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Abstract

The Shapley effects are global sensitivity indices: they quantify the
impact of each input variable on the output variable in a model. In this
work, we suggest new estimators of these sensitivity indices. When the
input distribution is known, we investigate the already existing estimator
defined in [SNS16] and suggest a new one with a lower variance. Then,
when the distribution of the inputs is unknown, we extend these estima-
tors. We provide asymptotic properties of the estimators studied in this
article. We also apply one of these estimators to a real data set.

1 Introduction

Sensitivity indices are important tools in sensitivity analysis. They aim to quan-
tify the impact of the input variables on the output of a model. In this way,
they give a better understanding of numerical models and improve their inter-
pretability. For example, the sensitivity indices enable to know if the variation
of a specific input variable can lead to an important variation of the output or
not.

In global sensitivity analysis, the input variables X1, ..., X}, are assumed to
be random variables. Sobol defined the first sensitivity indices for a general
framework, called the Sobol indices, in [Sob93]. Many other sensitivity indices
have been defined and studied (see [BHP16] for a general review of these indices).
Nevertheless, many of these indices suffer from a lack of interpretation when the
input variables are dependent. To overcome this lack of interpretation, many
variants of the Sobol indices have been suggested for dependent input variables
(see for example [JLDOG], [MT12] and [Chald]).

Recently, Owen defined new sensitivity indices in [Oweld] called ”Shapley
effects” that have beneficial properties and that are easy to interpret, even in



the dependent case. The main advantages of these sensitivity indices compared
to the Sobol indices (and their variants) are: they remain positive, their sum
is equal to one and there is exactly one index for each input (and there are no
indices for groups of variables). The Shapley effects are based on the notion
of ”Shapley value”, that originates from game theory in [Shab3]. The Shapley
value has been widely studied ([CBSV16], [FWJ08]) and applied in different
fields (see for example [MvLG™T08] or [HI03]). However, only few articles focus
on the Shapley effects in sensitivity analysis (see [Oweldl [SNS16) [(OP17, TP17]
BBDM19,[BEDC19]). Song et al. suggested an algorithm to estimate the Shap-
ley effects in [SNS16] that is implemented in the R package ”sensitivity”.

In this paper, we work on the Shapley effects and their estimation. We divide
this estimation into two parts. The first part is the estimation of quantities that
we call the ”conditional elements”, on which the Shapley effects depend. The
second part consists in aggregating the estimates of the conditional elements
in order to obtain estimates of the Shapley effects. We call this part the W-
aggregation procedure. We refer to Sections [3] and [4] for more details on these
two parts.

First, we focus on the estimation of the conditional elements with two dif-
ferent estimators: the double Monte-Carlo estimator (used in the algorithm of
[SNS16]) and the Pick-and-Freeze estimator (see [HS96] for the independent
case) that we extend to the case where the inputs are dependent. We present
the two estimators when it is possible to sample from the conditional distribu-
tions of the input vector. Then we suggest a new W-aggregation procedure,
based on the subsets of {1, ...,p}, to estimate all the Shapley effects (for all the
input variables) at the same time. We choose the best parameters to minimize
the sum of the variances of all the Shapley effects estimators. The algorithm of
[SNST6] uses a W-aggregation procedure based on permutations of {1, ...,p}. We
study this W-aggregation procedure and explain how it minimizes the variance
of the estimates of the Shapley effects. Our suggested W-aggregation proce-
dure provides an improved accuracy, compared to the W-aggregation procedure
in [SNS16], using all the estimates of the conditional elements for all the esti-
mates of the Shapley effects. The comparison between the two W-aggregation
procedures is illustrated with numerical experiments. These experiments also
show that the double Monte-Carlo estimator provides better results than the
Pick-and-Freeze estimator.

Then, we extend the estimators of the conditional elements (the double
Monte-Carlo estimator and the Pick-and-Freeze estimator) to the case where we
only observe an i.i.d. sample from the input variables. The extension relies on
nearest-neighbour techniques, which are widely used for many non-parametric
estimation problems [BS19, BSY19]. To the best of our knowledge, the es-
timators we suggest are the first that do not require exact samples from the
conditional distributions of the input variables. One of our main results is the
consistency of these estimators under some mild assumptions, and their rate
of convergence under additional regularity assumptions. We then give the con-
sistency of the estimators of the Shapley effects with the two W-aggregation
procedures and using the double Monte-Carlo estimator or the Pick-and-Freeze



estimator. We observe, in numerical experiments, that the estimators of the
Shapley effects have a similar accuracy as when it is possible to sample from
the conditional distributions. We also apply one of these estimators on mete-
orological data, more specifically on the output of three different metamodels
predicting the ozone concentration in function of nine input variables (with some
categorical variables and some continuous variables). This application enables
to study the influence of the inputs variables on black-box machine learning
procedures.

The paper is organized as follows. In Section 2] we define the framework
of global sensitivity analysis and we recall the definition and some properties
of the Shapley effects. In Section [3] we assume that the input distribution is
known and we present the two methods to estimate the conditional elements.
In Section [ we suggest a new W-aggregation procedure and we study the
W-aggregation procedure used by the algorithm of [SNS16]. In Section [5, we
summarize the four estimators of the Shapley effects, give their consistency and
we illustrate them with numerical applications. In Section [6] we assume that
the input distribution is unknown and that we just observe a sample of the
input vector. We give consistent estimators of the conditional elements and
thus consistent estimators of the Shapley effects in this case, and we illustrate
this with numerical experiments. In Section [7} we apply one of our estimators
to a real data set. We conclude in Section [8] All the proofs are provided in the
appendix.

2 The Shapley effects

We let X = (Xi,...,X,) be the input random vector on the input domain
X = &1 x ... x &, with distribution Px. We assume that there is an output
variable Y in R defined by

with f € L*(Px). We write [1 : p] for the set {1,2,...,p}. For any non-
empty u C [1 : p|, letting v = {i1,...,45,} with i3 < is < ... < i, we define
Xy = (Xiy, ., Xi, ). We can now define the conditional elements (Wy)yci1:p)
and the Shapley effects (1;)ic[1:p]-

For all w C [1 : p], we define:

V, := Var(E(Y|X,)) (2)

and
E, :=EVar(Y|X_,)), (3)

where —u := [1 : p]\u. Welet by convention E(Y|Xp) = E(Y) and Var(Y|Xy) =
Var(Y'). We define the conditional elements (W, ),c[1:p) as being either (Vi,)yc[1:p)
or (Ey)ucpi:p). For all i € [1: p|, we define the Shapley effect 7; as in [SNS16]
by:

-1 -1
(o) iy =m0 )
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1
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where we define —i as the subset [1: p] \ {i} and |u| as the cardinality of w.

Remark 1. As explained in [SNS16|], the Shapley effects do not depend on
whether (Wy)uci:p) denotes (Vi)uciip o7 (Bu)ucpip)-

Remark 2. The quantities Wy and Wy.p) are equal to 0 and Var(Y) respectively.
The variance of Y is easy to estimate, so we assume without loss of generality
that we know the theoretical value Var(Y).

We can notice that the Shapley effects are a sum over the subsets u C
—i. Another classical way to compute the Shapley effects is to sum over the
permutations of [1 : p|, see Proposition We let S, be the set of permutations
of [1:p]. An element o € S, is a bijective function from [1 : p] to [1 : p]. We
let o~ be its inverse function. As in [SNSI6], for i € [1: p] and 0 € S, we let
Pi(o) = {o()| j € [1: 0 2(i) — 1]},

Proposition 1. [Equation (11) in [SNS16], Section 4.1 (see also [CGT09])]

We have
1

= Nar(Y) Z (Wp,(oyuiy — Wr,(a)))- (5)
o€S)

Our aim is to estimate the Shapley effects. We have seen two different
ways to compute the Shapley effects, given by Equation (with a sum over
the subsets) and Equation (with a sum over the permutations). These
two equations will correspond to two different W-aggregation procedures of the
Shapley effects.

3 Estimation of the conditional elements

We explain now how to estimate these (Wu)wgug[l:p] in a restricted setting
(recall that W = 0 and Wy, = Var(Y') are known). The restricted setting
is the following: as in [SNS16|, we will assume that for any 0 & u & [1 : p]
and x, € X, = [[,c, &i, it is feasible to generate an i.i.d. sample from the
distribution of X_, conditionally to X, = x,. Moreover, we assume that we
have access to the computer code of f.

To estimate W,,, we suggest two different estimators. The first one consists
in a double Monte-Carlo procedure to estimate E,, and it is the estimator used
in the algorithm of [SNS16]. The other one is the well-known Pick-and-Freeze
estimator (see [HS96] for the first definition, [GJKLI4, IGJK™16| for theoretical
studies) for V,,, that we extend to the case where the input variables (X;)ie[1:p)
are not independent.

Finally, we assume that each evaluation of f is costly, so we define the cost
of each estimator W,, as the number of evaluations of f.

3.1 Double Monte-Carlo

A first way to estimate E, = E(Var(Y|X_,)) is using double Monte-Carlo: a
first Monte-Carlo step of size N; for the conditional variance, another one of



size N, for the expectation. Thus, the estimator of E,, suggested in [SNS16] is

= Los 1 (n) (k) )2
Bune = 57 3 57— 2 (1K X0 - &)L e

where for n = 1, ..., Ny, f(X")) 1= N71 N p(x™) X("’“),(X(j‘,j)ne[l;m is

an i.i.d. sample with the distribution of X_,, and (XQ(L )ke[l:NI] conditionally
to X(_") is i.i.d. with the distribution of X,, conditionally to X_, = X(_nqz For

u

all n € [1: Ny, the computation of

1 N1 (n) o 2
T (X0 — p(x )

requires the values of (f(X(n) x k)

—u

)) . We will take Ny = 3, as sug-
k}E[l:N]]

gested in [SNS16]. Thus, the double Monte-Carlo estimator given in Equation

(6) has a cost (number of evaluations of f) of 3N,,.
We remark that for x("), x(?) € X and for § ¢ u & [1 : p], we let (xq(}),x@))
be the element v € X such that v, = x&l) and v_, = x(_zl)b,

f(xq(}), (2)) := f(v). We use this notation throughout the paper.

and we let

Remark 3. The estimator of Equation @ is an unbiased estimator of E, =
E(Var(Y|X_,)).

3.2 Pick-and-freeze

We now provide a second estimator of W,,: the Pick-and-Freeze estimator for
V... We have

V, = Var(E(Y|X,)) = E(E(Y|X,)?) — E(Y)%

Remark that E(Y") is easy to estimate so we assume without loss of generality
that we know the value of E(Y") (for the numerical applications, we will take
the empirical mean). It remains to estimate E(E(Y|X,)?), which seems to be
complicated. We prove the following proposition that enables to simplify the
formulation of this quantity.

Proposition 2. Let X = (X,,,X_,) and X" = (X,,X",,) of distribution Px
such that, a.s. P(x_, x' )X,=x, = Px_,|X,=x, ®Px_,x,=x,- We have
B(E(Y[X.)?) = B(f(X)f(X")). (7)

Remark that Proposition [2| enables to write a double expectation as one
single expectation, that we estimate by a simple Monte-Carlo. Thus, we suggest
the Pick-and-Freeze estimator, for § G u G [1: p),

Vipr NZf( WX (xP.XUP) B @)



where (X&n))ne[lzNu] is an i.i.d. sample with the distribution of X, and where
X(fl’tl) and X(ff) conditionally to X&n) are independent with the distribution
of X_, conditionally to X, = X{™ . This estimator has a cost of 2N,,.

4 W-aggregation procedures

As we can see in Equation (4)) or in Equation (5]), the Shapley effects are func-
tions of the conditional elements (Wy),c[i:p). In Section |3} we have seen how
to estimate these conditional elements when it is possible to sample from the
conditional distributions of the input vector. In_this section, we assume that
we have estimators (Wy)y,cpi.p). From Remark |2 we let Wy = Wy = 0 and

/W[l:p] = Wiy = Var(Y). We also add the following assumption that will be
needed for the theoretical results that we will prove.

o~

Assumption 1. For all ) G u & [1: p], Wy, is computed with a cost kN, by
W, = Niu ij;l W&") where the (Wé"))ne[lwu] are independent and identically

o~

distributed. The (Wy)yuc1:p) are independent. The integer k € N* is the number
of evaluations of the computer code f (i.e. the cost) for each Wén)

Assumption (1| means that we estimate the (Wu)e);ug[l:p] by Monte-Carlo,
independently and with different costs (KNu)pcuci:p)- The accuracy N, cor-
responds to computing N, independent and identically distributed estimators
/V[Zgl), e /V[ZEN“) that are averaged. We have seen in Section [3| two estimators
that satisfy Assumption |l} the double Monte-Carlo estimator (with x = 3) and
the Pick-and-Freeze estimator (with x = 2).

We call ”W-aggregation procedure” an algorithm that estimates the Shapley
effects from the estimates (Wu)mgug[lzp] and that selects the values of the ac-
curacies (Nu)@gug[1;p]~ We first suggest a new W-aggregation procedure. Then
we obtain a theoretical insight on the W-aggregation procedure of [SNS16].

4.1 The subset procedure

In this section, we suggest a new W-aggregation procedure for the Shapley
effects. This procedure consists in computing once for all the estimates W,, for
all w C [1: p], and to store them. Then, we use these estimates to estimate all
the Shapley effects.

4.1.1 The W-aggregation procedure

We suggest to estimate the Shapley effects (1;)ic[1.p) by using the following
W-aggregation procedure:

1. For all w C [1 : p], compute /Wu



2. For all i € [1: p], estimate 7; by
1 p— 1 -1 —~ —~
= Var(Y) Z ( 14l ) (Wauigiy — Wa). (9)
p uC—1

We call this W-aggregation procedure ”subset W-aggregation procedure”.
We can note that each estimate W, is used for all the estimates (7);)ic[1:p- It
remains to choose the values of the accuracies (Nu)wgug[l:p]~

4.1.2 Choice of the accuracy of each Wu

In this section, we explain how to choose the values of the accuracies (Nu)mgug[lzp] .
In the following proposition, we give the best choice of the accuracies (Nu)wgug[lzp]
to minimize Y ©_, Var(7);) for a fixed total cost & > ocucip) NVu-

Proposition 3. Let a total cost Nyot € N be fized. Under Assumption (1} if
the Shapley effects are estimated with the subset W -aggregation procedure, the
solution of the relaxed program (i.e. the problem without the constraint of letting
the (Nu)ocuc|1:p) be integers)

P
min Var(n;) subject to Kk N, = Nyt (10)
(Nu)ogugrip €(0F00)? 2 ; (DQ%M]

is (N3 )oguc(ip) with for all B G u G [1: p

e N Vo= el — ul = DYl ~ DVar(T)

T e V= Dol — o] = D] — 1tVar(LY)

Usually, we do not know the values of Var(/\lsl)) for ® ¢ u & [1: pl, but
we need them to compute the value of N. In practice, we will assume that
these values are equal in order to compute N;;. Furthermore, the sum over the
subsets v such that § ¢ v & [1 : p| can be too costly to compute. Hence, we
make the following approximations in practice:

1

p % p 2 p 1 D 1
< ( ) ( ) < ( ) N < )
* ® |u| |u| 1 ® |U‘| tot ‘u|
N* ~ ~ —

1

1 1 - 1
P\ ° p : P ke p
209&[1:17] (|U|> (|v| — 1) E@QUQ[MJ] (|v|>
(11)

Hence, when implementing the subset W-aggregation procedure, we will choose

N} as
—1
N} := Round (Ntom_l (|Z> (p— 1)_1> (12)




for ® ¢ u & [1: p|], where Round is the nearest integer function. In this way,
for a fixed total cost, we take the accuracies (Nu)(z)gug[hp] near the optimal
choice that minimizes Y 7_, Var(7);). Hence, the parameter N, is now the only
parameter left to choose. In practice, this parameter is often imposed as a global
budget constraint.

