N

N

A tradeoff between explorations and repetitions for
estimators of two global sensitivity indices in stochastic
models induced by probability measures
Gildas Mazo

» To cite this version:

Gildas Mazo. A tradeoff between explorations and repetitions for estimators of two global sensitivity indices
in stochastic models induced by probability measures. SIAM/ASA Journal on Uncertainty Quantification,
2021, 9 (4), pp.1673-1713. {10.1137/19M1272706). <hal-02113448v7)

HAL Id: hal-02113448
https://hal.science/hal-02113448v7

Submitted on 7 Jun 2021

HAL is a multi-disciplinary open access archive L’archive ouverte pluridisciplinaire HAL, est des-
for the deposit and dissemination of scientific re- tinée au dépoét et a la diffusion de documents scien-
search documents, whether they are published or not. tifiques de niveau recherche, publiés ou non, émanant
The documents may come from teaching and research  des établissements d’enseignement et de recherche
institutions in France or abroad, or from public or pri- francais ou étrangers, des laboratoires publics ou
vate research centers. privés.

Au‘to'flizition
HAL Authorization


https://hal.science/hal-02113448v7
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr

1

N

3

16
17
18
19

39

10
41
42
43

A TRADEOFF BETWEEN EXPLORATIONS AND REPETITIONS
FOR ESTIMATORS OF TWO GLOBAL SENSITIVITY INDICES IN
STOCHASTIC MODELS INDUCED BY PROBABILITY MEASURES*

GILDAS MAZO*t

Abstract. Sobol sensitivity indices assess how the output of a given mathematical model is
sensitive to its inputs. If the model is stochastic then it cannot be represented as a function of the
inputs, thus raising questions as how to do a sensitivity analysis in those models. Practitioners have
been using an approach that exploits the availability of methods for deterministic models. For each
input, the stochastic model is repeated and the outputs are averaged. These averages are seen as
if they came from a deterministic model and hence Sobol’s method can be used. We show that
the estimator so obtained is asymptotically biased if the number of repetitions goes to infinity too
slowly. With limited computational resources, the number of repetitions of the stochastic model
and the number of explorations of the input space cannot be large together and hence some balance
must be found. We find the pair of numbers that minimizes a bound on some rank-based error
criterion, penalizing bad rankings of the inputs’ sensitivities. Also, under minimal distributional
assumptions, we derive a functional relationship between the output, the input and some random
noise; the Sobol-Hoeffding decomposition can be applied to it to define a new sensitivity index, which
asymptotically is estimated without bias even though the number of repetitions remains fixed. The
theory is illustrated on numerical experiments.

Key words. asymptotic normality, Sobol indices, tradeoff, sensitivity analysis, stochastic model.

AMS subject classifications. 62G20, 60H99, 65C05

1. Introduction. The goal of sensitivity analysis is to assess how the output of
a given physical or mathematical model is sensitive to its inputs [26, 27]. Classically,
the model of interest is deterministic. To each input there corresponds an output
given by the model. Thus, in this case, the model is in fact a function, say f. To
assess the sensitivity of the model to its inputs, the probabilistic/statistical framework
is often employed. One draws at random a large number of inputs and observe how
the corresponding outputs vary. From a statistical perspective, at each draw, one
observes a random pair (X,Y) such that Y = f(X), where X = (X3,...,X,) is the
input vector and Y is the output.

Sobol’s idea [29, 30] was to notice that, if X;,..., X, are drawn independently
then f(X) can be decomposed into a sum of lower-dimensional functions and that this
decomposition can be used to allocate the variance of the output to the individual
components of the decomposition. More precisely, we have

(1-1) f(X)—fo :fl(X1)+"'+fp(Xp)
+ f1,2(X1>X2) +ot fp*l,p(prl’Xp)
+ -+ fl,“.,p(Xlw .. 7Xp)7

where fO = Ef(X)7 f](X]) = E(f(X) - f0|Xj)a .] = 13 Ry 2 and f1,25 R afl,...,p
are some functions defined iteratively; see [29] and [33, p. 157] for more details. In
the field of uncertainty quantification the above decomposition is known as the Sobol-
Hoeffding decomposition in reference to [11, 29]. The expectations and the covariances
of the individual components in the right-hand side of (1.1) are zero and hence we
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2 G. MAZO

have the variance decomposition
Var f(X) = Var f1(X1)+---+ Var f(Xp) + -+,
which leads to the so-called Sobol indices

| Varfy(X))  VarB(f(X)|X,) | EFOOS(X) — (B F(X))
I Varf(X) T Varf(X) Ef(X)? - (BfX)2

7 =1,...,p; here X —; stands for an independent copy of X where the jth compo-
nent has been replaced by that of X. Thus the Sobol index associated with the jth
argument of f is defined as the proportion of the total variance associated with the
lower-dimensional function that depends on the jth argument only. Sobol indices are
interpreted as sensitivity measures and used to achieve various goals in uncertainty
quantification [27].

If the model is nonadditive (it is said that the inputs “interact” with each other)
then the Sobol indices may be inadequate. To account for interactions, the so-called
total sensitivity indices [12] are often computed along with Sobol indices. The total
sensitivity index associated with the jth argument of f is given by

S :1_VaI‘E(f(X>|X1,...,Xj,l,Xj+1,...,Xp)
B Var f(X) '

The total sensitivity index quantifies the sensitivity of the output of f to its jth
argument through the interactions it may have with the other inputs.

There are numerous methods to estimate the sensitivity indices. For simplic-
ity, we describe below Sobol’s original method to estimate .S; through Monte Carlo
sampling [29]. For a review of the many other methods, see [23] or the package
sensitivity [16] of the R software for an up-to-date list of many methods, with ref-
erences. Thus, draw two independent sets of inputs {X(i), i=1,...,n}, {)N((i) =
()?1, . ,)~(p), i=1,...,n} and make p more sets by combining the first two: {)~((fj),
1=1,...,n},j=1,...,p, where
12) RO (R0, K0, X0 RO %),

The first and the p last sets are passed on to the function f which produces the
outputs {Y® i =1,...,n} (for the first set) and {Yj(i), t=1,...,n},5=1,...,p
(for the p last sets), which in turn make up the so-called pick-freeze estimator

oIy yay® (I oy
(1.3) G == (i
LENL Y- (XL Y0)

This gives a simple procedure to estimate all the Sobol indices S, ..., S, with (p+1)n
runs of the model. The pick-freeze estimator is asymptotically normal [7, 17]. The
above formula can be improved in many ways [12, 17, 21]. Many versions of this
estimator exist, the goal being always to get the most efficient estimator with the least
computations. Sobol indices for multivariate, functional outputs [6, 18] or functional
inputs [15] have been proposed as well.

The big difference between a deterministic model and a stochastic model is that
the stochastic model is not a function anymore. To a particular value of the input there
does not correspond any particular value for the output. Instead, there corresponds a
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A TRADEOFF BETWEEN EXPLORATIONS AND REPETITIONS 3

range of possible values, assumed to come from a probability distribution depending
on the input. Examples can be found in epidemiology [2, 3, 24, 28] or ecology [31], to
name a few.

To do the sensitivity analysis of a stochastic model, several approaches have been
investigated. In [19], to the best of my understanding, the authors carry out the
sensitivity analysis of a stochastic model based on a joint metamodel. In [10], a
stochastic model is seen as a functional relation of the form Y (J,w) = f(X(¥9),w),
where the X is a random vector on some probability space, w is a point in some
probability space distinct from that on which X is defined, f is some function and
Y (¥,w) is a random variable on the induced product probability space. The quan-
tity f(X(9),w) represents the output of the stochastic model run with input X (¢);
the point w represents the intrinsic randomness. The idea is then to decompose the
function ¥ — f(X(9¥),w) for each w and estimate the associated sensitivity indices,
which depend on w. The estimates are then averaged over w to make the final sen-
sitivity estimates. In [1], to the best of my understanding, the stochastic model is
represented as a deterministic mapping which with an input associates a probability
density function. The Sobol-Hoeffding decomposition is applied to the mapping which
with an input associates the entropy of the output evaluated at that input. Here the
entropy is the Kullback-Leibler divergence of the output density. In [34], the output
of the stochastic model is seen as a semiparametric statistical model—the generalized
lambda distribution—with parameters depending on the inputs. These parameters
have a polynomial chaos expansion which is estimated by maximum likelihood. Once
the law of the output conditionally on the input has been estimated, its inverse cumu-
lative distribution function is used to turn the stochastic model into a deterministic
model to which standard methods are applied. In [5], the stochastic model is seen as
a mapping that goes from the input space to a space of probability measures equipped
with the Wasserstein distance. Following [8, 9], the Wasserstein space is mapped to
the real line R with some family of test functions, thus allowing for a standard Sobol-
Hoeffding decomposition which is then averaged over all possible test functions. In
more specific contexts, global sensitivity analysis methods also have been proposed.
For instance, there are methods for stochastic differential equations [4] and chemical
reaction networks [22].

In practice, although it has not been formally defined in the literature, another
method has been used for some time [2, 24, 28, 31]. The idea is simple: at each
draw of the input X®, one produces as many outputs Y&, ... Y (&™) a5 possible,
makes the average m ! oy Y (4%) and does as if it were the output of some deter-
ministic model. The same is done with the inputs )?8; (1.2) to produce the outputs
m~t 3 Yj(l’k). The obtained estimator is then the same as that in (1.3) but with

Y@ replaced by m~' 7 Y@ and Y replaced by m~' Y27, VM, yielding

(1.4)
n — m 7 — m ik n - m i 2
S = %21:1 m=t Y Rt Iy Yj( - (% Yiam T Y Ve »k))
= 7 7 _ ik))2 '
LY (Y, YER)T — (A me Y, V)

The big advantage for practitioners is that they can use the numerous available and
ready-to-use softwares for deterministic models.

To build the estimator (1.4), the stochastic model must be run mn(p + 1) times.
The number m is called the number of repetitions and the number n is called the
number of explorations. If the stochastic model is computationally intensive—that
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4 G. MAZO

is, each model run is time-consuming—, then the estimator is built with limited
resources. In this context, an increase of m must go along with a decrease of n, and
conversely. What is then a good balance between m and n? How to choose m and
n such that the estimator (1.4) will be the most efficient? This question was asked
by [31].

We address this problem by finding a pair (m,n) that minimizes a bound on
the so-called missranking error. The missranking error penalizes bad rankings of the
Sobol indices associated with the inputs. The estimated minimizer is used to build
well-balanced estimators, leading to a two-step procedure to estimate the sensitivity
indices. This two-step procedure is shown to have good asymptotic properties. We
show that the estimator (1.4) is asymptotically normal but may be biased if m goes
to infinity too slowly. If m/y/n — oo then it is asymptotically unbiased and converges
to the so-called sensitivity index of the second kind. Under the minimal assumption
that a stochastic model is a set of probability measures that capture how the outputs
are drawn, we show that the output, the inputs and some random “noise” are linked
through a function, which the Sobol-Hoeffding decomposition can be applied to. This
yields a new sensitivity index, called the sensitivity index of the first kind, with the
advantage that asymptotically unbiased estimators can be built even though m re-
mains fixed. The indices of the first and of the second kinds are complementary as
they offer distinct pieces of information. Interestingly, these indices can be estimated
jointly with no additional cost, the joint estimator is asymptotically normal and the
two kinds of sensitivity indices lead to the same solution for the tradeoff problem.

