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Abstract

The objective of this paper is to study the statistical properties of solutions
of a differential equation which depends on the data set and whose underlying
random variables are endogenous. The problems of endogeneity are numerous in
economic fields and we will briefly motivate our study by an application in demand
theory. We have two problems to solve: to smooth the data set with endogenous
variables and to solve the differential equation. We show how solving a differential
equation can improve the properties of a nonparametric estimator. The estimated
solution depends on two smoothing parameters: the bandwidth parameter of the
kernel method and the regularization parameter of the Tikhonov methodology. We
present results on the consistency and the optimal choice of the parameters.
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1 Introduction

1.1 Presentation of the problem

Studying the solutions of differential equations depending on the data set is a very common problem in
statistics, on both theorical and practical point of view. Indeed, many interest parameters in economics,
physics, or finance are defined as the solutions of a differential equation. They can be estimated using
nonparametric kernel analysis, which has been developed by Vanhems [Van01] or other methods, see for



instance [] or []. Here, in the case of endogeneity of the underlying random variables, we build an fully
tractable estimator of the solution of the differential equation and give its asymptotic behaviour.

More precisely, consider a random vector (Y, Z, W) which follows an unknown cumulative distribution
function F. The function m is defined by the following relation:

E(U|W) =0 M)

{Y =m(Z)+U
where Z is the endogenous variable and W is the instrument, chosen such that (Z, W) € L? (IR?) x L* (IR?).
We have set Z = (Z',Z?) (resp.W = (W', W?)).

The analysis of endogenous regressors, and more generally of simultaneity, has a great impact in struc-
tural econometrics. Since the earliest works of Amemiya in [Am74] and Hansen in [Han82], extensions to
nonparametric and semiparametric models have been considered. Estimating nonparametric models with
endogenous explanatory variables has been in particular studied by Darolles, Florens, Renault [DFRO01],
Blundell and Powell in [blund00] and Florens in [Flo00]. Our objective is therefore to introduce some
nonparametric instrumental regression into a differential equation and to study the asymptotic properties
of the associated estimated solution.

As a matter of fact, the interest parameter is the function A solution of:

N (z)

A (.To)
Note that A is defined by an implicit nonlinear relation (there is no restrictive assumption on the form
of the function m). The second equation represents the initial condition in order to have uniqueness of a
solution in a neighborhood of (zg, Ag). For sake of simplicity and without loss of generality, throughout
all the article, we will assume that zo = \g =0.

Hence we will first estimate non parametrically the function m by m,,. Then we will find the solution of
the estimated differential equation:

m (, A(z))

2
)\Oa (‘TOaAO) € R2 ( )

{X(:z:) = My (2, M) (3)

)\(.To) = )\0, (IQ,)\Q) S R?

Finally, we aim at studying the convergence of the estimated solution to the true one, under natural
conditions of existence and uniqueness.

The difficulty in of this work lies in the fact that we are facing two inverse problems. Inverse problems
have been intensively studied by several authors. For general references, we refer to the following papers
[JS90] [CT00] [CIK99] [Erm89] or [Osu96]. Contrary to the first one (1), the inverse problem (2) is
well-posed in the sense of Tikhonov. But in the case studied here, we approximate this problem by the
problem (3), which is an inverse problem where the operator is unknown, depending on the efficiency
of the estimator of the first inverse problem set in (1). The estimation of m,, is tackled in the work of
Darolles, Florens and Renault [DFR01]. They construct a nonparametric kernel estimator of the equation
(1). They show in particular that this problem is ill-posed in the sense of Tikhonov []. That is the reason
why they construct, using Tikhonov regularization method, an estimator of m: m,, o, where «a, is a
smoothing regularization term necessary to transform the initial problem into a well-posed one. They
study the asymptotic properties of this estimate using kernel approximation results. We will use their
results as a starting point for the construction of the solution of (3). We will be interested in particular
to compare our asymptotic results with the previous ones.

1.2 Application in microeconomics

Let us now present an example of application in microeconomics. It is taken from an article by
Hausman and Newey in [HN]. The objective is to measure the impact on the consumer welfare of a price
change for one good. Therefore, we consider one consumer; we define y its income, g the demand in
good and p' the price of a unique good. We assume that there exists a price variation from p° to p'. A
way to capture the impact on the consumer is to calculate the variation of exact consumer surplus A: it
represents the cost to pay to the consumer so that his welfare does not change for a price change. It is a
monetary measure of the variation of utility (see Varian in [Var92]).

Our first objective is to find a relation that links the functions A and ¢g. For that purpose, let us
consider a price path p(t),t € [to,t1] where p(tg) = p° and p(t;) = p* and A (p(t)) is the variation of
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exact consumer surplus between p (t) and p (¢1). Then, we can derive the following relation between our
interest parameter A and the demand function ¢:

{X(p(t)) =—q(p®),y=A(p®))r @)
Ap(t) =0

assuming that p! is a price reference, that is all price variations are calculated with respect to p*. By a
change of variable, we find that:

N(p) =—alp,y—X®)
A (pl) =0

This is clearly a particular case of differential equation of order one.
We can then present some econometric model to estimate the demand function ¢:

Ing=Ilnm(p,y)+¢

Assuming that IF [e|p,y] = 0 is quite a common assumption to make in order to estimate the function m
by a simple regression. However, such a simplified hypothesis is often not realistic and the price is usually
an endogenous variable. Therefore, the interesting case to model is to consider that I [e |p,y] # 0. Since
the function m is no more identified, we need to introduce some instrumental variable w to solve this
model. So, we have the following underlying econometric model to solve:

Ing =Inm(p,y) +e
Flelw] =0

Moreover, a similar problem could be studied for the variation of firm profit and the variation of demand
factor.

