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EFFICIENT ESTIMATION OF NONLINEAR
CONDITIONAL FUNCTIONALS OF A DENSITY

By SEBASTIEN DA VEIGA

IFP-Lyon, France and Institut de Mathématiques, Toulouse, France
AND

By FABRICE GAMBOA
Institut de Mathématiques, Toulouse, France

In this paper we address the problem of estimating functional
integrals of conditional moments of the form E(¢(E(¢(Y)|X))) where
(X,Y) is a random vector with joint density f and ¢ and ¢ are
functions that are differentiable enough. This problem is motivated
by the asymptotically efficient estimation of Sobol sensitivity indices.

1. Introduction. In many applied fields, physicists and engineers are
faced with the problem of estimating some sensitivity indices. These indices
quantify the impact of some input variables on an output. The general sit-
uation may be formalized as follows.

The output Y is a nonlinear regression of input variables 7 = (71,...,7)
(I > 1 is generally large). This means that Y and 7 satisfy the input-output
relationship

(1) Y = &(r)

where @ is a known nonlinear function. Usually, ® is complicated and has
not a closed form, but it may be computed through a computer code ([13]).
The estimation of some sensitivity indices occurs for example in chemistry
([2], [15]), space science ([1]), etc. In general, the input 7 is modelled by
a random vector, so that Y is also a random variable. A common way to
quantify the impact of input variables is to use the so-called Sobol sensitivity
indices ([14]). Assuming that all the random variables are square integrable,
the Sobol index for the input 7; (j =1,...,[) is

) ;- VerlE)
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2 S. DA VEIGA AND F. GAMBOA

Observing an i.i.d. sample (Y, 7M), ..., (Y, 7)) (with V; = &(7®), i =
1,...,n), an interesting statistical problem is then to estimate ¥; (j =
1,...,1). Many past and recent works deal with this problem, see [2], [14],
[12], [13] or [3]. In these papers the approach is generally empirical in the
sense that no proof of convergence for the studied estimators is given (except
in [3]).

Obviously, (2) may be rewritten as

E(E(Y|r;)?) — E(Y)?
Var(Y

Y=

Thus, in order to estimate X;, the hard part is E(E(Y|7;)?). In this paper
we will provide an asymptotically efficient estimate for this kind of quan-
tity. More precisely we will tackle the problem of asymptotically efficient
estimation of some general nonlinear functional. This functional is built on
a density of a pair. Our approach follows the works of Laurent ([8], [9])
where the author was interested in the estimation of less complicated func-
tionals. We also refer to [10] and [7] for general results on nonlinear func-
tionals estimation. Let us specify the functionals we are interested in. Let
(Y1,X1),...,(Yn, X)) be a sample of i.i.d. random vectors of R? having a
regular density f (see Section 2 for the precise frame). We will study the
estimation of the nonlinear functional

T(f) = E(v(E(p(V)X)))

(L)

where ¥ and ¢ are regular functions. Hence, the Sobol indices are the par-
ticular case obtained with ¥(¢) = ¢2 and ¢(§) = €.

The method developed in order to obtain an asymptotically efficient esti-
mate for T'(f) is the same as the one developed by Laurent ([8]). Roughly
speaking, it involves a preliminary estimate f of f built on a small part of
the sample. This preliminary estimate is used in a Taylor expansion of T'( f)
up to the second order in a neighbourhood of f . This expansion allows to
remove the bias that occurs when using a direct plug-in method. Hence, the
bias correction involves a quadratic functional of f. Due to the form of T,
this quadratic functional of f may be written as

0(f) = ///n(ﬂf,yhyz)f(w,w)f(x,yz)dﬂfdyldyz.

This kind of functional does not fall in the frame treated in [8] and have
not been studied to the best of our knowledge. We study this problem in
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Section 3 where we build an asymptotically efficient estimate for 8. In order
to show that our estimates of T'(f) and 6(f) are asymptotically efficient,
we calculate the semiparametric Cramér-Rao lower bound using the general
frame of Ibragimov and Khas’minskii ([6]).

The paper is organized as follows. In the next section, we precisely give the
frame and our assumptions. We then begin to build an estimate for T'(f).
This first path leads to the problem of estimating 0(f), which is completely
tackled in Section 3. The second path for estimating T'(f) is performed
in Section 4 where the main theorem (Theorem 3) gives the asymptotic
behavior of our estimate. In Section 5 we focus on the particular case where
we wish to estimate Sobol indices, which was our first motivation. We also
study some numerical examples showing the good behavior of the estimate.
Section 6 is a conclusion, we discuss here some possible extensions of the
technique. All proofs are postponed in Section 7.

2. Model frame and method. Let a < b and ¢ < d, L?(dzdy) will
denote the set of square integrable functions on [a, b] x [c, d]. Further, L.?(dx)
(resp. L2(dy)) will denote the set of square integrable functions on [a, b]
(resp. [c,d]). For sake of simplicity, we work in the whole paper with the
Lebesgue measure as reference measure. Nevertheless, most of the results
presented can be obtained for a general reference measure on [a,b] X [c,d].
Let (c,(7))inen, (resp. (Bis(y))iszen,) be a countable orthonormal basis of
L2(dx) (resp. of L*(dy)). We set pi(x,y) = o, ()8, (y) with i = (ia,ig) €
D := Dy x Dy. Obviously (pi(z,v))icp is a countable orthonormal (tensor)
basis of L?(dzdy). We will also use the following subset of L2(dzdy) :

2
{Z eip; : < 1} ,
i€D i€D
here (¢;);ep is a given fixed positive sequence.
Let (X,Y) having a bounded joint density f on [a,b] X [c, d] from which we
have a sample (X;,Y;)i=1,..n. We will also assume that f lies in the ellipsoid
£. Recall that we wish to estimate a conditional functional

E(v(E(p(Y)|X)))

where ¢ is a measurable bounded function with x; < ¢ < x92 and ¥ €
C3([x1, x2]) the set of thrice continuously differentiable functions on [x1, x2]-
This last quantity can be expressed in terms of an integral depending on the
joint density f:

) N = [[ v (FERLEND) pi0.yyaay
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To build our estimator, we propose here to follow the work of Laurent ([8])
on the asymptotically efficient estimation of integral functionals of a density.
Denoting by (Z;)i=1,...n & sample of size n of a d-dimensional random vector
Z with density s € L2(Rd), Laurent gives in her article an asymptotically
efficient estimator of

T(s) = /Rd o(s(x),x)dx

where ¢ is a given regular function. Under specific assumptions, her key idea
is to use first a preliminary estimator $(x) computed with a small part of
the sample (Z;)i=1,. n, for example the n; last observations (n; < n). In
a second step ¢ is expanded in a neighborhood of (5(x),x) using a Taylor
expansion :

/qb dx+/qz51 x)(s — §)(x)dx
Z/@@@L@@—é)&mX+nl
0o 0%¢

where ¢} = ——(u,v), ¢{ = -—(u,v) and T, is a remainder term that is

shown to be negligible if § is close enough to s. This expansion can be
rewritten as

(4) (s) :/é(@,-)+/H(§,-)s+/K(§,.)sz+rn

where

O}

(5:) = 9(5,) — 9L(5,)8 + 501(5, )%,
(7') = ¢,1(§7)*§¢/1,('§a)7
() = 5016

ufl

>

Further the linear functional / H(3,-)s is classically estimated by the em-

pirical mean — ZH )(Z;) where ny = n — ny denotes the number of
] 1
remaining observations. Concerning the quadratic functional / K (8, -)32,

the construction of an asymptotically efficient estimator is more difficult
and relies on a preliminary work concerning the asymptotically efficient es-

timation of quadratic functionals of the type / n(x)s(x)%dx. The reader is
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referred to [8] for more details. Now if we envisage to apply the method of
Laurent to our problem, we would have to set

fsa(y)f(:v,y)dy)
[f(z,y)dy )

Here it is not possible to write a direct Taylor expansion of the function
u — ¢(u,v). Indeed, some integral operators appear in the function ).
Hence, we propose in our work an extension of the work of Laurent to very
general functionals.

o(F (2, y), (2,9)) = w(

Let us come back to the definition (3) of the quantity we are interested
in. We write it

7(7) = [ o (PRSI fopyasdy = [ v e oy

where m(x) = [ ¢(y)f(z,y)dy/ | f(x,y)dy is the conditional expectation of
oY) given (X = z). As before, we suggest as a first step to consider a
preliminary estimator f of f, and to expand T(f) in a neighborhood of f.
To achieve this goal we first define F': [0,1] — R :

Fu)=T(uf+(1—-u)f) (uel0,1]).