This paper is organized as follows. Section 2 gives a definition of stochastic
models in terms of probability measures and shows how one can construct a functional
representation linking the output, the input and some random noise. Section 3 defines
the indices of both kinds and their estimators. The asymptotic properties are deferred
to Section 5. Section 4 introduces the tradeoff problem, gives a procedure to attack it
and gives some theoretical guarantees. Section 6 illustrates the theory on numerical
simulations. A Conclusion closes the paper.

2. Representations of stochastic models. The concept of stochastic models
is intuitive and shared by many people but there are different mathematical routes
to describe them. One is given in Section 2.1. It makes minimal distributional as-
sumptions to get to a representation in terms of random variables and establishes the
existence of a function to which the Sobol-Hoeffding decomposition can be applied.
Section 2.2 makes connections with the stochastic models of [10].

2.1. Representing stochastic models from minimal distributional as-
sumptions. A stochastic model is some mechanism that produces outputs at ran-
dom given some inputs. Thus, a stochastic model can be seen as family of probability
measures {Q,, z € X'} indexed by some input space X C RP. We assume that each
probability measure @, is defined on the measurable space (R, B), where B is the
Borel o-field induced by R. The law @), governs how the outputs are produced given
the input x € X C RP. Let us endow R? with its product Borel o-field BP and let
P* be a product probability measure on the measurable space (R?,BP) such that
P*(X) =1. (Thus we assume that X € BP.) The probability measure P* represents
how the inputs are drawn by the practitioner. In particular, since P* is a product
probability measure, the inputs are drawn independently.

The stochastic experiment that consists of drawing inputs at random according
to P* and observing the corresponding outputs is fully characterized by the family
{@.} and the probability measure P*. This leads us to Definition 2.1.
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DEFINITION 2.1. If P* and {Q.} are probability measures as described above then
the pair (P*,{Q.}) is called the complete stochastic model.

Now we look for a representation in terms of random variables that will allow us
to use the Sobol-Hoeffding decomposition later on.

LEMMA 2.2. If (P*,{Q.}) is a complete stochastic model then there exist a proba-
bility space (Q, F, P), a random vector (X, Z) : @ — RPT and a function f : RPT! —
R such that

(i) f(x,Z) is measurable for every x € X,
(i) P(f(z,Z) € B) = Qz(B) for every x € X and every B € B,
(iii) P(X € A,Z € B) = P*(A)P(Z € B) for every A € B? and B € B.
Moreover, if (X, f(X,Z)) and (X', f/(X',Z")) are two joint vectors that satisfy the

conditions (1), (ii) and (iii) then (X, f(X, Z)) 4 (X', (X', Z")) where 2 means

equality in distribution.

Note that the conditions in Lemma 2.2 do not determine the law of Z; see the
example below.

EXAMPLE 1 (The law of Z is not determined). Let p = 1. Let P* be the
standard uniform distribution and Q. be the Gaussian distribution with mean x € R
and variance 1. Let Q = (0,1)? endowed with its Borel o-field and set P to be the
product Lebesque measure. Let X1(w) = wy for w = (w1,ws) € Q. Let ® denote the
distribution function of the standard Gaussian distribution and denote by ®~1 the
inverse of ®. If Z(w) = wy and f(z,2) = ®"Y(z) +z, z € R, 2 € (0,1), then it is
easy to see that (X, Z) and f satisfy the conditions of Lemma 2.2 and the law of Z is
the standard uniform distribution. But the conditions of Lemma 2.2 are also satisfied
with Z(w) = \/ws and f(z,z) = ®1(2%)+z, in which case, P(Z <t) =t*, t € (0,1),
that is, the law of Z is the beta distribution with parameter (2,1).

The indeterminacy of the law of Z is symptomatic of the lack of control of the
intrinsic randomness assumed in our definition of stochastic models. But this is not
an issue because our interest lies in the joint vector (X, f(X, Z)), the law of which is
fully characterized by the conditions in Lemma 2.2. To each complete stochastic model
there corresponds a unique law that all vectors (X, f(X, Z)) must have, regardless of
the chosen representation. Therefore, the pair (X, f(X, Z)) can be used to define the
pair (input, output) of a complete stochastic model, as done in Definition 2.3.

DEFINITION 2.3. If (X, Z) and f satisfy the conditions in Lemma 2.2 then the
pair (X, f(X, Z)) is called an observation of the complete stochastic model (P*,{Qx});
the random wvariable X is called the input and f(X,Z) is called the output.

In sum, we have established the existence of random variables on a common
probability space and a function f that characterize the statistical experiment that
consists of drawing inputs and observing the outputs of a stochastic model. The set
of assumptions used to represent outputs and inputs of a stochastic model is minimal:
all we need is a family {@,} and a probability measure P*. We remark that the above
formalism of stochastic models can be used to represent physical models [32] as well.

2.2. Links with the stochastic models and the sensitivity indices in [10].
In [10], the authors consider the model (X'(w'), o(X'(w'),w")), ' € ', " € Q"]

where (', F', P’) and (", F", P") are probability spaces, X’ = (Xi,...,X,) is a
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6 G. MAZO

226 random vector on Q" and ¢ is some function. They consider the sensitivity indices
227 S]HAG = S (") P"(dw"),
228 Q//
229  where
- VarE(<p(X’,w”)|X§)'

230 Si(w") = ;
231 i) Var o(X/, w")

232 above the variances and the expectation are to be understood as integrals on Q' with
233 respect to P’.

234 One can choose a representation in Lemma 2.2 that corresponds to the models
235 in [10]. In particular, one can recover the sensitivity indices SJHAG, j=1,...,p. Let
236 us illustrate this with an example. Let (P*,{Q,}) be a complete stochastic model
237 and let X = (X1,...,X,), Z and f be as in Lemma 2.2. Define

238 §]HAG =E (

Var(E[f (X, Z)| X, Z]|Z))
239 ’

Var(f(X, Z)|Z)
240 Consider the model in Example 1.1 of [10], given by

(2.1) (X' (W), w") = X1(w') + Xa(w)w",

DO
(N2

243 where the law of X7 is the uniform distribution on (0, 1), the law of X} is the uniform
244 distribution on (1,L + 1), L > 0, and P” is the standard normal distribution on
245 Q" =TR. The indices in Example 1.1 of [10] are given by

246 SHAG — / _ P’ (dw") = / 1 exp _wty L dw

517 L Q 1 =+ sz// R 1 + L2w 2 \/27‘(‘

215 and SEAG =1 — GHAG,

249 We can build a probability space (2, F, P), a random vector (X, Z) and a function

250 f such that SPAG = SHAG a5 shown in Example 2 below.

251 EXAMPLE 2. Let us first extract the induced complete stochastic model. Set P*((0,t1] ¥}

52 (1,ta]) = t1(te — 1)/L for all0 < t; < 1,1 <ta < L+1, L >0 and Q,(—o0,t] =
53 @((t — x1)/x2) for allt € R, where ®(t) = fioo(2ﬂ')_1/2€_52/2 ds and © = (x1,12) €
54 R x (0,00). Now it remains to choose a representation that fulfills the conditions in
55 Lemma 2.2 and ensures that SHAC = 5{1‘40. Such a representation can easily be
56 found. For instance, take Q = (0,1)% endowed with the product Lebesgue measure and
57 put Z(w) = ws, X1(w) = FyH(wi) and Xa(w) = Fa(ws) ™! for w = (wi,ws,ws3) € Q,
58 where Fy(t1) =t1 for 0 <t; <1 and Fy(ta) = (t2 — 1)/L for 1 <ty < L+ 1. Finally
59 take f(z,2) = ®71(2)xg + 21 for z1 € R, 29 > 0 and z € (0,1). Then the conditions
260 of Lemma 2.2 are fulfilled by construction and the detailed calculations in Appendiz A
261 show that SPACG = SHAG,

262 In sum, the stochastic models in [10] can be expressed with the framework of
263 Section 2.1. There is however a difference between [10] and Section 2.1. In [10], the
264 function ¢ is fixed. It is given as being a part of the stochastic model. In our side,
265 the function f is constructed from the probability measures that we are given in the
266 first place. It is not unique. Consequently, it is unclear whether or not the indices
SHAG are uniquely determined.
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A TRADEOFF BETWEEN EXPLORATIONS AND REPETITIONS 7

3. The sensitivity indices and their estimators. In view of Section 2, we
can assume that there are a random vector (X, Z) € RP xR with mutually independent
p+ 1 components on some probability space (€2, F, P) and a real function f such that
the pair (X, f(X,Z)) € RP x R represents a random observation (input, output) of
the stochastic model of interest. To ensure the existence of the sensitivity indices and
later to derive theoretical results for the estimators, we need to assume the following:
there exists some function F' with E F(X)® < oo such that

(3.1) [f(X, 2)] < F(X)

almost surely. This assumption appears to be mild. In particular every stochastic
model with bounded outputs fulfills the condition.

3.1. Definition of the sensitivity indices. We define two kinds of sensitivity
indices. The sensitivity indices of the first kind exploit the existence of the function f
by applying the Sobol-Hoeffding decomposition to it directly. The sensitivity indices
of the second kind result from an application of the Sobol-Hoeffding decomposition
to the conditional expectation of f(X,Z) given X, which is a function of X alone.
The indices of the second kind are those to which the estimators (1.4) mentioned in
the Introduction converge.

3.1.1. Indices of the first kind. Applying the Sobol-Hoeffding decomposition
to f yields

(3-2) f(X,Z) - fo = fl(Xl) +"'+fp(Xp) ‘|'fp+1(Z) +eee

where fo = Ef(X,2), [;(X;) = E(f(X,Z) = folX;), J = 1,....p, fpr1(2) =
E(f(X,Z) — fo|Z) and + - - - stands for the interaction terms. Since X and Z are in-
dependent, we have Var f(X, Z) = Var f1(X1)+-- -+ Var f,(X,) + Var fp41(2) +- - -,
which leads us to the indices in Definition 3.1.

DEFINITION 3.1 (Sobol indices of the first kind). The Sobol indices of the first
kind are defined as

o _ VarB(i(X, 2)|X))

J Var f(X,Z)

=1,...,p.

It is important to notice that the indices of the first kind depend on the law
of (X, f(X,Z)) only and hence are uniquely determined. Note that total sensitivity
indices could be defined as well but it is unclear whether or not they depend on the
chosen representation.

