Z(Y fo=>_ fuX ) AN N follde, £ =fo+ D o fo €My

veS veES veS
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We choose a grid of values for A, and for each S in the collection and A in the grid, we estimate the
prediction error PE(], S) defined as follows:

PE(), S) = iT > (Y;-T ~ i?é(XiT))Z

n- -
i=1

For each S in the collection, let X(S’) be the minimizer of PE(A, S) when A varies in the grid, and let 5

be the minimizer of PE(A(S), S), then the estimator denoted fi8 is defined as fi4& = fg(i%) &

If a testing data set is not available, we can use the classical V-fold cross validation (see [1] for example) either
to estimate PE(u, ) or to estimate PE(A, S).

6. SIMULATION STUDY

In order to evaluate the performances of our method for estimating a meta-model and sensitivity indices of
a function m we carried out a simulation study. We consider the g-function of Sobol defined on [0, 1] as

d
[daq — 2| + ¢q

m(x)—al;[1 T e ,Cq >0,
whose Sobol indices can be expressed analytically (see Saltelli et al. [34]). Following the simulation experiment
proposed by Durrande et al. [12], we take d = 5 and (¢y, co, ¢3,¢4,¢5) = (0.2,0.6,0.8,100, 100). The lower the
value of ¢,, the more significant the variable x,. The variables X,,a =1,...,d are independent and uniformly
distributed on [0,1]. We consider the regression model ¥; = m(X;) + og;, for i = 1,...,n, with A (0,1)
independent error terms ¢;.

Simulation design. We present the results for n € {50,100,200}, o € {0,0.2}. For all @ = 1,...,d, the kernels

k, are the same: we considered the Brownian kernel, k*(z, 2’) = 1+ min {x, '}, the Matérn kernel, k™ (z,2’) =
(1+ 2|z — 2'|) exp(—2|z — 2']), and the Gaussian kernel, k9 (x,z’) = exp(z — z’)?.

For each simulation, we generate three independent data sets as follows : a Latin Hypercube Sample of
the inputs is simulated to give the matrix X with n rows and d = 5 columns, and a n-sample of independent
centered Gaussian variable with variance 1 is simulated. This operation is repeated three times in order to
obtain the learning and testing data sets and a third data set for estimating the estimators performances. As

explained in Section 5.2, we choose optimal values of the tuning parameters, (u,~) by minimizing a prediction

error PE, and get an estimator f of m, as well as estimates of the Sobol indices:

& Var(my(x))

Zwep Var (mw (Xw))

Let ©, be the matrix whose components satisfy

()i = [[Evn~r, (koa(U, Xai)koa(U, Xair)) for i, i =1,...,n.

acv
The estimator Var (my(xy)) is calculated as follows:
Var (mo (%)) = & Q.

We also propose to estimate these quantities by their empirical variances as in Equation (8).
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c=0 o=0.2
n=50 n=100 n=200|n=50 n=100 n =200
Proc. GS | 0.814 0.920 0.959 0.737 0.835 0.889
Proc. rdg | 0.874 0.976 0.989 0.763 0.854 0.892

TABLE 1. Estimated coefficient of determination R2 for different values of n and o, with the
Matérn kernel.

c=0 oc=0.2
n=50 n=100 n=200|n=50 n=100 n =200
Proc. GS | 0.033  0.0137  0.0139 | 0.051 0.028 0.020
Proc. rdg | 0.011  0.0009  0.0007 | 0.042 0.022 0.013

TABLE 2. Estimated empirical risk ER for different values of n and o with the Matérn kernel.

Performance indicators. To evaluate the performances of our method for estimating a meta-model, we use the
classical coefficient of determination R? estimated using the third data set (Y,F', XF),i=1,... n:

s (- Fexn)

R2
SrL (VP - yr)?

Moreover we calculate the empirical risk ER = ||m — fAHfL For each simulation s, we get RZ and ER and we
report the means of these quantities over all simulations.

Similarly, for each v, and each simulation s, we get ,’S'\U,S and we report its mean, §v,., its estimated standard-
error, and to sum up the behaviour of our procedure for estimating the sensitivity indices, we estimate the
global error, denoted GE, defined as follows

GE = > (Su.—Su)%

v

In order to assess the performances of our procedure for selecting the greatest Sobol Indices, precisely those
that are greater than some small quantity as p = 1074, we calculate for each group v € P, the percentage of
simulations for which v is in the support of the estimator f Then we average these quantities, on one hand
over groups v such that S, > p, and on the other hand, over groups v such that S, < p. Let us denote these
quantities pSelg - , and pSelg <, respectively.

For each (u,v) in a grid of values, the estimator J/C;w is defined as the minimizer of the criteria given at
Equation (18) taking w, = {, = 1 for all v € P. In order to save computation time, we restrict the optimisation
to sets v such that |v| < 3. Some preliminary simulations showed that the terms coresponding to |v| > 4 are
nearly always equal to 0.

Choosing the tuning parameters. Let us begin with the comparison of the two methods proposed for choosing
the final estimator, see Section 5.2. The results are given in Tables 1 and 2. It appears that the procedure
based on the ridge estimator after selection of the groups outperforms the method based on the group-sparse
estimator. As expected both methods perform better when n increases, and when o = 0.

Similarly, the Sobol indices are better estimated, in the sense of the global error, with the procedure based
on the ridge estimate of the metamodel, see Table 3. The means of the estimators for the Sobol indices greater
than p = 10~* are given in Tables 4 and 5. It appears than Sf1y is over-estimated using the procedure based
on the group-sparse estimator, leading to under-estimate the Sobol indices associated with interactions of order
2. This tendancy is much less pronounced with the procedure based on the ridge estimator.
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c=0 =02
n=50 n=100 n=200|n=50 n=100 n =200
Proc. GS 1.91 0.79 0.45 2.41 1.16 0.54

Proc. rdg | 0.80 0.10 0.03 1.50 0.47 0.15
TABLE 3. Estimated global error GE x 100 for different values of n and o with the Matérn kernel.

| v={1} wv={2} v={3} wv={12} v={1,3} v={2,3} v={1,23}] sum
S.I. 43.3 24.3 19.2 5.63 4.45 2.50 0.579 99.98
Proc. GS | 50.1 (6.2) 26.5 (5.4) 20.9 (4.9) 0.69 (0.8) 0.63 (1.1) 0.51 (0.9) 0.02 (0.07) | 99.29
Proc. rdg | 454 (4.3) 25.3 (3.4) 20.3 (3.5) 3.08 (2.5) 2.18 (2.1) 1.44 (1.8) 0.09 (0.5) | 98.66
TABLE 4. The first line of the table gives the true values of the Sobol indices x100 greater
than 1072, as well as their sum in the last columns. The following lines give the mean of the
estimators as well as their standard-error (in parenthesis), calculated over 100 simulations, for
n = 50, and o = 0 with the Matérn kernel.

| v={1} wv={2} v={3} v={1,2} v={1,3} v={2,3} v={1,2,3}| sum
S.I. 43.3 24.3 19.2 5.63 4.45 2.50 0.579 99.98
Proc. GS | 47.5 (5.4) 26.2 (4.9) 19.8 (3.7) 2.35(1.5) 1.45(1.2) 0.84 (0.8) 0.03 (0.1) |98.95
Proc. rdg | 43.5 (3.9) 25.0 (3.6) 19.7 (2.8) 4.85 (1.7) 3.39 (1.5) 2.02 (1.3) 0.05 (0.3) | 99.02
TABLE 5. The first line of the table gives the true values of the Sobol indices x100 greater
than 1072, as well as their sum in the last columns. The following lines give the mean of the
estimators as well as their standard-error (in parenthesis), calculated over 100 simulations, for
n = 100, and o = 0.2 with the Matérn kernel.

|SI<p SIZp v={1} v={2} v={3} v={1,2} v={1,3} v={2,3} v={1,23}
Proc. GS | 17.9 68 100 100 100 72 66 67 9
Proc. rdg | 6.3 51 100 100 100 72 62 47 4
TABLE 6. The first two columns give respectively pSelg -, and pSelg - ,. The last columns
give the values of pSel, for each group v such that S, > p. Results for n = 50 and o = 0 with
the Matérn kernel.