The Taylor expansion of F' between 0 and 1 up to the third order is
1 1
(5) F(1) = F(0) + F'(0) + 5 F(0) + o F(€)(1 — £)°

for some ¢ €]0,1[. Here, we have

and

where m(x) = [ @(y)f(x,y)dy/ [ f(z,y)dy. Straightforward calculations also
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give higher-order derivatives of F' :
PO =[] (lew) - a@]im@) + on()
(f(z,y) ~ f(z,9))dwdy
o) = [ff 2D i) - o) ) - o)
(f F(,y)dy)

(f(a,9) = F(2,9)) (f(2,2) = f(z, 2) ) dadyd=

e ff (z,9) dy)2
e //// fEf - Of(e.y)dy)”

[((2) — )( - so(Z))(m(x) — (1))

( f(z,y dy) 1)) — 3(1() — () () — o(2))
( Ef@y) +(1— &) f(a, y)]dy) b (7 <s,w>>}

(f(z,9) )( (2,2) = f(,2))

( f(,t) )d:cdydzdt

fso(y)[ff(x,yH<1—§>f<x,y>]dy and 9, ¢ and § denote
JIef (@, y) + (1= &) f(z,)ldy ’

the three first derivative of .

where 7(&,z) =

Plugging these expressions into (5) leads to the following expansion for

T(f) :
— [ H(F2) sy
(6) +///K(f,x,y,z)f(x,y)f(:c,z)dmdydz+Fn

H(f,e) = [oly) = i@ dlin(a)) + pn(a),
(Fow) = 5 ( fé(j(;);y) (n(z) ~ (0)) () — 9(2)
Lo = GF"O0-¢°
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for some £ €]0, 1[. Let us now compare the expansions (4) and (6). Notice
that the first term is still a linear functional of the density f. We will estimate
it with

1 & p

LS B9,

23

The second one is however different from that in (4). Indeed we have to deal
here with a complicated crossed term:

(7) /// 77(957 Y1, y2)f<337 yl)f(x7y2)dxdyldy2

where 1 : R? — R is a bounded function verifying n(z, y1,y2) = n(z, y2, y1)
for all (z,y1,y2) € R3.

In the next section we focus on the asymptotically efficient estimation of
such crossed quadratic functionals. In Section 4, these results are then used
to propose an asymptotically efficient estimator for T'(f).

3. Efficient estimation of quadratic functionals. In this section,
our aim is to build an asymptotically efficient estimate for

6= /// n(x,y1,y2) f(x,y1) f(z, y2)dxdy dys.

We denote a; = [ fp; the scalar product of f with p;. We will first build a
projection estimator achieving a bias equal to

—/// [Saef (@, 1) = f@,y0)] [Sa f (@, y2) — f(@, y2)] 0@, y1, y2)dudy: dys
where Sy f = > ;e aipi and M is a subset of D. Thus, the bias would only

be due to projection. Developing the previous expression leads to a goal bias
equal to

2 / / / Surf (@, y1) (2, y2)n(x, y1, yo)drdy dys
—// Sarf (@, y1)Saf(x, y2)n(x, y1, y2)drdydy:

) ~ [[[ s £ e v dwdyidye.
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Consider now the estimator 6,, defined by

b = Z Z pi(X;,Y)) /pi(Xk,U)ﬁ(Xk,u,Yk)du

zEM j#k=1

Z Z pi(X s Y )pir (X, Yi)

i,i'eM j#k=1
(9) /pi(fv,yl)pw(fﬂ,yz)n(w,ybyz)dﬁvdyldyz-

This estimator achieves the desired bias :

LEMMA 1 (Bias of 6,,). The estimator 0, defined in (9) estimates 0 with
bias equal to

— [ [1Suas @) = F@ g Sas . 9) = S )t 1. o) dodyndye

Since we will carry out an asymptotic analysis, we will work with a se-
quence (My,)p>1 of subsets of D. We will need an extra assumption concern-
ing this sequence:

Al. Foralln > 1, we can find asubset M,, C D such that (sup;gyy, lci|?)? ~

Mnj—;‘ (A, = B, means A\ < A,,/B,, < A2 for some positive constants

A1 and \o). Furthermore, V¢ € L2(dzdy), /(SMnt —t)2dazdy — 0 when

n — oQ0.
The following theorem gives the most important properties of our estimate
0, :
THEOREM 1. Assume A1 hold. Then 6, has the following properties:
(i) If |My|/n — 0 when n — oo, then

(10) Vi (00— 0) = N (0,A(f,m),

(11)
'E (én —,9)2 A(fﬂ?)‘ <m P]\inl

F1Saf — fll2+ 1Sarg — g||2} ,

where g(x,y) /f (x,u)n(z,y,u)du and

Al =4 { J[ st st sdy - ( [[ ot s g)dody ) 2] .
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(ii) Otherwise
R 2
E (0, — )" <o 2l
n

where 1 and 2 are constants depending only on || fllco, [|7||co and Ay (with
Ay = d — c¢). Moreover, these constants are increasing functions of these
quantities.

REMARK 1. Since in our main result (to be given in the next section)
n will depend on n through the preliminary estimator f, we need in (11) a
bound that depends explicitly on n. Note however that (11) implies

lim nE (én — 0)2 = A(f,n).

n—oo

The asymptotic properties of 6, are of particular importance, in the sense
that they are optimal as stated in the following theorem.

THEOREM 2 (Semiparametric Cramér-Rao bound). Consider the esti-
mation of

0=0(f) = /// n(x, g1, y2) f (@, y1) f (2, y2)dedy dys.

Let fo € €. Then, for all estimator én of O(f) and every family V(fo) of
vicinities of fo, we have

inf liminf sup nE(, — 0 2> A(fo.m).
W0} % vl ( (fo)) (fo,m)

REMARK 2. In other words, the optimal asymptotic variance for the
estimation of 6 is A(fo,n). As our estimator defined in (9) achieves this
variance, it is therefore asymptotically efficient.

4. Main Theorem. In this section we come back to our main problem
of the asymptotically efficient estimation of

1(5) = [[ 0 (FELES) fiayyaody

Recall that we have derived in (6) an expansion for T'(f) :

T = / / H(f,2,y)f(z,y)dxdy
+/// K(f,2,y,2)f(x,y) f (2, 2)dedydz + T,
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where

H(fe) = [oly) ~@0n() + v0n(a),
K(fzyz) = 220 oy o) i) - ol2),

2(f f(z,y)dy)
w = GFMO0-¢°

for some ¢ €]0,1[ and a preliminary estimator f of f.

The key idea is to use here the previous results on the estimation of crossed
quadratic functionals. Indeed we have provided an asymptotically efficient
estimator for the second term of this expansion, conditionally on f . A natural
and straightforward estimator for T'(f) is then

~

1y

S 3 p(x, 1) /pi(Xk,wK(f,Xk,u,Yk)du

n2 - 1 zEM];ék 1
— Z Z pi(X s Y )pir (X, Yk)
n2 1,3’ eM jF#k=1

/pi(xayl)pi’(x’yQ)K(faxayl’QQ)dxdyldyZ

In the above expression, one can note that the remainder I';, does not ap-
pear : we will see in the proof of the following theorem that it is negligible
comparing to the two first terms.