3.1.2. Indices of the second kind. Let g(X) := E(f(X, Z)|X) be the condi-
tional expectation of the output of the stochastic model given the input. The object
g is a function and the Sobol-Hoeffding decomposition can be applied to it, yielding

Q(X)*go:91(X1)+"'+9p(Xp)+“'7

where go = Eg(X), ¢9;(X;) = E(g(X) —90|X;), j=1,...,p and +--- stands for the
interaction terms. Since the components of X are independent, we have Var g(X) =
Var g1(X1) + --- + Var g,(X,) + - - -, leading to the indices in Definition 3.2.

DEFINITION 3.2 (Sobol indices of the second kind). The Sobol indices of the
second kind are defined as

VarE(g(X)|X;) _ VarE[E(f(X, 2)[X)|X)]

57 = Var g(X) VarE(f(X, Z)[X)

i7=1...,p.
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The total sensitivity indices, defined by
Var E (g()()|)(17 ce an—17Xj+17 ce ,Xp)

3.3 Sh.o=1-—
(3.3) T Var g(X) ’
j=1,...,p, are uniquely determined.

3.1.3. Comparison of the definitions. The sensitivity indices of the first kind
provide more refined “first-order” information than the indices of the second kind.
Example 3 and 4 illustrate this.

ExXAMPLE 3. Let f(X,Z) = aX1 + cX20(Z), where X1, X2, Z are independent
standard normal variables, a,c are real coefficients and ¢ is a function such that
E¢(Z) =0. Then

a2
Si:m,%:O, SY =1 and Sy = 0.

According to the sensitivity indices of the second kind, X7 has the same impor-
tance regardless of the value of its coefficient a, while the sensitivity indices of the
first kind acknowledge that the importance of X; should depend on its coefficient.
However, the sensitivity indices of the first kind cannot provide insight into the in-
teractions between the inputs. For instance, if a is small then the sum S7 + S5 will
be small and hence the contribution to the variance of the output must come from
elsewhere. Perhaps it comes from the intrinsic stochasticity of the model or from the
interactions.

Example 4 returns to the model (2.1).

EXAMPLE 4. Let f(X,Z) = @ 1(Z) Xy + X such that the law of X; and that
of Z are the uniform distribution on (0,1), the law of X5 is the uniform distribution
on (1,L+1), L >0, and ®~1 denotes the inverse distribution function of the stan-
dard normal distribution. It is easy to see that ST = 1 and Sy = 0. The detailed
calculations in Appendiz A show that S5, =0 and

S; = !
P42+ 3L+ 1)+ 1

As in Example 3, the sensitivity indices of the second kind do not depend on the
coefficient L. The sensitivity indices of the first kind do depend on L but note that
S + S5 < 1/13, indicating that most of the contribution to the output comes from
the intrinsic randomness or the interactions.

In sum, both kinds of sensitivity indices provide useful insights although neither
kind is perfect. The sensitivity indices of the second kind are good indices for doing a
sensitivity analysis of the model averaged over the intrinsic randomness but by doing
so information may be lost. The sensitivity indices of the first kind provide more
refined information into the individual contributions of the inputs but the information
is only partial because the knowledge of the interactions and the intrinsic randomness
are lacking.

3.2. Construction of the estimators. We construct estimators for the indices
in Definition 3.1 and 3.2 by Monte-Carlo simulation. The input space is “explored”
n times; at each exploration two independent input vectors are drawn, combined
and passed to the stochastic model which is run m times. The integer n is called
the number of explorations and the integer m is called the number of repetitions.

This manuscript is for review purposes only.
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The couple (n,m) is called the design of the Monte-Carlo sampling scheme. The
total number of calls to the stochastic model is mn(p + 1). The details are given in
Algorithm 3.1.

Algorithm 3.1 Generate a Monte-Carlo sample

for i =1ton do ‘ ‘ . ‘
draw two independent copies X () = (Xl(l), ... ,XI(,Z)), X@ = ()~(1(1), . f(;”)
for 7=0,1,...,pdo
for k =1tom do

run the stochasti(g glodel at )Z'(_Z; = ()?1( 2 Xj(l)17 X(l) X](_gl, ..

get an output Y;
end for
end for
end for

.,X,(f)) to

In the algorithm above, )~((_Z()) = X by convention. By assumption, the objects
X, N(f)- and Y(l’k) j=0,...,p, k=1,...,m,4i=1,...,n, are random vectors
such that the sets {X@ X() Y(Zk) j=0,....;;k=1,....m},i=1,...,n, are
iid, X® and X are 1ndependent and P(NY_q NjL, {Y(i’k) B(k)}|X D, X)) =

follie P (Y(Z k) ¢ B \X(’) X @) for all Borel sets B ) € B. Tt is easy to see that
these conditions characterize the joint law of the set {X(_j)., Yj(l k) ij=0,....,p; k=

1,...,m;¢=1,...,n}, that is, the inputs and the outputs of Algorithm 3.1.
In view of Section 2, assume without loss of generality that there is some function

(i)

[ and some random variables Z;"7, j =0,...,p,k=1,...,m,i=1,...,n, such that

Yj(z’k) = f(X (_3, Z(Z k)) where all of the random vectors in the sets {X®, X @ Z](l’k) :
13=0,...,p; k= 1 .,m}, i =1,...,n, are mutually independent and all of these
sets are i.i.d. We Shall use both the notations Y and f(X, Z) to denote the outputs.

With the above notation, the estimators (1.4) of the indices of the second kind

are rewritten

. J . 2
n m (i,k) m (i,k") n m (i,k)
%Zi=1%2k=1YOZ iZk’ 1Y'l 7(%Zi=1%2k=1Y01 )
2
n i,k n (i,k
Ly (B ) - (r, e, )

(3.4) §7, . =

J;n,m )

j=1,...,p, which are indeed the empirical versions of the indices S}, since

. Eg(XM)g(x%)) — (Eg(xM))>?
% T Eg(XM) - (Eg(X ()
(3.5)

EE[f(XD, z8"V) XV E[f(XY), ") X)) - (BEF(XD, 2"D)x ()2
EE[f(XM, Z")[ XD — (BE[f(XD, 25" [ xD)])2

As said in the Introduction, this estimator is used implicitly by practitioners but has
not been formally studied in the literature. A simplified version with m = n appears
n [13, 14].
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To estimate the sensitivity indices of the first kind, we exploit a formula similar
to (3.5). Indeed, we have

E f(xW, z8) p(x ), z800) — (B r(x ™, z50))?

E f(XM,Z"D)2 — (B f(XM, Z§"D))2

J

(3.6)

~ ~ 2
BE[f(XD, 26X O B[, )X - (BE[F(x0, )X D))

1) 7@y x (1) 1) 7LDy (1) ?
BE[/(XO, 2V X 0] - (BELF(XO, 2§")| x M)

Notice that the upper left, upper right and the lower right terms are identical to the
upper left, upper right and the lower right terms in (3.5) respectively. The upper
left term is the only term that depends on j and, therefore, it is the only term that
permits to discriminate between any two indices of the same kind. For this reason, it
is called the discriminator. It is denoted by D;. Formula (3.6) yields the estimator

. - . 2
i,k i,k i,k
EDDANE DO (D DD i (% S i Yy ))

1) S = (i.k) (i.k)) 2
n m i,k)2 n m i,k
I A Y - (A R )

Jin,m

Since the estimators for the discriminator are identical, both kinds of sensitivity
indices lead to the same estimated ranking of the inputs. All of the 2p estimators
can be computed with mn(p + 1) runs of the stochastic model. In (3.7) and (3.4), if
m = 1 and if the function f does in fact not depend on Z, then the estimators reduce
to Sobol estimators [29, 30] for deterministic models.

4. Choosing between Monte-Carlo designs. The estimators in Section 3
depend on the design (n,m) of the Monte-Carlo sampling scheme. To estimate the
sensitivity indices in Definition 3.1 and Definition 3.2, the stochastic model has to be
called (p+ 1)mn times.

It is reasonable to think of a sensitivity analysis as done the following way. The
total number of calls is set to a limit, say 7. Then n and m are chosen so that
T = (p + 1)mn. For instance, suppose that one cannot afford more than 150 calls to
a model with two inputs. Then T = 150, p = 2 and one can choose either one of the
columns in the following table

n 50 25 10 5 2 1
m 1 2 5 10 25 50.

Denote by div,(T") the set of all divisors of T'/(p + 1) between 1 and T'/(p + 1).
In the example above, divy(150) = {1,2,5,10,25,50}. There are as many designs as
there are elements in the set div,(T). Each one of those elements corresponds to a
possible combination for n and m which Algorithm 3.1 can be run with. The resulting
estimators require the same number of calls but do not perform equally well. The
goal of this section is to find the “best” way to estimate the sensitivity indices.

4.1. Introducing the miss-ranking error and its bound. To compare the
estimators, a measure of performance has to be defined. We shall consider the miss-
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A TRADEOFF BETWEEN EXPLORATIONS AND REPETITIONS 11

ranking error (MRE), defined by

P
MRE =E [ > |Rjinm — Ryl | ,

Jj=1

where R; is the rank of D; among Dx,..., Dy, that is, R; = Y% _ 1(D; < Dy), and
Ej;mm is an estimator of R;. Recall that Dy,..., D, are the upper-left terms in (3.6)
and (3.5). They determine the ranks of the sensitivity indices. The MRE is small
when one succeeds in ranking the inputs from the most to the least important, a task
which is called “factors prioritization” in [27, p. 52]. For simplicity, we assume that
the sensitivity indices, and hence the quantities Dy, ..., D,, are distincts, so that they
can be ranked unambiguously. This assumption is mild: even if D; and D;: only differ
by a small amount, it is still satisfied. Recall that the ranks of the sensitivity indices
of the first kind coincide with the ranks of the sensitivity indices of the second kind.
Thus, the MRE permits to find a unique solution for both kinds of sensitivity indices.

The MRE has a bound with interesting mathematical properties. Denote by
MRE(T,m) the MRE based on T calls to the model with m repetitions, so that the
number of explorations is T'/(p+1)/m. To shorten the notation, let (X1, X)) = X,

FXD, Z80) =Yg and (X, 200D) = v,

PROPOSITION 4.1. Let ﬁjm,m, j=1,...,p, be the upper-left term in (3.7) or (34)'
and put Rjm = > 01 1(Disnm < Djinm)- If D1, ..., D, are all distincts then

MRE(T, m) < im (m Ep: Var(E[Y,Y;|X])

S

+ 3 EVar(YY;[X) — Var(¥p/X) Var(¥;|X)]

=

>~ E[Var(Ye|X) Var(v;1X)]),

j=1
where

_ A1)
min(|D; — Dy|?)’
J<j’

The constant L tells us that the bound is smaller when the indices are well
separated. The bound goes to zero when the number of explorations goes to infinity.
This is true even if the number of repetitions is fixed. Most interestingly, the bound
separates T and m: substituting T/(p + 1) for nm in the denominator of the bound,
we get

(4.1) MRE(T,m) < —v(m), m € div,(T),

Nl
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12 G. MAZO

where

v(m) = p—i—l( E Var(E Yij|X])+§ E[Var(Y,Y;|X)—Var(Yy|X) Var(Y;|X)]
i=1
+% Y E[Var(¥y|X) Var(Yj|X)]).