Let us now consider the performances of the procedure for selecting the non zero Sobol indices. In Tables 6
and 7 we report the percentages of simulations for which the Sobol indices smaller (respectively greater) than p
are selected, and for which each of Sobol index greater than p is selected. From these results, we conclude that
the procedure based on the ridge estimator is more strict for selecting non-zero Sobol indices.

Comparing different kernels. Finally we compare the performances of the procedures for different kernels, see
Tables 8 and 9. The means of the estimated empirical risk, ER, and of the global error for estimating the
sensitivity indices, GE, are calculated for each kernel. It appears that the Matérn kernel gives the best results,
except for the case n = 50 and ¢ = 0 where the empirical risk of ]?GS is smaller for the Brownian kernel.

In practice, one may want to choose the kernel according to the smallest prediction error. For that purpose,
we propose to calculate the estimators fGS and/or frdg for each kernel, as described in Section 5.2, as well as
their associated prediction errors. Then we choose the kernel for which the prediction error is minimized. The
results are reported under the column “mixed” in Tables 8 and 9. It appears that the estimated empirical risks
for this “mixed” procedure are nearly equal to the minimum estimated empirical risks over the different kernels.
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[SI<p SI>p v={1} v={2} v={3} v={1,2} v={1,3} v={2,3} v={1,23}
Proc. GS 38 85 100 100 100 100 99 98 18
Proc. rdg 6 58 100 100 100 98 92 7 3
TABLE 7. The first two columns give respectively pSelg ~, and pSelg - ,. The last columns
give the values of pSel, for each group v such that S, > p. Results for n = 100 and ¢ = 0.2
with the Matérn kernel.

n=250,0=0 n =100, c = 0.2
Matérn Gaussian Brownian mixed | Matérn Gaussian Brownian mixed
Proc. GS | 0.033 0.054 0.027 0.028 | 0.033 0.054 0.027 0.028
Proc. rdg | 0.011 0.024 0.025 0.011 | 0.011 0.024 0.025 0.023

TABLE 8. Estimated empirical risk ER: Performances of the procedures according to the
kernel choice.

n=>500=0 n =100, 0 = 0.2 \
Matérn Gaussian Brownian mixed | Matérn Gaussian Brownian mixed
Proc. GS 1.91 2.49 2.19 1.88 1.16 1.90 1.69 1.16
Proc. rdg | 0.80 1.39 1.40 0.85 0.48 0.83 0.73 0.51

TABLE 9. Estimated global error GE x 100: Performances of the procedures according to the
kernel choice.

7. SKETCH OF PROOF OF THEOREM 4.1

We give here a sketch of the proof and we postpone to Section 8 for complete statements. In particular, we
denote by C' constants that vary from an equation to the other, and we assume that o = 1.

The proof of Theorem 4.1 starts in the same way as the proof of Theorem 1 in Raskutti et al. [31]. Nevertheless
it differs in several points, in particular because the terms occuring in the decomposition of functions in ‘H depend
on several variables and thus are not independent. Indeed, f,(X,) and f/(X,/) are not independent as soon as
the groups v and v’ share some of the variables X,,a = 1,...,d. Moreover, we do not assume that the function
m is in F. R

Starting from the definition of f, some simple calculation (see Equation (28)) give that for all f € F

S3ef%) - £(X0)

i=1

Clim = fl% < llm = f1I7 +

22 (el = folla+ ol o = folle,) -

veSy

If we set g = f— f,thengeH, g=go+ >, v, with g, = fv — fu, and for each v, ||gy|lx, < 2.
The main problem is now to control the empirical process. For each v, letting A, , as in (13), we state (see
Lemma 8.1, page 44) that, with high probability,

if [|golln < )‘n,ngvH’Hv then

Z €iGv (Xv,i)

i=1

Z €iGv (Xv,i)

i=1

< CnALllgollne,

if lgolln > Anwllgollze,  then < COndnwllgolln-




METAMODEL CONSTRUCTION FOR SENSITIVITY ANALYSIS 43

o~

Therefore, if for all v, u, and -, satisfy Equation (14), we deduce that with high probability (setting g = f—f)

Clim = FI2 < lm = 712> Gullgolln + wollgolse) + D2 (3ol folln + ol Folle, ) -

veSy véSy

Besides we can express the decomposability property of the penalty as follows (see lemma 8.2, page 45): with
high probability (in the set where the empirical process is controled as stated above),

> (el folla+ ol follae,) <€D Gullgulla + mollgule,) -

v¢Sy vESy

Putting the things together, and noting again that ||g,|%, < 2, we obtain the following upper bound

Cllm = flIn < llm = f17 + Y Cro +0llgolln) -
vESy

The last important step consists in comparing Evesf llgulln to || Zvesf 9vlln. More precisely, it can be shown
(see lemma 8.3, page 45) that for all v € P, with high probability, we have

||gv||n < 2HgvHJLQ(Px) + Y-

Using the orthogonality assumption between the spaces H,, we have ) s, I gv||£2( Py = 11220 9vl|2. (Px): and
thus we get
Cllm =2 < lIm=F172+ D m+ D v+ 1D (o= o) Ra(pye)-
vESy vESy veSy
Finally it remains to consider different cases according to the rankings of || f — f ||Ii2( Px)’ | f—f|12 and > ves, Mot
72 to get the result of Theorem 4.1.

8. PROOFS

Recall that we cconsider the regression model defined at Equation (1), where X has distribution Px =
P, x ... x Py defined on X a compact subset of RY and ¢ is distributed as N(0, 02). We denote by Px . the
distribution of (X, e). We observe a n sample (Y;,X;),i=1,...,n with law Px .

The notation and the procedure are given in Sections 2 and 4.

Let us add on few notations that will be used along the proofs.

For v € P we denote |v| the cardinal of v. For a function ¢ : RI*l — R, we denote Vi,e the empirical process
defined by

Vi) = % 306X, (23)

For the sake of simplicity we assume o = 1. Moreover, we set R’ = 1, see (10). Consequently, for any function
feH, Ifolln, <1, and || follco < || fll7,- The proofs can be done exactly in the same way by considering the
general case. In the proofs, the || - [[L2(py) norm will be denoted by || - [|2.

8.1. Proof of Theorem 4.1

The proof is based on four main lemmas proved in Section 8.5. In Section 8.4 other lemmas used all along
the proof are stated. Their proof are postponed to Section 8.6.
Let us first establish inequalities that will be used in the following. Let f € H and v € Sf (see (9)).
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Using that for any v € Sf, and any norm || - || in H,, || foll — ol < [Ifo — Foll and that for any v ¢ Sy,

I /o] = 0, we get that

Z:LL'U”-]CUHH'U - Zﬂv”fv”?-tv < Z ol fo = follm, — Z ol foll#, »

veEP veEP vESy veSs

Z'Yv“fv”n - Z'Yv”fv”n S Z ’Yv”fv - van - Z ’Yv”van

vEP vEP vESy veSs

~

Combining (24), and (25), to the fact that for any function f € H, L(f) < L(f), we obtain that

lm = fII5 < llm = I + B,

with

B= 2Vn7€(f_ f) + Z [MvHﬁ! - va'Hu +’Yv||ﬁ1 - van:| - Z [Nv“ﬁ)H’Hv +'7v“ﬁ1||n .

vESy ’UGS;

If |m — f||2 > B, we immediately get the result since in that case

lm — FI < 2llm — fI < 2llm — fIR+ Y w7

UESf ’UESf
If ||m — f||2 < B, we get that

1F = mll?, 2B

IN

IN

vESy

Woe(F=1)1+2 3 [l o = folloes + 3l Fo = folln]

(24)

(25)

(26)

The control of the empirical process |V, (f— f)| is given by the following lemma (proved in Section 8.5.1,

page 52).