Therefore, this paper proceeds in the following way. In the following section, we set the mathematical
framework of the problem and define the estimators we will use. Their asymptotic behaviour is given in
Section 3. Section 4 is devoted to some auxiliary lemmas which enable to prove the asymptotic behavior
of the estimator. All the proofs are gathered in Section 5.

2 Statistical framework of the problem

Note first that all the asymptotic results will be given using the L? norm which will be written |.||.
The different other norms will be clearly specified.

We recall that the statistical model is the following: we estimate a function A solution of a differential
equation

N(z) = m(z )
_ (4)
A(0) =0
where the function m is unknown but is observed in the following framework:

We assume that

Assumption over the observations : the random variables Y, Z, W take values in a compact set of
R x RP x RY. The observations Y;, Z;, W;, i =1,...,n are an iid sample with density f.

Without constraint over the residual term, the function m is not properly characterized and the inverse
problem (4) is not identifiable. In the classical regression scheme, one often assumes that E(U|Z) =
0 or equivalently that m(Z) = E(Y|Z). However, such assumption is not appropriate in structural
econometric models defined in Section 1. As a matter of fact, the relationship between Y and Z is
characterized by a third variable W | called an instrumental variable. More precisely, we assume that
there exist variables W = (W3, W3) such that

E[Y — m(Z)|W] =0 (6)
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Instrumental variables analysis has been introduced by Reiersol in [R41] [R45] or Sargan in [S58]. This
definition was also the starting point of the analysis of simultaneity in linear or parametric nonlinear
models [Am74]. Moreover, the problem of estimating a regression function in this particular setting was
studied by Darolles, Florens and Renault in [DFRO1].

The estimation method in our work is the following two-step method:

e First, we construct an estimator of m based on a kenerl estimator for inverse problem. Indeed,
write F' the joint distribution of S = (Y, Z, W) with density function f, and define the following
operators:

T =Tr: L*(Z) — L*(W)
9 — Tr(9(2)) = E[g(2)|W]

T =Ty : L*(W) — L*(2)
h — Tp(h(W)) = B[h(W)|Z]

r=re(W)=EY|W)

Such operators are the conditional expectations with respect to the variables W and Z. These
linear operators satisfy:

<T(¢(2)), (W) >=< ¢(2), T*(p(W)) >= E(¢(Z)y(W)).

Hence, consider the instrumental regression setting (5), which can be written in the following
equivalent way
Tm —r =0.

This is actually an equation of the type
A(m, F) = 0.

It is well known that the initial problem is ill-posed. That is the reason why, following ideas from
[DFRO1], we use a regularization method called Tikhonov regularization [TA77] and transform the
original problem into:

(an +T*T)mg, =r* (7)
for o, a given positive sequence such that «,, — 0, at a rate that will be made precise later in this

paper, and r* = T"r.
Consider F' a kernel estimator of F' defined through its density with respect to Lebesgue measure

n

A 1
fn(ya 2, ’LU) = E Z I(y,h?l (y - Yvi)Kz,hfL (Z v Zi)Kw,hﬁ (w - Wz) (8)
i=1
where K, K, K, are three kernels and h¥, h7, h;) are three bandwidths. Now, set the associated
operators T' = Tﬁa T = T;; and 7 = T

Definition 2.1. The estimator we will consider it 7y, 4, the solution of
(and 4+ T T )ity 0, = 7. (9)

It is the Tikhonov regularized of an inverse problem whose operator is estimated using kernel
estimators.

Remark 2.2. It is interesting to notice that this transformation can be seen as a penalized mini-
mization problem:

Mq, = arg min T(f)—r|]®>+a 2

o = arg min (IT() =7l + /1)

Using this particular expression, the estimator can be viewed as a penalized M-estimator, see for
instance Loubes and van de Geer in [LvdG00]. This point of view could also lead to different
estimators obtained by changing the quadratic penalty into an I' penalty. It gives rise to non
linear estimators such as thresholded estimators.
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e The second step consists in plugging this particular estimator in the differential equation in the
following way.
The differential equation (4), with the initial condition A(0) =0, can be solved using Cauchy-
Lipschitz’s theorem. This classical theorem provides existence and uniqueness of a solution A in a
compact neighborhood of the initial condition (0,0). This theorem holds as soon as the Lipschitz
condition is satisfied for the function m, which is clearly the case assuming that m is, for example,
continuously differentiable of order 1. So, the idea is to replace our implicit definition of the
functional A by an explicit relation that links A and m and this can be done since we are under
the assumptions of existence and uniqueness of a solution. Actually, the implicit function theorem
for infinite dimension spaces shows that, under some assumptions, there exists a unique solution
A which depends on the function m. As a consequence, we introduce an operator ® such that the
solution has the following form
A(z) = @[m](z) (10)

As an estimator of the parameter of interest A, we take:
Az) = ®[m](z) (11)

In order to get a well-posed inverse problem, we need to check that the function @ is continuous.
Moreover, it is possible to prove that ® is continuously differentiable. All this problem is one of
the main issues tackled in [Van01]. Therefore, once we are able to derive the properties of the
function m and its estimator m, given by the relation 6, and using an adaptation of the results
from [Van01], we will be able to study the properties of our interest parameter A and its estimator
A

One inverse problem or two nested problems ?

We do not observe directly the function m, since E(U|Z) # 0, but only the relationship with the
instrumental variable W:

E(Y|W) = E(m(2)|W).
As a result, the estimation of T'm is a necessary step in the estimation process. Since the operators

m and T do not commute, there is no way to look for an estimator of the form: ®[m]. That is
the reason why we consider the estimator ®[rn], constructed with a preliminary estimator of the
function m. As aresult, it turns impossible to write the estimation problem into a single estimation,
but it must be studied following the two steps described above. Therefore, using a methodology
in two steps to solve the two inverse problems 4 and 6 is unavoilable.