Jj=1

Denote by mTT the element m € div,(T) that minimizes v(m). Taking m = m}
n (4.1), we get the bound

MRE(T, m}.) <

for all m € div,(T).

Thus choosing m = mTT and n = T/(p + 1)/mTT in Algorithm 3.1 ensures that the
MRE cannot exceed the least possible bound. The least possible bound wv(ml.)/T

is also called the best obtainable guarantee. However, mTT is unknown and must be
estimated.

Remark 4.2. The choice of T', through the specification of div,(T"), will influence
the quality of the bound. It is clear that choosing T/(p+ 1) a prime number may not
be a good idea because v(mTT) will be either v(1) or v(T'/(p + 1)). On the opposite,
choosing T'/(p + 1) a factorial number ensures many more choices (in fact, all).

4.2. A two-stage procedure to estimate the sensitivity indices. The re-
sults in Section 4.1 suggest a two-stage procedure to estimate the sensitivity indices.
The procedure is given in Algorithm 4.1. The computational budget is split into two
parts K and T — K. Denote by m}._,. the element m € div,(T — K) that minimizes

the function v(m). The first K calls to the model are used to estimate m;_ - The
last T'— K calls to the model are used to estimate the sensitivity indices.

Algorithm 4.1 Estimate the sensitivity indices by a two-stage procedure

Stage 1. Choose an integer K such that K/(p+1) and (T'— K)/(p+1) are integers
also. Choose integers mg and ng such that K = mgng(p + 1). Run Algorithm 3.1
with m = mg and n = ng. Estimate mier by an estimator fﬁTTfK € div,(T — K).

Stage 2. Run Algorithm 3.1 with m = ﬁz}_K and

T-K

n = 7/\1_.
(p+ Dmp_g

Compute the sensitivity indices estimators (3.7) and (3.4).

In Algorithm 4.1 we need ﬁz}_K an estimator of m}_K. Let us build one. Let
m™ be the minimizer of v seen as a function on the positive reals. Since v is convex,
the minimizer is unique. It follows from (4.1) and Proposition 4.1 that

42) \/Z E[Var(Y;|X) Var(Y;|X)] \/ZJ ey

Var( [Y()Y |X J 14-1]
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A TRADEOFF BETWEEN EXPLORATIONS AND REPETITIONS 13

where (3 ; = E[Var(Yy|X) Var(Y;|X)] and ¢; ; = Var(E[YY;|X]), j=1,...,p.
Let o7 : (0,00) — div,(T), be the function defined by pr(z) =1if 0 <z <1,
or(z)=T/(p+1)ifx>T/(p+1), and

() = Leor i NLxor T > a > 1
Pri\t) = Fxlp  if zop olp <z < p+1

where
Leop = max{m € div,(T), m <z}, Tz7p =min{m € div,(T), m > z}.

The function @7 is piecewise constant with discontinuity points at /77, where ¢ and
Jj are two consecutive elements of div,(T').

PROPOSITION 4.3. If m* > 0 then m}fK = or_rg(m*). If, moreover,
Lm* op— g "m* 'r_k is not equal to m*? then the minimizer of v(m), m € div,(T—K),
1S unique.

Proposition 4.3 suggests that mTT7 x can be estimated by applying the function

pr_k to an estimate of m*. Thus, our problem of estimating m;,K boils down to
the problem of estimating m™*. Let us find an estimator of m*. Remember that it has
to be based on the first K = mgng(p + 1) calls to the model. In view of (4.2), put

(4.3)
where
é3,j*
(4.4) iii % f(x@ 7l kl)) 1 . f(X(’L) Z(%kz))z
Mo ;27 Mo ) mo -

T L P N A T S
4.5 il — X® glk - X Z{hk
(4.5) +n02<m0 f(xXW, z; )) (mo >, ))

i=1 ki1=1 ko=1

LS (18w e LS
4.6 -— — X0z — XMz
(4.6) nOZ;( Okilf( )) mo,_lf( B2

= 'l = v —

L LSS x@ glikoge (LSS o 50 gk ’
4.7 N = i) gliky2 [ 2 X gliske
( ) nOZmOZf( » <0 ) mo .f( —jr %3 ) )

=1 ki=1 ko=1
and

617]’:

2

1 & 1 . ,

= (5) (k) (@0) (ik)
(48) n02<m02f 2 (X0 Z, ))

T s A
(4.9) o 2 2 S 2 X 2 )
=1 k=1
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Notice that 217]' >0 and 2373' > 0 so that mj, > 0. If mg =1 then Zg,j = 0 and hence
mi =0.

The estimator mj; is consistent and asymptotically normal on some conditions
on the rates of ng and my.

THEOREM 4.4. Assume (3.1) holds. Let ng — co. If mg is fized then
A~ sk * c d 2
Vo | Mg — |M +m7+6m0 —)N(0,0’mo),
0

where C' is some constant, €, = C’l/mg + -+ C’N/mé\H'1 for some constants
Cy,...,Cn and U?no 18 some variance depending on mqg. If mg — oo then the above
display with €, = o(1/mg) and o.,, replaced by lim,, o0 Om, 18 true.

Theorem 4.4 shows that m}, is asymptotically biased. The bias is polynomial in
1/myg. Corollary 4.5 shows that letting mo — oo suffices to get the consistency of mj,

but to get a central limit theorem centered around m*, it is furthermore needed that

\/’I’Lo/mo — 0.

COROLLARY 4.5. Assume (3.1) holds. Let ng — oo and mg — co. Then mj, it
m*. If, moreover, \/ng/mqo — 0, then

Vio(iy —m*) 5 N0, lim o2, ).
mo—>00
Now we have everything that is needed to estimate m}_ k- Put ﬁL;_ K =
wr_i(mj;). Proposition 4.6 states that fﬁTT_K and m;_K are equal with proba-
bility going to one.
PROPOSITION 4.6. Assume (3.1) holds. Let ng — oo and mg — oco. Then

P (ffLTTiK = m;7K> — 1.
All the details of Algorithm 4.1 have been given.

4.3. Performance. To get some insight into the performance of Algorithm 4.1,
we look at the estimators produced in Stage 2, which are built with T — K calls
to the model with m}._,. repetitions and (T — K)/(p 4+ 1)/m}._, explorations. Let

~

Djsm, j =1,...,p, be the discriminators of those estimators, so that & = (T —
K)/(p + 1)/771}71( and m = ﬁzI,LK. Let R;.; m be the rank of D, 7 among
Bl;ﬁ7»ﬁ~b,...,ﬁp;ﬁ7m. The conditional expectation of Z§:1|§‘;ﬁ7ﬁl — Rj| given the

outputs produced in Stage 1 is equal to MRE(T — K, ﬁzTT_ ), the MRE based on
T — K calls to the model with ﬁl;_K repetitions and (T — K)/(p+ 1)/7%}_K explo-
rations. Recall that the estimator ﬁz}_ x 1s computed with K calls to the model and
by construction T/T\l;w_K € div,(T — K). Equation (4.1) yields

1
(4.10) MRE(T — K, k) < T KU(T?JT_K),

where the inequality above is to be understood almost surely, since both sides of
equation are random variables.
We shall show that, under conditions on 7" and K, the bound in (4.10) is in

fact close to the best obtainable guarantee v(m;) /T. Suppose for simplicity that

This manuscript is for review purposes only.
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div, (T — K) C divy(T). Since ﬁzTT_ i € div,(T — K) by construction, we have
b € divy(T) and therefore v(m})/T < v(ml._,)/(T — K) by definition of m)..
The left hand side is the best guarantee we can hope for and corresponds to the case
where K = 0 in Algorithm 4.1. It can be interpreted as the guarantee obtained if we
would know the value of m* in (4.2), for in that case we would not need to spend
budget in Stage 1 of Algorithm 4.1. We proceed in two steps.

THEOREM 4.7. Assume that the conditions of Proposition 4.6 are fulfilled. Sup-
pose furthermore that K — oo such that K/T — 0. Then

() = golmh_ )1+ 0p(1).

Theorem 4.7 holds without the condition div,(T — K) C div,(T). Imposing this
condition, we get Corollary 4.8 below.

COROLLARY 4.8. If, in addition to the conditions of Theorem 4.7, div,(T —K) C
div,(T) then

MRE(T — K, m}_,) < U(T;TT)(l +0p(1)).

The result of Corollary 4.8 easily follows from (4.10) and Theorem 4.7 because
mTTiK = mTT assoonas (T — K)/(p+1) > m‘LT7K7 which happens eventually as T
and K go to infinity because the function v is convex.

5. Asymptotic normality of the sensitivity indices estimators. The sen-
sitivity indices estimators of Section 3.2 depend on both m and n. It is clear that
n should go to infinity to get central limit theorems. It may be less clear, however,
whether or not m should go to infinity as well. The answer depends on the kind of
the sensitivity index we are looking at.

Two frameworks are considered:

e n — oo and m is fixed;

e n — oo and m — oo.
In the second framework m = m,, is a sequence indexed by n that goes to infinity as
n goes to infinity. Denote by S’ (resp. S”) the column vector with coordinates S}

~
!

(resp. S}), j = 1,...,p, and denote by S (resp. §Zm) the column vector with

coordinates S’};mm given in (3.7) (resp. S’\;’nm given in (3.4)). Theorem 5.1 below
A

predicts that the joint vector (§nm, §’,{Tm)T is asymptotically normal.

THEOREM 5.1. Assume (3.1) holds. Let n — oo. If m is fived then
S J
v <§u _ g {1 | BVar(f(X.2)|X) }) = N(0,Em),
n,m

T EVar(f(X,2)[X) +m Var B(F (X, Z)[X)

for some nonnegative matriz Z,, of size 2p x 2p. If m — oo then, elementwise,
lim,, 00 Ey exists and the above display with Z,, replaced by limy, ., 2., s true.

A blockwise reading of Theorem 5.1 shows that the behaviors of S/, , and §§{m

n,m
nT

n.m 1S asymptot-

m

differ. While /S\;T is asymptotically unbiased even if m is kept fixed, S
ically biased in general even if m goes to infinity. The estimator /S\'/r;m under-estimates
S”. The bias, given by
" E Var(f(X, Z)|X)
EVar(f(X, Z)|X) + mVarE(f (X, Z2)|X)’
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is null whenever f actually does not depend on Z, and large whenever the stochastic
model is highly stochastic.

Corollary 5.2 below shows that m must go to infinity fast enough to avoid the
estimator to be concentrated around the wrong target.

COROLLARY 5.2. Assume (3.1) holds. Letn — co. If m — oo such that /n/m —
0 then

Vit (8 = 8") BN (0.5,

where Zog is the lower-right block of the matrix lim,, ,~ =, given in Theorem 5.1.