Lemma 8.1. Let V,, . be defined in (23). For any f in F, we consider the event T defined as

T ={¥f € Fvo € P Vo (fu = )l S X2 IF0 = Follae, + ®Xnall fo = Fulla }

(29)

where the quantities Ay, ., are defined by Equation (13) and where k = 10+4A. Then, for some positive constants

C1,C2,

Pxe(T)>1—c1 ) exp(—nca)y ).
veEP

Conditionning on 7T, Inequality (28) becomes

IF=ml2 < 4n > 215 = Folle, + Anall Fo = folla] +2 D7 [mllfo = folloe, + 3l Fo = Folla]

veP vESy

which may be decomposed as follows

IF=ml < > [4eA, + 2] 1o = folla, + D [A6dnw +2%] 1 fo = folln +

vESy vESy

4 Z K’A’?L,UHJ/(‘; - f'U”H'u +4 Z "f)\n,vnﬁf - qun

c c
UESf vES’f
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If we choose C7; > k in Theorem 4.1, then /ﬁ)\?w < pw/2 and KAp, < 7,/2 and the previous inequality
becomes

1F=mli2 <6 [mllfo = fulloe, + 7l fo = folla] +4 D2 [l fulloe, +70ll Folln] - (30)

veSy VeSS

Next we use the decomposability property of the penalty expressed in the following lemma (proved in Sec-
tion 8.5.2 page 54).

Lemma 8.2. For any f € F, under the assumptions of Theorem 4.1 with Cy > k, conditionnally on T,
see (29), we have

ST pll Follae, + D Wl folla <33 wollfo = follse, +3 > vollfo = folln-

VeSS veSH vESy vESy

Hence, by combining (30) and Lemma (8.2) we obtain

HJ/C\_ mHi < 18 Z [,UUH.]/C; _vaHv +'7v||]/[; - fv”n]

vESy

For each v, || fs — full, < 2 (because the functions f, et f, belong to the class F, see (5)), and consequently,
for some constant C',

||J?_ mIIiSC Z Mv"’ Z 7v||ﬁ1_fvun . (31)

vESy vESy

To finish the proof it remains to compare the two quantities Zvesf Hﬁ, — foll? and || Zvesf fo— foll?. For

that purpose we show that || Zuesf fo — folln is less than | Zvesf fo — foll3 plus an additive term coming
from concentration results (see the Lemma given below). Next, thanks to the orthogonality of the spaces H,
with respect to L2(Px), || Zvesf fo— fol3 = Zvesf || fo — fol3. To conclude, it remains to consider several

cases, according to the rankings of || 3, g, Fo—Foll2, |l > oves; fo = foll2, and d2(f). This is the subject of the
following lemma whose proof is given in Section 8.5.3, page 55.

Lemma 8.3. For f € H, let A be the event
A={vfe F e, Ifu—fulln <20 = foll+} - (32)
Then, for some positive constant ca,

Pxc(A)>1-— Z exp(—ncgy?).

v
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On the set A, Inequality (31) provides that, for all K > 0

SIF=ml < 3 (ot 20l Fe — fol+92)

’UGSf
1 ~
< 3 (w+ 0 K02+ IR - 4IE).
’UGSf
1 —~
< D (et U+ ERD) + 22 Y NFo = £ull3
vESy veEP
1 —~
< D (KR + 21D o= Boll3
’UGSf veP

(35)

Inequality (34) uses the inequality 2ab < %a2+K b? for all positive K, and Inequality (35) uses the orthogonality

with respect to L2(Px).

In the following we have to consider several cases, according to the rankings of | > .» Fo=Foll2s | Y vep fo—

fulln and d(f) defined as follows

P(f) =max | D92, >

vESy vESy

More precisely, we consider three cases

Case L1: | Yyep fo = folla < I 0ep fo = fulln-
Case 2: ||Zv€77-fz}7fv“n§||Zv€77-&17f11”2§d(f) R
M || Zvep fv - van < || Zvep fv - va2 and d(f) < H Z’UGP fv - fv||2‘

Case 1: From (35), for any f € H, we get

L2 2 2 L2 2
gl =mll < 3 (n 0+ Ki) + 27 = 11
veof

Hence, using that for all K/ > 0,
If=fln < (U K =mlp + (1 +1/K)(f —m]z,
we obtain for a suitable choice of K', say 1+ K’ < K/C, that, for some positive constant C”,
IF=ml2 < C{If=mlZ+ > mt+ Y %
’UESf UGSf

This shows the result in Case 1.

Case 2: Inequality (35) becomes

SIF—ml < X e 1K)+ (7).

which gives the expected result since d?(f) = max {Zvesf Loy D pes, ’yg}

(36)

(37)
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Case 3: Recall that in this case, || Zvepfv — folln <l Zvepﬁ, — foll2 and d(f) < || Zuepfv — full2. This
case is solved by applying the following Lemma (proved in Section 8.5.4, page 55), which states that with high

probability, [|f — fll2 < V2| f = flx-

Lemma 8.4. Let f = Y f, € F with support S¢, d(f) be defined by (36), and let G(f) be the class of
functions written as g =Y, p Gu, such that ||gy|lu, < 2 satisfying for oll f € F

veEP

C1 Z tollgoll#, + Z Yollgolln < Z Aol gollae, + Z 47| golln
veP veP vESy vESy

C2 Y gl 2> wlgolla+ D A2
vESy vESy vESy

C3  glln < llgll2-
Then the event

2
has probability greater than 1 — exp(—ncs Zvesf A2 .,) for some constant cs.

2
{gm > ol o, > d(f)}

Note that Assumption n/\?m, > —Cylog(\y,») implies that X, , = K, ,/v/n with K,, , — co. Then, if f is
such that |Sf| > 1, exp(—ncs Zvesf A2 ) < exp(—c3mingep Ko o). If f is such that |Sy| = 0, then Condition
C1 is not satisfied except if g, = 0 for all v € P. Because we will apply Lemma 8.4 to g, = ﬁ} — fv, this event
has probability 0. Therefore the event

c= {Vf € F, such that g = 3" (7o — fu) € G(f), and gl > L2 g3 > d(f)} (38)

2 )
vEP

has probability greater than 1 — /3 for some 0 < n < 1.

Conditionning on the events 7 and A (defined by (29) and (32)), and according to Lemma 8.2, Zve’P(ﬁ) —fv)
belongs to the set G(f). According to (35), we conclude in the same way as in Case 1.

Finally, it remains to quantify Px (7 N.ANC). Following Lemma 8.1, and Lemma 8.3, T, respectively A, has
probability greater than 1—e¢; Y, p exp(—ncaAZ ), respectively 1 -3 exp(—ny7). Each of these probabilities
is greater 1 — /3 thanks to the assumption nA; , > —Cylog Ay, ..

8.2. Proof of Corrolary 4.1
We start from Theorem 4.1 which states that with high probability,

If =mll} < CqUf =mls+ > ot D7 ¢

vESy vESy

and use that for all § > 0,
~ ~ 1
If =ml3 < @+0)If = Fl5+ A+ 5)lm -~ fI5. (39)

For d defined by (36), we consider once again the three cases defined page 46.
Case 1: According to (37) and (39), we get the result since

IF—ml3 < (4 0) | F= 7 I +0+ Dllm— fI3
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Case 2: We directly obtain that

IF = mll3 < (1+6)d2(F) + (1 + 5)m — fI3

Case 3: Recall that in this case, || >, .p fo— folln 1D vep fo— foll2 and d(f) < || > ,cs fo— full2. Apply
Lemma 8.4 (page 47) and conclude that conditionning on the events 7 and A, defined by (29) and (32), then

> wep fo— fu belongs to G(f) defined in Lemma 8.4. Now, conditionning on the event C we get the result since

IS Fo— £l <20 Fo = £l12

veEP veEP

8.3. Rate of convergence

Recall that we consider the case where the variables X1, ..., X; have the same distribution P; on X; C R,
and where the unidimensionnal kernels ko, are all identical.

In this context, our goal is to show that the rate v, , defined at Equation (12) is bounded above by a term
of order n=®/22+1)(logn)7, where v > (\v\ —Da/(2a —1).