Remark 4. With the approximation discussed above, the real total cost k Z@gug[l:p] Ny,
can be different from the Ny chosen (because of the approzimations and the
choice of the closest integer). In this case, we suggest to adapt the value of Ny

in order to make the total cost “Z@;ug[hp] N take the desired value.

Remark 5. In order to compute the (N;;)pcuc1:p] in practice, we assume that

the values ofVar(Wlsl)), for® G u G [1:p|, are equal. We can see on unreported
numerical experiments that this choice of N, gives much better results than if
we choose the same value of Ny for all 0 & u & [1 : p|]. However, it seems

difficult to obtain theoretical results on the values of Var(wqgl)), as they depend
on the conditional distributions of X in a complicated way.

Hence, this assumption is more a convenient heuristic to compute the best
accuracies (qu)@gug;[l:p] than a real property satisfied in many cases. Propo-
sition @ and the heuristic in Equation justify the choice of (N;)gjgug[lzp]
given in Equation (12)), and we make this choice even if the assumption of equal

values of the (Var(wul)))@gu;[lzp] is not satisfied.

4.1.3 Consistency

A straightforward consequence of the subset W-aggregation procedure and Equa-
tion @ is that the consistency of (W), c[1:p] implies the consistency of (7;)ic[1:p)
(Assumption [1] is not necessary).

Proposition 4. Assume that for all O & u & [1 : p], we have estimators W,
that converge to W, in probability (resp. almost surely) when N, goes to 400,
where KN, is the cost of Wu If we use the subset W -aggregation procedure
with the choice of (fo)@gug[l:p] given by FEquation , the estimators of the
Shapley effects converge to the Shapley effects in probability (resp. almost surely)
when Nyt goes to +00 (where Nyt is the total cost of the subset W -aggregation
procedure).

4.2 The random-permutation procedure

In this section, we present and study the "random-permutation W-aggregation
procedure” suggested in [SNS16].



4.2.1 The W-aggregation procedure

The W-aggregation procedure of the algorithm of [SNS16] is based on Equation
(5). Because of the equation, one could estimate 7; by

R 1

ni = m o; (WPf;(a)u{i} - WPi(a)) ) (13)

for i € [1 : p]. In Equation (13), informally, (W\u)mgugu;p] are estimators.
However, as the number of permutations is p!, there are too many summands
and [SNSTI6] suggests to replace the sum over all the p! permutations by the
sum over M (M < p!) random uniformly distributed permutations. Thus, for a
fixed ¢ € [1: p], the estimator of n; suggested in [SNS16] is

M
~ 1 w W
T = N Var (Y] 2= (We ooty (m) = Wa ) (m) (14

m=1

where (0 )me[1:a) are independent and uniformly distributed on S,. If m,m’ €
[1: M] with m # m' and Pi(op) = Pi(om) =: u, [SNSI6] estimates twice
the same W,. To formalize these different estimations, we write Wu(m) the
estimation of W, at step m in Equation .

Finally, [SNS16] reduces the computation cost using the following idea. The
authors of [SNS16] notice that for 1 <14 < p, for any permutation ¢ € S, and
for i € [1: p], we have P,(;11)(0) = Py(;)(0) U{o(i)}. Thus, the algorithm of
[SNST6] uses every estimate /ngmm(c,m)u{am(i)}(m) for 7, ;) (as an estimator
of Wpﬁmm(gm)u{gm(i)}) and for 7, (i+1) (as an estimator of Wp

om(i+1)(0m))'
With this improvement, the number of estimations of W,, (for § ¢ v & [1 : p])

is divided by two when estimating all the Shapley effects n1,...,m,. The W-
aggregation procedure is then

1. Let i = ... =7, = 0.

2. Foralm=1,2,... M

(a) Generate oy, uniformly distributed on S,,.
(b) Let prevC = 0.
(¢c) Foralli=1,2,....,p
i. Let u= P, (;)(0m).

ii. Compute W\uu{gm(i)}(m).

iii. Compute A= Wuu{gm(i)}(m) — prevC.

iv. Update 75, (i) = o, (i) + A.

v. Set prevC = /Wpam(iﬂ)(am).

3. Let ; =n;/(Var(Y)M) for all i =1,..., p.



We write this W-aggregation procedure ”"random-permutation W-aggregation
procedure”.

Remark 6. Recall that in the subset W -aggregation procedure, each estimation
of Wy, was used for the estimation of all the (1;)ic[1:p) (and not only for two of
them). Thus the subset W -aggregation procedure seems to be more efficient.

Remark 7. When the number of inputs p is small, [SNST6] suggests to take all
the permutations of [1 : p| instead of choosing random permutations in Step
of the random-permutation W -aggregation procedure. However, this algorithm
requires small values of p and the total cost is a multiple of p! (so there are very
restricted possible values). Furthermore, this method still remains very costly
due to the computation of (p — 1)! conditional variances. For example, in the
linear Gaussian framework with p = 10 (where the computation of the condi-
tional elements is immediate, see [BBDM19]) it spends more than ten minutes
computing the Shapley effects. Hence, the algorithm with all the permutations
is not explicitly detailed in [SNST6].

4.2.2 Choice of the accuracy of each Wu

As in Section we suggest a choice of the accuracies (Ny)pgug(1:p)-
In order to avoid a random total cost, we require for all @ G u & [1 : p] that

the accuracy N, of the (Wu(m)) depends only on |u|, and we write N}, :=

N,. In this case, the total cost of the random-permutation W-aggregation
procedure is equal to Nyoy = kM Ei;} Nj. Moreover, we assume that the total
cost Nyt = &M Zz;} Ny, is proportional to (p — 1), and thus can be written
Niot = KM No(p—1) for some fixed No € N*. As the permutations (07, )mef1:a
are random, we choose to minimize E [Zle Var (ﬁl\ (O’m)me[LM])].

To compute the optimal values of (Nu)(z)gug[hp], we introduce the following
assumption.
Assumption 2. Forall() Cu G [1:p] and allm € [1: M], Wu(m) is computed

with a cost KN, by ﬁ/\u(m) = ﬁ Zg:ll ﬁ/\én)(m) where the (/V[ZEn) (M))nefi:n,

are independent and identically distributed. The (Wu(m))@gu;[l:m me[l:M] are
independent.

When it is possible to sample from the conditional distributions of the input
vector, we can generate i.i.d. double Monte-Carlo estimators (Ey ar¢(m))mefi:am

~

or Pick-and-Freeze estimators (Vi pr(m))mepn.m]- Hence, they satisfy Assump-
tionby taking N, = N}, for all ) & u & [1: p].

Proposition 5. Assume that we estimate the Shapley effects with the random-

permutation W-aggregation procedure under Assumption [1] and that the vari-

ances (Var(Aél)(l)))@gung] are equal. Then, the solution of the problem

P p—1
min E Var (7;| (o . subject to kM N = kMNo(p—1
(Nlc)ke[l:p71]€((),+oo)p71 ; (77 | (0 )me[lM]) J ; k O(p )

10



is (N} )kepp—1) with for all k € [1:p—1],
Ni* = No.

Hence, from now on, with the random permutation W-aggregation proce-
dure, we will choose the accuracy N, = No for all subset .

Remark 8. As in Remark [5, we assume in Proposition [5 that the variances
(Var(Wél)(l)))wgung] are equal. This assumption is not easy to check, but is
required technically to prove Proposition [,

Remark 9. With the exact-permutation W -aggregation procedure (see Remark
@, Nj = Nop! is the solution of the problem > t_, Var (7);) subject to Zz;i Ny =
p!No(p —1).

There are now two parameters to choose: the number of permutations M
and the accuracy No of the estimations of the (Wu)wgu;[l:p]- Typically, their
product M Np is imposed by budget constraints.

4.2.3 Choice of Np

We have seen that for all ) & u & [1 : p], we choose Ny, = N7 = No. In this
section, we explain why we should choose Np = 1 under Assumption [l| and M
as large as possible.

Proposition@ generalizes the result given in [SNS16], Appendix B. Its proof is
given in the supplementary material, which is much simpler than the arguments
in [SNS16].

Assumption 3. Assumption |4 holds and for all § & u & [1 : p|, we have
E(WiM (1) = W,

Assumption [3] ensures that the estimators have a zero bias. Recall that the
double Monte-Carlo estimator and the Pick-and-Freeze estimator have a zero
bias. Hence, they satisfy Assumption |3 by generating i.i.d. (Wy(m))mep:an
and by taking N, = Ny, for all ) & u & [1 : p].

Proposition 6. Let i € [1 : p| be fixed. Under Assumption @ in order to
minimize, over No and M, the variance of i); with a fized cost kM No x (p—1) =
kC x (p—1) (for some C € N*), we have to choose No =1 and M = C.

From now on, we assume that N, = Np = 1 when we use the random-
permutation W-aggregation procedure and we will let M, the number of ran-
dom permutations, go to infinity. Then, the total cost Ny,; of the random-
permutation W-aggregation procedure is equal to Nyoy = kM (p—1), for estimat-
ing the p Shapley effects 11, ...,n,. Hence, under Assumption [2]or Assumption

/Wu(m) = /V[ZEl)(m) and has now a cost k.

11



4.2.4 Consistency

We give here two sufficient conditions for the consistency of the estimators of
the Shapley effects given by the random-permutation W-aggregation procedure.
We introduce a general assumption.

Assumption 4. For all u such that 0 & u & [1 : p), (Wu(m)) - have a
mel(l:

cost k (since we chose Ny, = 1) and are identically distributed with a distribution
that depends on an integer N such that E (Wu(l)) N—+> Wu. Moreover, for
)

all u such that O G u G [1: p], we have

M
1 _ .
e m;_l cov (Wu(m), Wu(m’)) N oo 0.

Assumption [ is more general than Assumption [3] Indeed, it enables the
estimators to have a bias and a covariance which go to zero. This assumption
will be useful to prove the consistency results in Section Remark that in

)

Assumption for all ) € w & [1: p], each estimate (Wu (m has a cost

me[1:M]
K, as in Assumption [3] since we fixed N,, = No = 1.

Proposition 7. Assume that we estimate the Shapley effects using the random-
permutation W -aggregation procedure. Let N,y = kM (p — 1) be the total cost
of the random-permutation W -aggregation procedure.

1. Under Assumption[3, the estimates of the Shapley effects converge to the
Shapley effects in probability when Nyt goes to +o0.

2. Under Assumption [ the estimates of the Shapley effects converge to the
Shapley effects in probability when Nioy and N go to +oo.

5 Estimators of the Shapley effects

5.1 Four consistent estimators of the Shapley effects

Recall that in Section [3} we have seen two estimators of the (Wu)pcuc|i:p):
double Monte-Carlo (used in the algorithm of [SNS16]) and Pick-and-Freeze. In
Section 4 we have studied two W-aggregation procedures for the Shapley effects
using estimators of the (Wu)@gu;u:p]: the subset W-aggregation procedure and
the random-permutation W-aggregation procedure (used in the algorithm of
[SNS16]). To sum up, four estimators of the Shapley effects are available:

e subset W-aggregation procedure with double Monte-Carlo;
e subset W-aggregation procedure with Pick-and-Freeze;

e random-permutation W-aggregation procedure with double Monte-Carlo,
which is the already existing algorithm of [SNS16];

12



e random-permutation W-aggregation procedure with Pick-and-Freeze.

With the random-permutation W-aggregation procedure, we have seen that we
need different estimators (Wy(m))men:n of the same W,. In this case, we
choose i.i.d. realizations of the estimator of W,,. Moreover, we have seen in Sec-
tion [4:2.3] that when we use the random-permutation W-aggregation procedure,
we choose N, = Np = 1.

By Propositions 4] and [7] all these four estimators are consistent when the
global budget Niot goes to +oo. Indeed, by Proposition [ the consistency of
the (Wu)(z)gug[hp] is sufficient for the consistency with the subset procedure

and by Proposition |7, unbiased and i.i.d. estimators (Wu(m))me[l:m for all
0 & u G [1: p|] provide the consistency with the random-permutation procedure.

5.2 Numerical comparison of the different algorithms

In this section, we carry out numerical experiments on the different algorithms
in the restricted framework (where the exact conditional samples are available).

To compare these estimators, we use the linear Gaussian framework: X =
RP, X ~ N(p,T) and Y = >-7 | 3;X;. In this case, the theoretical values are
easily computable (see [OP17, [PT7, BBDMT9]). We choose p = 10, 5; = 1 for
all i € [1:p] and T = ATA where A is a p X p matrix which components are
realisations of p? i.i.d. Gaussian variables with zero mean and unit variance. To
compare these different estimators, we fix a total cost (number of evaluations
of f) of N¢or = 54000. We compute 1000 realizations of each estimator.

In Figure [I] we plot the theoretical values of the Shapley effects together
with the boxplots of the 1000 realizations of each estimator.

In Figure we plot the sum over i € [1 : p] of the quadratic risks: >0 E (7
(estimated with 1000 realizations) of each estimator.

We can see that the subset W-aggregation procedure gives better results
than the random-permutation W-aggregation procedure, and that the double
Monte-Carlo estimator is better than the Pick-and-Freeze estimator.