The difference between ’S\;Lm and §Zm is due to the difference between the lower-
left terms in (3.7) and (3.4). While the lower-left term in (3.7) is unbiased for all n
and m, the lower-left term in (3.4) has a bias depending on m which propagates to the
estimator of the sensitivity indices. (The calculations are carried out in Appendix D.)
From a statistical perspective, it is more difficult to estimate the sensitivity indices of
the second kind than to estimate the sensitivity indices of the first kind. To estimate
the former, one needs to repeat the model many times. To estimate the later, this is
not necessary.

6. Numerical tests. Section 6.1 illustrates how the MRE responds to a change
in the Monte-Carlo design. In Section 6.1 the total budget T is kept fixed. Section 6.2
illustrates how the sensitivity indices estimators behave asymptotically. In Section 6.2
the total budget T increases.

6.1. Comparison of Monte-Carlo designs. The effect of the number of rep-
etitions on the sensitivity indices estimators and the effect of the calibration in the
two-stage procedure are examined in two kinds of experiments: the “direct” experi-
ments and the “calibration” experiments.

In the direct experiments, the sensitivity indices are estimated directly with the
given number of repetitions. Increasing numbers of repetitions m are tested. (Since
the budget is fixed, this goes with decreasing numbers of explorations.) For each m,
the mean squared errors (MSEs), given by E Z;’:l(/\;;n,m —5})? and E Zle(é\;/nm —
S}’ )2, are estimated with replications. They are also split into the sum of the squared
biases and the sum of the variances to get further insight about the behavior of the
estimators. The MREs are estimated as well. A normalized version is considered:
it is the MRE divided by the number of variables. For models with two inputs, the
normalized MRE is interpreted directly as the probability that the two inputs are
ranked incorrectly.

In the calibration experiments, the sensitivity indices are estimated with the two-
stage procedure, the results of which depend on the calibration parameters K and
myg. Various calibration parameters are tested to see their effect on the MRE. The
budgets for the direct experiments and the calibration experiments are the same so
that the numbers can be compared. In particular, the direct experiments correspond
to the case K = 0 in the calibration experiments.

A linear model of the form Y = X1 + 8Xs + 0Z, where X1, X5, Z, are standard
normal random variables and 3,0 are real coefficients, has been considered because
the sensitivity indices are explicit and hence the performance of the estimators can
be evaluated easily. The quantity m* is explicit: the formula is given in Appendix E.

6.1.1. High noise context. The coefficients are § = 1.2 and ¢ = 4. The
sensitivity indices are S; = 0.05, S5 = 0.08, Sy = 0.41 and S§ = 0.59. The real
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mo o
K/3 2 5 10 20 | 20 10 5 2
400 | 0.43 0.42 0.42 - - 042 0.39 040
200 | 0.38 0.39 0.37 - - 035 035 034
100 | 0.36  0.37 - - - - 032 0.30
50 | 0.39 0.33 - - - - 033 031

Table 1: Normalized MRE in the linear model with high noise for various calibrations:
K/(p+ 1) = 50,100, 200,400 and mq = 2,5,10,20, ... For instance, for K/(p+ 1) =
200 = mgng, the normalized MRE is available for mo = 2, 5, 10, 20, 40, 100.

m* is about 5.8. The total budget is T'= 3 x 500 = 1500 and hence divy(1500) =
{1,2,4,5,10,20,25,50,100, 125,250, 500}. The integer m];500 is equal to p1500(Mm*) =
5. Since the budget is kept fixed, the numbers of explorations are, respectively,
500, 250, 125, 100, 50, 25, 20, 10, 5,4, 2, 1. The number of replications is 1500.

The results of the direct experiment are given in Figure 1 for m = 1, 2, 4, 5, 10,
20, 25. The MSE of first kind does not vary with the number of repetitions and is
much lower than the MSE of second kind, see (¢). The estimators of the second kind
are highly biased for small numbers of repetitions (a) and they have a higher variance
for larger numbers of repetitions (b). The fact that the bias is high for small numbers
of repetitions agrees with the theory, according to which the bias should vanish as m
goes to infinity. Overall, the sensitivity indices of the second kind seem to be much
harder to estimate than the indices of the first kind, the estimators of which have a
negligible bias and a very small variance whatever the number of repetitions.

According to Figure 1(c), the normalized MRE curve has a banana shape with a
minimum of about slightly less than 30% reached around m € {5,10} and endpoints
with a value of about 35%. A value of 30% means that the probability of ranking
the inputs correctly is about 70%. The region of observed optimal performance m €
{5, 10} coincides with m1{500 = 5, the point at which the bound is minimal.

The results of the calibration experiment is given in Table 1 for the normalized
MRE. The lowest MREs are reached at the bottom right of the table, with values
corresponding to 2 < m < 10 in Figure 1 (¢). Optimal performance is reached with
very few explorations in the first stage of the two-stage procedure. In this case, the
estimator m}, has a small bias but a high variance. It seems to be better than an
estimator with a small variance but a large bias. This might be explained by the low
curvature of the MRE curve.

6.1.2. Low noise context. The coefficients are § = 1.2 and ¢ = 0.9. The
sensitivity indices are S7 = 0.31, S5 = 0.44, Sy = 0.41 and S§ = 0.59. The real
m* is about 0.30 and hence the integer m11-500 is equal to 1. As expected, these
numbers are smaller than the ones found in the high noise context. The total budget
is T'= 3 x 500 = 1500. The number of replications is 500.

The results for the direct experiment are given in Figure 2. The MSE of first
kind increases with the number of repetitions, see (c): this is due to the increase
of the variance (b), while the bias is negligible (a). As in the high noise context,
the estimators of the second kind have a decreasing bias and an increasing variance,
although the decrease of the bias is of much less magnitude. This agrees with the
theory, where we have seen that, for the sensitivity indices of the second kind, the
biases of the estimators are small when the noise of the model is low.
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Fig. 1: Sum of squared biases (a), sum of variances (b) and errors (c) of the sensitivity
indices estimators for the linear model in the high noise setting. Confidence intervals
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A

MSE of first kind

0o -o00 o

A/A

° °

of level 95% are added in (c).

In Figure 2 (c¢), the normalized MRE varies a lot. It increases from about 2% at
m = 1 to 30% at m = 25. Thus, unlike in the high noise setting, choosing a good
number of repetitions is important. The best performance is achieved at m = 1, which

T T T
5 10 15

m

(c) Errors

T T
20 25

coincides with the minimizer mIE)OO =1 of the bound.

The results of the calibration experiment for the normalized MRE is given in
Table 2. The best performance is reached at the bottom left of the table with numbers
that correspond to the optimal performance in Figure 2 (c¢). Moreover, notice that a

large spectrum of calibration parameters (K, mg) yield low errors.
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m
(c) Error

Fig. 2: Sum of squared biases (a), sum of variances (b) and errors (c) of the sensitivity
indices estimators for the linear model in the low noise context. Confidence intervals
of level 95% are added in (c).

mo no
K/3 2 5 10 20 | 20 10 5 2
400 | 0.18 0.15 0.17 - - 016 0.18 0.20
200 | 0.05 0.04 0.04 - - 0.06 0.05 0.07
100 | 0.02 0.04 - - - - 0.04 0.04
50 | 0.03 0.02 - - - - 0.02 0.04

Table 2: Normalized MRE in the linear model with low noise for various calibrations:
K/(p+ 1) = 50,100, 200,400 and mq = 2,5,10,20, ... For instance, for K/(p+ 1) =
200 = mgng, the normalized MRE is available for mo = 2, 5, 10, 20, 40, 100.
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6.2. Asymptotic behavior of the sensitivity indices estimators. To illus-
trate the asymptotic behavior of the sensitivity indices estimators, Sobol’s g-function,
a benchmark in sensitivity analysis [25, 20], is considered. Sobol’s g-function is given
by

p+1
|4U]'—2‘+(Zj
Ui,...,U, = —_
g( 1 ) p+1) Jl;[l 1+a] )

where the a; are nonnegative and the U; are independent standard uniform random
variables. The less a; the more U; is important. Elementary calculations show that
the first-order Sobol index associated with U; is given by

-1
1 P (473 4+ a2 + 2a;
O] 4/ 3 i)

3(1 +a;)? (1+a;)?

Jj=1

S(al,...,ap+1) —
J

To build a stochastic model out of Sobol’s g-function, we let one of the U; play
the role of Z. For instance if U;, 1 < i < p+ 1, were to play this role, then the
stochastic model would be

(6.1) Y =f(X1,.. . X Z) = g(X1,... . Xi1, 2, Xi, ..., X,).

Of course Y and f above depend on ¢. In the rest of this section we choose arbitrarily
i=2and p=4.

The Sobol indices of the first and of the second kind (in the sense of Definition 3.1
and 3.2) are then easily seen to be

o _ Slavstr)ip ) << 1
R P

bi1,...,b;
and S7 = SJ(- ! p)7 where

b a; f1<j<i-—1,
N aj41 1fz§]§p

For each kind of Sobol index, we produced 500 estimates of the p Sobol indices
and computed the values of the mean squared error (MSE) by averaging over the
500 replications and summing over the p indices. We tested n = 100, 500, 2500 and
m = 1,10, 100.

The MSEs are shown in Figure 3. Let us look at 3a. As n increases, the decrease
is linear for each m. This indicates that the MSEs go to zero at a polynomial rate,
even if m is fixed (look at the line m = 1). This agrees with the theoretical results
of Section 5. The picture is different for the estimator of Sobol indices of the second
kind. In 3b, the curve for m = 1 is not a straight line, indicating that the MSE may
not go to zero. Indeed, the MSE for m fixed is not expected to go to zero because
of the bias depending on m. To make the MSE go to zero, one has to force m go to
infinity.

Figure 4, which shows the distribution of the estimates for the index associated
to X1, better explains this phenomenon. Here the bias is apparent for m = 1 and
vanishes as m goes to infinity. The bias for the indices associated with the other
inputs is not as large (not shown here).
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Fig. 3: MSEs for the Sobol index estimators of the first and second kind (logarithmic
scale).
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Fig. 4: Boxplots of the estimates for the Sobol index of the second kind associated
with X;. The red horizontal line is the truth.

7. Conclusion. The practical method that consists of repeating the stochastic
model at each exploration of the input space was analysed in the context of global
sensitivity analysis. To find a tradeoff between the number of explorations n and the
number of repetitions m, a bound on the missranking error (MRE) was found and
minimized, leading to a solution in closed form. A two-step procedure was imple-
mented to estimate the sensitivity indices. It was shown to have good asymptotic
properties. Two sensitivity indices were considered. The sensitivity index of the first
kind results from the existence of a function that links the output, the inputs and
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some random noise in stochastic models defined through probability measures. The
sensitivity index of the second kind is the population version of the estimator (1.4). An
asymptotic analysis of the estimators was conducted. It was found that the estimators
for the indices of the second kind may be asymptotically biased if m goes to infinity
too slowly, while the estimators for the indices of the first kind are asymptotically
unbiased even if m remains fixed. To test the theory, simulation experiments were
conducted and the bias of the sensitivity estimator of the second kind was confirmed.
Optimal compromises between repetitions and explorations have been identified and
compared with the output of the two-stage procedure.