We start from the fact that, k,(x,,x)) = [[,c, ko(Za,2;,), with a kernel ko admitting an eigen expansion

given by
) = ZWO,éCé(x)Cf(x/)7

>1

where the eigenvalues wy ¢ are non negative and ranged in the decreasing order at the rate £=2% for some o > 1/2,
and where the (; are the associated eigen functions, orthonormal with respect to L?(P;).
Therefore the kernel k, admits the following expansion

vl |v]

Ro(xeX,) = Y Hwoe HCZ Ta HC@

L=(¢1.. €| ‘)a 1

Wo,e Cu,e(xv) Cu,l(xi})

According to this expansion the w, ¢ are of order (]_[‘aﬂzl1 ly) 72,

In order to control the rate v, , defined as
Upp = inf {t such that Q. (t) < At2} ,

we have to calculate an upper bound for iw(t). We start with the following inequalities that hold up to some
constant, for t=1/* > 1,

20 = 23 min(we)
£
o
1 2 —2a —2« 2 1 —2a
< oI X = ) 4 > 1l
£=(l1...L}4)) £=(b1...0),) a=1
o
< 2 -1/ 1 1
< =Y Ix xS | (40)

e=(lr A1) =17
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Now let us mention that a > 1/2, 2]21 ]2% is a constant that depends on a. We thus focus on the first term
in the right hand side of Equation (40).
Let u=t"Y*>1 and let By be defined as follows:

B\U| = Z 16, < u, ’K\U| < u)
l_(£1~ e\v\)
Let us prove that
By <u (1 + log(u))|”|_1) (41)

£>1
In the same way,
BQZ Z I(Klﬁggu) = I(fl Su)[(fggu/ﬁl)z Zl(flgu)ZI(Zggu/él)
£6>1,05>1 £6>1,05>1 £6>1 £5>1
< 10 < u)%[(% >1)=u %I(fl < )
(=1 roA 61!

< u(1+log(w))

More generally,
B\U| = Z I(fl...f‘w < u)

0>1,60,>1

— > I(y o Ay <) Y () S wflyelpy) 1)

121, 8121 £y 21

1
u Y Il < ).

ly...0
PSRN e

IN

Let A}, be defined as follows:

1
A‘U| = Z WI(&...EM < u),
Gl >1 Lt
121,42
then we get B, < uA|,—;. If we show that
Ay < (1 +log(u))*!, (42)

then Inequality (41) is proved.
Proof of Equation (42) :

1 1 “1
A1:ZZI(égu)zl-i-Zzl(ﬁgu)gl—i—/l ;dvzl—&—log(u).
>1 £>2
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Moreover,

Ap= ) ﬁ[((l& <u) = Y, i](el <u) %1(52 <wu/ly)

021621 2 61t 6>1 2
1
= > It <) (1+log(u/tr))
fi>1 !
log (¢
= (1 log(u)?— 3 B 1 <
%
£6>1
< (1 +log(w)?
In the same way we have
A‘| = Z #I(€16‘1|<u)
v €1€|u\ U=
121,821
= L (¢ 14 < 1 I(4, <u/ty..l
= Z m (r... \v|—1_u) Z m (lv\_u/ 1 \v|—1)
021,y 121 £,>1
1
< > Ity .. =1 < u) (14 log(u/ly ... 4y-1))

l1...¢
031, > =T

< (1+logw).

And Bound (42) is proved.
Rate of convergence. Let us come back to the control of the rate v, , = inf {t such that @, ,(t) < AtQ}.
Thanks to (41) we obtain that, up to some constant that depends on |v| and a,

v

1 1 1
2 2 —1/a
n,v(t) S ﬁt ZI(le...XQU‘St /)+E 2]27
£ 7j>1
1 1 =t
< e (1 - — log(t)) +—.
n @ n
It remains now to find ¢ such that, up to constant
1 1-1/2 1 (lv]-1)/2 9
—t T 1 — —log(t <t
Vi ( o 8! )> -
If t = n=?(log(n))” with 3 = a/(1+2a), v > 0, a > 1/2, then
1 1 —a/(14+20a)
1——log(t) = 1——log (n (log(n))'y)
a a
1
= 1- - (— 1 f2a log(n) + 7 log log(n))
= 1+ 720 log(n) — %log log(n)

1

< log(n) as soon as log(n) > 1+ 5
a
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Therefore v, ,, will be smaller than the infimum of ¢ such that

1 _
ﬁtl—l/%x (log(n))(‘vl 1)/2 <2,

which is satisfied if v > (Jv| — Da/(2ac — 1).

8.4. Intermediate Lemmas

For v € P, let H, be the RKHS associated to the self reproducing kernel k,. Let @, ., and v, , and be
defined by Equations (11) and (12). For any function g, € H,, let V;, . be defined at Equation (23) and consider
the following processes

Wiowo(t) = sup{|Va:(90)l, lgolla, <2 g0ll2 <t} (43)
Wn,n,v(t) = SUP{|Vn,E(gv)‘ ) ||9v||’HU <2, llgulln <t} (44)

Lemma 8.5. If Ex ¢ denotes the expectation with respect to the distribution of (X, ¢), we have for allt > 0,
EX,eWn,2,v(t> S Qn,v (t)

Its proof is given in Section 8.6.1 page 59.

Lemma 8.6. Let b > 0 and let G(t) be the following class of functions:

G(t) = {90 € Ho, llgolle, <2, llgulla <t [Igvlloc < b} (45)

Let Q2+ be the event defined as

bt
i = {sup (lulla = laullol. v € G0} < 5 | (46)

Then for any t > vy, ., the event 0, + has probability greater than 1 — exp(—cant?), for some positive constant
Co.

Its proof is given in Section 8.6.2, page 60.

Lemma 8.7. For any function g, € H, satisfying ||gvll1, < 2, [|gvlloc < b and ||gyll2 > ¢, for allt > v, , and
b>1, the event

b b
1—2 < <(1+=
( 2) ||gv||2 = ”gan = ( + 2) ||gvH2

has probabilty greater than 1 — exp(—cant?) for some positive constant cy.
Its proof is given in Section 8.6.3, page 61.

Lemma 8.8. If E. denotes the expectation with respect to the distribution of €, we have

Px.e {|Wanw(t) = Be(Wnno(t))| > 6t} <4exp (—”;52> . (47)

Its proof is given in Section 8.6.4, page 62.
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Lemma 8.9. Conditionnaly on the space S, ¢ defined by (46), we have the two following inequalities:

oo (1) @

n:v2
Px {EsWn’z’y(t) — EX,s (Wnygﬁv(t)) Z :L‘} S exp <_anv(t)> . (49)

IN

PX,(-: {‘Wn,&v(t) - Ee (Wn,2,v(t))| 2 5t}

A

Its proof is given in Section 8.6.5, page 62.

Lemma 8.10. Let A\, , be defined at Equation (13), A at Equation (12) and x = 10 + 4A. Conditionnaly
on the space §y, x, , defined at Equation (46), for some positive constants cy,ca, with probability greater than

1 —crexp(—conA? ), we have

Winw(Anw) < EAS, and EcWy g o(Anw) < KL . (50)
Its proof is given in Section 8.6.6, page 63.

8.5. Proofs of Lemma 8.1 to 8.4:
8.5.1. Proof of Lemma 8.1 (page 44)
For f € Fandv € P, let g, = ﬁ) — fv. Note that ||gy|/7, < 2. Let us show that

|Vn,€(9v)‘ <K |:>\72’L,’UHg'U||HU + )‘n,ngv”n] . (51)

We start by writing that

Ve (90)| = llgo 124,

g'U g’U n
Vn,s( )‘sllgvnmwn,m( by, (52)

1goll2, 1goll2.,

Consider the two following cases:
Case A: |[gy]ln < Anw

Case B: ||gvlln > Anw

‘gv ||Hv7
|Goll2e, -

Case A: Since ||gv|ln < Anwllgoll,, we have

Wn,n,v( ||gUHn ) < Wn,nm()\n,v)~
||gUHHv l

We then apply Lemma 8.10, page 52, and conclude that (51) holds in Case A for each v € P since, with high
probability

Vaelgo)| < ”AZ,UHQUHHU < "5)‘721,1;”91)”?-[1; + "5>‘n7v”gan~ (53)

Case B: Consider now the case ||gy|[n > Anvllgoll#, and let us show that for any v € P,

W( 90 1 ) < Aol gyl

1go 2.,

Let 7, be a deterministic number such that r, > A, ,. Our first step relies on the study of the process Wy, ., (70),
for r, > X\, . In that case we state two results:



METAMODEL CONSTRUCTION FOR SENSITIVITY ANALYSIS 53
R1 For any deterministic 7, > A, ,, with probability greater than 1 — ¢; exp(—czn)\%,v)7
Wimw(rs) < KrpAno. (54)
R2 Inequality (54) continues to hold for random r, of the form

_ lgolln
oo,

v

Combining these two points implies that, with probability greater than 1 — ¢; exp(—CQn)\fw),

gl
llgolla,

Hgv”HuWn,n,v( ) < kllgollnAno-

Consequently, in Case B, according to (52), for each v, Inequality (51) holds because