In order to study the asymptotic properties of fn, some assumptions are
required concerning the behavior of the joint density f and its preliminary
estimator f :

A2. suppf C [a,b] x [¢,d] and V(x,y) € suppf, 0 < a < f(z,y) < [ with
a, 0 €R

A3. One can find an estimator f of f built with n; ~ n/log(n) observa-
tions, such that

Y(z,y) € suppf, 0 < a—e€ < f(z,y) < B+e.
Moreover,

V2 < g < +oo, VI € N, Ef||f — f||} < C(g, )ny™
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for some A > 1/6 and some constant C(q,[) not depending on f be-
longing to the ellipsoid &.

Here suppf denotes the set where f is different from 0. Assumption A2 is
restrictive in the sense that only densities with compact support can be con-
sidered, excluding for example a Gaussian joint distribution.

Assumption A3 imposes to the estimator f a convergence fast enough to-
wards f. We will use this result to control the remainder term I',,.

We can now state the main theorem of the paper. It investigates the
asymptotic properties of T}, under assumptions Al, A2 and A3.

THEOREM 3. Assume that A1, A2 and A3 hold. Then T, has the fol-

lowing properties if | M| — 0:

(12) Vi (To = T(f)) = N (0,C(f)),
N 2

(13) Jlim nE (T, ~T(f))" = ().

where C(f) = B Var((V)1X) [§(EV10))] ") + Var(w (E((V)1X))).

We can also compute as in the previous section the semiparametric Cramér-
Rao bound for this problem.

THEOREM 4 (Semiparametric Cramér-Rao bound). Consider the esti-
mation of

1(5) = [[ o (PRI fo,yyaady = (v Ee)]X))

for a random vector (X,Y') with joint density f € €. Let fo € € beAa density
verifying the assumptions of Theorem 3. Then, for all estimator T,, of T'(f)
and every family V(fo) of vicinities of fo, we have

inf liminf sup nkE fn - T 2 >C .
o, o feV(IJ)‘O) ( (fo)) (fo)

COROLLARY 1. T, is asymptotically efficient.



12 S. DA VEIGA AND F. GAMBOA

5. Application to the estimation of sensitivity indices. Now that
we have built an asymptotically efficient estimate for T'(f), we can apply it
to the particular case we were initially interested it: the estimation of Sobol
sensitivity indices. Let us then come back to model (1) :

Y = ®(1)
where we wish to estimate (2):

o _ Var(B(Y]r)) _E(E(Y]7)?) —E(Y)?
/ Var(Y) Var(Y)

j=1,...,1.

To do so, we have an i.i.d. sample (Y1, 7)), ... (Y, 7). We will only give
here the procedure for the estimation of ¥ since it will be the same for the
other sensitivity indices. Denoting X := 71, this problem is equivalent to es-
timating E(E(Y|X)?) with an i.i.d. sample (Y1, X1), ..., (Yn, X,,) with joint
density f. Note that we only take into account the sample (X;)ij=1,. n =

(Tl(l))z‘:l’m,n to estimate ; (and thus discard the observations of the other
covariates 7; for j # 1): we will discuss and justify this method later.
We can hence apply the estimate we developed previously by letting ¢ (§) =

& and () = &
T(f) = E(E(YIX))
0 (28 s
The Taylor expansion in this case becomes
() = [ #(Fwy) gy
+ [ K ow9.2 8@ )0, 2)dodydz + T
where

H(f,l‘,y) = 2ym(a:)—m(x)2,

K(f,2,y,2) = M(m(x)—y)(m(x)—Z)
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and the corresponding estimator is

~ 1 &2
T, = %ZH(]C’XJ’YJ)
— Z Z pz R j /pl(kau)K(fanauvyk)du
n2 zEM];ék 1
1

T (e — 1) Z Z pi(X s Y )pir (X, Y)

2(n2 = 1), 55y 142

/pi($,y1)pi'(x792)K(f,$,y1792)d$dy1dy2-

for some preliminary estimator f of f, an orthonormal basis (p;)iep of
L?(dxdy) and a subset M C D verifying the hypotheses of Theorem 3.

We propose now to investigate the practical behavior of this estimator on
two analytical models. In both models, the preliminary estimator f will be a
kernel density estimator with bounded support (MATLAB Statistics Tool-
box routine ‘ksdensity’ for example) built on n; = [log(n)/n] observations.
Moreover, we choose the Legendre polynomials on [a,b] and [c,d] to build
the orthonormal basis (p;);ep and we will take |M| = y/n. Finally, the inte-
grals in fn are computed with an adaptive Simpson quadrature (MATLAB
routine ‘quad’).

The first model we investigate is

(14) Y=1+7,

where three configurations are considered (71 and 72 being independent):

(a) 7 ~U(0,1), 5 =1,2;
(b) 75 ~U(0,3), j =1,2;
(c) 7 ~U(0,5), j =1,2.

The results obtained with n = 100 and n = 10000 are given in Table 1.
The asymptotically efficient estimator T, gives a very accurate approxi-
mation of sensitivity indices when n = 10000. But surprisingly, it also gives
a reasonably accurate estimate when n only equals 100, whereas it has been
built to achieve the best asymptotic rate of convergence. It is then interest-
ing to compare it with other estimators, more precisely two nonparametric
estimators that have been specifically built to give an accurate approxima-
tion of sensitivity indices when n is not large: that of [13] and that of [3].
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Inputs E(E(Y]|r;)?) T, T,
n =100 | n = 10000

Configuration (a)

T1 0.5733 0.5894 0.5729

T2 0.5611 0.5468 0.5611
Configuration (b)

T1 314.04 305.98 318.27

T2 779.85 814.04 787.82
Configuration (c)

Tl 16258 18414 16897

T2 44034 47667 44473

TABLE 1

Conditional moments for analytical model (14).

We have decided to make such a comparison on the following model :

Y = 0.2exp(r —3) +2.2|m| + 1378 — 275 — 0.575 — 0.577
3
(87’1 — 2)2 + (57’2 — 3)2 +1

(15) +2.572 +0.775 + + sin(571) cos(377)
where 71 and 75 are independent and uniformly distributed on [—1,1]. This
nonlinear function is interesting since it presents a peak and valleys. We
estimate the sensitivity indices with a sample of size n = 100, the results
are given in Table 2.

True value | Oakley-O’Hagan | Local polynomials Tn
Var(E(Y[XT)) 1.0932 1.0539 1.0643 1.1701
Var(E(Y|X?)) 0.0729 0.1121 0.0527 0.0939
TABLE 2
Comparison between efficient estimation and nonparametric estimates on analytical
model (15).

Globally, the best estimates are given by the local polynomials technique.
However, the accuracy of the asymptotically efficient estimator T,, is com-
parable to that of the nonparametric ones. These results confirm that T, n 1S
a valuable estimator even with a rather complex model and a small sample
size (recall that here n = 100).