This work opens many research directions. First, the sensitivity estimators of the
two stages could be aggregated to build estimators with a lower variance. Second,
other methods might be developed to optimize the Monte-Carlo sampling scheme. For
instance the MSE might be approximated or asymptotic variance-covariance matrices
might be minimized. Third, multilevel Monte-Carlo sampling schemes might be con-
sidered to alleviate the bias issue. Fourth, a finite-sample analysis could be conducted
to get insight into the tradeoff K is subjected to. Fifth, since the bias is known, it
could be estimated to build bias-corrected sensitivity indices estimators. Sixth, the
problem of choosing a number of calls with many divisors must be addressed. It may
be worth to call the model a bit less if this permits to have a better set div,(T). Sev-
enth, the connection between our representation of stochastic models and that of [10]
could be investigated further.

Appendix A. Calculations of some sensitivity indices.
A.1. Calculations for §PAG in Example 2. We have

aiae o (VarE[f(X, 21X, Z2)2)\ [ Var(BIf(X. 2)X;. 2)12)
51 E( Var(/(X, 2)|2) >/Q Var(f(X, 2)2)

Since the term inside the integral is a function of Z and the law of Z is the standard
uniform distribution, a change of measures yields

gFAG _ Var(E[f(X,2)|X;,Z = 2||Z = z) & = Var(E[f(X, 2)|X1])

on  Var(f(X.2)|Z = 2) = Jon  Va(f(X.2)

It remains to know what the ratio inside the integral is. We have

Var(f(X,z)) = Var(® 1 (2) Xz + X;) =0 *(2)? Var(Xz) + Var(X;)
_ L? 1
=® 1(’2)25 + E,
and

Var(E[f (X, z)|X1]) = Var(E[® " (2) X2 + X1|X1])
= Var(® ! (2) E[X2| X1] + E[X1|X1])
=Var(®(2) E[X5] + X1)

(X1)
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and hence

~ 1 > 1 1
{_IAG = / 1 a75 T dz = / =7 7 76_22/2 dz.
(071) @ (Z) L + 1 —o0 z L + 1 \/2’]‘(

A.2. Calculations for S| in Example 4. The sensitivity index of the first
kind associated with the first input is given by

S, 7V&I‘[E(X1 -+ X2@71(2)|X1)]
LT Var[X + Xp®@1(2)]

The numerator is given by Var[E(X; + Xo®71(2)|X;)] = Var[X; + E(X1@71(2))] =
Var[X;] = 1/12. The denominator is given by Var[X; + Xo®71(Z)] = Var[X;] +
Var[Xo®~1(Z)] = 1/12 + Var[X,®1(Z)], where

Var[X,®@ 1 (2)] = Var[E(Xo®1(2)|2)] + E(Var[X,@ 1 (2)]Z])

= Var [cp—liz) (g + 1)} + /01 ®1(2)? Var[X,] dz
()2

o 1/12 B 1
VU124 (D)2 +1)2 4+ L2/12 0 4(L243(L+ 1) + 1

so that

Appendix B. Proofs.

B.1. Proof of Lemma 2.2. Since P* is a product probability measure, we
can write P* = @7_  Pf. Let Q = (0,1)?*" endowed with its Borel o-field and let

P be the product Lebesgue measure ADT I F}; denotes the distribution function
corresonding to P; then, for w = (w1,...,wp41) € Q, put Xj(w) = F~(w;) =
inf{z; € R: Fj(z;) > w;} forall j = 1,...,p and Z(w) = wpt1. Take f(x,2) =
Ff(z) :==1inf{t € R: F,(t) > z}, z € (0,1), where F;, is the cumulative distribution
function associated with @,. Standard probability techniques show that f(z,Z2) is
measurable for every x. Moreover, for every t € R,

P(f(z,2) <t)

=P(Z < F,(t)) = A9 {w € Q1 wpyr < Fu(t)} = MO, Fy(t)] = Fu(t).
Finally, by the same token,

P(Xy <ty,..., X, <tp, Z <tyi1)
P
:P{w twy < Fl(tl)a cowp < Fp(tp)awp+1 < tp+1} = tpt1 H Fj(tj)-
j=1
The proof is complete.

Proof of Proposition 4.1. Assume without loss of generality that Dy < --- <
D,,. We first prove the following Lemma. For convenience, the subscripts n and m
are left out.
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802 LEMMA B.1. Leti < j. Then

~ Var D; + Var D;
803 P(D; — D; > 0) < ~r it Var By
804 §|Di —D;[?

805 Proof. We have

806 P(ﬁl—ﬁj 20) SP(|E1—D1|+|Z/§]—D]| ED]—DZ)
~ ~ 1
807 <P(|Di = Dif* +|D; = D|* > 5|D; = Dif*)
868
810 and the claim follows from Markov’s inequality.
811 We now prove Proposition 4.1. Recall that Dy < --- < D,. We have
P R PP R R
812 Y E|R;— R <> > E|L(D, < D;) — 1(D; < D)
i=1 i=1 j=1
» ~ ~
_ Var D; + Var D;
813 S;Z—HDZ'*D-IQ
=1 j#i 2 J
4p-1) N~y 7
814 <—r Var D;,
¢ _mlI}‘DJ — Dj/|2 ; a
815 =

816  where the second inequality holds by Lemma B.1 and because

o E[1(D; > D;)| ifj<i,
817 E|1(D; < D;) -1(D; < D;)| = 0 ifj=s,
. E1(D; < D;)| ifj>i.

819 It remains to calculate the variances. But this is done in Lemma D.3 in Appendix D,
820 where it is found that

~ 1 1
821 Var D; =—{Var E[YY;|X] + —(E Var[Y,Y;|X] — Var[¥,|X] Var[Y;|X])
n m
1
822 + —5 E Var[Yy|X] Var[Y;|X]}.
823 m
824 Proof of Proposition 4.3. We distinguish between three cases: 0 < m* < 1,

§25 m* > (T —K)/(p+1)and 1 < m* < (T — K)/(p+ 1). Recall that m}._, is the
826 minimizer of v(m), m in div, (T — K).

827 If 0 < m* < 1 then by definition ¢r_g(m*) = 1 and by convexity v(m*) <
828 (1) <w(m) for all m in div, (T — K). Therefore mTTfK =1.
829 If m*> (T'— K)/(p+1) then by definition pp_g(m*) = (T'— K)/(p+ 1) and by

830 convexity v(m*) < v((T — K)/(p+ 1)) < v(m) for all m in div,(T — K). Therefore
831 mTTfK =(T-K)/(p+1).

832 If1<m*<(T-K)/(p+1) then by definition
833 (m*) = vm ok i \/omt ok TmF o > m*
;451 oK I O \/l_m* ar— k" m* lr_ g <mF.
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By convexity me_K must be Lm*or_g or "Tm* r_g. I em*or_ g = "m* 'r_ g then

m}_K ="™m*p_g = er_k(m*). Otherwise, since v(z) = Gz + (o + (3/z, x > 0,

for some constants (1, (s and (3 such that (3/{; = m*, we have

U(\_m*JT_K) < U(’_m*—'T_K) iff \/I_m*_IT_KI—m T-K > % =m".
1
Therefore pr_ K (m*) = mELK.
Let us prove that the minimizer of v(m), m € div,(T — K), is unique if m* #
\/I_m*_IT_K'_m*jT_K. If it were not, then we would have v(Lm*ir_k)

= v("m* 'r_kg). Bus this implies m* = \/\_m*JT_KI_m*—IT_K, which is a contra-
diction.

Proof of Theorem 4.4. In this proof mg and ng are denoted by m and n,
respectively. In view of (4.3) and (4.4)—(4.9), we have

= 4.4 4.5 4.6 4.7
~ % Zé):l <37j f 1 E i=1 6(,771)1 + 6]( m)z g(,m,)z - 5(,m,)z
mK = = =

2
21 L LA - ()

i=1ln i=157;m,i n 1=15j;m,1

where the f mis 0 =1,..om, g =1,...,p, e =44,...,49, are implicitly defined
through (4. 4) (4 9). Let

)T

m
—

T .
£1mz7"'7€p,mi 5 7;:17.._’717

(4.4 4.9 . )
£j§m,i:(€jm)ﬂ" g,;m)l) ) ]:1,...7p’ ZZI,...,TL.

Let s be the function defined by

P (44 (4.5) _ (46) (4.7)
s = | = T T T
- p (4 8) (4.9)2 ’
=17 Zj
where x = (x7,... ,x;)T, X; = (x§4'4), e ,xg-q‘g))T, j=1,...,p. With the above

notation we have m% = s(€). Moreover, elementary calculations show that
. C
v
(B.1) B¢, :0+le,
v=

where the C,, are vectors of constants, 8 = (8 , ... ,0;)—'— and

YO(I 1)2Y(1 1)2
y 1y (12)y (1 Dy (2
Y(l 1)Y(1 Z)Y(l 2
Y(l 1)Y(1 2)Y(1 1)2
Y<1J1>Y<1J2>Y(1 Dy (12
Y(l 1)Y(1 0

0, =E
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Check that m* = s(0). A concatenation of two Taylor expansions yield

VAE B y1) 3B, 0) + (€~ By ) Fnml€ By )
(B2)  =Vi(s(€) - (&, 1)
—VA(5(8) ~ 5(6) — (B, —0)T8(6) — (s — 6) 50 (BE,, — 6))

where § is the gradient of s, 3, ,, is the Hessian matrix of s at a point between I3
and 6,,, and, §,, is the Hessian matrix of s at a point between E§,, ; and 6. It

follows from (B.1) that (E€,, ; —) " 5(8) is clearly of the form Zi:l Cy/mY for some
constants C,,. Putting

1 e
em =5 (B&n1 —0) 5m(BE, 1 —0)+) —,

v=2

it follows from (B.2) that

(B3) VA€~ Bbps) $(B81) + 5~ Bbpr) 5@~ B, )
~ % * C
=Vn(mjx —m —El—em).

If m is fixed then Lemma C.2 in Appendix C yields
\/ﬁ(g - Egm,l) - N(Oa Em)?

for some variance-covariance matrix 3., of size 6p x 6p. Moreover, the second term in
the left-hand side of (B.3) is op(1) by Cauchy-Schwartz’s inequality and the continuity
of the second derivatives of s. The first term goes to N'(0,3(E&,, 1)  Sms(EE,, 1))
and hence the claim follows with o2, = $(E€,, ;)" 8n3(EE,, ;) and C = Ci.

If m — oo then again Lemma C.2 in Appendix C applies: we have

VA€~ E&y) = N(O, Tim %),
Since €, — Ei:z Cy,/m” = o(m™"), 5 is continuous and E€,, ; — 0, the claim follows.
The proof is complete.

Proof of Proposition 4.6. By definition, @;71( = or_g(Mj;) and mTTfK =
er—_k(m*). The function ¢7_k is piecewise constant and has |div, (T — K)|—1 points
of discontinuity of the form 1/ij, where i and j are two consecutive members of

m%@—Kn{LZ;f}

Denote the set of discontinuity points by Dr_ k. Clearly,
Dr_re € {\/ij : i and j are two consecutive integers} = £.