Remark 10. It appears that double Monte-Carlo is numerically more efficient
than Pick-and-Freeze for estimating the Shapley effects. Indeed, if we focus only
on the estimation of one W, for a fited ® & u G [1: p], we can see numerically
that the Pick-and-Freeze estimator has a larger variance than the double Monte-
Carlo estimator. This finding appears to be difficult to confirm theoretically in
the general case. Nevertheless, we can obtain such a theoretical confirmation in
a simple, specific ezample. Let X ~ N(0,13), Y = X; + X5. Remark that, in
this example, the variances of W&l), 0 ¢ uGl[l:p], are equal. In this case,
and for u = {1}, we can easily get Var(f/u,pp) = %Var(ﬁu,Mc) for the same
cost (number of evaluations of f), and choosing Ny = 3 for the double Monte-
Carlo estimator. This could be surprising since [JKLRT 14] proved that some
Pick-and-Freeze estimator is asymptotically efficient in the independent case.
However, this result and our finding are not contradictory for two reasons: the
authors of [JKLR™ 1/ estimate the variance of Y so their result does not apply

13
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Figure 1: Estimation of the Shapley effects in the linear Gaussian framework.
In black (s*) we show the theoretical values, in red (ss-MC) the estimates
from the subset W-aggregation procedure with the double Monte-Carlo estima-
tor, in green (ss_PF) the estimates from the subset W-aggregation procedure
with the Pick-and-Freeze estimator, in blue (spr-MC) the estimates from the
random-permutation W-aggregation procedure with the double Monte-Carlo
estimator and in yellow (spr_PF) the estimates from the random-permutation
W-aggregation procedure with the Pick-and-Freeze estimator.

here and the double Monte-Carlo estimator is based on different observations
from the Pick-and-Freeze estimator.

To conclude, we improved the already existing algorithm of [SNS16] (random-
permutation W-aggregation procedure with double Monte-Carlo) by the esti-
mator given by the subset W-aggregation procedure with double Monte-Carlo.
6 Extension when we observe an i.i.d. sample
In Section [5, we have considered a restricted framework: we assumed that for

all ® ¢ uw G [1: p| and all x, € X, we could generate an i.i.d. sample from
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Figure 2: Sum over ¢ € [1 : p] of the estimated quadratic risks of the four
estimators of the Shapley effects in the linear Gaussian framework.

the distribution of X _,, conditionally to X, = x,,. However, in many cases, we
can not generate this sample, as we only observe an i.i.d. sample of X. In this
section, we assume that we only observe an i.i.d. sample (X("))ne[LN] of X and
that we have access to the computer code f. We extend the double Monte-Carlo
and Pick-and-Freeze estimators in this general case and show their consistency
and rates of convergence. We then give the consistency of the implied estimators
of the Shapley effects (obtained from the WW-aggregation procedures studied
previously). To the best of our knowledge, these suggested estimators are the
first estimators of Shapley effects in this general framework. We conclude giving
numerical experiments.

We choose a very general framework to prove the consistency of the estima-
tors. This framework is given in the following assumption.

Assumption 5. For alli € [1:p|, (X;,d;) is a Polish space with metric d; and
X = (X1,..., X}) has a density fx with respect to a finite measure p = @%_, p1;
which is bounded and Px -almost everywhere continuous.

This assumption is really general. Actually, it enables to have some con-
tinuous variables (with the Euclidean distance), some categorical variables in
countable ordered or unordered sets and some variables in separable Hilbert
spaces (for example L?(R%), for some d € N*). The fact that X has a con-
tinuous density fx with respect to a finite measure p = @) p; means that the
distribution of X is smooth. Assumption [5|is satisfied in many realistic cases.
The assumption of a bounded density which is Px-almost everywhere continu-
ous may be less realistic in some cases but is needed in the proofs. It would be
interesting to alleviate it in future work.
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To prove rates of convergence, we will need the following stronger assump-
tion.

Assumption 6. The function f is C*, X is compact in RP, X has a density fx
with respect to the Lebesgue measure A\, on X such that A\p-a.s. on X, we have
0 < Cint < fx < Csup < +00. Furthermore, fx is Lipschitz continuous on X.

Assumption [f] is more restrictive than Assumption [5] It requires all the
input variables to be continuous and real-valued. Moreover, their values are
restricted to a compact set where the density is lower-bounded. Assumption [6]
will be satisfied in some realistic cases (for instance with uniform or truncated
Gaussian input random variables). Nevertheless, there also exist realistic cases
where the input density is not lower-bounded (for instance with triangular input
random variables). We remark that the assumption of a lower-bounded density
is common in the field of non-parametric statistics [GhoO1]. Here, it enables us
to control the order of magnitude of conditional densities.

6.1 Estimators of the conditional elements

As far as we know, only [VGI3| suggests a consistent estimator of W,, when we
only observe an i.i.d. sample and when the input variables can be dependent, but
only for V,, with |u] = 1. The estimator suggested in [VGI3| is asymptotically
efficient but the fact that u has to be a singleton prevents us to use this estimator
for the Shapley effects (because we have to estimate W, for all @ G u & [1: p]).
We can find another estimator of the (Vi)ycp.p in [PIi10] (but no theoretical
results on the convergence are given). Finally, note that [PBS13|] provides an
estimator of different sensitivity indices, with convergence proofs.

In this section we introduce two consistent estimators of (Wy)pcuc1:p) when
we observe only an i.i.d. sample of X, and which are easy to implement. These
two estimators follow the principle of the double Monte-Carlo and Pick-and-
Freeze estimators, but replacing exact samples from the conditional distributions
by approximate ones based on nearest-neighbours methods.

To that end, we have to introduce notation. Let N € N and (X(”))ne[hm be
an i.i.d. sample of X. If § G v C [1: p], let us write k%, (I,n) for the index such

that XN ™) is the (or one of the) n-th closest element to X" in (X'E;i))ie[l:N],
and such that (k3 (I,1))neqi:n,] are two by two distinct.

The index k% (I,n) could be not uniquely defined if there exist different
observations Xg,i) at equal distance from Xg,l). In this case, we will choose
k% (1, n) uniformly over the indices of these observations, with the following

independence assumption.

Assumption 7. Conditionally to (Xg"))ne[l:m, kX (1,4) is randomly and uni-
U]

formly chosen over the indices of all the i-th nearest meighbours of Xy’ in
(Xq(,n))ne[l:m and the (k3 (1,4))ij1:n,) are two by two distinct. Furthermore, con-
ditionally to (X, (n))nep:ny, for alll € [1: N], the random vector (kn(1,7))ien: Ny

is independent on all the other random variables.
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To summarize the idea of Assumption [7} we can say that the nearest neigh-
bours of XSJZ) are chosen uniformly among the possible choices and independently
on the other variables. Assumption [7]actually only formalizes the random choice
of the nearest neighbours where there can be equalities of the distances and this
choice is easy to implement in practice.

When X, is absolutely continuous with respect to the Lebesgue measure,
distance equalities can not happen and k%/(I,n) is uniquely defined. Thus,
Assumption [7] trivially holds in this case. Assumption [7]is thus specific to the
case where some input variables are not continuous.

6.1.1 Double Monte-Carlo

We write (s(1))eq1:n,,] @ sample of uniformly distributed integers in [1 : N] (with
or without replacement) independent of the other random variables. Then, we
define two slightly different versions of the double Monte-Carlo estimator by

2

1 N

Zﬁ\gjc = N E;T,L;a(:l),MC’ (15)
=1
and
snﬁc— N Z us(l) MC>» (16)
with
1 (k" (s(1),)) (k" (s(1),h)) :
Smiz s(l “ i s(l N (s(l),
s = 53 20 [ (KX COD) L LS (0
=1 =1
(17)
and
~ 1 M _ ’
Eknn o = mz lf (X<kN (sm,z))) Zf (x<k (s(1).h) ))]
i=1
(18)

The double Monte-Carlo estimator has two sums: one of size Ny for the
conditional variance, one other of size N,, for the expectation. The integer Ny is
also the number of nearest neighbours and it is a fixed parameter to choose. For
example, we can choose N; = 3 (as in the case where the conditional samples
are available).

Remark 11. If we observe the sample (X (™) JnelL:N N] and if the values of (f(X(" )))ne[l:N]

have to be assessed, the cost of the estimators E;”ﬁc and Eﬁrﬁ(/}c Temains

the number of evaluations of f (which is NIN, ). 1If we observe the sample
(XM, f(X ))ne[l :N], the estimator Ek"ﬁc does not require evaluations of f
but the cost remains proportional to N, (for the search of the nearest neighbours
and for the elementary operations).
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Remark 12. The integer N is the size of the sample of X (that enables us
to estimate implicitly its conditional distributions through the nearest neigh-
bours) and the integer N, is the accuracy of the estimator E, pc from the
estimated distribution of X. Of course, it would be intuitive to take N, = N
and (s(1))ieq:n) = (Dieqr:ny, but this framework would not be general enough for
the subset W -aggregation procedure (in which the accuracy Ny, of Eu,MC depends
on u) and for the proof of the consistency when using the random-permutation
W -aggregation procedure in Section[6.3. Furthermore, we may typically have to
take N, smaller than N.

Remark that we give two versions of the double Monte-Carlo estimator. The
”mix” version seems more accurate but requires to call the computer code of f
at new inputs. For the "knn” version, it is sufficient to have an i.i.d. sample
(X(n)? f(X(n)>>n€[1:N]-

Now that we defined these two versions of the double Monte-Carlo estimator
for an unknown input distribution, we give the consistency of these estimators
in Theorem |1} We let E\, pc be given by Equation or Equation . In
the asymptotic results below, Ny is fixed and N and N,, go to infinity.

Theorem 1. Assume that Assumption [3 holds and Assumption [7 holds for
v = —u. If f is bounded, then E, pc converges to E, in probability when N
and N, go to +oc.

Furthermore, with additional regularity assumptions, we can give the rate
of convergence of these estimators in Theorem [2] and Corollaryfl]

Theorem 2. Under Assumption @ for all e > 0, ¢ > 0, there exist fized

constants C’éllll)o(a' ) and CB(EI)D such that

1By @)
<= . 1
i E) s e (Np—llue' N Ny, (19)

Corollary 1. Under Assumption@ choosing N, > CNY@=1ul) for some fized
0 < C < 400, we have for all § > 0,
)
P\ Nemmn 9 )

We remark that for |u| = p — 1, we nearly obtain a parametric rate of

P (‘Eu,MC - Eu

Eu,MC - Eu

convergence N 3. The rate of convergence decreases when |u| decreases which
can be interpreted by the fact that we estimate non-parametrically the function
X_y, — Var(f(X)|X_, = x_,). The estimation problem is higher-dimensional
when |u| decreases.

6.1.2 Pick-and-Freeze

We now give similar results for the Pick-and-Freeze estimators. The number N;
of nearest neighbours that we need for the Pick-and-Freeze estimators is equal
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to 2. Assume that E(Y') is known and let (s(1));ef1.n,] be as in Section
Then, we define two slightly different versions of the Pick-and-Freeze estimator
by

{rmiz 1 {rmix
w,PF — FZ w,s(l),PF> (20)
%=1
and
N 1 e
Vg =~ > _ Vil pres (21)
U=1
with

Vuﬁiﬁ),PF — 7 ((X(k}(,(s(l),l))) f (Xq(tk“N(s(l)yl)%X(ﬁ'ﬁ(sﬂ)ﬂ))) CE(Y)? (22)

and
Vf,?(’f),PF = f(X(kN(S(l)’l)))f(x(kN(S(l)ﬂ))) —E(Y)2 (23)
As for the double Monte-Carlo estimators, we give the consistency of the

Pick-and-Freeze estimators in Theorem [3| and the rate of convergence in Theo-
rem 4| and in Corollar We let V,, pr be given by Equation or Equation

1)
Theorem 3. Assume that Assumption @Aholds and Assumption [7 holds for

v=u and Ny = 2. If f is bounded, then V, pr converges to V,, in probability
when N and N, go to +o0.

Theorem 4. Under Assumption@ if luf=1, for alle >0, &’ >0,

A 1 (clhe) | )
_ < | ZBup\m J
B ([Purr—Va| > ) < &2 ( N TN, | (24)
and if |u| > 1, for all e > 0,
- cB 11
_ < _
IP( Virr — Ve >5) <5 <Ni + Nﬂ), (25)

with fized constants Cs(&)p(e') < 400, C'S(E)p < 400 and C’s(ﬁ,)) < 4o00.

Corollary 2. Under Assumption @ choosing N, > CNYIU for some fized
0 < C < 400, we have

1. for all w such that |u| =1, for all 6 > 0,

B 1
= 0p ~io )

1
p(N?u)

The interpretation of the rates of convergence is the same as for the double
Monte-Carlo estimators.

~

Vu,PF - Vu

2. for all u such that |u| > 1,

~

Vu,PF - Vu
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6.2 Consistency of the Shapley effect estimators

Now that we have constructed estimators of W, with an unknown input dis-
tribution, we can obtain estimators of the Shapley effects using the subset
and random-permutation W-aggregation procedures. Note that for each W-
aggregation procedure, we need to choose the accuracy N, of the (W )(/)gug[l p]-

Although Assumption I does not hold with the estimators Eu mc and Vu PF
(the summands of these estimators are not independent), we keep choosing
N, = No =1 for the random-permutation W-aggregation procedure and N, as

-1
the closest integer to Nyik ™t (|5|> (p—1)~! with the subset W-aggregation

procedure. To unify notation, let Ny = 2 when the estimators of the conditional
elements (W, )pcuc(i:p) are the Pick-and-freeze estimators (in this way, Ny is the
number of nearest neighbours). With the double Monte-Carlo estimators, let
Ny be a fixed integer (for example Ny = 3).

Finally, recall that for the random-permutation W-aggregation procedure,
we need different estimators (W, (m))mei:ag = (Wau(m)M)mepian of W, with
the notation of Assumption [2| In this case, we choose i.i.d. realizations of W,
conditionally to (X™),cn.ny. That is (Wyu(m))mep.a = (Wu,s(m)) ey’

me[l:M

where Wu,s(m is defined by either Equation , Equation 7 Equation
or Equation , and (s(m))mepi:a are independent and uniformly distributed
on [1: N|. This enables to have different estimators with a small covariance us-
ing the same sample (X("))ne[l,N]. Indeed, to prove the consistency in Proposi-
tion [§| of the Shapley effects estimator with the random-permutation procedure,
we show that Assumption [4]is satisfied.

Proposition 8. Assume that Assumption]| holds and Assumption[7 holds for
all subset u, 0 G w & [1:p|. If f is bounded, then the estimators of the Shapley
effects defined by the random-permutation W -aggregation procedure or the subset
W -aggregation procedure combined with W,, = E, mc (resp. W, = V, pr)
converge to the Shapley effects in probability when N and Niy go to +o0.

Remark 13. The Sobol indices are functions of the (Wy)yuc[1:p). Indeed, we
can define the Sobol index of a group of variables X, by either S, as in [Chals,
BBDM19] or S as in [IP17], where

1 V.
. Cplel-lely gl u
5 Var(Y) 1;( ) Vo, 5= Var(Y)’

and where we note that V,, = Var(Y') — E_,, by the law of total variance. Thus,
we get consistent estimators of the Sobol indices in the general setting of As-
sumption @ Note that the sum over u C [l : p| of the Sobol indices S is
not equal to 1, and when the inputs are dependent, the Sobol index S, can take
negatives values.
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6.3 Numerical experiments

In this section, we compute numerically the estimators of the Shapley effects
with an unknown input distribution. As in Section [5.2] we choose the linear
Gaussian framework to compute the theoretical values of the Shapley effects.