3 Main Results

In this section, we aim at giving the asymptotic behaviour of the solution of the differential equation
obtained after estimating the regression function observed in an endogenous settings. Hence we begin to
prove that the following expansion holds

(XWTL L /\) (@) = (@ [na,] —®[m) (@)
= d®[m](1hn.a, —m)(z) + R (12)
= H(Mna, —m)(z)+ R

where d® represents the Frechet-derivative of ®, and having set d®[m] = H. The residual term R is chosen

at an order higher than the rest of the usual Taylor development, that is: R = Op (Hﬁzman — mHio) .

Just note that if we assume that the function ® is continuously differentiable of order 2, this assumption
is automatically satisfied, and is not a constraint any more. Introducing this expansion enables us to
transform the nonlinear problem into a linear one, up to a residual term R. Hence the rate of convergence
of A\, () towards A(z) can be deduced from the the two terms:

o the linear part d®[m|(1n,q, —m)(z).

e the second term R, which is the counterpart in the Taylor expansion.
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3.1 Assumptions

The assumptions are of three kinds

e Assumptions ensuring the convergence of the preliminary estimator. Such assumptions are similar
to the one given in [DFRO1].

e Assumptions necessary to linearize the problem using Taylor’s expansion. This enables to compute
the rate of convergence of the solution of the estimated estimator from the rate of convergence of
the estimate of the regression with endogenous effect.

e Assumptions that enforce the convergence of the unknown inverse operator and enable us to provide
the rates of convergence of the estimator A, q,, .

Assumptions A:
[A1] : m € C% (D),
[A2] : 1ty 0, € C? (D),
[A3] . ||D2mn,an, — DQTI’LHOO — 0.

Remark 3.1. Assumptions [A1] and [A2] provide existence and uniqueness of Xn,an and A, assumption
[A3] provides stability of the solution.

Assumptions A’

[A'1] : f e C*(R?),

[A’2] : K is a function of IR into IR; ffooo K (x)der =1, K is of order d > 2; K is continuously
differentiable up to order 2 and its derivatives of order up to 2 are in IL? (IR),

dio
/a1 . . nhd nh2 d logn
[A’3] : Asn — 400 : hy — 0, Tog?s > 09 og — 00, he <, g2 = o(a,),

[A74] « [|ma,, —mll2 = O (7)), Ima, —mlle = O (a5}) and || Da[ma, ] = Da2[m]l|l — 0,
[A’5]: Hilbert-Schmitt assumption

1
|Tr — Tpl| = Op < +h31p> ;

V/nhi
where p = min(s, t).
This assumption is fulfilled as soon as we have
e f(y,z,w) the joint density is s times continuously differentiable
e f(y,z,w) is bounded from below

2y, z,w) - N
/f(ya-a-)f(-,z,.)f(,,,,w)dyd dz < +oo.

o the three kernels K, o are taken r times differentiable and with the same bandwidth A,,.

3.2 Linearization of the inverse problem

First, we give the expression of the operator H and the conditions of its existence. Indeed, under some
regularity conditions on the function m, Cauchy-Lipschitz theorem ensures existence and uniqueness of
a solution for the system 4 in a neighborhood of the initial conditions (0,0). More precisely, set D a
compact neighborhood of (0,0) and I a compact neighborhood of 0 of the following form:

I = {z,|z]<a},a>0
D = {(z,9),|z| <alyl <0}, 6>0
Moreover, we will denote by (C?(D),||.||..) the Banach space of continuously differentiable functions of

order 2 defined on D, with the supremum topology. Previous assumptions on m and 1y, ., enable us to
define unique solutions A, o, and A. Therefore, under [A1] — [A3], 4 is a well-posed inverse problem and

we can write A = ®[m| and Xn’an = ®[Mp,qa,]. Moreover, we are able to provide the exact expression of
the first term of the Taylor expansion. Write Ds[.] the derivative with respect to the second variable.
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Theorem 3.2. Under the following assumptions (A), V& € I, we have:

d®[Mn. o, —ml(x) = H[Mn,q, —m](x) = /Om (M0, — M) (t, A(t)) exp (/tz Dom(u, M(u)) du) dt

Write
o(z, 1) = exp ( /t " Dom(u, A(uw) du)

a given continuous function. Then we have:

HMp,a, —ml(z) = /0z (Mn,an, —m) (8, A(E))0 (2, ) dt

Proof. The proof of this theorem can be found in [VanO1]. In the appendix, for sake of completness, we
recall the guidelines of the proof. |

Moreover, the operator H is a one to one integral operator and can be written as

Vg € C(D),Vz € I, Hlg)(z) = /Ozv(x,t)g(t, A®) dt. (13)

This fundamental property is stated in Lemma 4.1.

Remark 3.3. Write » — 1 the maximum regularity of the function m. Since H is an integral operator,
the maximum regularity of H[m] is r. As a result, the rate of convergence of the estimated solution of
the differential equation (4) is expected to be greater than the rate of convergence of the estimator of
the function m since there is a gain in regularity. That is the reason why we study directly the term
H (1p,,a,, —m) and do not use rough upper bounds implying the term 7, o, —m. Moreover, we also expect
a gain in dimension since we transform a function of two arguments into a function in one argument.

3.3 Asymptotic behaviour of solution of estimated differential equation

Our aim is to prove consistency and give rates of convergence for the estimator of the solution of the
differential equation (4). The following theorem holds.

7

Theorem 3.4. Under the assumptions A’, we can take d = 3. Then, the estimator Xn,an 1§ consistent

1
and, for an optimal choice h, =~ n=6 and an, ~n_ @O , its rate of convergence is given by:
“ 3 26
E| Ao, —A|>=0 (sup {n_m,n*m+%}) (14)

The rate of convergence depends on two terms: an approximation term which corresponds to the
smoothing problem and leads to an optimal choice of a sequence «,,, and an error term which corresponds
to the estimation issue and leads to an optimal choice of the kernel’s bandwidth h,,. Of course, there is
a trade-off between these two contributions that must be solved. The gain in the rate of convergence is
obtained in the choice of the optimal bandwidth since, more precisely, the regularization enables us to
choose a smoother kernel which leads to a gain in the bias term. Indeed we can choose hS instead of h}:
without the regularization operator.