Let us now end this section by discussing the voluntary choice to dis-
card the observations (Y, Tr(f)l)izlw,n (where 7.1 denotes the vector of all
the random variables 7; with j # 1) when estimating E(E(Y|r1)?). The

fundamental question is then the following: does observing other covariates
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7; for j # 1 helps to better estimate E(E(Y|r1)?) ? To answer it, we will
place ourselves again in the semiparametric setting: we will compute the
semiparametric Cramér-Rao bound associated to the problem of estimat-
ing E(E(Y|X)?) from an i.i.d. sample (X;,Z;,Y;)i=1,. n with joint density
f(z,2,y) € L2(Q) and Q an hypercube of L2(R%*1). Obviously, X stands
here for 71 and Z for 7.,. The lower bound is given in the following theorem:

THEOREM 5 (Semiparametric Cramér-Rao bound). Consider the esti-
mation of

// ({[y]{;; yy)ddzzddyy> f(z,z,y)drdzdy = E(E(Y|X)?)

for a random vector (X,Z,Y) with joint density f € E. Let fo € & be a
density verifying the assumptions of Theorem 3. Then, for all estimator T,
of T(f) and every family V(fo) of vicinities of fo, we have

inf liminf sup nkE T _T 2SO
{V(fo)} n—oe fev&) ( (f0))* = C(fo)

In other words, the optimal asymptotic variance for the estimation of T(f)

is C(fo)-

The previous theorem perfectly answers our question. Indeed, the Cramér-
Rao bound with a vector (X,Z,Y) is the same as with a pair (X,Y).
Note that the estimator T}, we built in the previous section asymptotically
reaches this bound: it is therefore the best estimate for T'(f) (in the asymp-
totic efficiency sense). Hence, taking into account the observations of an
extra-covariates vector Z does not asymptotically improve the estimation
of E(E(Y|X)?) (may Z be independent of X or not). This result thus jus-
tifies the fact to work only with a sample (Y;, X;)i=1,...» as we did in our
examples. Finally, let us precise we shall qualify this last statement, since it
only relies on asymptotic considerations. In practice, using observations of
Z may improve the estimation. However, we are not currently able to give
a theoretical result for the finite sample size case.

6. Discussion and conclusions. In this paper, we have shown that it
is possible to build an asymptotically efficient estimate for nonlinear condi-
tional functionals. The estimators are both practically computable and have
optimal asymptotic properties. Hence, they could be used by practioners to
estimate for example the Sobol indices. Interested readers can obtain the
Matlab code for computing the estimator of Sobol indices by asking the au-
thors.
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The methodology developed here will be extended to other problems in forth-
coming work. Firstly, conditional functionals such as Cramér Von Mises may
be used to perform goodness-of-fit tests for conditional distributions (see [4]).
Secondly, the estimation of conditional covariance matrices in the Sliced In-
verse Regression setting ([11]) will also be treated. Finally, a very attractive
extension is the construction of an adaptive procedure to calibrate the size
of M,, as done in [9] for the L2 norm. Nevertheless, this problem seems to be
a very difficult one since it would involve treating complicated inequalities
on U-statistics such as presented in [5].

7. Proofs of Theorems.

7.1. Proof of Lemma 1. Let 0, = 6} — 62 where

~ 2 n
0= 3% w5 Y) [ KX u, Yidu
n(n )ieMj¢k:1
and
~ 1 n
O = ————= > > pilX;Yy)pe(Xp, Ye)

n(n —1) i €M jAk=1

/pi(x,w)pw(x,yz)n(x,yl,yz)dwdwdyg.

Let us first compute E(4L) :
B0 = 23 [[ me ittty [f] n s syt
O ([

€M
- 2/[f (Z;w aipxx,y)) 0w, u,y) f (@, y)dadydu

= 2 [[[ Sust@ vt wy) (@, y)dzdydu.



ESTIMATION OF NONLINEAR CONDITIONAL FUNCTIONALS 17

Furthermore,

EG) = X [[nwi@ydedy [[ piayfey)dedy

i eM
/Pi(iﬁ,yl)pi'(ﬂ?,m)ﬁ(%yl,yz)d$dy1dy2

= > aiaif/pi(l‘,yl)pif(:v,yz)ﬂ(w,yl,yz)dﬂcdyldyz
ig'eM

= / (Z az‘pi(%yl)> (Z ai/p¢/($7y2)) n(z, y1, y2)dxdyr dya

ieM i'eM
= /SMf($,y1)SMf($7y2)77($,yl,yQ)dxdmdyQ-

Finally, E(f,) — 0 = E(f}) — E(62) — 0 and we get the desired bias with (8).

7.2. Proof of Theorem 1. We will write M instead of M, for readability

and denote m = |M|. We want to bound the precision of 6,,. We first write

E (én -1/ n(:c,yl,w)f(a:,yl)f(x,y2>dxdy1dy2)2 — Bias2(0,) + Var(d,).

The first term of this decomposition can be easily bounded, since 0,, has
been built to achieve a bias equal to

A~

Bias(B,) = — /[ [Suf(e.m) — S )lSus @) = (o 10)
n(x, y1, y2)dzdyidys.

We then get the following lemma :

LEMMA 2 (Bound for Bias(f,,)). Assuming the hypotheses of Theorem 1
hold, we have R
| Bias(0,)| < Ay |[|n]lo sup |if*.
i¢M
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PRrOOF.
Bias@)| < Wl [ ([ 1807 Gwm) = Fn)ldn )
(1508 ) = fGo )l )
< e [ ([ 19305 @0) — 1)ty ao

< Avlllo [[ (Sauf@y) = F@.9)*dody

< Ayl Y lail® < Ay nlleo sup e,
&M igM

Indeed, f € £ and the last inequality follows from Hoélder inequality. O

Bounding the variance of 0,, is however less straightforward. Let A and
B be the m x 1 vectors with components

a; = // f(z,y)pi(z,y)dxdy i=1,...,m
bi = ///pz z,y1) [ (@, y2)n(@, y1, y2)dzdyidys

// (z,y)pi(z,y)dedy i=1,...,m

where g(z,y) = /f(x,u)n(a:,y,u)du for each i € M. a; et b; are the com-

ponents of f and g onto the ith component of the basis. Let () and R
be the m x 1 vectors of the centered functions ¢;(z,y) = pi(z,y) — a;

and r;(z,y) = /pi(:x,u)n(x,u,y)du—bi for i = 1,...,m. Let C be the

m X m matrix of constants c;; = ///pz(a;, y1)pir (z, y2)n(z, y1, y2 )drdyr dys

for i,7/ = 1,...,m. Take care that here ¢;; is double subscript unlike in the
(c;) sequence appearing in the definition of the ellipsoid £. We denote by

1 n
Z h(X;,Y;, Xk, Ys) and by P, the em-

U,, the process U,h = 1
n(n - )Jﬂc )

pirical measure P, f = Z f(X;,Y;). With the previous notation, 0., has
the following Hoeffding’s decomp051tlon (see chapter 11 of [16]):

(16) 0, =U,K + P,L+2'AB—tACA
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where

K(z1,y1,22,92) = 2'Q(z1,y1)R(z2,2) — 'Q(z1,11)CQ(22, y2),
L(z1,y1) = 2'AR(z1,11) +2"'BQ(z1,11) — 2" ACQ (21, 11).

Then Var(6,) = Var(U,K) + Var(P,L) + 2 Cov(U,K, P,L). We have to
get bounds for each of these terms : they are given in the three following
lemmas.

LEMMA 3 (Bound for Var(U,K)). Assuming the hypotheses of Theorem
1 hold, we have

Var(U,K) < 27(11

n(n—1)

PROOF. Since U, K is centered, Var(U,K) equals

11121 £136 A% (m + 1).

1 n n
E((n(n—l))Q >y K(Xj,Yj,Xk,Yk)K(Xj/,Yj/,Xk/,Yk,))
JAk=1j'#k'=1

1
— mIE,(K2(X1,Y1,X2,Y2) + K(X1,Y1, X2, Y2)K (X2, Ya, X1, 11)).

By the Cauchy-Schwarz inequality,

2

Var(U,K) < Py —

E(KQ(XD Y17X2a }/2))

Moreover, the inequality 2|E(XY)| < E(X?) + E(Y?) leads to
E(K%(X1,1,X5,Y2)) < 2[E((2Q(X1,Y1)R(X5,Y2))?)
+E ((Q(X1,11)CQ(X3,Y2))?) |
We have to bound these two terms. The first one is

E ((2Q/ (X1, Y1)R(X2,Y))?) = 4(Wy — Wy — Wy + W)
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where

Wi = [[[[]] Soiwmpee e wpea oy n@' v y)
f(z, y)f(:z:}, v dudvdzdydx’ dy’
Wy = // Zbz-b@-/pi(:r,y)pa(w,y)f(x,y)dwdy

Wy = ////Zaiai/pz’(x,u)pi/(:x,v)n(:r,u,y)n(x,v,y)f(;v,y)da:dy
Wy = Zaiai/bibi/.