There exists an open interval that contains m* but does not contain any points of
& and hence does not contain any points of Dr_g, whatever T and K. If m}, is in

this interval then there are no discontinuity points between m* and mj}, and hence

ffz}_K = pr_g (M) = pr_x(m*) = mTT_K. By Corollary 4.5, the probability of

that event goes to one as mg and ng go to infinity.
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Proof of Theorem 4.7. Let ¢ > 0. An obvious algebraic manipulation and
Taylor’s expansion yield

P(
~

T " K
<P <‘T_Kv(mT—K - mTT_K)U/(m) =+ T Kv(m;“—l()‘ > “(m;—K)e) )

ﬁ“(ﬁ?}—K) - %U(m;—x)

%v(m;fl()

>€

where m denotes a real between 7%37 ¢ and m}7 - A decomposition of the probability

above according to whether 7/7\1;,]( - mTTfK # 0 or T/fL;ﬂiK - mTTfK = 0 yields the

bound

P(mT_Km}_K¢0)+P<Tf{K >5>.

The first term goes to zero by Proposition 4.6. The second term goes to zero because
K/T — 0.

Proof of Theorem 5.1. The proof is based on the results in Appendix C. The
Sobol estimators in (3.7) and (3.4) are of the form

2
w2 S — (5 2 Glt)

S = j=1,....p
Jin,m n n 2 b b
%Zi:l gf% - (% Zi:l EE)
and
1Ly (UL 1Ly ¢UR)?
i~ . n Zi:l YR (ﬁ Zi:l gm,z) ] -1 D
Jim,m T n n 2 BT 4
%21:1 ’:;LL’LL - (% Zz’:l 7133)
where the notation is obvious. Denote &, ; := (15 ;.- & Ems, Sl el T
Elementary but burdensome calculations show that
EE[f(X, 2)|X]E[f (X1, 2)|X-1]
BE, , = | BEL(X. 2)|X]E[f(X_,, 2)|X_,]
Ef(X,2)
Ef(X,2)?
EE[f(X, 2)|X]? + BRI
(Some calculations are carried out in Appendix D.) Define the function
(L1, o Tpy Tpt1, Tpy2, Tpts)
_ T — a2 Tp—al ;- any Ty — 2,
Tpr2 = Tppy Tpra —Tpiy Tprs — Tpyy | Tpys — Ty

Clearly, we have
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935 and
S/
936 s(E&p1) = (s" {1 N E Var[f (X, 7)|X] }) :
E Var[f(X,Z)|X]+m Var E[f(X,2)|X]
937 If m is fixed then Lemma C.2 in Appendix C yields

938 vn (;ng,i —Egm) 4 N(0,3,),
i=1

939 for some nonnegative matrix ¥, of size (p+3) x (p+ 3) and the result follows by the
940  delta-method.

941 If m — oo, Lemma C.2 still holds with the variance-covariance matrix replaced
942 by its limit. Taylor’s expansion yields

i=1
1 n
944 = ﬁ((n;&n,i—EﬁmJ) Sm
n T n
945 - | - P Snom | — my m y
9 n - m, m,1 > n 4 f s 1
946 = =

947 where $,, is the gradient of s at Eém 1 and 3, ., is the Hessian matrix of s at a
948  point between n ! > &, and EE, . Since that point goes to a constant and s has
949  continuous second deriva‘clives7 it holds that 8, ,, goes to a constant as well. So does
950 S, and the claim follows by Slutsky’s lemma.

951 Appendix C. A unified treatment of the asymptotics. All estimators in
952 this paper have a common form, given by

1 n
953 (C.1) - Z Emis

=1

954 with
955 (C.2) = H 1 i ﬁ (k)b

m
956 =1 k=1j=0
957 where Yo(i’k) = Y@k = f(X(i),Zéi’k)), Yj(i’k) = f(X(_]),Z Zk)) for j =1,...,p, and
958 by, 5 = 0,...,p, I = 1,..., L, are nonnegative coefficients. The coefficients are

95

59 arranged in a matrix (b;,;) with L rows and p+ 1 columns, where b;,; is the element in
960  the lth row and (j+1)th column. This way, all estimators of the form (C.1) and (C.2),
961 or, equivalently, all summands (C.2), can be represented by a matrix. We sometimes
962 write &, ; ~ (bj,1), where (b;,;) is the matrix of size L x (p + 1) with coefficients b;,,
963 j=0,...,p,l=1,...,L.

964 C.1. Examples. The estimator

965 1 Zn: L i y (i:F) L Zm: y (6K
n 4 m “oom J

966 i=1 """ k=1 k=1
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967 is of the form (C.1) and (C.2) with L = 2 and coefficients

oo 10 --- 00 O --- 0
;')(;9 00 - 010 - 0}

970 where the non-null columns are the first and the (j + 1)th ones. The estimators

- ;z":;iyu,k *Zii (k)2
o n4—m 0 L4 m ’

=1 k=1 i=1 =1
I -1« ’
- (4,k)
972 — J—
- ()
973 i=1 k=1
974 are of the form (C.1) and (C.2) with L = 2 and coefficients
- 1 0 0 0 O 0 20 ... 000 ... 0
o 00 000 0> \o 0 ... 000 ... 0)
- 10 000 ... O
o 10 000 ... 0)
978  respectively.
979 The estimators of Section 4. In view of (4.4)—(4.9), the estimators E’g,,j and

980 El,j can be expressed in terms of estimators of the form (C.1) and (C.2): we have

981 Z&j = Z 5; ;47,‘; f 554,: f 5](4m7 ;, and,
1< 1< ’

. ~ 1 (s (1 (4.9)

- G-ty ( )

983 i=1 i=1

984 where

. 4.4 4.5

985 g](';m,)z” 5]( m)z

986 fj(dn?)za f('inz)i’

. (4.8) (4.9)

‘;%‘% gj;m,i’ 5] imyt

989 are all of the form (C.2) with L = 4 and coefficients
2 0 0 00 0 10 000 0

000 0 0 0 20 0 10 0 00 0

. 0 0 0 0O 0]’ 0 0 010 0]’
0 0 0 0 O 0 0 0 01 0 0
10 0 00 0 20 0 00 0

001 10 0 0O 0 0 0 010 0

o 0 0 0 2 0 0]’ 0 0 01 0 0]’
0 0 0 0 O 0 0 0 0 0 O 0
10 010 0 10 010 0

999 1 0 01 0 0 0 0 0 0 O 0

h 0 0 0 0 O 0]’ 0 0 0 0 O 01’
0 0 . 0 00 0 0 0 00 0 . 0

993

994 respectively. In the matrices above, the first and j 4+ 1th columns are nonnull.
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The estimators of Section 5. The Sobol estimators in (3.7) and (3.4) are of
the form (C.1) and (C.2) with L = 2 and coefficients

v (L 00 -~ 0y o (L O - 00
tmi—=\g 1 0 ... 0)’ pmi—\g 0 ... 0 1

for the upper left (UL) terms,

B
1
N\
O =
o O
o O
~—__

for the upper right (UR) term,
L (2 0 - 0
mi =0 0 ... 0
for the lower left (LL) term of :S’\;n
L o 10 --- 0
mi =1 0 ... 0

for the lower left (LL) term of S

Jim,m?*

C.2. A central limit theorem. For each n, the random variables &, 1,...,&nn
are independent and identically distributed. Denote by &, (L) the set of all sum-
mands (C.2). In other words, &, (L) is the set of all nonnegative matrices of size
L x (p+1). This set has useful properties, gathered in Proposition C.1 for subsequent
use.

PROPOSITION C.1. Let & be an element of &,,;(L) with coefficients (b;,;). The
following statements are true.
(i) If & is an element of &y, (L) with coefficients (b)) then §&' is an element of
Em,i(2L) with coefficients

bO;l A bp;l

bO;L A bp;L
/ L. b
0;1 p;l
/ /

bO;L T bp;L

(i) The limit of E£ exists as m — 00.
(iii) If there exists some function F such that |f(x,z)| < F(z) for all x and z in the
domain of definition of f then

P Z?:o Zlel bj1
€<V EEXD) )
3=0

where F;j(X®) is F(X®) if j =0 and F()Z'(_lj)) if j > 1.
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Proof. The proof of (i) is trivial. Let us prove (ii). We have

L p
pe-—r > E[[I[M

(k1yeoskr) €41 m}t  1=1=0

1 L ke
— Z EE HH}/j(vl)j;l

(k1,..kp)E{L,...,m}L 1=15=0

P L
(C.3) % Z E H E (H Y—j(l,kz)bj;L
3=0

(k1 kz)E{L,..,m}E =1

x (D

x<1>) )

Since (i) X and {Z("F) k =1,...,m} are independent and (i) the law of

VASL Y ASLR)

is invariant through any permutation of distinct k1,..., kz, all the inner expectations
in (C.3) are equal to some others. For if k1, ...,k are distinct then
- (1,k21) - (1,9
1,k‘l bj;l 1 . l,l bj; 1
E(Hl@ X >>—E(HYJ» X >)
1=1 1=1
for all j = 0,...,p. The number of inner expectations equal to the one above is
m(m —1)---(m — L + 1), a polynomial in m with degree L. If some components of
the tuple (k1,...,kz) are equal, then we can always write
- (k) O (,0)
1,k;)b; 1 1,0)8;, 1
E(HYJ‘ l”X“)E [Ty 77 x®
=1 =1

for some L' < L and coefficients 3;; It is easy to see that the number of inner expec-
tations equal to the one above is a polynomial in m with degree at most L. (Looking
at examples helps to see this; see e.g. the proof of Lemma D.2 in Appendix D.)
Therefore, the sum in (C.3) is also a polynomial in m with degree at most L and the
claim follows (E ¢ can be zero). To prove (iii), simply remember that, by assumption,
YR < F(XM) and Y'Y < F(X)) for all k and all j. O

Two frameworks are considered:
e n — oo and m is fixed;
e n — oo and m — 0.
In the second framework m,, is a sequence indexed by n that goes to infinity as n goes
to infinity.
LEMMA C.2. Let 5%2, I =1,...,N, be elements of &y i(L) with coefficients
(b§.,ll)). Assume

EF(XW)2Ej=o T oo

foralllI =1,...,N. Let n — oo. If m is fixed then

T

vn Zé” pe, L me ECM | 4 N0, S0,

i=1
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where Y, is the variance-covariance matriz of &, ; = (57(71)1, .,f(N)) o Ifm o —
00 then lim,,_so0 X exists elementwise and the above dzsplay with Em replaced by

lim,,— o0 2, 1S true.