Proof of Theorem 3.4:

Proof. The proof divides into 3 steps. First we show that the rate of convergence of An is deeply related
to the rate of convergence of m,,. Then we prove the consistency of the instrumental regression estimator,
whose proof falls into two parts. Finally, we compute the rate of convergence of the Tikhonov’s regularized
term to find the global rate of convergence of the estimator.

We recall that the estimator we consider is given by:

5\n,om = ®lrivp,a,(2)
First, prove that H[my, o,] — H[m]. So we have the following decomposition:

[ Hmn,a,] = Hm]|| < [[H[mn.a,] = H[ma, || + | H[ma,] — H[m]]| (15)
<

(1) + (1)
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We first control the first term of the decomposition.
Using the definition of the estimators (7) and (9), we have the following equalities:

H[mn,an] - H[man]

= H(anl + TETp)  (Thip — T*Tm) + H(on I + T*T) " T*T'm — Hmg,,
=(4) +(B)

Since the operator H is invertible due to Lemma 4.1, we can write:
(A) = H(o, I +T*T) *H Y [HT*#* — HT*T'm] (16)
Since H is invertible, the norm of the first term is unchanged
1H (an +T*T) " H Y = || (an +T°T) 71,
so we get
1A < l(and +T*T) M| HT*# — HT*Tm||

1 2 N
<0 <—> |HT*# — HT*Tm)|

O

By the result of Lemma 4.3 we can conclude that we get the following bound:

I =o (o5 |5 +n)) (17)

The second term is such that:

(B)
= H(a, I +T*T)" ' T*T'm — Hm,,
= H(anI +T*T) " T*Tm — Hma, + H(onI + T*T)"Y(T*Tm — T*T'm)
= H(anI +T*T) Y (T*T — T*T)(ma, —m)
= H(anI +T*T) *H Y (HT*T — HT*T)(ma, —m)

We can conclude that the second term is such that
I(BIIP < ||H(and +T*T) ' HY|?|HT*T — HT*T|]*|ma,, — m|? (18)

Using Lemma 4.2, we can deduce that
|HT*T — HT*T||> = O L
nhi, "
As a result we get the following upper bound

B2 = 0 (Jizlg + 1 ima, —ml?).

The assumption over the model gives the rate of convergence of the approximation error |[ma, — m||*.
Finally we get:

B = 0 (5 o + 1ot ). (19)

The second term of the sum ||[Hmg, — Hm|| is the error made when approximating the function by the
solution of the regularized problem. It is the bias of the regularization issue. By Lemma 4.4, we have an
upper bound for this term. To conclude the proof, it remains to be seen that the remainder term in the

expansion (15) is of the right order. This statement is proved by the Lemma 4.5. As a consequence we
get:

. 1 1 J1
E| Mo, —A|?=0 (mf + —[— + h2lal + — [5 + h,%PD (20)

nhb T a2
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There is a trade-off in this expression which can be minimized by adjusting the values of the smoothing
1
parameter «,, and the bandwidth h,. Note that an optimal choice is given by «,, = n™2+% and h, =
2
n- z;:ip, so we get for a given constant C:

Wl

E|A.. — A2 <Cn %5 4 w5t (21)
The previous upper bound proves the statement of the theorem. O
Remark 3.5. The rate of convergence depends on the range of the value §. Indeed we have

8 _ 28
n B L n 2P

Wl

as soon as
p<1

As a result if on the one hand (3, defined in Assumptions A', is such that 0 < 3 < 1 then the rate of
convergence is given by

EllAna, — A2 = O (n~#5+3)
On the other hand, for 2 > 3 > 1, we get
Ell A, = AP =0 (777 ) .

The rate of convergence is quicker than the rate we could have obtained by a direct rough upper bound
and the results proved by Darolles, Florens and Renault in [DFRO01]. Indeed, their method gives a rate

of convergence in n=2ATE for all B. The gain we obtain is due to a better upper bound for the bias
term even if no gain is obtained for the variance term not even for the approximation term. That is the
reason why the improvement in the endogenous case is less than the one we could have expected in the
classical setting, as it is stated by Vanhems in [Van01]. We point out that the case 8 = 2 is the border
of the set ®g.

Remark 3.6. The choice of the bandwidth is not optimal in the sense of nonparametric estimation. As
a matter of fact, a minimization in h,, leads to a natural choice of h,, ~ n~%. It also implies a choice of
ay & n”5E . But the corresponding rate of convergence, nii% is slower than the speed given in the
theorem. An explanation of this phenomena is that the choice of such h,, which decreases faster than
the optimal choice h,, = n*%, provides an oversmoothing effect.

Remark 3.7. The assumption A" describes a category of set, named ®4 in Darolles, Florens and Renault
in [DFRO1]. Such sets are complex since they involve both the smoothness of the function and the
dependence between the endogenous and the instrumental variable. Indeed, for m € ®g, they rely on
the behavior of the coefficients < m,m; >, Vi > 0 and on the decreasing rate of the eigenvalues \;.
The greater 3, the more regular is the function. If 3 is greater than one, the rate of convergence is in

n%. It is important to notice that it does not depend on the dimension of the random variables, nor
the regularity » — 1 of the function m. This result suggests that the regularity condition imposed on
the space ®g implicitly implies enough regularity, in the classical nonparametric sense. So the rate of
convergence of the estimation issue is given by the leading term of the approximation error in Tikhonov’s
regularization. More attention should be paid to the definition of such spaces.