Straightforward manipulations show that W5 > 0 and W3 > 0. This implies
that
E ((2Q/(X1, Y1) R(X2, Y2))%) < 4(Wi + W),

On the one hand,

Wi =[] Srtepeta) [ a6 v

/ por(a )’ v,y v f(z, y) o'y dedyda’dy’

1 (sz‘@y) / m(w’,u)n(x’,u,y’)duf

f(x,y) f(2' ) dedyd'dy

1715 fff] (Zm<x,y> [ pita e’ y')du)zdazdydw'dy'
1918 [[[] Spteipeten) [ital (e’ gy

/ pir (2, v)n(a’, v,y )dvdzdyda'dy’

IN

IN

IN

< WIEY [[ mieetegdody || ([ pte e’ u.yyiu)
(/pi/(x', v)n(z' v, y’)dv) dx'dy’
<

1125 [ ([ po'ome sty 'y
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since the p; are orthonormal. Moreover,

(/z%(ﬂf’ﬂ~b)77(ﬂc’,u,y’)dU)2 < </pi(x’,u)2dU> (/n(ﬂc’yu,y’)sz)

< %Ay [ i’ w)du

and then
2
pi(2, w)n(2, u,y )du ) do'dy < 2 A2 pi(2’, u)?dudz’
n Mooy
113 A%
Finally,

Wi < [[nll3l1 £ 13 A% m.
On the other hand,

2
Wy= (Z aﬂ%) <> al > b <N fIElglE < 1 £llsllgl

By the Cauchy-Scharwz inequality we have [|g||3 < |[7]|% ] fllccA% and then

Wa < [InlZ 1 F 1245

which leads to
E ((2Q/(X1, Y1) R(X2,Y2))?) < Allnll% [ £33 (m +1).

Let us bound now the second term E ((Q'(X1,Y1)CQ(X2,Y2))?) = W5 —
2We + Wr where

W = [[[[ 3 cocuypilapp @ ppe @y oy @ 9)

4,8/ il,ill

f(x,y) f(2' ) dxdyda'dy
We = > > / / Ciir Ciyit @iy Pir (2, 9) Py (2,9) f (0, y)dady

riu
4,87 09,1

W7 = E E Ciq! Cilill ;G4 Ay a,yl .

ii’ 1,7}
Following the previous manipulations, we show that Wy > 0. Thus,

E ((Q/(X1,Y1)CQ(Xa,Y2))?) < Ws + Wr.



22

S. DA VEIGA AND F. GAMBOA

First, observe that

Ws

- / / / / (Z;C”'pi(x’y)pi/(x/ay,)>2f($>y)f($/,y/)d:£dyd:n’dy’

iz ff]] (z c@-i,pi@,y)py(f,y/))zdxdydxfdyf

1118 Y 3 civen, [[[[ pite.vipa@n)

i, i1,

pir (2,9 )pi (2, ) dwdyda’ dy’

IF12 D e
0!

IN

IN

IN

since the p; are orthonormal. Besides,

z;c?i/ = // 2 i, (@) oy (), (2") oy (')

Taste

Z/ <// 5iﬁ(y1)5i’ﬁ(92)77(337yl,y2)dy1dy2)

’Lﬁ,lﬁ

(// Bis (yl)ﬁi’ﬁ(?ﬂ)ﬁ(l‘/,yl,yQ)dyldy2> duda’

— // (Zaia(:v)aia(x'))

> (//%(m)%(w)n(w,yl,yz)dyldyg)

7,5,1/6

<// B (yl)ﬁib(y””(xlvylay2)dy1dyz> drdz’.
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But

Z/ (/ ﬂz‘g(yl)ﬂifﬁ(w)ﬂ(%y1,y2)dy1dyz>

il
N Z ////ﬁiﬁ(yl)ﬁig(y2)n(w,yl,m)ﬁiﬁ(y’l)ﬁ%(y;)
s,

n(', vy, vh)dyrdyady’ dys

= //Z </ /Bi,@(yl)ﬁ(%yl,yz)dm) Bis (Y1)
i

S ([ 8oy 0’ 9151 ) ()

B
= //n(w,yivyz)n(w’,y’l,y2)dy£dy2

< ARl

using the fact that (3;) is an orthonormal basis. We then get

2
Al [f (Z%maia(w')) doda’

ZC'L%/ S
< A3l ([ 3 e (@as, (i, (e, ()
"o 2
< ik Y ([ e @la, (o))

Tayly

2
< afll X ([ i (@)?ds)
la
< AYfnliEm
since the a; are orthonormal. Finally,

Ws < [nl3 11243 m.

Besides,

2
W7 == (Z cii/aiai/)
1,1
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with

E Cig! Qi Q!

i

< Wall [[[ 180 F @y Sas oyl ddyndys

< Ml [ ([ 15008 )1 ) ) e

By using the Cauchy-Schwarz inequality twice, we get

2
E Cig/ Qi Qg
iy’

IN

At [ ([ 1930180 0wl dna

83l [f ([ Sftuny?au)

</ Sa f (v, y2)2dv> dy1dys
A [|nl% /// Sarf(w,y1)2Sn f (v, y2) dudvdy, dys

Al ([ st Paray)

AT 31 £11%-

IN

IA

IN

IN

Finally,

E ((Q/(X1,Y1)CQ(X2,Y2))?) < [Inl|% | fII%A3 (m + 1).

Collecting this inequalities, we obtain

Var(U,K) <

20
7_1”77“?>onHc2>oA%/(m +1)

n(n—1)
which concludes the proof of Lemma 3. O

Let us now deal with the second term of the Hoeffding’s decomposition
of 0, :

LEMMA 4 (Bound for Var(P,L)). Assuming the hypotheses of Theorem
1 hold, we have

36
Var(P,L) < ZA%/HngoHano‘



ESTIMATION OF NONLINEAR CONDITIONAL FUNCTIONALS 25
PROOF. First note that
Var(P,L) = %Var(L(Xl,Yl)).
We can write L(X1,Y7) as
L(X1,Y1) = 24'R(X1,Y1)+2B'Q(X1,Y1) —2A'CQ(X1, Y1)
— 2% (/pi(Xl, wWn(X1,u, Yi)du — bi)
i

2 bi(pi(X1, Y1) — ai) =2 cipay (pi(X1, Y1) — a;)

i 3,1’
= 2/Zaipi(X17u)77(X1,uaYl)du+2Zbipi(X1,Y1)
i i

=23 cipagpi(X1,Y1) —4A'B +24'CA

= Q/SMf(X17U)77(X1,U7Y1)dU+QSMQ(Xl,Yl)
—2) cipappi(X1,Y1) — 4A'B 4+ 24'CA.
Let h(z,y) = /SMf(a:,u)n(m,u, y)du, we have
Suh(zt) = 3 [[ hoo)pita,)dody ) itz
= Z <// SMf(a:,u)n(ﬂsju,y)pi(x,y)dudxdy> pi(z,t)

> </// ai’pi’(l‘aum(%u,y)m(az,y)dudwdy) pi(z,t)
= Zcii/ai’pi(z,t)

and we can write
L(Xl, }/1) = 2h(X1, Yl) + QSMg(Xl, Yl) — QSMh(Xl,Yl) —4A'B +2A'CA.
Thus,

Var(L(Xl, 3/1)) 4Var[h(X1,Y1) + SMQ(X1,Y1) — SMh(Xl, Yl)]

AE[(h(X1, Y1) 4 Sarg(X1, Y1) — Sarh(X1,Y1))?]
12E[(h(X1,Y1))” + (Smg(X1,Y1))? + (Samh(X1,Y1))?).