‘Vn,E(gv” < "‘ngv”n)‘n,v < ’f/\i,q;”gvH?-lv + ”Q)‘n,ngva

This ends up the proof of Lemma 8.1.
Proof of R1. Taking t = 7, and 6 = A, ,, in (47), with probability greater than 1 —4exp(—n\2 ), we have

Wn,n,v(rv) < Ee [Wn,n,v(rv)] + Tv>\n,v-

Next we prove that for some positive r,, with probability Montura - Kairos Jacket - Softshell jacket than
1 —exp(—ncA ), we have

EWyno(ry) < Erpdnp. (55)

Let 7y, defined as the smallest solution of E¢[W,, ,, ,(t)] < kt?. For W, ,, ,,, defined by (43), we write

T1)

EsWn,n,v(Tv) = > E. Sup{‘vn,e(gv”a ”gvHHv < /V\n,v/rvv ”gv”n < ﬁn,v}
n,v
Ty ~ Ty o ~
S = EsWn,n,v(Vn,v) S = HVn,ﬂ; = RTyVUnv-
Vnw Vnw

Besides, Lemma 8.10 stated that on the event €, x, ,, EeWhp n.0(Anw) < m\fb,v. It follows from the definition
of Uy, 4, and Lemma 8.6, that v, , < A, for all v € P with probability greater than 1 —exp(—nc2 ), cp /\fw).
Consequently, for any deterministic r, such that r, > X, ,, (54) is satisfied with high probability.

Proof of R2. Let us prove R2 by using a peeling-type argument. Our aim is to prove that (54) holds for any
r, of the form
_ llgolln

ol
Since ||gulloo/llgvllz, < 1, we have ||gulln/llgvll2, < 1. We thus restrict ourselves to r, satisfying r, =
golln/llgollze, with llgolln/llgoll#, € (Anw,1].

We start by splitting the interval (A, ., 1] into M disjoint intervals such that (A ,, 1] = UM (2871N,, . 28N, o],
for some M that will be chosen later. Consider the event D¢ defined as follows:

v

G, |ln, with 1Gulln (Anw, 1]}

D¢ = {3v € P and Jg,,, such that |V, (7,)] > kAn» Gl
(e
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We prove that, for some positive constants ¢y, co,
. 2
P[D] < ¢y exp(—canl;, ,)-

For g, € D¢, let k be the integer in {1,---, M}, such that

PN, < Wl o ofy
190 ll7c

This k satisfies

_ " _ g — _
18l W ()= 80l W (12505 ) 2 V@) >
v v

Therefore, we get
— = — )\ —
Wi (2 An0) = KXo 9]l KAZ 2P > Tk,
1,112, 2

By taking r, = QEAH,U in (54), we have
% Anyo o 2
P 1 Wahno(2"An0) > 1172 Anw| < crexp(—canly, )

Now let us write D¢ as follows:

D¢ = U { Jv,3 G, such that|V,, .(7,)| > KAnv ”;‘7“”" with Hﬁ“”” € (2’“%,1,,2’2\””,)}.
k=1, M ||gv||'Hv Hgv”?{

The set D¢ has probability smaller than ¢ M exp(—conAy; ). If we choose M such that log M < (c2/2)nA2 ,,,
then the probability of the set 7 is greater than

1— Z c1 exp —C—;n)\fw.
veP
It follows that R2 is proved which ends up the proof of Lemma 8.1. O

8.5.2. Proof of Lemma 8.2 (page 45).
Starting from (27) with B defined by Equation (26), we write

1 ~ ~
§||f—m||i < 2V (f = fo)l +

S ollfo = Follaw, + 70l Fo = Folla] = 3 (oll Follze, + voll Folla).

vESy vES*®

On the event T defined in (29) we have

1, ~ ~ ~
§||f_m||$z < 2“2/\721,v|‘f’u_fv”ﬂu+2“Z/\n,v||f'u_fv”n+

veP jeEP

S ol fo = Follre, +70llFo = Folla] = > luoll Follae, + Yol Follal-

veSy vese
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Rearranging the terms we obtain that

7||f mHn < Z 2/‘6)\2 v T Mo ||fv vaHU + Z Z’f)\nv"")/v)llfv van

’L)GSf ’UGSf

Yo @R = o)l follae, + D 28Anw = ) 1folln-

vES; UES;

Now, thanks to Assumption (14) with C; > k we have /i)\fw < py and 26X, , <, and Lemma 8.2 is shown
since

1, ~ ~
0< §||f_mH12z < 3 Z lelfv _vaHv +3 Z ”fv _van -

vESy veESy

Z Nv”fv Hy — Z 'Yv”fv”n

vESC vESC

8.5.3. Proof of Lemma 8.3 (page 45):
Let us consider the following two cases:

. ||fAv — foll2 < 4. We apply Lemma 8.6 (page 51) to the function g, = fo — fo. It satisfies g, € G(vw)
with b =2 (recall that || - || < | - |22, ). Moreover, v, > Ci A, > C1Vpy > Uy, as soon as C1 > 1.
It follows that, for some positive co, with probability greater than 1 — exp(—ncay?2),

fo = folln < [[fo = follz + Yo

. ||fv — full2 = v». We apply Lemma 8.7 (page 51) to the function g, = fo — f, with b = 2. Tt follows
that, for some positive cp, with probability greater than 1 — exp(—ncav?2),

”ﬁ) - fUHn S 2||J/c; - fUH2~

8.5.4. Proof of Lemma 8.4 (page 47):
Let d(f) be defined by (36), and let G(f) and G'(f) be the following sets

Q
>
[

{g = Z Jv, satisfying ||g,||%, <2, and Conditions C1, C2, C3 },
veEP

g'(f) = {g€g(f), such that [gll2 =d(f)}.

Let us consider the two events B and B’ defined as follows:
B'={Vvhed, ||hl}>d(f)?/2} and B={Vh € G, ||h]} > [|n]5/2, and [|hll2 > d(f)}.

Let us first remark that B’ is included into B: if h € B’ , then h € G, ||h||2 = d(f) and ||h|? > d(f)2/2. Tt
follows that ||h||2 > ||k||3/2 and |||z > d(f). Therefore Lemma 8.4 is proved if B’ holds with high probability.
Consider

Zn(G) = sgg{d(f)Q — llgllZ}-
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We show that the event Z,(G’) < d(f)?/2 has probability greater than 1 — ¢; exp(—ncad(f)?).

Let us briefly recall the notion of covering numbers for a totally bounded metric space (G, p), consisting of a
set G and a metric p defined from G x G into Ry. A §-covering set of G is a collection of functions f1,---, fV
such that for all f € G there exists k € {1,2,---, N} such that p(f, f¥) <.

The §-covering number N (6, G, p) is the cardinality of the smallest J-covering set. A propercovering restricts
the covering to use only elements in the set G. The proper covering number denoted Ny, (d, G, p) satisfies

N(0,G,p) < Npr((s, G,p) < N(0/2,G, p). (56)

Let us now consider a d(f)/8-covering of (G',]| - ||»), so that, for all g in G’ there exists g* such that
llg — g*|ln < d(f)/8. The associated proper covering number is

Npr = Npr(d<f)/87g/a || ’ ||n) (57>
Now, for all g € G', T1 = ||g*||2 — |lgl|2, and Ty = d?(f) — ||g"||2, we write
d(f)* = llgll;, = Ty + Ta.

The proof is splitted into four steps:
Step 1 The first step consists in showing that

d(f)?
T

Ty = lg* |17 = llgll% < (58)

Step 2 The second step consists in proving that, for N, given at Equation (57) and for some constant C,

2 k2] > g2 < _ 2
P |, s, 002 = Ig*12] = /4] < exp (1og Ny~ Cnd(12).