4 Auxiliary lemmas

Let d be the regularity of the kernel we use and r be the regularity of the regularized function Hm.
The following lemma expresses the one to one property of the operator H.

Lemma 4.1. The operator H defined by

Vg € C(D),Vx € I, H[g](x) = /Ozv(x,t)g(t, A(t)) dt

is an tnvertible operator.

The convergence of the estimators is linked with the two next lemmas, which describe the convergence
of HT*T and of T*7. The rate of convergence depends on the choice of an optimal bandwidth h,,.
FIXME: rajouter assumptions Bl et B3 sur support compact et bounds
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Lemma 4.2. Under the assumptions A’ and for p =r Ad, we get

|HT*T — HT*T|?> = O (n—}lﬂ + h%ﬁ) (22)
Lemma 4.3. The following upper bound holds under assumptions A’:

|HT*F — HT*Tm|> = O (% = h?f) (23)

The following lemma describes the approximation error of Tikhonov’s regularization problem. This
non random term depends on the choice of a smoothing sequence a,,. This choice depends on the
smoothness of the function m as well as the behavior of the eigenvalues of the operator T'.

Lemma 4.4. If the function m satisfies the conditions A’, and if H is such that
oo
> I1Hms|? < oo,
i=0

we get the following bound:
|Hm,, — Hm|?* = O (af) (24)

n

The following gives the rate of convergence of the remainder term in the Taylor’s expansion and
shows that it is negligible.

hd
Lemma 4.5. As soon as 1:?“; — 00 and

M, —mlle = O (o)),

n

we get the following uniform convergence:
72,0, — Mlloc — 0.

Moreover, we get
Hmn,an - ch2>o =0 (HHmnan - Hm||§) .

The next lemma is an auxiliary lemma, giving the rate of uniform convergence of the derivative of a
conditional expectancy. It is used to prove Lemma 4.7.

Lemma 4.6. Set X,Y, Z random variables with joint density function l, two times continuously differen-
tiable. Define L(x,y) = E(Z|X =2,Y =y) and L, the associated kernel estimator. We get the following
asymptotic behaviour: R
| D2[Ln] — Da[L]|| — 0
442
as soon as 7252; — 00.

The following lemma proves that assumption (A) can be deduced from more drastic conditions above
the choice of the bandwidth h,,.

Lemma 4.7. Under the assumptions that

[ D2[ma,,] = Da[m]|lec — 0

hn 1
711 — —o00, hl<anp, % = o(ay)

we get the following asymptotics
| D2[in, o, ] = Da[m]]|cc — 0.

5 Proofs

5.1 Proof of Auxliary Lemmas

Proof of Lemma 4.1:
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Proof. We want to prove that the operator H is invertible. Assume that there exists a function g different
from the function 0 such that H[g] = 0. Without loss of generality, we can assume that g is non negative
in a neighborhood of the origin of the form [0, z1], otherwise consider the function —g. Moreover, since
g is non equal to zero everywhere, there exists zyo < x1 such that g is positive over the compact [z, x1].
But Hg](xz1) = 0 implies that f;olv(:cl,t)g(t) dt = 0. Since v(z,t) > 0, by continuity of the function
t — v(z,t)g(t), we get that g(t) = 0,V¢ € [xo, z1] which contradicts the definition of zg. So H is one to
one. |

The two following proofs are adaptations of the proofs in [DFR01]. We give here the difference and
recall te guidelines of the proofs.

Proof of Lemma 4.2:

Proof. The norm of the operator HT*T — HT*T defined by

|HT*T — HT*T|| = sup ||(HT*T — HT*T)g||
lgll<1

is bounded by the Hilbert-Schmidt norm of the operator, ass stated in [DS88]. Hence, the norm satisfies:
A2 = | HT*T — HT*T |}
2

://f(.,u,.) [/v(z,z)logzgz/(én(z,u,w)—e(z,u,w))dwdw et

Flu,w)f(,z,w)
fG 2010, w)

we obtain by linearizing:

where e(u, z,w) = and é,(u, z,w) is a kernel estimator of e(u, z,w). As in [DFRO1],

4
a=Ra+) B
j=1

where, if we set

[ uw)
hlew) = [z )(,.,w) ba(u, 2, w) Tz ) ow
bs(u, z,w) = (( )];((:z’,w)) ba(u, z,w) = f((-’f;:?_l;;‘i((::i’;l)))

we have written:

b= [ [ sl [ 2w - fuw)dudsP dsda
b2 ://f("u")[//ﬁ(xvZ)bQ(Uvsz)(f(-asz)*f(-,z,w))dwdz]dedu
Bs = / / Flw ol / / B(z, 2)bs (u, 2, w)(f(. 2,.) = (., 2..))dwdz]? dzdu
B4://f("u")[//ﬁ(xvz)b‘l(uvsz)(f(-v-aw)*f(-v-,w))dwdz]Qd:cdu

Since the B;, ¢ = 1,...,4 are positive, by Chebychev’s inequality, its rate of convergence is the rate of
E(B;),i=1,...,4. Recall that the nonparametric estimator of a density we use is defined using a kernel
estimator. Recall that we consider kernels of order r and that the estimator of the joint density has the
following expression, given in (8):

fnly, z,w) ZKyhy Y —Yi) K. pz (2 — Zi) Ky pw (w — W5).

As a consequence, the behavior of each E(B;), i = 1,...,4 can deduced from the rate of convergence of

E(f, — f)2, extended to each particular case.
The first term gives

E (//5($,Z)b1(2,w)(f(-,u,w) - f(.,u,w))dwdz)2 -0 (n;llg n hip)
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Indeed, the integration implies that only the dimension of Z appears in the exponent of h,. So we get

1
B =0|—5 +h%
1 (nhz o )
The second term is such that:

B ([ [ 1 [oe et w)(Fz0) = s wduds] dude) =0 (%4 12)

which implies that
1
B, =0 (— -+ hﬁ) .
n

The same arguments apply for the other terms. Then, we can use elementary extensions of usual argu-

ments on the asymptotic behavior of the quadratic loss in kernel estimation (see Bosq in [Bos96]). There-
fore we can show that, provided nh}™>"**) — 0, the remainder term R, is such that R, = Op (#
So the statement of Lemma 4.2 is proved.