We take the same parameters as in Section [5.2] The size N of the observed
sample (X(n))ne[lzN] is 10000. Each estimator is computed 200 times. We now
have 8 consistent estimators given by:

e 2 different W-aggregation procedures: subset or random-permutation;
e 2 different estimators of W,: double Monte-Carlo or Pick-and-Freeze;

e 2 slightly different versions of the estimators of W,,: "mix” or "knn”.

In Figure [3] we plot the theoretical values of the Shapley effects, together
with the boxplots of the 200 realizations of each estimator, and with a total cost
Nior = 54000 (we assume here that f is a costly computer code and that for all
estimators, the cost is the number of evaluations of f).

Remark 14. In the linear Gaussian framework, the function f is not bounded
and the assumptions of Proposition[§ do not hold. We can thus not guarantee the
consistency of the Shapley effects estimators. However, this framework enables
to compute the theoretical Shapley effects and we can see numerically that the
estimators seem to be consistent.

We show the sums over ¢ € [1 : p| of their quadratic risks (estimated with
200 realizations) in Figure [4] As in Section the subset W-aggregation pro-
cedure is better than the random-permutation W-aggregation procedure and
double Monte-Carlo is better than Pick-and-Freeze. Furthermore, there are no
significant differences between the version "mix” and the version "knn”. Recall
that, in order to compute the estimators with the "mix” version, we need to
call the computer code of f at new inputs whereas "knn” only needs an i.i.d.
sample (X(n)’ f(X(n)))nE[l:N]'

We now compare the sums over i € [1 : p] of the estimated quadratic risks
of the estimators from the subset W-aggregation procedure with double Monte-
Carlo when we know the distribution of X (results of Section and when
we just observe a sample of size 10000 (previous results of this section). These
values are equal to 5.9 1072 when we know the distribution of X, to 6.6 1073

~ .
mix

when we only observe the sample with E}'j~ and to 7.4 10~3 when we only

observe the sample with E{Y}(}C Thus, in dimension 10, replacing the knowledge
of X by a sample of size 10000 does not seem to deteriorate significantly our
estimates of the Shapley effects.

7 Application to real data

In this section, we apply the estimator of the Shapley effects given by the sub-
set WW-aggregation procedure and the double Monte-Carlo estimator E."Y; . in
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Figure 3: Estimation of the Shapley effects in the linear Gaussian framework
when we only observe a sample of X. In black (s*) we show the theoret-
ical results, in red the estimates from the subset W-aggregation procedure
with the double Monte-Carlo estimator (ss.MC_mix and ss_MC _knn), in green
the estimates from the subset W-aggregation procedure with the Pick-and-
Freeze estimator (ss_PF_mix and ss_PF _knn), in blue the estimates from the
random-permutation W-aggregation procedure with the double Monte-Carlo
estimator (spr-MC_mix and spr- MC_knn) and in yellow the estimates from the
random-permutation W-aggregation procedure with the Pick-and-Freeze esti-
mator (spr-PF_mix and spr_PF _knn).

Equation to a real data set. We use the ”depSeuil.dat” data, available at
http://www.math.univ-toulouse.fr/ besse/Wikistat/data from [BMM™07].
This data set contains 10 variables with 1041 sample observations. The variables
are:
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Figure 4: Sum over i of the estimated quadratic risks of the eight estimators of
the Shapley effects in the linear Gaussian framework when we only observe a
sample of X.

e JOUR: type of day (holiday: 1, no holiday: 0);
e O30bs: observed ozone concentration;

e MOCAGE: ozone concentration predicted by a fluid mechanics model;

TEMPE: temperature predicted by the official meteorology service of
France;

e RMH2O: humidity ratio;

NO2: nitrogen dioxide concentration;

NO: nitrogen oxide concentration;

STATION: site of observation (5 different sites);

VentMOD: wind force;

VentANG: wind direction.
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Here, we focus on the ozone concentration O3obs in function of the nine other
variables. Hence, let Y be the random variable of the ozone concentration and
let X be the random vector containing the nine other random variables. Using
the estimator E§7 . of Ey = E(Var(Y|X)) given by Equation (T6), with N; =3
and Ny = 1000, we estimate the value of Var(E(Y|X))/Var(Y) to 0.57, whereas
it would be equal to 1 if Y was a function of X. Thus, we can not assume that
the ozone concentration is a function of the nine other random variables.

The theory and methodology of this article holds when Y is a deterministic
function of X. Hence, we create metamodels of the ozone concentration in
function of X, and we write Y the output of the metamodel. In this case, Y is
indeed a deterministic function of X and we can compute the Shapley effects,
which now quantify the impact of the inputs on the metamodel prediction.
In practice, we replace the output column by the fitted values given by the
metamodel.

To study the impact of the metamodel on the Shapley effects, we estimate
the Shapley effects corresponding to three metamodels:

e XGBoost, from the R package xgboost, with optimized parameter by
cross-validation;

e generalized linear model (GLM);

e Random Forest, from the R package randomForest, which optimizes au-
tomatically the parameters by out-of-bag.

Remark 15. Using the estimator Eéanc, we estimate the value of Var(E(Y]X))/
Var(Y) to 0.91, 0.93 and 0.90 where Y denotes the output of each of the three
metamodels XGBoost, GLM and Random Forest respectively. In contrast, the
value of Var(E(Y|X))/Var(Y) is 0.57 when Y denotes the original observed
ozone concentrations. This shows that the predicted values are different from
the initial values of the ozone concentration. Moreover, this shows that the
metamodels do not overfit the data, since the estimated values of Var(E(Y]X))/
Var(Y) are close to 1. Indeed, that means that the fitted values of the ozone
concentration are much more explained by X and have been smoothed by the
metamodels. Furthermore, if the metamodels were overfitting the noise con-
tained in the observed ozone concentration values, their outputs could not be
predicted well given X, and the estimate of Var(E(Y|X))/Var(Y) would then be
small when Y is one of the metamodel outputs.

For each metamodel, we estimate the Shapley effects with the subset W-
aggregation procedure and the double Monte-Carlo estimator E}"y; -, with Ny =
3 and Ny = 50000 (but the real cost is actually 40176, see Remark . For
each metamodel, the computation time of all the Shapley effects on a personal
computer is around 5 minutes. The results are presented in Figure

We remark that the three metamodels yield similar Shapley effects. This is
reassuring, since observing different behaviours of the metamodels would be a

24



Shapley effects
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Figure 5: Estimation of the Shapley effects for three metamodels: XGBoost,

GLM and Random Forest.

sign of inaccuracy for some of them. Only two variables have a significant impact
on the ozone concentration: the predicted ozone concentration (MOCAGE) and
the predicted temperature (TEMPE). This comforts the results of [BMM™07] as
they use regression trees whose two most important variables are the predicted
ozone concentration and the predicted temperature. All the other variables have
a much smaller impact. The Shapley effect of the predicted temperature is larger
than the one of the predicted ozone concentration. It could be from the better
accuracy of the predicted temperature (given by the official meteorology service
of France) than the predicted ozone concentration (given by a fluid mechanics
model). Finally, we remark that the type of the day (holiday or not) has no
impact on the ozone concentration. The corresponding Shapley effect is even
estimated by a slightly negative value for the GLM, which stems from the small
error estimation.

To conclude, the Shapley effect estimator given by the subset W-aggregation
procedure and the double Monte-Carlo estimator E{j@(jc enables us to estimate
the Shapley effects on real data. The estimator only requires a data frame of the
inputs-output and handles heterogeneous data, with some categorical inputs and
some continuous inputs. Here, the estimator was applied to a metamodel output.
This illustrates the interest of the Shapley effects (and of sensitivity analysis) to
understand and interpret the predictions of complex black-box machine learning
procedures [RSG16, BGLRIS|.

This estimator has been implemented in the R package sensitivity as the
function ”shapleySubsetMc”.
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8 Conclusion

In this article, we focused on the estimation of the Shapley effects. We explained
that this estimation is divided into two parts: the estimation of the conditional
elements (Wy)pcugip) and the W-aggregation procedure. We suggested the
new subset W-aggregation procedure and we explained how the already existing
random-permutation W-aggregation procedure of [SNS16] minimizes the vari-
ance. However, the subset W-aggregation procedure is more efficient by using
all the estimates of the conditional elements for each Shapley effect estimation.
We highlighted this efficiency by numerical experiments. In a second part, we
suggested various estimators of (W, )pcuc1:p) When the input distribution is un-
known and when we only observe an i.i.d. sample of the input variables. We
proved their consistency and gave the rates of convergence. Then, we used these
new estimators to estimate the Shapley effects with consistency. We illustrated
the efficiency of these estimators with numerical experiments and we tested one
estimator on real heterogeneous data.

It is known that the Monte-Carlo algorithms for the estimation of the Sobol
indices require many evaluations of f to be accurate (typically several thou-
sands). If the evaluation cost is too high, it could be necessary to replace the
function f with a metamodel f, such as Kriging [SWNWO03]. An important
field of research in Kriging is adaptive design of experiments [JSW98]. It would
be interesting to study adaptive design of experiments in order to estimate the
Shapley effects [FRK15], and to develop adaptive algorithms adapted to the
estimators that we suggest in this article.
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A Proofs for the double Monte-Carlo and Pick-
and-Freeze estimators: Theorems [1, 2} [3] and
4

To unify notation, let us write

. 1 NI 1 NI 2
oyt s (xW, . xND) N (f(x(_liaxq(f“)) - lef(x(_li,xg)o ,

N[ NI 2
1 1
ohe s (XU x) = g (f(x““)—}if(x(”)) ’

Tﬁ? : (X(l),X(Q)) N f(X(l))f(XELl) <2 ) — E(Y)Q7
Pphrn . (xM, x) — FxM)£(

Remark that all these four functions are bounded as f is bounded. When we
do not write the exponent mixz or knn of ® or of the estimators, it means that
we refer to both of them (mix and knn). We write the proofs only for Ey, prc.
For the estimators ‘A/u,pp, it suffices to replace ®pr¢c by ®pp, —u by u (and
vice-versa), B, by Vi, Var(Y|X_,) by E(Y|X,)? — E(Y)? and N; by 2. Hence,
we shall only write the complete proofs for Theorems [1] and To simplify
notation, we will write E,, for E, vc, Ey, for By, pc and ® for @y Nyisa
fixed integer. We also write ky(1,7) := ky"“(l,7), and the dependence on —u is
implicit.

A.1 Proof of consistency: Theorems [1] and

Recall that for all i € [1: p|, (X;,d;) is a Polish space. Then, for all v C [1 : p],
X, = Hiev X; is a Polish space for the distance d, := max;c, d;. We will
write B,(x,,r) the open ball in X, of radius r and center x,. We also let
o = @), i Recall that the choice of the Nj-nearest neighbours could be
not unique. In this case, conditionally to (X(fu))ngN, the (kn(l,7))iep: Ny ieq:N]
are random variables that we choose in the following way. Conditionally to

(X(_ng)ng ~, we choose ky(l,4) uniformly over all the indices of the i-th nearest
0

—ur

neighbours of XY, such that the (kn(l,%))i<n, are two by two distinct and

independent of all the other random variables conditionally to (X(fu))ng N-

In particular, as we want to prove asymptotic results, we assume (without
loss of generality) that we have an infinite i.i.d. sample (X)), cx-, and we as-

sume that for all N € N*, conditionally to (X(flz)nSN, (kn(l,1))i<n, Lo ((Xg"))ngN, (XM psn, (kne (U,8) (v
Hence, for all N € N* and [ € [1 : N], conditionally to (X(_"J)neN, we have

(kn(l,4))i<n, Lo ((Xq(f))nem (kne(U',4") (v 1y (v ), i’e[l:N,]) -
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To simplify notation, let us write ky (i) := kn(1,4) (the index of one i-
th neighbour of Xgi) and k(i) = kn(2,7) (the index of one i-th neigh-
bour of X(_QZ) Remark that XQ“;V“)) does not depend on ky(i). Let k :=
(kn(9)i<ny Nen+ and ky = (kn(7))i<n,. We will use the letter h for the
realizations of the variable k.

To begin with, let us recall two well-known results that we will use in the
following.

Lemma 1. Let A be a real random variable. If H is independent of o(c(A),G),
then
E(Alo(G,H)) = E(A[G).

Lemma 2. Let A, B be random variables. For all measurable ¢,
L(¢(A, B)|A = a) = L(¢(a, B)|A = a)
and if B is independent of A, then
L(#(A, B)|A = a) = L((a, B)).
Now, to prove Theorem [I we need to prove several intermediate results.

Lemma 3. For alll € N*,

) SRR (N (26)

—u N—+oco

Proof. First, let us show that for all € > 0, P(d,u(X(j&, X@L) <€) > 0. Indeed,
as X_, is a Polish space, its support has measure 1. Thus

Pld_, (X" XP) <o) = / L e um <edPx_, @ Px_, (x_y,x_,)
X

- / P, (Bou(Xuy2))dPx _, ()
X_

u

= Px_, (B_w(X—u,e))dPx_, (X_4)
supp(X_v)
> 0,

because if x_,, € supp(X_,,), then B_,(x_y,,€) ¢ supp(X_,)¢and Px_ (B_y(X—u,€)) >
0.

Next, remark that

XOyO) o X0  xhe®) e x0)

N—+oc0 N—+oco
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P ({0 — xu}) - AW (X7, X)) > 1)
N—+o00 k
k>1n>2
1
Y p Cxm xWy s 1
< () du (X0 X500 > o
k>1 n>2
@ o )"
-3 i P (40X > )
k>1
@ «my_ 1"
-y Jlim {1 _P (d_u(X_u,X_u) < kﬂ
k>1
:ZO
k>1

Lemma 4. There exists a version of
L(Xy| Xy =) (X, doy) — (M1(Xy), T (weak))

which is continuous Px_ -a.e., where My (X,) is the set of probability measures
on X, and T (weak) is the topology of weak convergence.