VANV
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Each of these three terms has to be bounded :

// (/ SMf(:L‘,u)U(x,u,y)du>2 f(z,y)dzdy

Ay // Sur f (e, u)2n(, u, )2 f (2, y)dadydu

Rl [ Sansaru)?dud

AT fllsolImlZ 1 Sar f13
AV flloclm 211 £113
AT lImll3

E((h(X1,1))%)

IN

VAN VAN VAN VA

E((Smg(X1,Y1))?) < [IfllooSarglls < 1 fllollglls < AYI1FI13 17115
E((Sah(X1,Y1))?) < || fllsolISarhll3 < I flloclIllz < AT IFIZN7IIZ

from previous calculations. Finally,

Var(L(X1,Y1)) < 36A% (| 113 Inll3.

The last term of the Hoeffding’s decomposition can also be controled :

LeEMMA 5 (Computation of Cov(U,K, P,L)). Assuming the hypotheses
of Theorem 1 hold, we have

Cov(U,K, P,L) = 0.
ProoOF. Since U, K et P,L are centered, we have

Cov(UnK,P,L) = E(U.KP, L)

n

= K Z K 7 jan:aYk)ZL(X’La}/Z)
n?(n — 1 ;
JjF#k=1 1=1
1
= EE(K(X17H7X27}/2)(L(X17Y1) + L(X27)/2)))
=0
since K, L, () and R are centered. ]

The four previous lemmas give the expected result on the precision of 0,
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LEMMA 6 (Bound for E(én —0)2).  Assuming the hypotheses of Theorem
1 hold, we have :
o Ifm/n—0,

A 1

26, - 07 =0 (3).

n

o Otherwise, R
E(0, — 0)* < y2(m/n?)

where 7y only depends on || fllso, [|1]lcc and Ay-.

PROOF. Lemmas 3, 4 and 5 imply

20
n(n—1)

Finally, for n large enough and a constant v € R,

A 36
Var(6,) < AVl lmlZ(m + 1) + — AV IS Il

~ m 1
Var(0n) < 223 If2 nle (75 + )
n n
Lemma 2 gives

2
Bias®(6,) < A% [ln]3 <$up |Cz‘2>
¢ M

and by assumption (sup;¢, ]ci|2)2 ~m/n2. If m/n — 0, then E(§, — 0)2 =

O(). Otherwise E(6,, — 0)% < y2(m/n?) where ¥2 only depends on || f| s,
In]|cc and Ay-. O

The lemma we just proved gives the result of Theorem 1 when m/n does
not converge to 0. Let us now study more precisely the semiparametric case,
that is when E(6,, —0)2 = O(2), to prove the asymptotic normality (10) and
the bound in (11). We have

Vi (00 = 0) = V(U.K) + Va(PaL) + Vn(24'B — A'CA).

We will study the asymptotic behavior of each of these three terms. The
first one is easily treated :

LEMMA 7 (Asymptotics for /n(U,K)). Assuming the hypotheses of
Theorem 1 hold, we have

VUK — 0

in probability when n — oo if m/n — 0.
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20
)HnH 2l I3 A% (m + 1), /U, K con-

verges to 0 in probability when n — oo if m/n — 0. O

PROOF. Since Var(v/nU,K) <

The random variable P, L will be the most important term for the cen-
tral limit theorem. Before studying its asymptotic normality, we need the
following lemma concerning the asymptotic variance of v/n(P,L) :

LEMMA 8 (Asymptotic variance of \/n(P,L)). Assuming the hypotheses
of Theorem 1 hold, we have

nVar(P,L) — A(f,n)

where

Al =4 [ /] st @ sdy - ( [[ ot f.v)dody) ] .

PrROOF. We proved in Lemma 4 that

Var(L(X1,Y1)) = 4Var[h(X1, Y1)+ Smg(X1,Y1) — Smh(X1,Y1)]
= 4Var[A1 + AQ —+ Ag]

3
= 4 Z COV(AZ‘,A]').
i,5=1

We will show that Vi, j € {1,2,3}2, we have

Cov(A4;, Aj) e”[//gmy xydxdy—(/gxy xyd:cdy)]

(17) <yISaf = fll2 + 1Sarg — gll2]

where ¢;; = —1if i =3 or j = 3 and ¢ # j and ¢;; = 1 otherwise, and where
~ depends only on || f||co, [|7]lco and Ay-.

We shall give the details only for the case i = j = 3 since the calculations
are similar for the other configurations. We have

Var(dy) = [ Skl vty — ([ Sulnie ) pasay)

We first study the quantity

‘// Sylh(z, )| f(z,y)dzdy — //g(fﬂ,y)Qf(ﬂz,y)dxdy' ‘
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It is bounded by prout prout prout prout prout prout prout prout prout
prout

J[ |8t @ 9) = Slo(aw ) . p)| dedy
+//’5%4[9(x,y)}f(m7y) — 9, y)*f(2,y)| dady
< [ flloollSnrh + Sargllal|Sarh — Snrgllz + 1 flloc [Sa19 + gll211Sarg — gll2-

Using the fact that Sy, is a projection, this sum is bounded by

[ fllollh + gll2llh = gll2 + 2/ fllocllgll2 ]l Sarg — gll2
< [ flloc (Rl + llgli2) [P = gll2 + 2l fllocllgll2lSarg — gll2-

1/2

. 1/2
We saw previously that [|gll> < Ay [|f[I5[1]lse and [[All2 < Ay | £[15]1n]lsc-

The sum is then bounded by

20y | FIE 2 ool = gll2 + 22y [ F1I22 Inlloc || Sarg — gll2

We now have to deal with ||k — g||2:
2
=gl = [[ ([ (Susten) ~ e nto.wpdn) dsdy

(s - s 2au) ( [ o, wpdu) dsdy

AL nl3 18w f = f13-

IN

IN

Finally, the sum is bounded by

20y | FI22 mlloo (Ay[Inlloo|Sarf = Fll2 + 1Sarg — gll2) -

Let us now study the second quantity

‘(/ Sulh a?y)]f(wydxdy) (//ga:y xyda:dy)

It is equal to

'(//(SM[h(x,y)} + g(x,y))f(a:,y)da:dy)
(/ (Su[h(z, y)] = g(x, ) f (=, y)dxdy> ’ _
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By using the Cauchy-Schwarz inequality, it is bounded by

[f1l2llSarh + gll2[ fl[21Sarh — gll2

< 13BNz + llgll2)(1Sarh — Sargll2 + [1Sng — gll2)

< 20y | I3 Imllo (I8 = gll2 + [1Sarg — gll2)

< 20y | I3 o (Av lInlloo | Sar f = fll2 + [1Sarg = gll2)

by using the previous calculations. Collecting the two inequalities gives (17)
fori =75 =3.

Finally, since by assumption V¢ € L2(dp), ||Spt — t|l2 — 0 when n — oo, a
direct consequence of (17) is that

lim Var(L(X1,Y1))

2
=14 l//g(%y)?f(:t, y)dxdy — (//g(x,y)f(x, y)dxdy) ]
= A(f,m)-
We then conclude by noting that Var(v/n(P,L)) = Var(L(X1,%1)). O

We can now study the convergence of \/n(P,L), which is given in the
following lemma:

LEMMA 9 (Asymptotic normality of \/n(P,L)). Assuming the hypothe-
ses of Theorem 1 hold, we have

VP, L 5 N(0,A(f,n)).
PRrROOF. We first note that

Vit (Pa(29) = 2 [[ 9) as)dady ) — XA )

where g(a.y) = [ n(a,y,w)f (@, w)du
It is then sufficient to show that the expectation of the square of

R= it |PuL~ (Pa(20) =2 [[ g(o.) f(w. )dndy )|
converges to 0. We have

E(R?) = Var(R)
= nVar(P,L) 4+ nVar(P,(2g9)) — 2nCov (P, L, P,(2g))
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We know that nVar(P,(2¢g)) — A(f,n) and Lemma 8 shows that nVar(P, L) —
A(f,n). Then, we just have to prove that

nlingo nCov(P,L, P,(2g9)) = A(f,n).