Proof of Lemma 4.3:

Proof. Tt relies on the convergence of Gaussian process and use results from empirical process theory to
be found in [vdVW96].
In a first step, we prove that

ﬁé}m(%w(zm LN T, -
where 02 = Var(U|W). For this, note V,, ( \/_ Z r ) 2, (ujz? - (v — _ Z 500 The

B; are independent variables, with zero mean, ﬁnlte variance and such that E(||3;(2)]|3) < oo, as a result,
V., converges to a Gaussian process, with variance given by an operator K such that for any functions

m, € LY:
<Ki,m>=E(K V,,m><V,, ¢ >)

= [ [ B0V @I mEs@i 21

—0 // [f}(z “’ f((,?wtu)l)}m(z)¢(u)f(.,z,.)f(.,u,.)dzdu

202//f("_zz’u_))f(::f’wu)))w(u)dzdz.

Finally we obtain the asymptotic distribution which proves (25).
In a second step, we linearize the quantity A, = T*# — T*T'm in the following way:

So we get

g f(,z,w;)
A, =Ro+ R+ — 2 (y; —m(2))
" n;f("za')f('a'awi) ’ ’
For the first term, we use the first asymptotic result, while the remaining term can be written

n

Ry = % > [/a(s)Khn(s — 5;)ds — a(s;)

i=1
where the function s = (y,u,w) and a is such that

f(,z,w)

als) = 7oz )fCow)

(y —m(w)).
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The usual approximating properties of the kernel estimator proves that this term is in Op ( (MS)) which

gives the upper bound given by the lemma.
Now see, that

With the regularity assumption we assume over the function m, the last term goes to zero, which concludes
the proof. [l

Proof of Lemma 4.4:

Proof. mg, is the solution of the equation 7. It can be computed, using its decomposition onto the bases
m;, © > 0 and can be written:

o0

i
man(z)—z;m <1 > ¢i(2).
As a result we have -
2 Qn 2
| Hma, — Hml| :|\Zm<m,¢i>H¢iH (26)

Using the decomposition onto the bases ¢; we get:
Hei = < Hoi ¢ > ¢;.
j=0

Then we obtain using the linearity of the scalar product:

[© <l o]

120 o5 < medi >< Hou gy >)5l”
7=0 =0

(s

[Hma,, — Hml|* =

2
Yo— v +A2 < Hoi,¢j ><m, i >>

=0

As a result, such spaces are of interest in the range 0 < § < 2. Indeed, regularity assumptions over the
regression function m give the convergence of series > > ¢; < m, ¢; >2, for well chosen ¢;. For instance
if ¢; & i*5T1 spaces {@, >0 1% < ¢, ¢; >2< oo} are balls of Sobolev spaces H*.
If we write

<m,¢; >= Ne; (27)

with >>77¢; < o0 and Y 7, |Ho||*> < oo, it is obvious that we get the case a = 1. Indeed, by
Cauchy-Schwarz’s inequality we can write:

oo oo 2
o

|Hmeg, — Hml|]* = E (E +)\2 < Hei, 05 ><m, ¢; )
n

7=0
2 o0
l(ZW <m, ¢ >2> Z < Hdi, ¢, >2]

=0

<m,¢i >y < Hoi by >

4,J

<2
j=0
Z n + /\2

O(an) Y~ 1 Hoill?
=0

= O(O‘n)
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Using the same ideas, the condition

o0
<m,p; >= /\fci, Zcz- < 00
i=0

leads to the conclusion that o = 2.

The previous condition (27) links the decay of the eigenvalues A; with the decay of the Fourier coefficients
of the function ¢. The same assumption is done in [DFR01]. This assumption is about both the smooth-
ness properties of the operator T' and of the function m. It is not possible to break this relationship as
it is stated in [LV04]. Even if this kind of assumption is not usual in statistics, we point out that, in the
litterature of inverse problems in numerical analysis, the regularity of the function and the regularity of
the operator are linked and both give the rate of convergence. For more references, we refer to [1], [2] or
(3].

We could have expected that the regularization via the integral operator to improve the upper bound.
But, with the same arguments as in Remark 3.5 we can see that the regularization does not improve the
rate of convergence of the approximation term, due to the two-step estimation. O

Proof of Lemma 4.5:

Proof. We want to prove the uniform convergence of My, o, to m
We have the following decomposition:
Hmn,an —m| < ||mn,an - moanoo + Ima, —m||

o0 o0

As in the general theorem, the idea is to control each term of the decomposition.
We know that:

17,0 = My [loo < N Allo + 1Bl

where, we have used the same notations as in 3.4:

o o\ —1
Al < |[(and +7°7)

Hf?ffme
1 R
< 0(—) HT PP TmH
(679 [e%e]

and

o -\ —1
Bl < |(orr+77) N

‘f*f - T*TH N, — m]|

oo

o0

1 N
< O(—).HT*T—T*TH N, —m
Qo 00

The next step is to study the two terms Hf*?— f*me and Hf*f — T*TH . Let’s begin with the
[ee] (oo}

second one. By definition, we have:

e, = g ()
° llgll<1 0
< Jpr |
HS

where || || ;¢ is the Hilbert-Schmidt norm of this operator (see Dunford and Schwartz [DS88]). Therefore,
using Darolles, Florens and Renault, we find that:

2 1 1 - 2
1812 =0 (55 |23z + 19 o, — . )
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The first term is such that:

Hf*?—f*fm”

- H [ [w-mw e fu)f”) S ) dudy

—m(u Fr (2, w) B f(,z,w) P
(y (u)) (ﬁl(”w)ﬁl(,z,) f('7-7w)f(.,z,,)>f”(y’ ,w) dudyd

] fommen 7 v sty
<|f ] ommen s vt

Then,we can decompose this term as follows:

I flrw)
T S = m (=)

o0

o0

Hf*?_ fme <|IR||, +

2 (020 ] (oo 3
where
n= 23 [ s (- s ae)
and
0(6) = 7L (- m(w) s = ()

We know, using the asymptotic distribution given in the proof of Lemma 4.3 that

)Z) w)

f Z %@ —m(z)) = N(O,0*T°T).