Proof. We assumed that there exists a version of fx which is bounded and
Px-a.e. continuous. Let

Fx (X) = /X P (%0 X )djra (),

which is bounded by ., (X,)] fx|leo and is a Px_ -a.e. continuous (thanks to
the dominated converging Theorem) version of the density of X_,, with respect
to pi—y. Let x_,, € X_,, such that fx_, (x—u) < ||fx_,lloos fx_,(X—u) > 0 and
such that fx_, is continuous at x_,. We have that

qu|X,u:x7u (Xu) = fm
is a version of the density of X,, conditionally to X_,, = x_, (defined for almost
all x_,,). Let (x(_"i) be a sequence converging to x_,,. There exists ng such that
for all n > ng, fx_, (x(f,z) > 0. Thus, by continuity of f which respect to
x_, and of fx_,, we have fx, |x_,—x_,(Xu) = lim, ;o0 fxu\x,u:x(_”j (xy) for
almost all x,,. Then, using the dominated converging Theorem,
L(Xu Xy = x™)) Y LK Xy = X).

—u N ——+oco
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Remark 16. The assumption "X = (X, X_,,) has a bounded density fx with
respect to a finite measure p = Q4_, pu;, which is continuous Px-a.e.” is only
used in the proof of Lemmalj) It would be interesting in future work to prove
with a weaker assumption.

Remark 17. There exists a different proof of Lemmal[] if we assume that u is
reqular. Theorem 8.1 of [Tju7j] ensures that the conditional distribution in the
sense of Tjur is defined for all x_,, such that fx_, > 0 (and not only for almost
all x_y) and the continuity of fx,x_,=x_, (Xu) with respect to x_,, comes from
Theorem 22.1 of |Tju7j].

Remark 18. To avoid confusion, we can now define L(X,|X_, = X_,) as

the probability measure of density %, which is defined for all (and not
“almost all”) x_,, in {fx_, > 0}.

Proposition 9. If
LXuX =) (Xoydo) — (Ma(X), T (weak))

is continuous (where T (weak) is the topology of weak convergence) almost ev-
(n)

erywhere, then, for almost all ((x_u)n,h>, we have

B (Bur |XU00 = <UDk =h ) — Var(Y[Xo, =xU))  (27)
N—+oo

—Uu

and, R
E(Ey1) N_>—+>OO E,. (28)
Proof. Let Z = (Zy,...,Zn,) : (Q,A) — (XN1,£2N1) measurable, where & is

the o-algebra on X, such that for almost all <(x(n))n, h), we have

—Uu

Ny
£ (ZIX)n = "Dk = ) = @ £XD X, = x1).
i=1

It suffices to show that, for almost all <(x(n))n, h),

—Uu

L)y _o (),
; \(X_u)nf(x_u)".kfh
(X(kzv(z)))KNI ; VA (29)
- N—+o00

Indeed, if Equation is true, then, using that ® is bounded,
B (Bua |(XE)0 = x")n k = h)
- E [q; ((X(kN(i)))igNI)

— E@(2) (X", =

(X(—ni)n = (X(n))nvk = h}

—Uu

)mk: h)

—Uu

= Var(Y[X_, =x"),
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by definition of Z and of ®. Thus, we have Equation Furthermore, using
dominated convergence theorem, integrating on ((x(jﬁ)n, h), we obtain Equa-
tion

Thus, it remains to show that conditionally to (X(_ng)n = (x ("))n,k = h,
the random vector (X~ (D)), converges in distribution to Z. We prove this
convergence step by step.

Lemma 5. For almost all (X(f,z)n,

LX) (X" = x")0) = @) L(XuXow = x1).

n>1

Proof. Let (X(n Jn : @ = XN, be an i.id. sequence of distribution £(X_,).
Then, we let (X(n)) : 0 — XN be a sequence with conditional distribution

LIX) (XM, = x)0) = R) L(Ku|X o = x1).

n>1

We just have to prove that (X(™),, is an i.i.d. sample of distribution £(X).
Each X(™ has a distribution £(X) because for all bounded measurable ¢,

B(6( /¢ dP(w)

— / D(Xy, Xy )d]P’(X X )(xu,x_u)
Xy XX _y

_ / u ( / (%, X_0)dPx, x_. xu<xu))dﬂbxu<x-u)

—u

/¢> )dPx (x

Moreover, (f(("))n are independent because if n # m, then, for all bounded
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Borel functions ¢ and ¢5, we have:

E(¢1(X™) (X))
/XZ X2 (bl (XQ(J/n)7x(7n’3>¢2 (Xgm)’ X(:Z))dp x(“) XM X(”> X(m))( (n) gbm)’ X(IEL X(—TZ))
X

/ : ( 0167 xR 0 s s s ) (K (M))> 0P ) s O
Xﬁ, L Xy —u —ut Tt —u

/X< D1 (e xS0 XD VA i @ P e om (7, “”))) dpg  (x)x))

/2(2 (/ d1x " X|X<_"3(X7(Ln))>

(/X (m)

/X(/ﬂ XKD e () ) P )
m,

( ¢2(X
Xu
= E($1(X™)E(g2(X™)).

The above calculation can be extended to finite products of more than two
terms. That concludes the proof of Lemma O

<

By i () ) B2 ()

—Uu —u? u

2(X

u

XAy gy () ) P (<)

Lemma 6. For almost all ((x(ﬁz)m h), we have:

£ (XD (X0 = () k =) = ®£<X X = x)
Proof. For all bounded Borel function ¢,
B (6((XEO)ian) (X)) = ()0 k = h)
(& (XD )ian)) | (KD = (D ) ey v = (e (i), v
= B (o ((XEOD)icn, )| (XED0 = KD, (b ()i, = (v (D), )
(o (¢

(XU ), ) (X", = (x(fi)n) )

u
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using Lemmas |1 and [2| conditionally to (X(fg)n = (x(fg)n Then,
B (o (<X“w<i>>>i<m) X0, = (<))

:/ p(x, . NI))d]P)(X(hN())) I|(Xg2)n:(x%)n(xg)7,..,XELNI))

Np
= /N[ (b(xgl)’.’X'ELNI))d@PX ‘X ’ =x(hN(i))(X1(Ll),--~,XgNI)),
Xu i=1 u —u —u

That concludes the proof of Lemma [6] O

Recall that ch;v(i))) NoT X(l) P-a.e., thus, for almost all (( (n))n,h),
—+0o0

O)

—Uu

1
RO
N—+o0

Thus, using the continuity of the conditional distribution given by Lemma [4]
for almost all ((x(_ng)n, h), we have,

£(Xu|X, (hN(z))) weakly E(X |X, —X(l))

Xou N—>+oo

Thus, for almost all ((X(f,z)n, h)7

Nr
R L(X, X, = =" ;:J’ii ®£, X = xWy = £z, X D) = xW).
, =

So, using Lemma@ for almost all ((x(_”g)n, h),

£ (X )i | (X0 = ")k =) =8 £z, X1, = x1).
— 400

So, for almost all ((x(_”g)n,h)

£ (X i | (XD = (e =) 87 £ (2] (X = (D ke = ).

N —+o00

Using Slutsky lemma, for almost all (( (n))n, h),

(kn ()Y, M)y _ () weakly )y _ ()
£ (XD ey (XD = ) k=) "8 £ (2)(X ), = )k = ),

that concludes the proof of Proposition [9} O
Lemma 7. The value ofVar( wimc) s bounded by 128|f||%,
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. . N
Proof. As f is bounded, ® is bounded by ﬁ Sl 2l flleo)? = le\fil4‘|f||2 <
8| f||2, so Var(E,. 1) is bounded by 2||®||%, < 128 f||%. O

Proposition 10. We have

cov(ﬁuyl, Eu,g) N::oo 0.

Proof. We use the law of total covariance

~

cov(By1, Bus) = E(cov (Eul,Eu2|X > X@)))Jrcov( (Bl X%, X2 B(E, |X(}1{,X(i{)).

(30)
We will show that both terms go to 0 as N goes to +oo. Let us compute the
second term. Using Proposition [9

—u’

cov (E(Ewp((” X®), E(E, /XY x“))

= B(EE.X0.XE)E(E, X", XE)) - E(E,)E(E,2)

u

— (Var(Y‘X7 = X(l) )Var(Y|X,u = X(Ei)b)) .

N—+oco w

= 0.

It remains to prove that E (cov (Eu’l,Eu’ﬂX(jl, X( ))) goes to 0. By domi-

nated convergence theorem, it suffices to show that for almost all (x (_111, x(ggb)
cov (Eu71,E‘u72|X(_13L = (_:L,)L,X@) (2)) — 0. (31)
N—+oco

From now on, we aim to proving Equation

First, we want to prove Equation (31} for x! ;é '3 ). Using dominated
convergence theorem and Proposmlonlgl, 1t w1ll suﬁ"lce to show that (conditionally

to X(_li < X(Q) (2)) for almost all ((x (n))nZSahv h'),

x1), x")
E (Eu 1 Bual X", = (x™), k = h, K = h’) o Var (Y|X_u =xU >) Var (Y|x_ <2)) .

Let

—u) t—u —u

A:Z{(( (n))n,h h/>| N(Nl) — X(l) XhEV(Nl) N—+> x(z)}.
—+o00

The set A has probability 1 thanks to Lemma |3| Let (( (n))n,h h’) € A be

such that x(l) # x2 and let § :=d_,(x QL, (2))/2 There exists N7 such that
for all N > Ny,

d_, ((1) <hN<NI>>) 9 d_u< @) (hN(NI)))<

—u’ u —u7 u

[\
N
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Thus, for all N > Ny,

B(BunBupl (X)) = (x")n, k =h X =h)
= EB[o((X"D)icn, ) @ (XD)icn, )| (X0 = ") k= b K = 1]
- B :q> ((X N<i>)i<N,) ) ((XkN(“)ng,) (X" = (x")
= E[0((X"O)icn, ) @ (XD icn, )| (XD = (0, Ky = by |
= B[e (X)) @ (XN D)icn, )| (X0 = ("))
= Bo (6" iz (KN Dicn ) @ (65 iy, (XY iz )| €
= B[o (6" ian,, (XY D)icn, )| (XD = x4
B0 (D isns, (XY Dicw, ) | (X0 = (x70),]
= B[ Bua| X0 = U n k= B| B[ Buo| (XU)0 = )0 K = 1]

N—>—+>oo Va_r [Y| X_y= X(,lq)t} Var {Y| X = X(z)} ’

thanks to Proposition [0}

Assume now that X(_li = X(_ZT)L = X_,. We can assume without lost of
generality that P(X_,, = x_,) > 0 because if we write H := {x_,| P(X_, =

x_y) = 0}, we have IE”(X(}BL = X@L € H) = 0. We have to show that

E (Eu,lﬁu,z\x(_lg =X = x,u) ~Var(V[Xo, =x-.)?  — 0.
— 400

Let € > 0.
Let My the number of observations which are equal to x_,,
MN = #{n S N : X(,nu) = Xfu}v

and let Hy be the number of nearest neighbours (up to Ny-nearest) shared by
X1 and X

Hy :#[{k]\/(l) : ZSN[}Q{]{:E\/(Z) : ZSN[}]

If M,, =m > 2Ny, X(ji =X_, = X(EZ, then the Nj-nearest neighbours ky of

X(_ll)t and k’y of X(_QQ)L are independent and are samples of uniformly distributed
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variables on the same set of cardinal m, without replacement. Thus,

P(Hy = 0|My =m,X") =X® =x_,)

(%)

(m — 2N[ —|— 1)(m— 2N[ +2)(m— N[)
(m—Nyr+1)(m—Nr+2)..m

— 1.

m——+oo

Thus, there exists my such that

m, = P(Hy = 0[My >my, X8 =X? =x_)>1- m. (32)
So,
B (Bui BualX") =X = x,)
- B (EUJEU,2|X(_171 =X® = x_,, My < ml) P(My < m XY =x® —x_)
B (Bua BuplX%), = X = x ., My > my ) B(My 2 g [X8) =X =x ).
Let

By = E (Euﬁug\x(_lg =X® —x_, My < ml) P(My < mi XY =X —x_,).

Conditionally to X(fl)t =X? =x_,, we know that My—2 ~ B (N —-2,P(X_, =X_q)),

—u

the binomial distribution. Thus, there exists N7 such that for all N > Ny,

3

2) ) <
5max(L, || ®[|%,)

P (MN < m1|X(,11)L = X(,u =X u (33)

and so, for all N > Ny, Sy < ¢/5. Furthermore
E (Eu,IEu,2|X(,17l = X(Ei = X_uy MN > ml)
= E (Eu,lﬁu,ﬂx(_li = X(_zi = X_qu, MN > my, HN = 0) IP(HN = 0|X(—17)¢ = X(_ZZ =X_y, MN > ml)
2)

B (Bua BuolX%), = X, = x o My 2 my, Hy > 1) P(Hy = 11X = X%) = x 0, My = m).

Let

YN = P (MN > m1|X(,171 = X(EZ = X7u> .
Moreover, conditionally to X(_li = X(_Qi =X_qu,Myn > my, Hy = 0 implies that
E, 1 E, > thanks to Lemma
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Lemma 8. Conditionally to X(ji = X(f,)t =X_u, My >mq1, Hy =0, the vec-
tor ((X(kN(i)))igN,, (X(kk(i)))iSNI) is composed of 2Ny i.i.d. random variables
of distribution X conditionally to X_,, = X_,,.

Proof. We know that, conditionally to X(f) = Xg{ =X_u, My >mq, Hy =0,

the vector ((ng(i)))igm, (X(f,aV(i)))iSNj) is constant equal to (x_y)i<an, . It
suffices to show that, conditionally to X(_ll)L = X(_QQ)L =X_u,Mny >mq, Hy =0,
the vector ((X&kN(i)))iSNI, (Xq(f;V(i)))iSNI) is composed of 2Ny i.i.d. random
variables of distribution X conditionally to X_, = x_,. Let ((x")),, hy,h’)
such that X(l) = X(2) =X_u,My >mq and Hy = 0. As My > mq > Ny,
for all ¢ < Ny, we have x(kN(Z)) X_qy = x(k’\’(z)) As Hy = 0, then, for all 4

and j smaller than Ny, hN( ) # hy(j). Thus, we have for any bounded Borel
function ¢,

E ((;5 (X(/CN(i)))i<N ’ (XSLkN(i)))’L<NI (X(n))n _ (X(n))nakN _ hN; — 1 )

I
=

b (X(hN()) (X(kw())) NI: (X(ﬂf))n (x (")) h/)

¢
& [(XEVO) iy, (XY i, || XD icns = (xowdismns XD icn, = (xowis )
¢

(X9 )icon, = (X—u)iSQNI) :

o [ (XN ), (ngkévm))igl} X Zx® _ My > my, Hy = 0)

B [(X(kN(i)))i<N (x&ﬁ“i”)igl} ’ XU = X® = x_,, My >my, Hy = 0,(X"™),. k, k/)}
<¢ [ DYicny, (H—NI))iSNI} ‘ (XQL)iSQNI = (X—u)i§2N1>}

= B (6 [XP)izn,, (XE)icn, || (XD )icon, = (xadizan,)

that concludes the proof of Lemma O

T
©

Thus
E (Eu1Eu2|X(_17)L = X(_271 =X_u, My >mq, Hy = 0)
- E (me(_ﬂl =X =x_,My >my, Hy = 0)2
and so, using Proposition [9] there exists Ny such that for all N > No,

‘E (Eu,lﬁu,ﬂxﬁ = X® —x_,, My >my, Hy = o) ~Var(Y|X_, = x,u)2’ <<

(34)
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Thus, for all N > max(Ny, Na),

’E (Eu71Eu)2|X(ji = X(zi = x_u> —Var(Y|X_, = X_u)Q‘

< ‘BN| + "VNE (Eu,IEu,Z‘X(jq)L = X(EQ)L = XfuaMN > mi, HN > 1) (]- - aml)

+ ”YNCleE (Eu1Eu2|X(_li = X(_Zi =X_y, My >my, Hy = 0) —Var(Y|X_, = X—u)2’ .