Step 3 The third step concerns the control of Ny,: we show the following result

64 2
log N, <n (Eg sup |Vn,5(g)> .
P d(f) geg’

Step 4 The last step consists in bounding from above the Gaussian complexity:

20K
E. sup |Vn,6(9)| < Cid(f)2
geg’ 1

Let us conclude the proof of the lemma before proving these four steps.
Putting together Steps 3 and 4, for c¢3 < C' and C large enough, then Step 2 states that

P (12 UE) < p | 1007~ 1941 2 d(472/4) < exp (= cand(577).

ke{l, - ,Np:r}

Now, we have

2
P [20(6") < d(9)*/2) = Pc | s a1 = 1"12) = U] < e (= canar ).

) s

We conclude the proof of the lemma, by noting that d(f)? > C7 >, A2, (see (13), (36) and (14)).
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Proof of Step 1: We start by writing that

1942~ gl = > [6H(X0)2 — (o(X))?]
I (X) + g0

19" = glln
=1

Using that (a + b)? < 2a% + 2b%, g € G', and g satisfies Condition C3, we get

IN
SRS

n

1 , .
- DI XD) +g(XN? <206k + 29l < 4d(f)>.
i=1

Besides, the covering set is constructed such that ||g¥ — g||,, < d(f)/8. It follows that Step 1 is proved.

Proof of Step 2: We prove that for some constant C,

2 2 )
P |12 | < P [ g (02~ 10412y 2 45| < oo (tog 8 - o).

L+d(f) +d(g)?
As g* € G', d = || g"||2. Then

o k|2
L {d(F)? — 9"2} = max (1615~ ")

Applying Theorem 3.5 in Chung and Lu [10] we have that for all positive A

- 2
S (6 (X0)? < nE(g* (X)) A} < exp <M<A

2 gk<x>>4) |

Taking A = nd(f)?/4 and using that ||g*¥||2 = d(f)? we get

Px [{d2 ~llgFI2) = d(ﬂ <o (- mﬁd(?m)

It follows that

P 2 k|2
x [, Jax d(f)” = llg"lln =

n nd(f)*
} Zexp ( SZEdUZ)X))‘l) < exp (longr 3 maxkdI(EJE;k(X))‘l)' (59)

It remains to calculate Fxg*(X) for g € G'. Precisely we show the following result:

Eg*(X) < cd(f)* (1+0(d(f)?)) .
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This result comes from the property of the RKHS #: indeed g € H is written g = ) 5 g, where the functions
g, are centered and orthogonal in L2(Px). Therefore Eg4(X) is the sum of the following terms:

A = ) Exgi(Xy),  Ay= (3) > Bxgo(Xo)ge (Xu),

veEP v£v!
4 4
A3 = <3> Z EXg?)l (Xm )gvz (sz )gvs (XU3 )7 A4 = (3) Z Exggl (le )91)2 (ng)
v1FV2 A U3 o1 Evs
4
A5 - (1) Z Exgvl (X'Ul)g’UQ (X’L)Q)g’ug (Xv3)g1;4 (Xv4).
V1 £ V2 A V3 FV,

Using the Cauchy-Schwartz inequality and the fact that ||gu|lcc < llgvlln, < 2, and |lgll2 = d(f) (because
g € G'), we get that A; is proportionnal to d(f)?, Ag, A3, A5 to d(f)?*, and A4 to d(f)3. For example

Av=) 0 Bxgy(Xo) < Dlgllie D Nlgelld = lglZll D goll3 < 4d(f)%.

veEP veEP veEP

After calculation of the terms A;, since d(f)? is assumed to be smaller than one, we get that
max B (¢"(X))" < ed(f)2(1+ O(d()?). (60)

Step 2 is proved by combining (59) and (60).

Proof of Step 3: Let Ny, be defined at Equation (57). We prove that

[log Ny, 64
< ——FE; sup |V, .(9)]-
n (f) Egeg" (9)l

We start from (56) and write that

log Npe(d(£)/8, G, || - IIn) <log N(d(£)/16,G",| - [ln)-

Using the Sudakov minoration (see Pisier [29]) we have that for all positive w

4./n
Vi N, G ) < g, [sup |vn,s<g>] .
w geg’

Hence by taking w = d(f)/16, Step 3 is proved.

Proof of Step 4: The last step consists in bounding from above the Gaussian complexity E. sup,cg [Vi.c(g)]-
This control is performed by using Lemma 8.5 (page 51). According to Inequality (51),

Vae(9)l <k [Z )‘Z,UHQUHHU + Z An,@”QU”ﬂ] )

vEP vEP
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with A, , defined by Equation (13) satisfying Cy1 A\, , <y, and C1 )2 no <t for all v € P. It follows

sup Z Vaelgo)l < & sup [Z )‘721,1;”91)”?-% + Z >‘n7v||gvn‘|

9€9" yep 9€9" Lvep veP
< G [Z pollgollae, + %Ilgulln]
veP

and according to Condition C1,

4k
sup Z |Vn€ )l < el (Sup ZMU”QvHH + Sup Z'Vv||gv|n> )
9€g’ veEP 1 veES vGS
4K
< = <2Zuv + sup Z%Hgan) ,
1 vES veES

because [|g, |3, < 2. Now, according to Condition C2, and using that 2ab < a® + b?, we get

22/@ +22’Yv + SUP Z 9v||2]

veSs vES UGS'

A
|

sup > |Vae(go)l < a

geg’ vEP

< = l2Z(uv +7) +d(f)21 »

veES

the last inequality coming from the fact for all g € G', ||lg[l3 = d(f)* > >, c5 190 13-

Finally, thanks to (36), we get
20Kk
sup Z |Vn € gv é 7d(f)

’ O
9€9g veEP

8.6. Proofs of intermediate Lemmas.
8.6.1. Proof of Lemma 8.5 (page 51):

Let us write that the kernel k, is written as :

kv (Xva Y'u) = Z wv,k¢v,k(xv)¢v,k(yv)
k

where (¢, )32, is an orthonormal basis of L?(P,), where P, = []
Let us consider the class of functions KC(¢) defined as

aev

K(t) = {90 € o, ll9olle, < 2:[lgull2 <t}

It comes that

2
. a;
=Y wdus with llgolf, =D - <4, and g f =Y a? <2
i

. v,? .
7 3

In the following, we set py () = min {tg,wk’v}. Hence

a? 1
X a2 at+ Y = ol + ., <5 (61)
k v

:uk:v &
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as soon as g, € K(t).
Now, let us prove the lemma:

1 n
EX,€Wn72,v(t) = EX.,s sup 7251'2042?1)1),8(1’1),1')
gek) |

n

1
nzg:\/mzaz Mvﬂ )(bv@(xvz)

= FExe sup
geEK(t)

\/5 EX’S Z (;ll Zgi Mv,l(t)¢v,l($v,i)> .

L =1

IN

The last inequality follows from the Cauchy-Schwartz inequality and Inequality (61). Now, simple calculation
leads to

1
Esnvtg - vt
X, eWna0(t) < V5 n;u,z()

8.6.2. Proof of Lemma 8.6 (page 51):
Using that ’\/E, \/l;‘ < {/|a — b, we get

llgollz = gullal < \/1llgol3 = lgullZl-

bt b*t?
(e <0 Mol = ool = 5 § © {llonl = ol = 2}

Hence

The centered process

[llgoll3 = llgolI7|

9

EY R (Xu) — E(GE(X)

satisfies a concentration inequality given, for example, by Theorem 2.1 in Bartlett et al. [3] : if C is a class
of functions f such that ||f|cc < B and Ef(X) = 0, and if there exists v > 0 such that for every f € C,
Var f(X) < 2. Then for every x > 0, with probability at least 1 — e~%,

2z 1\ z
— 4)| < inf € 2(1 — B - —=7. 62
j:;Igan 20 F i‘élgn;f s (5ea) (©2)
For any t > 0, for G(t) defined by (45), let us consider the class of functions C(t) defined as follows

cit) = {f such that f = gg —E(gf)), with g, € g(t)}.