Proof. Let m be fixed. By Proposition C.1 (i), ffn)l , I =1,...,N, belongs to
Em,i(2L) and has coefficients

I I
)
I I
s ol o)
=l
I I
iy e )

Thus, denoting >-%_, SELb (1) by 3, Proposition C.1 (iii) yields

’I’TLZ—

p
(C.4) D2 < \/ (X2

and hence

p 28
B <BV BXD)P < (p+ DE(F(XD))" < oo,
=0

Therefore we can apply the central limit theorem to finish the proof for m fixed.
Let m — oo. According to Lindeberg-Feller’s central limit theorem (see e.g. [33]),
it suffices to show
(i) for all € > 0,

e}%(),

1 1
g R

and
(i) the limit Y27 | Cov(§,, ;/+/n) exists and is finite.
Let us show (i). Denoting X = (X, X)), we have

L{[|&,l] > Vine} =B (1€, 1 1*1{l1&, 11l > v/ne}

N

:EZ EP1{||€, 11l > Ve

= E ém,i ?
i

~
I

tnﬂz

BB (€0 1{1€,0 > vaeHX)] .

~
I
—_
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By (C.4), we have

p
E (€07 1{01€,11l > VaeHX) < \/ Fy(XW)?PP (||&,,4]| > vrelX)

\i/ ZI 1 n£2(1)2|x)

_NVio Fy(X ()27
— 2 b

IN

ne

where the last inequality holds by using (C.4) once more. The upper bound goes to
zero and is dominated by an integrable function. Thus, we can apply the dominated
convergence theorem to complete the proof.

Let us show that (ii) holds. We have >.» ; Cov(é',,”/f) = Cov(§,,1)- The

element (I, J) in this matrix is given by Ef(I) (J) E§ §(J) Remember that

5(1)12 <oo,I=1,...,N, and hence Eggflgﬁiﬁ < Efg?f/2+§g)12/2 < 00. Therefore
the limit of COV &1 exists and is finite. The proof is complete. ]

Appendix D. Explicit moment calculations. Explicit moment calculations
are given for the summands in the proof of Theorem 5.1. In this section, E f(X, Z)
and EE[f(X, Z)| X]? are denoted by p and D, respectively. Recall that the upper-left
term in (3.6) and (3.5) is denoted by D;. The moments are given in Lemma D.1
and Lemma D.2. The variances and covariances are given in Lemma D.3. Let X =
(X W, X (1)). Whenever there is a superscript X added to the expectation symbol E
or the variance symbol Var, this means that these operators are to be understood
conditionally on X. An integral with respect to P*(dx) means that we integrate with
respect to the law of X.

LEMMA D.1 (Moments of order 1). The moments of order 1 are given by

D

E gml_ VA
Egml - Ma

E¢/LE — EVar F(xW zOLy 4 D,

Proof. One has

E

jml

1 - y
= S B, Z00) (1), Z)
k,k’

=3 [ B 200 2 )
k,k’

=B f(XW, 200y (XY, Z(MY)

=D

VR
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where the integral is taken with respect to the law of x = (z, Z), and,
BEu =—s Y B, 200 f(x ), Z0H))
ke k!

:% E Var¥ f()('7 Z) + E(EX f(X, Z))Q
_ L BvarX f(X,Z)+D.
m

The proof for £JF is similar. O
LEMMA D.2 (Moments of order 2). The moments of order 2 are given by

Eﬁj([ifl = VarEX f(X(l),Z(1’1)>f(X(1) (1 )4 D2
+ l[EVarX f(X(l),Z(l’l))f(X(l) (1 1))
m
— VarX f(X(l),Z(lvl))Var f(X(_lj),Z](-l’l))]
+ % EVar® f( XM, 20D var® f(f((,lj), ZJ(»I’l)),

E&lyP? = EVarX FXW, Z200) L BEX f(x M, Z200))2,

m(m —1)(m —2)(m —3)
mA
Ef(X M) Z(l’l))f(X(l), Z(1’2))f(X(1), Z(1’3))f(X(1), Z(1’4))

4
N (Q)m(m —1)(m —2)

E §//(LL

Ef(X®, 2002 p(x M, 202) f(x 1), Z(13))

4
m(m —1)
(3) — Ef(X(l), Z(lyl))?’f(X(l)7 Z(172))

+ g p(x ZzADy
m# ’

(3)m(m —1)/2

mA

+ B F(XD, Z200)2 (XD, 70:2))2

Proof. Let us first deal with f}gjﬂ. We have

1
B¢t =5 Y, B, 200 px®, 2008
k1,k2,ks,ka

f(X(l) Z(l ks))f(X(l) Z(l k4))

—J k) -7 )
where, in the sum, the indices run over 1,...,m. We split the sum into four parts.
The first contains the m?(m — 1)? terms that satisfy k; # ko and k3 # ks. In this
part, all the terms are equal to

~ 2
(term 1) E (EX f(Xu)’Z<1,1>)f(X§1])’ZJ(171>)) .

The second part contains the m? (m — 1) terms that satisfy k1 # ko and ks = k4 and
that are equal to

(term 2) EF(XD, 200) p(x 0, 702) (X, Z0)2.
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The third part contains the m?(m — 1) terms that satisfy k1 = ko and k3 # k4 and
that are equal to

(term 3) Ef(X™, 2002f(XY), 20" (XY), 23,

Finally, the fourth part contains the m? terms that satisfy k; = ks and ks = k4 and
are equal to

(term 4) Ef(x(V, z(11)2 f(X(l) Z(l 1))
(One can see that the number of terms is m*.) Thus,
B &M% =(term 1)
+ %[(term 2) + (term 3) — 2(term 1)]

+ %[(term 1) — (term 2) — (term 3) + (term 4)].

Furthermore, [(term 1) - (term 2) - (term 3) + (term 4)] is equal to

[ (& s 2165 2))

7EX f(z, Z(1,1) )f(z, Z”))f(i i 11))
— B f(2, 20D f(3 g, 20 ) f@ g, 250
+EX (Z‘ Z(ll )Qf(l‘ i ](171))2d ( )

_ / (X f(a;,Z)) (BX (25,2 )2
(B 1(0.2)) BX (@, 2,
B (2 (BX (e 2))
+EX f(x, 2)*EX f(z_;, Z;)? AP*(x)
/Varfo Z)Var® f(X_;, Z;) dP* (x).
Likewise, we find that [(term 2)+(term 3)-2(term 1)] is equal to
EVar™ f(X, 2)f(X_;,Z;) — Var* f(X, Z) Var® f(X_;, Z;),
and term 1 is Var EX f(X, 2)f(X_;, Z) + D?.

We now deal with ¢”5L. We have

1
Eé.//(LL _ m Z Ef(X(l), Z(l’kl))f(X(l),Z(l’kg))

k1,k2,k3,ka
f(X(l), Z(lJﬁa))f(X(l)7 Z(l’k“)).

The sum is split into five parts. The first part consists of the m(m —1)(m —2)(m — 3)
terms with different indices; those terms are equal to

Ef(XM, Z200)p(x ™, 202 p(x W, 209) p(x D), 209),
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The second part consists of the (3)m(m — 1)(m — 2) terms with exactly two equal

indices; those terms are equal to

Ef(XW zO 2 xM 702y p(x @) 7(13)y,

The third part consists of the (g)m(m — 1) terms with exactly three equal indices;
those terms are equal to

Ef(XW zOD3p(xM | 7(1.2))

The fourth part consists of the m terms with exactly four equal indices; those terms
are equal to

Ef(x®M, zL1)4

The fifth and last part consists of the (3)m(m —1)/2 terms with exactly two pairs of
equal indices; those terms are equal to

Ef(X(l),Z(l’l))2f(X(l), Z(1>2))2_

(One can check that the total number of terms is m?.) d
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LEMMA D.3 (Variances and covariances).

Var £VE = Var EX f(X(l),Z(l’l))f(X(l) ](1,1)>
1
+ = [EVar® f(xV, 200 p(x )z
m
— Var® f(X(l), Z(l’l))Var f(X(l) Z(1 1))]

1 1 1,1
+ —5 EVar® f(XO, 200D) Var® FXO Z0D),

mlrSml —J’7

-1
Cov(eUE, VRY = mm Ef(X(l),Z(l’l))f(X(l),Z( ))f(X(l) Z(l,l))
1 ~
+ B0, 2002 0(X0), 2() — Du

1 ~
Cov(ghh, F(X, 2)%) = — B (XD, 200)7 f(XY), 20Y)

7n17
+ —mT; Ef(XW, 2002 p(x®, 202) (XY, Z0D) — Dy
Var £V = —Varf(X, Z)

Cov(¢Y

1n17

1

X,z —f(X,2)?

(X,2)*) = —f(X,2)

+ m—1 Ef(XWD, 7002 p(x V) 702y _
m

Cov(Elhy, 4y = B p(x ™, 200)8 /(R0 7019

¥ L( LB f(x®, 200)2p(x D, 202) f(X1), 200)

m(m —1)(m —2)
ﬂlg

FxW, 209 (XY, 2

~Ef(xW, 200 p(x), z<.171>)

+ Ef(xM, z00)p(x®, Z212))

{ Efx®, 700y . M= Ly Z0, >)f(X<1>’Z<1,2>)}
m

Proof. The proof follows from direct calculations. a0

Appendix E. Calculations for the linear model.

LEMMA E.1. Suppose that f(X,Z) = fo + Bpt1Z + 27—, B X; where X =
(Xq,...
EX;l = 3. Then the squared optimal number of repetitions is given by

, X)), Zi, Ziy, are independent, EX; =B Z =0, EX;=EZ*=1,EX}=0,

4
(m})? = 2%

(Bo + Bi)% = 285 + (XF_0 B3)?

and the discriminator (the upper-left term in (3.6) and (3.5)) is

B3+ 5.
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Proof. We have

*

i = B, »
with
A =Ef(X,21)°f(X_i, Zn)*
Bi=Ef(X,Z))f(X_ 7~ OF(X, Z2) f(X_s, Zio)
Ci=—Ef(X,Z0)° (X i, Zin) f(X i, Zin)
D;=—Ef(X_;,Zn )f( Z)f(X, Z)
E;=B-[Ef(X,Z)f(X_i, Zn)]

where X = (Xl,...7Xp)7Zk,Z~k are independent, EX; = EZ =0, EXj2 =EZ?=1,
EX? =0, EX} = 3. We deal with the case

P
F(X,Z) = Bo+ BprZ +Y_ B X;
j=1
We calculate the terms one by one as follows. We have
2 2
p ~
A =B B+ D _BiX;| |Bo+BXi+ > BiX;

i=1 J1<sA
2

P
+ | Bo + Zﬁij Boi1Zi + By 2123
2
+BeaZE | Bo+ BiX+ D BiX;
J<ii
= Aj1 + Aja + Ajs,

where E (A2) = 8,1 + 06711 25— 87, E(A3) = 87,1 >0 83 Elementary but some-
what tedious calculations yield

2
E (A1) =85 +38] + 68387 +2(65+67) > Bi+| >, B
Ji1<j#i Ji1<j#i
Similar calculations show that B; = Aji1, Cj = —Aj1 — Ajz, Dj = —Aj — Aja,
Ej = Ajl — (ﬁg + 612)2 ThU.S,
(mf)Q _ IB;LH )
' (Bo + B:)? — 285 + (28— B3)? 0
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