The upper-bound is a sum of three terms. The first one is bounded by &/5 using
Equation |33 and the second one is bounded by &/5 using Equation For the
last one, we use that, for all C' € R,

YN, C = (ynam, —1)C + C.

Thus,
’E (BunBu2lX®) =X, =x ) = Var(v|X_, = x,u)Q\
€. € 2 5 5 ) _x@ _ _ _
< g + g + |’)’Nam1 - 1| ”(I)Hoo + ’E <Eu,1Eu,2|X_u - X_u - X—uvMN > ma, Hy = 0) - Var(Y|X—U =X
3e . .
< o+ (hw = tax +lay — 1) @[3, using Equation B4
< g

using Equation [33] and Equation Finally, we proved that

E (Ewﬁw\x(}g =x® = x_u) ~Var(Y[X-, =x-.)?  — 0.

Hence, Equation is proved and the proof of Propositionis concluded. [

Proposition 11. We have

E.—E (Eul) £ 0. (35)
N —+o0,
N, —+o00

Proof. Let € > 0. By Chebyshev’s inequality,
P (‘Eu ~E(E.,)

If (s(I))i<n, is a sample of uniformly distributed variables on [1 : N] with

Var(E,)
g2

>5>§
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replacement, we remark that for all i # 7,

thus

Var(

tm

cov (Bt Bunis)

BB, Bu,s)) = BB E(Eus (i)

E(Busto Bustil5(0) # 5()B(s(0) # (7)) i
AE(Eu,s(i) Eu,s()|5(1) = s(5))P(s(i) = 5(j)) — E( us('))E( us(j)>
[E(Busiy Busils(0) # 507)) - E,>EE )] (s
o [B(Bu sty st |6) = () = B(Bu)?] B(s(0) = 5())
E(Eun Buals(i) = 1,5(j) = 2) - E(Eu,nE(Eug)} B(s(3) # 5())
o+ [B(Bur Buals(0) = 5(7) = 1) = B(Eur)*] B(s() = (7))

cov (Bu, Buz) B(si) # 5(7)) + Var (B ) B(s(i) = (7)),

Nu

1
u) = WZCOU( (1) us(j))

+Ni3 Z Var (Eﬂ) P(s(i) = N2 ZVar ( w,s(2) )

INA
—_
SN
(@)
[«
4
VS
:tm
=)
IS
[V
N———

e S b S

U j#5=1

‘COU (Eu,lvaz)‘ + Var (Eu,l) <N * N)

IN

If (s(1))i<n, is a sample of uniformly distributed variables on [1 : N] without
replacement, we have

_ 1
Var(E,) = FZ (ue()v u‘f(]))

:w

I
2 5‘ —
[\v}
Mz
(@)
S
(4
/—\
t)
F
W
S
N—
+
[\v}

5
=
/N
:tm

kX
Nl




In both cases (with or without replacement), thanks to Proposition we have

r(5-5(5.)

>5) — 0.
N —+o0,
N,—+oco

O

Now, to prove Theorem |1, we only have to use Proposition |§| (which can be
applied thanks to Lemma [4]) and Proposition

A.2 Proof for rate of convergence: Theorems [2| and

We want to prove Theorems[2] and [4 about the rate of convergence of the double
Monte-Carlo and Pick-and-Freeze estimators. We have to add some notation.
We will write Cqyp, for a generic non-negative finite constant (depending only
on u, f and the distribution of X). The actual value of Cy,p, is of no interest
and can change in the same sequence of equations. Similarly, we will write
Cint & generic strictly positive constant. We will write Cyyp(e) for a generic
non-negative finite constant depending only on €, u, f and the distribution of
X.

Recall that for all i, X; is a compact subset of R and that f is C!. Moreover
recall that X has a probability density fx with respect to A, (the Lebesgue
measure on R?) such that Ap-a.e., we have 0 < Cips < fx < Cgsup, and such that
fx is Lipschitz continuous.

Note that with these assumptions, ® is C' on the compact set X and so
Lipschitz continuous. For all n, we will write d for the euclidean distance on
R™ (for any value of n) and B(x,r) for the open ball of radius r and center x
in R™. We also let S(x,7) be the sphere of center x and radius r.

Remark that
P (ax"),x%) = ax"), X))

—ur

- /2 IP’(d( (1) (2>)—d(x(_17l,x(_311)) P (x),x?)

—71,’ —u’ u

< Cun [ M (S A x%))) apg (< x%)

because the Lebesgue measure of the sphere S(x: @ s d(x (_171, @) v)) is zero. Thus,
almost everywhere, for all [ and all i # j,

d(X(_lu, )#d( _‘L,x”)

Thus, the indices of the nearest neighbours (ky(l,4));; are constant random

variables conditionally to (X(_n)) or to (X( ))n< ~- In particular, for all N and
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I, kn(1,1) = 1. Thanks to Doob-Dynkin lemma, we can write, abusing notation,
ken (1, i) (w) = kn (1, )[(X™ ()] = kn (1, D)[(X™ (w))nen]. To simplify nota-
tion, let us write ky (i) := kn(1,7) (the index of one i-th neighbour of X(_li)
and k' (i) == kn(2,7) (the index of one i-th neighbour of X#)).

Remark 19. We can prove the rate of convergence in a more general framework
than the Fuclidean space with the Lebesgue measure. It suffices to have a com-

pact set X with a dominating finite measure p = @ p; such that for p;-almost
all x; € X; and for all 6 > 0,

Cintd < pi(B(x4,6)) = pi(B(x4,6)) < Cyupd.
We prove Theorems [2] and [] step by step.

Lemma 9. Assume that (a;); and (b;); are sequences such that for all i, |a;| <
M, |b;| < M and |a; — b;| < e. Then, for all N € N*

N N

[T~ I]%

i=1 i=1

< NMN e

Proof. By induction. O

Lemma 10. If for all i < N, d(x u,y(l)) < g, then, for all ( )z<Nz e ahr

‘E [<I> ( @ Yi<nrs (Xg))mN,)‘ (X)) i<n, = (Xg)iﬁf\h]

— E |:<I) (( (_134)1<N17 (Xg}))lfNI) (X(z) )z <N; — (y(_zL)ZSNI] < Csup5~
Proof.
’E [(I) ((agbigl\“’ (Xv(j))iSNIN (X@J)iSNI = (X@L)@N,}
—E [(I) ((a(—iz)iSNﬂ (XS))iSNz)‘ (X<, = (y(_izt)iSNI}
- /XNI o((@"),)icn,, (x{)i<n,) (f(xi”%gm\(X‘fi)igm:(xf;)igl((XS))@NI)
_f( 1))1<N \( ,L)1<NI (y( ))1<NI((X7(j))i§k)) d((xsj))iSNI)
= Sup/ fo X X(Z fo [X_,=y" Xz(f)) d((x{)i<n,)

41



We know that,

| XX w0 (%) = fxo X umy o (%))

s Axrx) fx (% ¥—)
S T IO a)d0) T, Fx Oy )
S e o X )~ Bl
+fx (Xu, Y—u) ! - !
Joo, Ix(X,xo0)d(x)) [y, fx (X, y—u)d(x),)
< Csup|fX(xuaX— ) fX(Xuv )‘+Cbup|fx(xuax— ) fX(XuvY—u)‘
< Coupd(X—y, Y—u)-

Thus, for all ¢ € [1: N;] and for all xq(f),
‘fxuleu:x(fl (<)) = Txuix =y, (X ( )‘ < Coupe:
Thus, using Lemma [9]
‘E [‘P ( a'"))icn, (Xz(j))iSNI)

- E {@ (( (_L)1<N,, (ng))iSNJ

(X(jl)igm = (X@J)iSNz}

(X(_iL)igNI = (ygl)iszvf}

< Caype.

Lemma 11. If for all i, d(x (le,y( )) < g, then

‘E [<I> ((X(_izl)ing (XS))’LSNI>

~ Blo((yD)ien,, XD )iew,)

(X9 ien, = (X(_izl)igm}

(XO)ien, = (y(_il)ing] < Csupe.

Proof.

’E [‘I’ ((X@u)z‘gzvn (Xq(j))iéNz) (XD)icn, = (X@)KNI}
-E [‘I’ ((y(fzt)iszvp (ng))iszvf)‘ (XY )i<n, = (v") )1<N1}
B ()i (KDisw, )| (XD izn, = Ciew, |
~Elo (& £L>7<N,,<X$L>>1<NI) (XD ien, = 0)ien,

)
u
+ ‘E [‘1) ((X(jz)iSNn (X ) P ( z<N17 g))igm) |(X@L)i§1\’1 = (y(—izt)iSNz}
< Csupe + Cupe,

IN

using Lemma [10| and using that & is Lipschitz continuous on X'. O
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Lemma 12. There ezists Cs,p < 400 such that for all a > 0,
P (d (XQBL,X@‘N’”) > a’ X(_li) < CoupNN1(1 = Ciygal V=M1 (37)

Proof. Let K(a) := #{n € [2: N], d(X(_l,)L,X(")) < a}. Conditionally to x4

K(a) ~ B(N = 1,p(a, X)), writing p(a, X)) = P(d(X"), X%)) < o|X")).
Thus,

—u’

B ( 2N = o] X))
_ IP’( a) < Ny — |X(_17l>
Ny—
= Z ( ) a, XE)¥(1 = p(a, XE))N 1

N -1 _ (1) \N=N;
Ni (N1—1> (1 - pla, X))

Caup NN (1 = pla, X))V =2,

—ur

d (X(l
(a)

IN

IA

We know that

pa, X)) = / P (%)%
B(XY) )

Y

CintA\|—y| (B(Xgi, ))

Cinfal_u‘ .

\%

Thus

P <d (X(l) X(kN(NI))) > a’ X(—li) < CsupNNI(l . Cinfa‘iul)NiNI. (38)

—u’

O

Remark 20. For the estimators ‘A/%pp, we choose only one nearest neighbour
different from XS}) m ‘7“’1’131.7', which is ngN(Q)). Thus, in the previous compu-
tation, we do not have the N™7. Remark that this is also true for E, yc taking
Ny =2.

Lemma 13. For all € > 0, there exists Cqup(€) such that

B (a (x%, x5 ™)) < 5“‘: (ls_)s, (39)
p—|u
and for all x(_li,
(d (X(_IT)L,XU“N(N’))) ’ xW — <1>> Coup(e) (40)
Nr—Tul e
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Proof. Using Lemma we have
B (V- Npma e (X0, x 0 ) x )

- /O+OOH3’<(N Ny ed (X(” x(kN(Nf”) > t’XQi) dt

+oo
<1 +/ P (d (X0, X&) s p(v - Ny TE | X)) e
1
LY R U NN o o e 5 @)
= [—ul [—ul — [—ul
+|_u|/1 s ]P’(d(X , Xk >>s (N = N)) X_u)ds
1 i Nip |—ule—1\N—N;
< 1+ |_7u| ) CSupN (1 - CinfS(N - NI) ) ds’
and
(1 = Cings(N — Np)l7ulemhyN =N = oxp {(N — Nj)ln (1 — Cings(N — N1)|_“‘8_1>}
< exp [(N ~ Ny (fcinfs(N - NI)|*“‘5*1)}
= exp(—Cines(N — Np)I=ule).
Thus,
E ((N NI (Xgu’xgcgwm) ‘ X(_l&)

+oo
< 1+ CSUP/ NN exp(—Ciurs(N — N[)lfu‘g)ds
1

“+o00

< 1+ Coup [NNI EXP(—Cinf%(N - Nl)l_ua)} / EXP(—Cinfg(N — Np)l 71 ds
1
< 1+ Csup(g)-

Indeed, the values N7 exp(—Cinrd (N — N;)I=¥I¢ and f1 exp(—Cint 5 (N —
Np)l=¥I#)ds go to 0 when N do +oc. Thus

E(d(X(l) X( ~(NT)) )‘X ) 1+CSUP( ) < Csulp(g) )
(N — Np)v=Tal T € No—Tal €
That concludes the proof of Lemma O

A

Remark 21. For the estimators ?u,PF, we do not have the NNT. Thus, we can
choose £ = 0 up to Proposition [13

Proposition 12. For all € > 0, there exists Csup(€) such that

p(8)- 5=

< i
No—Tul ¢

(41)

and for almost all x(_li,

Csup(g)

(42)
Nr—Tul e

—Uu —Uu —Uu

’E( X = (1)) ~Var(Y|X_, = x| <
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Proof. For almost all (x (n )) using the definition of the random variable Z (in
the proof of Proposition E[) and using Lemma @

En ()[(X™),, k(i X(,nqz n n n
B (o (et OO, I ) ), = ),
_ ( (Z )|X(1) ))‘
k (n) n i
= ( < (N . ]))iSNU(XSL))igNI>

( Wi<ng, (X§ ))z<1v1> (X)i<ny = (Xgi)igNI) ‘
(n)
- prd( (kn (N[ ]),X(IZ)

thanks to Lemma [TI] Thus, using Lemma [I3] for all ¢ > 0,

k (n) n
(x Jicn, = (X<_;v< i)[(x") D)ism)

‘E ( LX) = x“)) Var(Y|X_, = “))( < CoupE (d (XQLXS’“;V(NI”) ‘ x0) — XQ{)
< CSHPM.
Nv7=Tal ¢
O

(1 2) _ (1,2)»

In the following, to simplify notation, we may write "X for

”X(_li = x(_ll)t and X(_Qi = (_271”.

Lemma 14. For almost all (x_ @ (2)) and for all a > 0, we have

P (d(X(_li,X(_kg(Nl))) > a‘ X(—lf) _ X(_lf)) <P (d( (1) X(kN 1(N1)) Z a‘ X(_lq),, _ X(—li) 7

—Uu

and thus, integrating a on R4,

B (a(xE O xO)x02 =x02) <k (a(xE 0 x0)

X = x0).