We have
TLCOV(PnL, Pn(QQ)) = E(QL(XI, Yl)g(Xl, Yl))

because L is centered. Since
L(X1,Y1) = 2h(X1,Y1) + 2Smg(X1, Y1) — 250 h(X1, Y1) —4A'B + 2A'CA,
we get

nCov(PaL. Po(29)) = 4 [ [ h(a,y)g(a.y)f (o, y)dady

+4 [[ Sugla.)ge.) s (@ y)dody

~4 [[ Sub(e.p)gtep) (e, g)dedy 8 b [[ gy (o, y)dudy

+4A'CA //g(m,y)f(x,y)da:dy

2
which converges to 4 [//g(z:,y)Qf(a:,y)da?dy - (//g(:z;, y)f(m,y)dudxdy) ]
which is equal to A(f,n). We finally deduce that

VP L — N(0,A(f,n))

in distribution. O

In order to prove the asymptotic normality of én, the last step is to control
the remainder term in the Hoeffding’s decomposition:

LEMMA 10 (Asymptotics for v/n(2A'B—A'CA)). Assuming the hypothe-
ses of Theorem 1 hold, we have

JVi(2A'B — ACA - ) — 0.
PRrROOF. /n(2A'B — A/CA —0) — 0 is equal to

vn {2 //g(x,y)SMf(x,y)dwdy
—// Sn f (@, y1)Sm f(w, y2)n(w, y1, y2)drdyrdyz

_///f(x,yl)f(rv,w)n(wayhy2)d$dy1dy2 :
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By replacing g we get

Vi [2 /// Su f(@,y1) f(z, y2)n(x, y1, y2)dzdyidys
_ // S f(x,y1) S f (2, yo)n(x, y1, yo )drdy: dys

- /// f(z, y1)f(1‘7yz)ﬁ(ﬂﬂ,ylayz)dfﬂdyldy2}

With integral manipulation, we show it is also equal to

Vi | [[[ suus ) (Fam) = Sus v o, ve)dedysdys

~ [ £ Sui s ) = ) nte . o) dodyndye|
< Valylnlloe (18w fllSaf = £l + 172018 = £112)
< 2VAy [l llinlolSaef = £l

1/2
< 2vnAy | fllzlllInlls (Sup Cil2>
igM

m
~ 287 |l llloey

which converges to 0 when n — oo since m/n — 0. t
Collecting now the results of Lemmas 7, 8 and 10 we get (10) since
Vi (60— 0) — N(0,A(f,m))
in distribution. We finally have to prove (11). Remark that
. 2 . .
nkE (Qn - 0) = nBias?(0,) + nVar(0,,)
= nBias®(0,) + nVar(U,K) + nVar(P, L)
We previously proved that

nBias?(0,) < /\A%/Hanom for some A € R,
n

A\

nVar(U,K) <

m
MA%HinoHWHiog for some 1 € R.

Moreover, (17) imply
InVar(PoL) = A(f,m)| < v [1Saf = fll2 + 1Sxg — gll2]

where 7 is a increasing function of || f|loo,||77||cc and Ay. We then deduce
(11) which ends the proof of Theorem 1.
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7.3. Proof of Theorem 2. To prove the inequality we will use the work of
[6] (see also chapter 25 of [16]) on efficient estimation. The first step is the
computation of the Fréchet derivative of 6(f) at a point fy. Straightforward
calculations show that

o) - 0G0 = [[ |2 [ itz (Haw) = ol ) dody
+0([[ w0~ fata,)Pdody

from which we deduce that the Fréchet derivative of 0(f) at fy is

0 (fo) u= <2/¢(:c, v, 2) fo(x, z)dz,u> (u € L2(dzdy)),

where (-, -) is the scalar product in L?(dzdy). We can now use the results of

[6]. Denote H(fo) = H(fo) = {u € L2(dzdy), [[u(z,y)\/ fo(z,y)dzdy = 0}
the set of functions in L?(dxzdy) orthogonal to v/fy, Proj H(f,) the pro-
jection on H(fy), An(t) = (V/fo)t//n and P](f:) the joint distribution of
(X1,...,Xy) under fy. Since here X1, ..., X, are i.i.d., {P}n), fe 5} is lo-
cally asymptotically normal at all points fy € £ in the direction H (fy) with
normalizing factor A, (fp). Ibragimov and Khas minskii result say that under
these conditions, denoting Ky, = B¢’ (fo) AnProjp s,y with By(u) = v/nu,
if K, — K weakly and if K (u) = (¢, u), then for every estimator 6, of (f)
and every family V(fy) of vicinities of fy, we have

inf liminf sup nE(, — 6 2> |1t .
(i), i inf sup ( (f0)) = [IEl|Z2 (day)

Here,
Ku) = Vit (o= FaProiinc ) = ¢/ (0)-(Va (u= Vo [uv/Fo))

does not depend on 7 and
Kw = [[]2 [ vy 2nw i itz

(1w 9) = \/fo(ww) [ uvFo ) dody

-/ :2 [t fo(az,z)dz: (@ yyule, y)dedy

- [[ |2 [ v@v 2 )] fotawydady [avFo
(tu)
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where

o) = |2 [ oep Dol 2)dz] \ho(ow)

~([[ |2 [ w22 soto ] st oy ) o).

The semiparametric Cramér-Rao bound for our problem is ||¢]|?, (dedy)

sy = 4 [ [ [ 6600 0] ot vyaaay

4 ( / / { / W(,y,2) fo(x,z)dz] fo(x,y)da:dy>2
4//m®w9h@wwmw—4(/gd%wh@woz

where go(x,y) = /¢(x, Y, 2) fo(z, z)dz. Finally, we recognize the expression
of A(fo,%) given in Theorem 1.

7.4. Proof of Theorem 3. We will first control the remainder term I, :

Fn _ éFW(f)(l o 5)3

Let us recall that

"o - W )

)/ (@, y)d )
[ >< (2)) () — (1))
( i, ydy) — 3(1i() — o(y)) ((x) — o(2))
( / f(a y)]dy) e <s,z>>}

f(@,y) = fx )( (2,2) = f(x,2))
flz,t) — f(z )dxdydzdt

(
(
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Assumptions A2 and A3 ensure that the first part of the integrand is bounded

by a constant p :
o [[]] 11w - Fanlie ) - fa2)
]f z,t) — f(x,t)|dedydzdt

< /</|fxy xy)\dy) dx

< o [[ 116y — fag)Pasdy

by the Holder inequality. Then E(I'2) = O(E[([ |f—fI*)?]) = O(E[||f—f]13]).
Since f verifies assumption A2, this quantity has order O(nfﬁ/\). If we further
assume that n; ~ n/log(n) and A > 1/6, we get E(I'2) = o(2), which
proves that the remainder term I, is negligible. We will now show that
Vi (Tu = T(f)) and Z, = L5202 H(f, X;,Y5) = [] H(f,2,9) f (2, y)dwdy
have the same asymptotic behavior. The idea is that we can easily get a
central limit theorem for Z, with asymptotic variance

— / / H(f2,y)*f (2, y)dxdy - ( / H(fz.9)f <$’y>d‘””dy)2’

which imply both (12) and (13) (we will show at the end of the proof
that C(f) can be expressed such as in the theorem). In order to show that

I'n

IN

N4D (Tn —-T(f )) and Z, have the same asymptotic behavior, we will prove
that

R=+vn

T —T(f ( ZH X j)—//H(f,w,y)f(w,y)dwdy)

has a second-order moment converging to 0. Let us note that R = Ry + R»
where

Bio= Vi|T-T(f)
- (122H(f‘,Xj,Yj) —/ H(f,$,y)f(x,y)dxdy)] ,
n2j:1

1 &

Ry = \/ﬁ[z_j( X;,Y;) /Hf,my xy)d:vdy)]
_ n[;i( X;,Yj) / H(f,z,y)f :Uy)d:z:dy)}
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We propose to show that both E(R?) and E(R2) converge to 0. We can write
Ry as follows :

Ry =—vn [Q/ - Q,+Fn:|

where

¢ = [[[KGepr@re:).