Note that if f € C(t), Exf(X,) =0 and || f| s < b?. We have to study

2
V()= sup Ex (95(X) = llgol3))” and T'(t) = Ex | sup |llgullz — llgull3] | -
v EG(t) gv€G(t)



METAMODEL CONSTRUCTION FOR SENSITIVITY ANALYSIS 61

It is easy to see that

() < 0 sup Ex (90(X) + [lgul2)® < 40%2
guEG(t)

Let ¢; be independent and identically random variables Rademacher distributed and let Ex ¢ denotes the
expectation with respect to the law of (X, (). By a symmetrization argument,

Z Gigs(X

I'(t) <2FEx. sup
gv€G(t

Since ||gv|lec < b, applying the contraction principal (see Ledoux-Talagrand [23]) we get that, for Q. (t)
defined by (11),

Z Gign(X Z Cigo(X

Ex ¢ sup
gvEG(t)

< 4bEx ¢ sup
gvEG(L)

< 4bQn (1)

The last inequality was proved by Mendelson [28], Theorem 41 (see the proof of Lemma 8.5). Now, thanks
to (62) we get that for all > 0, with probability greater than 1 — e™*
i
o
1

2z 1 1
2 2 . 2
sup ||lgvll5n — llgollz] < inf  16(1 4+ @)bQy, o, (t) + 1/ —2bt + b <—|—>
s gl = o3 { (14 Q)bQua (1) +1/ = —
Taking x = cynt?, t > v, we have that with probability greater than 1 — e—cant’
1
sup |/lgollz = llgol3] < inf ¢ {16(1 + a)bA + \/2co4b + b ( + > CQ} .
PRI a>0 3 a

The infimum of the right hand side is reached in o« = /c2b/16A, and equals

s 02 + 8V A2 + A(4A + /2e2)b.

The constants A and ¢z should satisfy that this infimum is strictly smaller than b2 /4. For example, if 16A < b/8,
it remains to choose ¢y small enough such that

Nor
b (C; 262> T+ 420 < g

8.6.3. Proof of Lemma 8.7 (page 51):

Let t > vy, and h be defined as h = tg,/||gv||2. If g, satisfies the assumptions of the lemma, then h satisfies
Ihll2 = ¢, ||hlx < 2 and ||h]| < b. Applying Lemma 8.6 (page 51) to the function h, we obtain that for
all t > v,,,, with probability greater than 1 — exp(—cant?), we have |t — ||h||,| < bt/2 for all h € G(t). This
concludes the proof of the lemma.
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8.6.4. Proof of Lemma 8.8 (page 51):

The proof of Lemma 8.8 is based on an isoperimetric inequality for Gaussian processes (Borell [6] or Cirel’son
et al. [11]) as it is stated in Theorem (3.8), page 61 in Massart [26]. Let us recall this inequality:

Lemma 8.11. Let P be the Gaussian probability measure on R™ and let ¢ be a function from R™ to R, and
| él|L its Lipschitz semi-norm:

_ o [2@) — 6]
H(bHL B iig \/HHJC - yHn .

Let ® be the cumulative distribution of the standard Gaussian distribution. Then for any u,

P(f — Epfl>u) < 43 (H;M) (63)

We apply Lemma 8.11 to ¢(e1, ..., &n) = Wy n (). By Cauchy-Schwarz Inequality, @] = t/v/n. It follows
that Lemma 8.8 is proved since

52
Px e ([Wano(t) = BEeWyy o (£)] > 68) < dexp { ———2— & < dexp (_"2> .

O

8.6.5. Proof of Lemma 8.9 (page 52):

We start with the proof of (48) in Lemma 8.9 by applying once again Lemma 8.11 given above, to the function
o(e) = o(e1,...,en) = Wy2,(t). On the event €, ; defined by (46), we have ||gy||n < bt/2 + ||gu||2. Besides if
lgull2, <2, then ||gy|lco < 2. Therefore applying Lemma 8.6 with b = 2, we get that if ||g,|2 <,

6(e) —d(e)| < sup lgullnlle — &lln < 2tlle — &'l
llgo lln<2t

leading to ||@]|r = 2t/+/n. It follows that (48) in Lemma 8.9 is proved since

(0t)? nd?
Pxe [{Wa20(t) —EcWi2,(t)| > 0t} N Q5] < dexp _7( )2 <dexp (- ).
92 (2L

v

We now come to the proof of (49) in Lemma 8.9 using a Poissonian inequality for self-bounded processes (see
Boucheron et al. [7]) and Theorem 5.6, p 158 in Massart [26]). Let us recall it in the particular case we are
interested in:

Theorem 8.1. Let Xy,---, X, be n iid variables. Fori € {1,--- n} let X_; = (X1,..., Xi1, Xig1,..., Xn).
Let Z be a nonnegative and bounded measurable function of X = (X1, -+ ,X,). Assume that for all i €
{1,--- ,n}, there exists a measurable function Z; of X(_; such that 0 < Z — Z; < 1, and Y. (Z — Z;) < Z.
Then, for all x > 0, we have P{Z > E(Z) + x} < exp (—2?/2E(Z)).

We apply this result to Z defined as

Z=7ZXq, -, Xy) = nEEWn,ZU(t) =nkE; Sup{‘Vnys(gy)L lgollz < t, 1190

n, <2}.

The variable Z is positive, and because the distribution of (g1,...,&,) is symmetric, we have that

Z = Eesup {nVne(90): [1goll2 < 1 llgolln, <2}



METAMODEL CONSTRUCTION FOR SENSITIVITY ANALYSIS 63

Let 7 be the function in H, such that Z = E.nV, .(7) (note that 7 depends on (Xi,...,X,) and on
(€1,...,€n)), and let

Z; = B¢ supz £590(X;).
9 iz
We show that Z and Z; satisfy the assumptions of Theorem 8.1:

Z-2; = Ee|er(Xi)+Y em(X;)—sup ) e;g.(X;)
J#i 9v i

1 2
< Eeeit(X;) £ ——=FE¢ sup |7(X <\/7,
€ ( ) \/% Eweg‘ ( )| 7T'

where the last inequality comes from the fact that sup,cy |7(X)| < ||7||%, < 2. Moreover Z — Z; > 0 since

n

Z = Ecsup) €;9,(X;)=E. | E;, supZejgv(Xj)
1

9o 5= 9 4

> E. supEEiZEjgv(Xj) =Z,.

gv =

Finally we have:

n

Z(Z —Z;) = ZEe eT(Xy) + ZejT(Xj) - supZejgv(Xj) < ZEEeEiT(Xi) =Z.

i i=1 J#i 97V i i=1

Therefore, following Theorem 8.1, we get that for all postive u

U u2
P [Eant—E ant<—}< R S—
X.e | BeWnow(t) = Ex eWn2.(t) < ~| Sexp { EX,sWn,Q,v(t):|

As Ex Wy 2.4(t) < Qno(t), see Lemma 8.5 page 51, we get the expected result since for all positive x

na?
PX [EsWn,Q,v(t) Z EX,sWn,Q,v (t) + :17] S exp |:62<t):| .
O
8.6.6. Proof of Lemma 8.10 (page 52):
From Lemma 8.8, page 51 with ¢t = \,, , = J, we get that with probability greater than 1 — 4exp(—n)\?w/2),

EEWn7’I'L7’L)()\TL,U) S >\72’L,U + Wn,n,v()\n,v)~

The next step consists in comparing W, ».(An.v) and Wy, 2.,(2A,.,). Recall that A, , > vy, ., see (13). Let
gy such that ||gu|ln < A v
o When ||gy||2 < An.v, according to Lemma 8.6 (page 51), taking b = 2 , since since ||gy|ln < An,v, We get
that with probability greater than 1 — exp(—CQn)\%yv),

lgvlln — Anw < llgullz < llgolln + Anw < 2An 0.



64 S. HUET AND M.L. TAUPIN

e When ||gy||2 > t, we apply Lemma 8.7 (page 51) with b = 2. For any function g, such that ||g,|lc < 2,
and |[gvll2 > An,v, we have [|gu[l2 < 2[|golln < 2An -
This implies that, with probability greater than 1 — exp(fCQn)\fw) we have

Wn,n,v()\n,v) S Wn,Q,v (2/\n,v)-

We now study the process Wy, 2 ,(An). By applying (48) in Lemma 8.9, page 52, with 6 =t = X\, , we get
that with probability greater than 1 — 4exp(—nA? ,/8)

Wn,2,v(>\n7v) S )\727,,1; + Ee(Wn,Q,v<>\n,v))-
It follows that

Es Wn,n,v ()\n,v)

IN

ALy + Wano(Anw))
< )‘i,v + Wm?,’u<2)\n v))

)

< BN+ Ee(Wh20(2000)).
Next, we apply (49) in Lemma 8.9, with ¢ = 2\, , and z = 4)2 . We get that
EeWn,Q,v<2)\n,v) S 4)\3;’11 + EX,E(W’I’L,2,U(2)\R,U))7

with probability greater than

1 9 16 n)‘i,v >1 9 477’)‘31,,1)
—ZzexXp | — 762”’”(2)\”’,”) Z 1 —zexXp | — A .