Proof. Let gy (i) be the index of the i-th nearest neighbour of x¢ ) (X(_"J)HE[LN]\{Q}.
(1) (2 )

7’U4’ xfu

P(d( (1) x (V) 5 G)Xg&n :xg&2)>

77J,7

- P (d( 1) X(kN(NI)) a’ X(_lf) _ X(_LQ) d(x( ) (2)) > d(x (1)7X(_ng;1(N1))))

For almost all (x , we have

—u? u u?

P (0 x20) > dxlt, X200 XU = x02)

X X _ s

P (d( (1) (2)) < d(x(_lq)i,X(_g{Z](NI)))‘ X(_lf) _ X(_lf)) )

_u7

_HP) (d(x(ji’nglJLV(NI))) Z a‘ X(}f) — X(flf),d( (1) (2)) < d( (1) X(QN(NI))))
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Moreover, conditionally to X(jf)
then the Nj-nearest neighbours of Xgi do no

account X(_QZ Thus

= x(j{f), if d(x(j)

(1) x(on (Vi)

7’[1,7

x%) > d(x ),

t change if we do not take into

P (a8, X2 ) > o] X0 = <82, a(x ) x%) > d(x, X0

= B () X OD) > 0] XED = 512 a(x D) x2) > dl) X))

= ]P’(d( 1) X(QN(NI)) >a‘X(1) e d(x (1) (2)) > d(x1 (1) X(gN(NI)))>.
Similarly, conditionally to X(_lf) = x(_lf), if d(x(_ll)”x(_%)l) < d(x(_li’x(_gzLV(Nr))’

(2)

1)

then x'°; is one of the Nj-nearest neighbours of X, . Thus
P (d 1) X(kN(NI))) X(j’?) _ x(j’z) d(XE) (3)) <d(x (j) X(QN(NI))))
< P(d (j) X(QN(NI))) >a X(jﬂ) (1 2) Ld(x (j) (2)) < d(x" (1) X(jJN(NI))))
- P (d (1) X(QN(NI))) >aq X(_lq)i (_11)“d( (1) (_21)) < d(X(_li,X(_gg(NI))D )
Finally,
1 kn (N 1,2 1,2
(d (—q)uX( ~( 1))) X(—u) (u))
< (d _IQ)NX(QN NI))) >a X(l) (1) d(x(—li)u ( ) > d( _11)“X(9N(NI)))>
B (e x2) > el X X0, — 100
1 N 1 1 1 2 1 N
+P (d( (_1)UX(§N( 1)) a‘x(—z{ (_T)Ud( (_1)“ ( )) <d(x (_1)”X(9N( 1))))
P (e, x2) < a(xlt, X x0) = 50)
_ P( j) X(QN(NI > a‘X(l _ X(l))

1 k N 1 1
— (a0 X > o] X ).
and we proved Lemma O
Proposition 13. For all € > 0, there exists Csup(€) such that
~ = C
’cov(Eu_l,Eug)‘ < %k). (43)
i No—Tul €
Proof. We use the law of total covariance,
cov(Ey, Ey) =E [cov ( ’X(l) X(Q))]—Fcov [E (Eu,ﬂX(_lq)“X(Q)) E ( |X
(44)
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Part 1: First, we will bound the second term of Equation[44 Thanks to Lemma
we have

’E< XD ) x @) (2)) Var <Y|X_u_x<1>))’

_u’

< {)E [ ((X(’W( ), ) ’ XU = xM x® _ 4@ (X@J)nzg} Var (Y|X_u _ x(l))) ’}
< CopE (d (X(,l) X(,kN(NI))) ’ X(,l) x) X(Z) = Q) using Lemma [TT]
< CapE (d (X(_11)“ Xgiivfl(NI))> ‘ X(_l,l = x(_11)t> using Lemma
< M using Lemma [T3]
(N — 1)<
< Csulp(g) .
Nv=Tal — ¢
Similarly,

(1) _ ) x@ _ (2)) Var (Y‘X_u_ <2>))‘§ Coup(€)

—u7 —u 1 _
No—Ta] €

(£
Thus, using that ¢ is bounded,
‘E( 3 X(,) —x® X(2) _ Sz))E(EugD((,) ey X(2) _ (2))

~Var (Y\X, = xU )) Var (Y\X, <2>))‘ < %

Moreover, using Proposition [I2} we have
B (Buax) = xB) B (Bu2lX®) = x2)

v (VX =) var (VX =x0)| < St

N p—Tul
Thus,

‘E (Eu1|x(_1) <D x® _ (_,))E<Eu2|X(_1) K0 X _ (_2))

_E( X (D)E(E LX) :X<2>) < Coup(e)
7u Uy —u —u — Nmfg‘

Finally,

’cov E (me@ x%), ( \XQZL,X@)H

o [ (B, X0 (LX) B[ (B o)
HE ( |X(1) X(z)) E ( |X(1) X(fi) ~E (E“u,llx(_l,i) E (Eu,zlx(fi) }

Csup(e) )
N7 —¢

IN

IN
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Remark 22. In this Part 1, we can choose € = 0 for the estimators ?u’pp or
for Ey mc if we take Ny = 2.

Part 2: Let € > 0. We will bound the first term of Equation E {cov (El, Ez‘ X(_lq)“ X(_QI)L)} .
We want to prove that

Cisup (6
N1—5

X(_lf) :X(_lf))dﬂpg;g (x () (2))

_u7

s

/2 E (Eu L Ba X2 = (_1;3)) BB X% = xYVE(E,
X u

Let us write

1
1 %) = min () X2, )
NT=a~

where § = ¢/(4] — ul), and

1 2 1 (kn (ND[(x") <)) 1 2
G, %) = {(xﬂ”bnem d(x), xEODIEEDnxDy g ) @)

—uﬂ u —u? —Uu
’ x(n) )
dx® BV Iy ) 3)}'

Part 2.A: We prove the following lemmas.

Lemma 15. For all e > 0, there exists Csup(€) such that,

kn_1(N Csup(€)
/X P (A, X By ) > ) xB) 2| X = x)) P () xC)) < S

—u

(45)

d(x") x?) < (N - Ny —

7’U,7

Proof We divide X2 in o= (=) x®) e a2

1) } and F, —{( x@yex?,, dx" x?) > (N - Ny — 1) ).

,,UJ X_w

[P (A0 XD 3 o ) 2| XY = 202) 52 )
I

< C’sup)‘\ u|( 1)

< / A u‘ x_u,(N Ny —1) —“\Ddx_u
< / (N = Ny — )Tt =¥l gg_,

< Cop(N— Ny 1)1
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Furthermore, using Lemma [I2] we have

(x (1) (2))

—u L\ X u

/ ]}D(d(x(” X1 (ND)y 5 gD @) /2’X<1> <1>)dp®2
P

S/ Coup(N = DN (1 = Ciupd (), xZ) T HN Va2 () x )
s

X 0)2Cuup(N — 1)V (1 = Cipp(N — Ny — 1) Tl |74y N=1=Ns
<Chup(N — DN (1 — Ciyg(N — Ny — 1)~ HHe)N=1=4

IA
>

|
£
—~~

<Csup(N = )N exp [(N — 1= Ny)In (1 — Cing(N — Ny — 1)~ 1+9)]
<Csup(N — )N exp [~ Cing(N — Ny — 1) + o((N — Ny — 1)%)]

< Coup()

— Nl—s

O

Remark 23. In Lemmal[l3, we need e > 0 even for the Pick-and-Freeze estima-
tors. That explains the rate of convergence when |u| =1 for the Pick-and-Freeze
estimators.

Lemma 16. For all e > 0, there exists Cgup(€) such that,

N-2 1 2 1 2 Csup(e)

[, BTG e ) < e o)

Proof. Using Lemma [I2] we have

P (ax &y x0) > NTETIXY)) < Coup(N-1)N (1= Cipg NI N1

SO
P (d(x(fg*(N”),xg{) > N‘ﬁ”mg{) < Cﬁ%@ (47)
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Thus, we have

[, PG ()

u

77J,7

< / P(d(X(jZ,X(fg(NI))) > d(X(l) (2) /2‘ (12 _ (1 2)) dIP®2 ( (1)
X2

a(X 2, XEY M) > ax), %) /2| X5 = x0 ) apg? | (x

—ur

7’[1,’

a(x ), XEY V) > N X0 - <UD apg ()

+
T
~
e

—u? —u?

P(d( (1) X(kN 1(NI))) > d( (_211)/2‘}{(_ (1)) dI[D@Q ( (1)

—u’ —Uu

IN
><\+

_u,

+/ P dX(z) X(kN 1(N1))) > d(x 1) (2) /2’X(2) (_211) dIP’;‘%% (x (

X_, Xy X

—u? —u7

P (d X(l) X(kN 1(NI))) > N*ﬁﬂslx(l) _ (1)) dIP®2 ( (1)
(d (2) X(kN 1(NI))) >N7|*1”‘+5‘X(,2) (2)>dP®2 ( (1) x

and we conclude the proof of Lemma [I6] using Lemma [I5] and Equation O

For i = 1,2, let B; be the ball of center x"* L and of radius [(x (ﬂ)“ (2)) let
p; be the probability of B; and N; be the number of observations (X(_qz)ne[&]v]
in the ball B;. Remark that

C’sup
pi = N1=d]—ul®
We have the two following lemmas.
a, 2)

Lemma 17. Conditionally to Xg’f) = , the random variable N; is bino-
mial B(N — 2, p;).
Conditionally to X(1 2 = x12 N

—u ')

B(N —2—nj,pi(1— pj) b,

= nj, the random variable N; is binomial

Proof. For the first assertion, we use that the (X(n,z)n are i.i.d. For the second
assertion, we compute P(N; = n1|X(1 2) = (_1u2), N; = n;) with Bayes’ theorem.

O
Lemma 18. If N; = nl, let X(Mi) be the random vector composed of the n;
observations in B; of (X ))ne[?’ ~N) and M; € [3 : N|" the vector containing

—u

50

4X®) XEED) 5 - u\”‘X(l 2) _ (_17;2>> P (xD) x

(€]

—ur

e )

(2) )

—Uu

7

1)

e

—Uu

(2)

—Uu

(2) )

—Uu

—U’

)

(2) )

(2)

—Uu

e

—Uu

);

X*’U.)

)



the corresponding indices. We have:
£ (X0, XM XD — x82 Ny —ny, Ny = )
= C (X<M1> X2 = 512 N = nl) ®L (X<M2>|X(jf> =x12 N, = n2) .
Proof. For any bounded Borel functions ¢y, ¢2, we have
E (¢1(X(Ml))¢2(X(M2))|X(,1{,2) =xUD Ny =, Ny = n2>
B (60 (XM (X1, Ty (KU = 12)
P(Ny = ny, Nz = no[ XY = x07) .

—Uu

Let
P([?) : N],nl) = {(kl, ,knl) S [3]\””1 k< kj fOI‘i,j € []. 277,1}, ’L<]}

be the set of all possible two-by-two distinct elements in [3 : N]. To simplify
notation, we also consider an element of P([3 : N, n;) with the subset of [3 : N]
that contains its indices. We have

B (60X (XM, T,

1,2 1,2
X(—u) _ X(—u ))

- Z Z E(¢1(X(ml))¢2(X(m2))ﬂx(_m1>eBY1 ILx(_""z>eBgz
m; €P([3:N],n1) ma€P([3:N]\mi,n2) “ “
(1,2) _ _(1,2)
x H ]leLgBluBz‘Xfu =Xy )

1€[3:N]\(m;Umy)

Now, using the independence of (X(™), and summing over m; and my, we

o1



have, for any value of my € P([3: N],n;) and my € P([3 : N],n2),

B (01 (XM (XM XD = x 1P Ny = 1, No = o)

_ (N=2\[(N-2-mn4 e \N=2-n1—ns
)0

(¢1( I X<_17;2)) E (¢2(X<m2>)1x(_m2>€3n2 X0 _ X<_11;2>)

N —2 N-2-m ni, N2 (1 _ N—-2—-ni—n
(nl >( o )pl (1—p1 —p2) e

E (¢1 X(ml) X(m1) B X(_l,f) = X(_lﬁz))

—u

x4 = X(—lf)) £ <¢2(X(m2))1x(_'“2’6322

p1 pgz
El#(X Xm0 e pr [ 1o x 12— x(12)
B < Vet i€[3:N]\m; X ugb
Pt (1 —p1)™
E [ ¢o(X(m2))1 (m2) ¢ I ize X(,lf) = X(,lf)
< X : 6322 1€[3: N]\ma 7“¢B

n2 (1 _ p2)n2
= E (¢1(X(M1))‘X9&2) = 9u2)7N1 = m) E (¢2(X(M2))’X9&2) =x"2 N, = nz)
That concludes the proof of Lemma O
Part 2.B: We aim to proving that

Csup (¢
N1-—¢

<

—u? u

/Xz B (BunBual X0 =x8P) - BELXGD =GB XED = x| () %)

To simplify notation, let X*~) ;= (X*~x (D)), and XEn) = (XFN (D)),

We have
E (X)X ®))x "2 = x12)
N-2
= Y E(eX® )Ny =0, X5 = xBD)E (9(X00) Ny = ng, XD = x1)
ni,n2=0

X]P)(Nl —’I’L17N2 —TLQ‘X12) (_17;2))
On the other hand, we have
B (ox0)x4Y = xE2) B (ax M) x 0P = x1P)
N-2

= Y BN = XEP = x0P) B (@(XON) Ny = g, XU = x2)

ni,nz =0

xP(Ny = nq | X5 = xED) PN, = ng| X2 = x 12,
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Thus, using that ® is bounded and using Lemma it suffices to show that

PO [P(Ny = n1, Ny = na| XD = xU02)

’rLl,TLQ:NI—l

1,2 1,2 1,2 12 Csup(€)
B(N) = X 5D = xUD)B(N, = npf XD = x02)] < SoelE),

Let K := |[N®|, where a = ¢/3. We divide the previous sum into two sums:

A(x(l) x(2)) = ZKN |P(Ny =ni,No = n2|X(_11’L2) = x(_l;f))

—ur S —u ny,no=Ny—2

—P(Ny = m X8 = xED)P(N, = no[ XD = X7,
N-2
S IP(Ny =1, Np = o XU =xU2)
G

B(X(l) X(Q)) :

—u)’ —Uu

—P(Ny = [ X5 = xEP)B(N, = ngl XU = <87,

Let us bound these two terms.
First, we have

AL Xy = iy POV = XD = U, = | Ny = g, XU = x5

P(N, = no| X2 = x112))
P(NQ = ng‘Nl = Tll,X(_qu) = X(172)) .