K(f,z,y,2) = 2H(m($)—¢(y))(m(w)—w(2))

and Q' is the corresponding estimator. Since E (T2) = o(1/n), we just have
to control the expectation of the square of \/n [Q’ - Q' } :

LEMMA 11 (Asymptotics for /n (Q’ - Q’)). Assuming the hypotheses
of Theorem 3 hold, we have

lim nE (Q' — Q’)Z = 0.

n—oo

PrOOF. The bound given in (11) states that if |M,|/n — 0 we have
[0 - @) 1]
<o | [ st otz (ff s stoiaoan) |

M, ..
< (Sl [9o0s 3) [ 22+ 07 = 71+ 1811~ gl

n

where §(z,y) = /K(f,x, y, z) f(z, z)dz. By deconditioning, we get
. 2
nE {(Q’ -Q) ]

AR, [//g(x’y)Zf(ﬁ’ y)dzdy — (//g(x,y)f(x,y)dxdy> 2]

M, .
< 0l 16 23) [P0 805 = 1+ B U510 — gl
Note that
E (I[Sm§ — gll2) E ([[Sm3 — Smgll2) + E(1Sag — gll2)

E(lg = gll2) + E([[Smg - gll2)
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where g(z,y) = /K(fw,y,z)f(x,z)dz. The second term converges to 0
since g € L?(dxdy) and Vt € L2(dzdy), [(Sut —t)?du — 0. Moreover

lg=9l8 = [[1e.y) - g(a.9)) S, y)dzdy
=[] (502~ K(7.20.) s, 2] oy

= // U (f,2,y,2) — (faﬂc,y,z))de]

[/f(:v,z) dz} f(z,y)dzdy

SIS [[] (K(Foww2) = K(Fw,9,2)) dods

< VIS [[(Fay) - Flaop)dody

for some constant § by applying the mean value theorem to K(f,x,y,z) —
K( f,z,v, z). Of course, the bound ¢ is obtained here by considering assump-
tions A1, A2 and A3. Since E(||f — f|l2) — 0, we get E(||§g — g|l2) — 0. Let
us now show that the expectation of

[ st sy — ([ atw) st pasay)

converges to 0. We will only develop the proof for the first term :

’//@(az,yﬂf(x,y)dxdy — //g(x>y)2f($,y)dxdy'

S//E@wf—g@wﬂf@wﬂw@

<A / / (@, ) — g(x,y))? dady
< \|g—gl3

for some constant A. By taking the expectation of both sides, we see it is
enough to show that E ([|g — g/|3) — 0, which is done exactly as above.
Besides, we can verify that

glz,y) = /Kﬁwwwﬁwwﬂz
(m(x))

IN

m(m(m) —»(y))

2
( /fmzdz—/gp xzdz)
0,
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which proves that the expectation of / / (z,y)?f(x,y)dxdy converges to

0. Similar considerations show that the expectation of the second term

2
<//§(:c, y) f(z, y)dxdy) also converges to 0. We finally have

Jm B (- @) =0

Lemma 11 imply that E(R?) — 0. We will now prove that E(R3) — 0
2
B = B [[ (00 - H(F.ow) fay)dody]
2
—nsz [/ H(f, z,y)f(z,y) dxdy—//H(f,x,y)f(w,y)d:rdy] :

The same arguments as before (mean value theorem and assumptions A2
and A3) show that E(R3) — 0. At last, we can give another expression for
the asymptotic variance :

2
— [[ 02 1@ pdndy — ( [[ (200w )dzdy)
We will prove that
C() = B (Var(e(v)|) [§ 1)) + Var (6 (E(e(v)|X).
Remark that

J[ () f@y)dzdy = // m(e) + (m(z)))
:cy)da:dy

= //m (z,y)dzdy

(18) = E@(E(p(Y)X)))-
Moreover,
H(f.z,y)? = lp(y) - m(ﬂf)]%(@(ﬂf) 2+ (m(x))?
+2[p(y) — m(@)](m(z))¢(m(z))
= oy )% (m(z)
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We can then rewrite / H(f,z,y)*f(x,y)dzdy as:

// (z,y d:cdy+//m (x,y)dzdy
—2// a:ydxdy+//1/1 f(z,y)dxdy

+2 //so (@))f (z,y)dzdy
=) / m(a)d () )y

= [ oo vyt — [ mia i iy
+ / / W(m(2))2f (. y)dzdy

=[] ([o@) = m@)?] im(@))? + olm(z)?) £ (. y)dady

- E ([v(X) - m<X>2] B(m(X))?) +E ((m(X))?)

— B ([E1%) - Be)|x)] [Eew)x)])
+E ($(E(p(Y)|X))?)

= B (Va(e()X) [§ BV1X0)] ) +E (5(Be0)10)))

where we have set v(x) = [ @(y)?f(z,y)dy/ [ f(z,y)dy. This result and (18)
give the desired form for C'(f) which ends the proof of Theorem 3.

7.5. Proof of Theorem 4. We follow the proof of Theorem 2. Assumptions
A2 and A3 imply that

=[] (1etw) = mo(a)]dmol@) + ¥(mo(a))
(£ = folaw))dedy + 0 ([ (7 = 50?)

where mo(z) = [ (y)fo(z,y)dy/ [ fo(z,y)dy. This result shows that the
Fréchet derivative of T'(f) at fo is T'(fo) - h = (H(fo,"), h) where

H(fo,z,y) = ([p(y) — mo(@)]d(mo(=)) + t(mo(x))) .
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We then deduce that
K = 7' (VA (b= VF [1VFs))
[ HthWEh = [ B WV [ 1/

= (t,h)

with

= 1o WFa— ([ H0)h0) Vi

The semiparametric Cramér-Rao bound for this problem is thus
2

18112 2 dway) = /H(fo,‘)Qfo - (/ H(for)fo) = C(fo)

where we recognize the expression of C(fy) in Theorem 4.

7.6. Proof of Theorem 5. We follow the proof of Theorem 4. We write
T(f) =T(fo) as

// ([ fo(z,2z,y)dzdy)? [ /yfo(x’z’y)dZdy/fO(ﬂf,Zay)dZdy
(/yfo x,z,y)dzdy) ] (f(z,z,y) — f(z,2z,y))dxdzdy

+0 (///(f(x,z,y) — fg(x,z,y))2d:ndzdy> .

The Fréchet derivative of T'(f) at fo is then given by

T'(fo) - h = (H(fo,"), h)

where H(fo,x,2,y) equals

2y [ yfo(x, z,y)dzdy [ fo(z,2,y)dzdy — ([ yfo(x,2,y)dady)
([ fo(x, 2, y)dzdy)? '

Note that H(fy,z,z,y) does not depend on z. Using the identities

[ otz pydady = [ fw.y)dy.
/yfoar ydzdy—/yfxydy,
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where f(x,y) is the density of (X,Y), H can be written as:

2y [ yfo(z.y)dy [ folz,y)dy — ([ yfo(z, y)dy)*
(f fo(z,y)dy)? '

We hence remark that H(fo,z,z,y) equals H(fy,x,y), the function appear-
ing in the derivative of T'(f) when we only consider the pair (X,Y) to esti-
mate T'(f). Thus, the semiparametric Cramér-Rao bound equals the bound
C(fo) computed in Theorem 4.

H(f07x7zvy) =
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