The last inequality comes from the definition of v, ,, see (12), and from the fact that A, , > v, 4, see (13).
Putting everything together, we get that with probability greater than 1—c¢; eXp(*CQTl)\%,,U) for some positive
constants ¢y, ca,

EeWn,n,v ()\n,v)

IN

9)\21’1; + EX,E(W’I’L,Q,’U(2)\TL,’U))
9)\271} + Qnv(2X, ), thanks to Lemma 8.5, page 51,
< 9N, +H4AN] .

IN

Applying once again Lemma 8.8, page 51, we get that
W) < EeWaw ) + X2, < (10448002 .

This ends the proof of the lemma by taking x = 10 + 4A.

8.7. Algorithm: Propositions 8.1-8.4

We consider the minimization of C’( fy, 0) given at Equation (18). Because C’( fo, ) is convex and separable,
we use a block coordinate descent algorithm, group v by group v. We refer to Bubeck [9] for a review on convex
optimization.

In what follows, the group v is fixed, and for given values of fy and 8,,, w # v, we look for the minimizer of
C’ with respect to 0,: Setting

RU:Y_.fO_ ZKwewa
w#v
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we aim at minimizing with respect to 8,
Q0,) = Ry = K0y + 1, Kool + 1, K1/20, .

If 4/ = p!, = 0, then 8, = K, 'R, is the solution. In what follows we consider the case where at least one of
both is non zero.

If 0Q, denotes the subdifferential of Q(8,) with respect to 6,,, we need to solve 0 € 9Q,. Let us recall that
for all v € P the matrices K, are symmetric and strictly definite positive.

Let us begin with the calculation of the subdifferential of || K0, || with respect to 6,: if 8, # 0, we have

OO _ K30
90, K0,

and if 6, = 0 the subdifferential is the set of z € R™ such that ||K, 'z| < 1.
Therefore if 6, # 0,

KZHU K,0,
0Q, = —2K11Rv+2K39U+%/1HKU9 H U’IUHKUQG ”7

while if 6, = 0,
0Q, = {—2KDRU + 9/t + ul s where t, s € R™ such that ||K; 1| < 1, K, Y2s|| < 1} .

Let us begin with the case p, = 0.
Proposition 8.1. Let (p); denotes the positive part of p € R. If ), =0,

Ve 1
ev:(l_ f ) K-'R..
2R/

Proof of Proposition 8.1. The problem comes to minimize
U(/Bv) = ||RU - IB'UH2 + 71}”61)”
and to take 6, = K, 18,. The subdifferential of U is given by

||gv|| e, #0

{—2R,, + 7, t where ||t|| < 1}.

,Y/
po=(1- o) R
R
(]

Let u!, > 0, the following proposition gives a necessary and sufficient condition for 6, = 0 to be the minimizer
of Q). For the sake of clarity let us recall the definitions of J and J* given in Section 5.1: For all z € R"

ou,(B,) = —2R,+2B,+7,

oU,(0)

We get

J(x) = ||2R, — p, K 'z||?, and J* = min {J(m), for z such that ||K;/2z| < 1}.

Proposition 8.2. The minimizer of Q(0,) is 6, = 0 if and only if J* < ~/2.
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Proof of Proposition 8.2.
(1) Let us assume that 8, = 0 is the minimizer of Q(6,). Then 0 € 9Q implies that there exists t* and s*
such that || K 't*|| <1 and ||KU_1/23*H < 1 and such that v, ¢* + u! s* = 2K, R,.
If 4/ > 0, then

K't* = i, (2R, — p, K 's*), and ||K,'t*|| = i, J(s%).
v ’-Y/U
Because J* < J(s*) and || K, 't*|| < 1, we get that J* < /2.
If 4/ =0, then p!s* = 2K,R, and J(s*) = J* = 0.
(2) Let us now assume that J* < /2. Note that minimizing the convex function J(s) over the convex set
| I, /%] < 1 has always a solution. Let us denote this solution by s*.
Ifv, > 0, let t* = (2K, Ry —pt,5*) /7, Then —2K, Ry +~,t* + ) s* = 0, and —2K, R+, t* 41l s* €
0Q(0) since ||K51/23*H <1, and |K;'t*|| = J(s*)/~, < 1. Therefore 8, = 0 is the minimizer of Q.
If v/, = 0, and J* = 0, then —2K,R, + p,s* = 0, and HKJI/ZS*H < 1. Therefore 8, = 0 is the
minimizer of Q.

O

Proposition 8.3. Let u! > 0 and 6, be the minimizer of Q.
(1) If | 2K "R, || < 1)), then 6, =0
(2) If not, for p >0, let
0(p) = 241, (W2, + pL) ' K, V2R,,
and let p* defined as ||0(p*)|| = 1. Then J(0(p*)) < ~/2 if and only if 6, = 0,

Proof of Proposition 8.3. Minimizing J(x) under the constraint ||K;1/2mH < 1 is equivalent to minimizing

K(B) =||2R, — ui,K;l/z,BHQ under the constraint ||3]|? < 1. Let 8" = 2K11,/2Rv/,u;. Then K(8*) = 0, which
is smaller than /2, and if ||3*|| < 1, following Proposition 8.2, we get 8, = 0.

If ||8*|| > 1, we have to solve a ridge regression problem by minimizing K (3)+pl||8]|? for some positive p. The
solution is given by €(p). Let us note that ||0@(p)|| decreases to 0 when p tends to infinity and that its maximum
is ||@(0)|| = ||B"||. Therefore if ||8%|| > 1, there exists p* such that ||@(p*)|| = 1. Following Proposition 8.2,
Proposition 8.3 is proved. A numerical procedure can be used for calculating this p*. O

Let us now consider the case where 6,, is non zero. It should satisfy the subgradient condition 0Q.,, = 0 which

leads to
K2 K -
0, = | 2K2 4+~ v ) v 2K, R,
( [ 1Ko20, |

which is equivalent to Equation (22).

Proposition 8.4. For all p1,p2 > 0 let
B(Pl,PZ) = (KU + lev + pQIn)il Rv~

If il > 0, there exists a non zero solution to Equation (22) if and only if there exists p1, pa > 0 such that

(64)

v, = 2p1HK¥02(p1,,02)|| }
1, 205[ K22 60(p1, p2) |

Then 0, = 0(p1, p2).
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Proof of Proposition 8.4. If there exists a non zero solution to Equation (22) then ||K,0,| and HK}%/QBUH are
non zero because K, is definite positive. Let p1 = v, /2|| K80, and ps = u;/2|\K5/20v||, then

-1

Yo o
0(,017[)2) - Kv + Kv + In Rv - Ova
2[|K,0,|] 2| K526, |
and, for such p1, p2, Equation (64) is satisfied.
Conversely, if there exist pi,p2 such that Equation (64) is satisfied, then necessarily |K,0(p1,p2))| and

1K"20(p1, p2y)|| are non zero and py =, /2| K,0(p1, p2)|| and pz = il /2| K5/ *0(p1, p2)|. Then

-1

Yo o
0(/)17[)2) = Kv + Kv + In Rv,
2| K.0(p1, p2)|| 20| K5/%0(p1, p2) ||

which is exactly Equation (22) calculated in 6, = 0(p1, p2). O

Taking into account that | K 1/20,]| < r,. As already mentionned in Section 5, one may want to minimize
C(fo,0) under the additional constraint that || K,./20,]| < r, for some positive constant r,,v € P.

For each group v, we have thus to minimize Q(6,) under the constraint || K 1,20,| < r,. We know that this
problem is equivalent to minimize

Q(0,) + AN KL20,| = Ry — Ku0,]1 + 7, | KoOo| + (11, + V|| K220,

for some A that depends on r,,.
Let us first remark that, for a fixed v,, and A > 0, if ,(x, + \) minimizes Q(0,) + )\HKi/ZOUH with respect
to 8., then ||K$/20v(,u; +A)| < |\Ki/20v(p;)||. It can be easily proved by writing

Q (8, + ) + MK 00ty + N < Q (8ulmr)) + K28, (11,)]

< 0 (év(u; + A)) + K20, (1)

Therefore, one can proceed as follows: calculate 6, for A = 0. If HKi/ 2§v|| < ry, then one go to the next
step of the algorithm. If ||K7}/20v|| > r,, one increases A untill ||K$/20UH =Ty
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