—Uu

x |1 —

Thus, it suffices to bound

1_ H:D(Ng = ’II2|X(,1;L2) = XEf) Csup (5)
P(Ny = no| Ny = ng, X152 = x12) | = Ni-e

Thus, it suffices to show

og P(Ns = no| X2 = x2) _ Cow(®)
IP(N2 = n2|N1 = nl,X(j{f) = X(jqf)) o les
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To simplify notation, let 7= N — 2. Thanks to Lemma [I7] we have,

log P(Nz = ng| X8 = x132)
]P)(NQ = TL2|N1 =Ny, X(_lf) = X(_17;2))

. T(T-1)...(T—n1+1) (1—p)T="1 (1 — pg)T—m2
= log ((T —n)(T—ng—1).(T—nz—n1+1) (1 —p; —pg)T—m—n2 )

— log (1(1 — ) 1)) log ((1 Jf2yg el g ’Wl_l))

T T T
(T —n1)log(l —p1) + (T — na) log(l — pa) — (T — ny — ng)log(1l — p1 — p2)
_ ni(ng—1) n? ni(ny + 2ng — 1) (n1 + ng)?
= 5T +n1O(T2) + 5T +n10( e )

—(T = na2)ps + (T — n2)O(p3) — (T — n1)p1 + (T — n1)O(p?)
+(T = n1 —n2)(p1 + p2) + (T — n1 —n2)O((p1 + p2)?)

3 2

= M o) 4 ol )

+(T = n2)0(p3) + (T — n1)O(p3) + (T — ny — n2)O((p1 + p2)?).

We know that

nin2

) — N2p1 —Nip2

C1sup < C1sup
N1-d|-ul-a — Nl1-¢€’
So, for all ny < Ky and all ny < Ky,

D) (12 ‘
log( P(Ny = no | X2, X ") < pr(g)

Knp; <

P(Ny = no| Ny = ny, X142 = x1:2) Ni=e "

Thus, we have shown that we have

1 2 Csu

Now, let us bound B(x(l) x(zl). Remark that {(nq1,n2) € [Nf—1: N—2]| ny >

—ur =

Ky or ng > Ky} is a subset of
([KN+1:N—=2|x[Nf=1:N=2))U([N;y—1:N—-2|x[Kn+1:N-2]).
Thus, it suffices to bound

22[1_:21(,\,“ f:;_:21v,—1 {IP’(Nl —ny, Ny = n2|X(1’2) _ X(1,2))

—u —u
—P(Nl = n1|X(,17’J2) = X(,lf))P(NQ = n2|X(,1{L2) == X(,1{L2))|
N—-2
= S PV =m XD =xP)
ni=Kny+1
N—-2

Z [P(N = na| N1 = n1, XY = x0Y) PNy = 0o XY = X(_qu))|.

—Uu —u
’I’L2:NI—1

o4



Thus, it suffices to bound

N-2
S P = X5 =x0),
ni=Kny+1

Let T := N — 2. We know that N; has a binomial distribution with parameters
T and p;. Thus,

E(N)) = 1T < Coup N7 < Oy NT.

Thus, there exists N, such that for N > N, we have that, E(N;) < Kp + 1.
Thus, for N large enough and for all n; > Kp and, we have

P(N; = m | X% = x32) < PV, = Ky + 11X52 = x5,

Thus, for N > N,

n

IN

IN

IN

<

Csup

N-2
> B =mxEY =<9

1=Kn+1
(T — Kp)P(Ny = Kp + 11X 5 = x1:2))

T!
(T _ KT) ‘p{(T'H(l B pl)T*KTJrl

(T— Kr— DKz + 1)

!
(T — Kr) ,p{(TH

(T — Kr — DI(Kr + 1)
(T - Kr)VarT (2)" (5
o (Ky + 1) (K)o = Ry — 1) (LK1
(T — K7)VTTTCEz+1

sup

)KT+1

(T—Kr—1)

CSLI
P V(K + )(T — Kr — 1)(Kr + 1)Kr+ (T — Kp — 1)T=Kr =17 (=8| —ul)(Kr+1)

S Csup(T _ KT)KT+%7T(KT + 1)*KT7%TT*%+6|7U‘(KT+1)7KTCKT+1.

sup

Using the Taylor expansion of x — log(1 — x) at 0, we can see that

(T — Kp) TTT < Cyup exp(Kr) < CEr

sup *

Moreover, we have

and so

(Kp 4+ 1T 017wl > pspizi — pltas

T-K
(T — Kp)K7 (Kp + 1) Krp=Kr(=d—u oo < oy (KT log [C TD

sup sup T1+ =

IN

Csup(s)e*KT.

99



Thus, we have

N-2

> =m XY =xCP)
ni=Ky-+1
Coup (£)e™ 7 (T = Kor) ¥ (Ko 4 1) 74734017
Coup(€)

T
Caup(©)

e

IN

IN

IN

Finally, we have

CSU. C u
LX) < B x) < S,
Thus
Sy [PV =, Ny = ng XU =02
Counl(e
BNy = m X0 = XU RV, = maf XU = x4 < GonE)
So, we have proved Proposition O

We conclude by the proof of Theorem
Proof.

P(’EWEH

>e)

< P (‘Eu _E(E)| > %) +P (‘E(Eu) _E,

>2)

5)"
Then, we use the proof of Proposition If (s(1))i<n, is a sample of uniformly
distributed variables on [1 : N| with replacement, then for all € > 0,

23 = A (B e () (5 4)
1 ( Caup(€) +Csup>
e2 \ No=mr ¢’ Ny )’

P (‘Eu —EB(E,)

for all &’ > 0, thanks to Proposition If (s(1))i<n, is a sample of uniformly
distributed variables on [1 : N] without replacement, then for all € > 0,

€ 4 (N,—1 ~ ~ 1 ~
> 5) < 2 < N, cov (EUJ,Eu’Q) + EVar (Eu71)>

i Csup (5,) T Csup
e? Np%Iu\ —e’ Nu ’

i (‘Eu —EB(E,)
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for all €/ > 0, thanks to Proposition Moreover, for all € > 0,

~ £ 2 ~
Coup (€
S pf()/a
eNp—Tul ¢

for all ¢/ > 0, thanks to Proposition Finally, for all € > 0, ¢’ > 0, we have

_ 1 [ Cuple) . C.
P < = sup sup )
e )—gz(Npl.u.—e'+Nu>

That concludes the proof.

B Other proofs

Proof of Proposition
Proof.

E(f(X) (X))
E(E(f(X)f(X*)[Xw))

= E F(Xuy x o) f( X, x ) dPx 1, @ Px_,x, (X, X5 )>

X2

—u

= E

- —~ — g

.f Xuvx—u dPX w| Xy (X—u) f(Xu7X/—u)dPXu|Xu(X/—u)>

X_u X_u
= E(E(f(X)[X.)?).

That concludes the proof of Proposition
Proof of Proposition

Proof. Let

Under Assumption [1, we have

o7



Var(Y)QZVar(ﬁi) = Z Z A2 o Var (W, )

1=1 0GuG[1:p]
P
= Z Var( u)ZAfu
DGuG[1:p] i=1
Var(W) & o
- 2 Ty 2
0GuG1:p) i=1
Moreover,
P —2 —2
1 /(p—-1 1 (p—1
2 AL = 2 () +;p2<|u|—1>
1
= e ((p = [uDul®(p — Jul = 1)1 + Jul (Ju] = 1) (p — [u])?)
p— |u)!|ul!
= DR g — )0t = 10+ 1l
_ (= Jullul! (p — Ju] = D)!(Jul — 1)!
! (p—1)!
= C(ul,p).

Thus, we want to minimize

—
Var(W

> YD 6l p)

@gug[l:p] u

subject to

Z N _ Ntot

DGuG[1:p]

Let U = (Ri)zp’z. If x € U, we index the components of x by the subsets
0 Cucl:p] and we write x = (fﬂu)wgugu - Let h be the C* function on

U defined by h(x) = ngug[l 7] M let g be the C! function on U

defined by g(x) = (Z@gug 1:p] Tu) — Nt;/ﬁ and let A = g=1({0}). Using the
method of Lagrange multipliers, if hj4 has a local minimum in a, there exists ¢
such that Dh(a) = c¢Dg(a), i.e. Vh(a) = Vg(a) i.

a= Niot (\/C’(|u|,p)Var(ﬁ/\él)))
1
5 Y ocociia V Ol p)Var(WY)

Moreover, note that h is strictly convex and the set A is convex, thus hj4 is
strictly convex. Thus a is the strict global minimum point of 4. O

DGuG[1:p]
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Proof of Proposition

Proof. Let us write V := Var(/V[ZEI)) that does not depend on u by assumption.
To simplify notation, let Nyg = N, = +o00. In this way, we have, for all u C [1 : p],

—

Var(Wy,(m)) = V/N,.

‘We have
Var (7i] (0m)m<m) = ﬁ ]\iﬂi Var /Wuu{i}(m) + Var ﬁ/\u(m) 1p,(0m)=u
p uC—1 m=1
M
Vv 1 1 1
= = — — | 1p -
pVar(Y)? =, 2;{NW{¢}|+NJ Prlom)=u
Thus,
M
~ 1% 1 1 1
E |V 4 m)m =  Toxr o s —| P Pz m) —
Var (7l (om)ms o) p*Var(Y)? wC—i 27;—1{Nluu{i} JrNU] (Filom) =)
N R ok p—l)‘l[l e
p*Var(Y)? &< M? &= p |ul Niwugiy) N
\% 1
= 3 2 Z Qijupy—s
p Var(Y) uC[1:p] N\u|
where

-1
Remark that >7_, a;, =2 <|5|> . Then,

E

P P
~ Vv 1
ZVar (7 (Um)MSM)] = ; P2Var(Y)2 UZ ai7u7N|u|

i=1
Vv 1
B p*Var(Y)? Z N, Zai’u

uC|[1l:p] lul 521

_ Wy L -
T Var(Y)? Nt \lul

uC[1:p]
A=
-~ pPVar(Y)? &= Ny
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We get the relaxed problem

—1
2V 1
m v § il
(Nikeinp—1 P?Var(Y)? =1 Ny

subject to MZ%;} N, = MNo(p — 1) Let U = (R%)P~!. Let h be the C*
function on U defined by h(x ) = QVar(Y)Q poy- }%, g be the C! function on
U defined by g(x) = M Y21 2 — MNo(p — 1). Finally, let A = g~1({0}).
Using the method of Lagrange multipliers, if 4 has a local minimum in a,
there exists ¢ such that Dh(a) = cDg(a), i.e. Vh(a) = Vg(a) i.e. Vu, f% =
i.e. a, = c”. To sum up, if b4 has a local minimum, it is in a defined byu

ay = NoMp,,.

Moreover, note that h is strictly convex and the set A is convex, thus hj4 is
strictly convex. Thus a is the strict global minimum point of k4. Thus, a is the
global minimum on the constraint problem (where the inputs are integers). O

Proof of Proposition [6] This proof totally arises from the appendix of
[SNST6]. The computations are the same.

Proof. Under Assumption [3| we have

Var(m;) = m (Var (/Wpi(gl)u{i}) + Var (/Wpi(al)>)

1

= W(Yv)g <Var(E(WPi(al)u{i}|01)) + E(Var(WPi(al)u{i}Wl))

Var(E(p, (o1)]01)) + E(Var(e, o) |cn>>)

1
= CVTW (NOVar(Wpi(al)U{i}) + NOVar(Wpi(gl))
FE(VA(TEY o) + BV, o) ).
Thus, the minimum is with Np = 1. ]

Proof of Proposition [7]

Proof. We only prove the second item. The first one is easier and uses the same
idea. Let 7 € [1 : p|]. Remark that

N 1 M

N = Wr(Y)m <WPi(am)U{i}(m)_WPi(om)(m)>

—1

pVar u;z ( | ) (Wuu{i},i - WUl)
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v (p=1\ P Voo (rm1\ P W
Wu,z —( |U| )M Z W( ) and WuU{Z},Z _( |u| )M P; B WuU{Z}(m)a

m| Pi(om

where we sum over all the integers m € [1 : M] such that P;(c,,) = u. Thus,

for all u,
W u . WNu M
(lu \ {i }|> M

where

~ 1 Nuinmr
Whwin = — > Wa(k)
N?L,i,M k=1
and Nu)i7M = Nuu{,-}’i’M ~ B(M,W) (the binomial distribution).

Now, remark that M goes to +0o when Ny, goes to +oo (recall that Ny, =
kM (p —1)). Hence,

1 p P
Nm — 1.
<|u \ {i }> M Niot—+00

It suffices to show that for all w C [1 : p], the estimator w W Nus.ae () (w)
converges to W, in probability when N and N go to +oco and we could
conclude by

-1
n 1 p—1 ( ~ -
n pVar(Y) u;l < |ul ) U{d}, ,
P 1 p—1 -1
- W —W
NtothrOO pVar(Y) Z ( |ul ) ( uU{i} u)
N—+o0 uC—1
= i

Let € > 0 and § > 0. Using the assumptions and Chebyshev’s inequality, we
have that (WN ©)No, N is consistent, thus there exists No; and N; such that for
all No > Npi and all N > Ny,

P —waf >0) <5

Moreover,

P(Ny v < N, )
(Nu,m < Nou) M::m 0
Thus, there exists M; such that for all M > My,

P(Nyr < Noi) < %
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Thus, there exists Nyo1 such that for all Nyo: > Niot1,

P(Ny,m < No1) <

N | ™

Finally, for all Nio; > Nior1 and N > N7, we have
P (‘Wf“M - Wu‘ > 5) < P (’quz“‘” - Wu’ >0, Nua > Nm) +P(Nuar < Not)
< e&.

That proves that the estimator w de ”’i’M(w)(w) converges to W, in proba-
bility when N and N go to 4o0. O

Proof of Corollary [I] and Corollary
We do the proof for Corollary The proof of Corollary [2| uses the same
idea.

Proof. Let § > 0. Thanks to Theorem [2] with ¢’ =, we have

1

P <N2<p,|u|)—6 ‘Eu’Mc —E,

Coup (6) N 71 %

T 0.
2 N p=Ta 0 N—+oo

> 5) <
That concludes the proof of Corollary [I} O

Proof of Proposition

Proof. If we use the subset W-aggregation procedure, we just have to use the
consistency of Wu from Theorems |1 and |3| and to use Proposition

If we use the subset W-aggregation procedure, the consistency of the esti-
mators of the Shapley effects comes from the second part of Proposition [7l We
just have to verify Assumption 4| Let W, (m) of Propositionbe Ey s(m),mc or
\7”7 s(m),pr defined in Section , where (s(m)),, are independent and uniformly
distributed on [1 : N]. Then, following the end of the proof of Theorems [I| and
we obtain

M

1 _ _
e > cov (W“(m)’wu(m/)) N b oo
m,m/’=1
and, by Proposition [9, we have
w — W
B (W) =B (WL") y77,, W
Thus, Assumption [4] holds. O
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