Since we have for € > 0

n

1 f (G z,w;) N .
p <|n2f(_,z,.)f(.,.,wi) (gs —m ()| > )
<\sz . Z(wZ)wi) (yi—m(zz->)|>\/ﬁe>,
we get, using Billingsley’s inequality [Bi95] that
( Z f;w)(y —m(z))| > e) < 00
Zf b = m () [ 0

and Borel Cantelli’s lemma leads to the conclusion that
f ( wj

at a range of convergence of lngln as soon as the following condition is fulfilled:

——— > +00.

(logn)

The residual term can be viewed as a bias term, so we can prove the uniform convergence of that term
provided that ﬁ > +00

As a result, the rate of convergence is, at a logarithmic term, the same as for the L? rate of convergence.
As a consequence, as it is stated in the proof of Theorem 1 in [Van01], the remainder term in Taylor’s
expansion is negligible since we only lose a logarithmic term in the rate of convergence. O
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Proof of Lemma 4.6:

Proof. Define the following function:

where (z,y) = [ f(z,y,2)dz.
An estimator of this function is given by

T _ Zln('rvyaz> >

= /Zén(l',y, Z)dZ,

with

Y Ko = X3)Kn(y = Yi) Kn(z — Zs)

én(za Y, Z) -

2imy Kz = Xi) Kn(y — Vi)

Our goal is to provide conditions over the bandwidth h,, such that the derivative of the estimator with

respect to the second variable converges uniformly to the similar derivative of the true function.

| Da[Ly,] — D3[L]|| s — 0.

For this, use the following decomposition:

_ IDs4,] — 1L, Dally] — 1, Da[q) + Li,Doll]

Do[Ln] — DolL] = i

iy 2= LDl

(Da[l] = Da[ln]) +

+(L-L

—~

+

S
S

n)

In

(D2[Gn] = D2[q))

Dyl

As a result, the uniform convergence of Dy[L,] to Ds[L] can be deduced from the uniform convergence

of the previous four terms.

We have already proven that, under suitable conditions, ||£n — L||ooc — 0, when bounding the remainder

term in the Taylor expansion.
Moreover, we already know that [,, converges uniformly to (.
So it remains to be seen the two following uniform convergence:

|1 D2li] — Dall]fls — 0
| D2dn] — Dalq]|loe — 0

If we have proved the first uniform convergence, since

q(z,y) = /zl(m,y,z) dz

(28)
(29)

Lebesgue theorem as well as the fact that the functions are defined over compact sets, give the second

uniform convergence. As a consequence it suffices to prove the first asymptotics (28).

The estimator Zn is defined as follows:

A l &~ 2—X; _y=-Y, 2—17;
= — K K
So we get
" 1 & e—X; y—-Yi z—2
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Using partial integration, it is well known that
A —u, Y= z—w
lE(Dsll,]) = hd+1 /// U, v, W) hn VK ( » VK ( » Ydudvdw
-2 ///D2 v, w) (x};u)K(y};v)K(Z}:nw)dudvdw, (30)

which proves that Ds[l,,] — Dall].
Hence we can write the following decomposition:

Ds[in] = Da[l] = Dalin] = E(Dafln]) + E(Ds[ln]) ~ 1
=(I)+ (II).

The second term is the usual bias term. As expected, using the assumption that I € C2, which implies
that Ds[l] € C! and using (30), we get:

(11) :///hig(m[zw,u,w)] = Dalifey AN K (K (K (S dudvdu
///K (w)[D2[l(z — hpu,y — hpv, z — hpw)] — Dal(z, y, 2)]]dudvdw
= o(h?)

and that bound is uniform over z,y, z.
The first term can be written as follows:

1 i foz /yfn Z*Zi ; 1Y — Z*ZZ
=— K K K — E(K K K
i 2 | KU e B (B (e )
Using empirical process theory, we get the following upper bound:
P(|(1)[ > )

272 ~$14
< texp (e h2 /nhn hn>

8 K12
d
2\ /nh2
<dexp| ————7—| -
< SIKT
As a result, as soon as the following condition is fulfilled
d+2
nhs
—s— — X0 (31)

log®n

an extensive use of Borel Cantelli’s lemma gives the uniform convergence of term (I).
As a conclusion, the two terms converge uniformly, which proves the result. [l

Proof of Lemma 4.7:

Proof. We want to prove the uniform convergence of Dz |1y, o, ] to Da[m)].
For this recall that m,,, and 7, o, are defined by the following relations:

M, + /man (u, z)du = /yb(y,z)dy

M, +/Thn7an(u)dn(u,z)du = /ybn(y,z)dy
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As a consequence, considering the derivative with respect to the second variable (written Ds), we get

Do, ] + / iee, () Dofa(u, 2))du = / yDalb(y, 2)]dy
anDa[Mn ] +/mn7an(u)D2[dn(u,z)]du= /yDg[l;n(y,z)]dy (32)

So we can write

DZ[mn,an] - D2[m] - (D2[mn,an] - D2[man]) - (DQ[man] - DQ[m])

— L (anDsliitn 0] = anDolma,]) + (Dslima, ] — Dalm])

n

=—(I) + ().

On

For the first term (I) consider the following decomposition using (32):

(1) = [ (Dalb(v. )~ Dbl 2)]) dy

A
+/m(u)D2[a(u,z)]du—/mn,aan[dn(u,z)]du
— At / (m(u) — n.a, (1)) Dala(u, 2)]du + / T, (1) (Dg[b(u,z)] - DQ[Bn(u,z)]) du.

Recall that we have used the following notations

_ f('?u?w)f('7z7w) w
& = ) f(z) d

[ fwwiew)
M= | e )

As a result, we can give an interpretation of the quantities [ yb(y, z)dy and [ m(u)a(u, z)du using con-
ditional expectation. There exist two functions g and h such that

[ mwDalatu )u = [ gwpy =3
— Do[B(9(W)Z

/ yDa[b(y, 2)]dy = Do B(h(W)|Z)].

Uniform convergence is then a consequence of Lemma 4.6. As a result, since it is stated that

|0l < o(h) + O (%)
Vnh
< o(ay)

due to the restrictions imposed on the bandwidth in Lemma 4.7, we have proved that

(Dlfoo = o(1).

|
an
Moreover the same assumptions give the convergence of the bias term (I71), which concludes the proof. O
5.2 Outline of proof of linearization of the differential equation

Proof of Theorem 3.2:
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Proof. Under the assumptions over the statistical model, we know that there exits a unique solution to
(4). We can call it A(x) = @ [m] (z), where @ is a differentiable functional of m. The idea is to use a first
order Taylor development and to study both terms. Thus, we have:

(X,, - )\) (@) = (®[Fn,a,] — @ [m]) (2)
= d®[m] (Mna, —m)(z)+ R

where R is stronger than the rest of Taylor development, that is: R = Op <||ﬁ1nan — m||io) .

Our objective is to study the Fréchet-derivative of ®. Let us now define the function

_f CHD) x Cyo(I) — C(I)
A'{ (u,v) LOA(u,v)

where C1(D) = {u € C(D) and continuously differentiable} and

C’;,O(I) = {v € Cyo(I), continuously differentiable and |[v'||., < b/a}

where D = {(z,y);[z[ < a,|y] <D} .
(CY(D),||.llw) and (C(I),]].]|,) are Banach spaces. Moreover we define the following norm:

’
loe = max ([|vll o » [1"ll0)

on O} o(I). We can easily see that (C’g,O(I), ||||;O) is a Banach space. As a matter of fact, to prove it,

we have to use the uniform convergence of functions and its application to differentiability. The use of
such a norm allows us to have the continuity and linearity of the following application:

b { (Cho(D: 11 ) = (€)1
yr—y

So, we have: Vz € I, A(u,v)(z) =v'(z) — u(z,v(x)). Let us now define an open subset W of
CH(D) x Cyo(I) and (m,\) € W. We know that A is continuous on W (it is a sum of continuous
applications) and that A(m,\) = 0. Let us check the hypothesis of the implicit function theorem. A is
in fact continuously differentiable (thanks to the same argument) so we can take its derivative with the
second variable d2 A(m, X). Moreover, we have:

Vh € Cyo(I),Vx € 1,02 A(m, A)(h)(x) = h'(x) — Oam(z, A(z)).h(x)
We have to prove that 92 A(m, A) is a bijection. Let us show first the surjectivity:
Yo € C(I),3?h € Cpo(1); Vo € I, B () — 8ym(x, A(x)).h(z) = v(z)

This is a linear differential equation, so we can solve it and find that:

Vo € I, h(z) = / (v(s). el mer@at—iomexOIar] g
0
Therefore, Dy A(m, A) is surjective. Let us now demonstrate the injectivity, that is
Ker (D3 A(m, X)) = {0}

We are going to solve Dy A(m,A)h =0,h € C’blﬁo(l). We find again a linear differential equation we can
solve and find:

Va € I, h(z) = celo P2mEA®)AE 51 p(0) = 0

Therefore, we get ¢ = 0. Thus, we have demonstrated that DyA(m,\) is bijective. Let us now
demonstrate the bi-continuity of 93 A(m, A). In the usual implicit function theorem, this assumption is
not required, but here we consider infinite dimension spaces that is why we need a more general theorem
with further assumptions to satisfy. The continuity of DyA(m, \) has already been proved since A is
continuously differentiable.
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The continuity of the reversible function is given by an application of Baire Theorem: if an application
is linear continuous and bijective on two Banach spaces, the reversible application is continuous.

Therefore, we can apply the implicit function theorem: 3U an open subset around m and V' an open
subset around A such as:

Vu € U, A(u,y) = 0 has a unique solution in V'

Let us note: y = @ [u] this unique solution for u € U.
Now we are going to differentiate the relation: A(u,® [u]) = 0,Vu € U and apply it in (m, A = ® [m]).
Let us first differentiate A: Vh € C'(D) x C} o(I) ,

dA(m, \)(h)(z) = di1A(m,Ndm(h)(x) + daA(m, N)dA(h)(x)
= —dm(h)(z, \(z)) + (d\(h)) (x) — dam(z, M(x))dA(h)(x)

The differential of A leads to a linear differential equation in dA(h) that we can solve. Now we apply
it with dm(h) = Mp,q, —m and dA(h) = d® [m] (Mp,q,, —m) in order to find:

d® [m] (Mo, —m)'(z) = 0am (z, ® [m] (z)) .d(7in,a,, —m)(2) + (in,0, —m) (z, P [m] (z))

Solving it leads us to:

dd [m] (ﬁln,an - m) ($)

[ (G~ . St )
0

/ <(ﬁ@ — ) (8, A(#)). L0 85 (wr @15 <“*A<u>>d“]> dt
0

x

= | (M0, —m) (t, A(t)).v(2, 1)) dt

So the statement is proved. O
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