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Abstract

We consider the nonparametric regression model with an additive error that is cor-
related with the explanatory variables. We suppose the existence of instrumental vari-
ables that are considered in this model for the identification and the estimation of the
regression function. The nonparametric estimation by instrumental variables is an ill-
posed linear inverse problem with an unknown but estimable operator. We provide a
new estimator of the regression function using an iterative regularization method (the
Landweber-Fridman method). The optimal number of iterations and the convergence of
the mean square error of the resulting estimator are derived under both mild and severe
degrees of ill-posedness. A Monte-Carlo exercise shows the impact of some parameters
on the estimator and concludes on the reasonable finite sample performance of the new
estimator.
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1 Introduction
The statistical inference in the nonparametric regression model
Y =p(Z)+e

where Y is a real dependent variable, Z is a real multivariate explanatory random variable
and ¢ is an unknown function, usually requires that the error term ¢ is such that E(¢|Z) = 0.
A vast literature is now available about the estimation of the nonparametric function in
this setting, under various regularity assumptions on ¢. Less work is however available if
the error ¢ is allowed to be correlated with Z, a situation that is frequently encountered in
the empirical studies in human sciences.

A simple situation where this correlation appears is when omitted variables influence
both Y and Z but are not included in the explanatory vector of the regression model.
One famous example of this situation appears when Y is a measure of the income of some
individuals and Z is a measure of their level of education. It is likely that other variables,
such as a measure of the social ability or the intelligence, may be influencial on both the
income and the level of education of the individuals. However, this variable is rarely observed
or even difficult to measure, and it is thus omitted in the regression model. In consequence,
the error term e contains an information about the omitted variable, and therefore may
depend on the observed explanatory variables. This example is discussed in more details
in many econometrics textbooks [e.g. Wooldridge (2008)], see also the survey written by
Angrist & Krueger (2001).

One conventional approach to accomodate this problem is to measure a set of new
variables W that are called “instrumental variables” and such that E(¢|W) = 0. Taking the
conditional expectation of the above regression model, the nonparametric function ¢ now

appears to be the solution of
E(Y W) =E(p(2)[W). (1.1)

The choice of appropriate instruments W is a delicate question in practice. The interested
reader can find examples of instrumental variables in the above econometric references.

As a statistician, the interesting and nonstandard point is that the nonparametric func-
tion ¢ appears to be the solution of an integral equation given by (1.1). It is thus the
solution of an ill-posed inverse problem. Moreover, the involved conditional expectations
must be estimated from observations of (Y, Z, W), which is a source of error in both sides
of equation (1.1).

A number of papers have considered the estimation of ¢ in model (1.1) from the obser-
vation of (Y, Z, W) when the conditional expectations are estimated nonparametrically and
by regularizing the ill-posed problem in order to recover a consistent solution. We refer to

Hall & Horowitz (2005) for some methods and to our recent paper, Johannes et al. (2010),



that presents a unified approach to get consistent estimators of ¢ with optimal rates of
convergence.

One goal of this paper is to present new results on a regularization scheme that has
been less studied in this context. This regularization is the so-called “Landweber-Fridman”
iterative procedure that we define below. Moreover, our estimator of the conditional ex-
pectations and ¢ are projection estimators onto finite-dimensional vectorial spaces, with
dimension increasing with the sample size. The expansion of the nonparametric function ¢
is provided in a basis that may be different from the basis that is used to estimate the condi-
tional expectations. This aspect of our procedure is valuable, since the degree of regularity
of ¢ may be very different from the degree of regularity of E(x(Z)|W).

Under a set of minimal conditions on the choice of those bases, we prove the consistency
and the mean square convergence of the estimator given by iterative regularization. Results
are given for both the mildly and severely ill-posed inverse problems, and reach the optimal
minimax rate of convergence in standard function spaces in both cases. The results also
give optimal stopping rule for the iterative regularization of the estimator.

The paper is organized as follows. In Section 2, we introduce the necessary notations
of the paper and, more importantly, we formulate the estimation problem as an ill-posed
inverse problem with an unknown linear operator. In Section 3 we derive the projection
estimator and apply the regularization iterative method of Landweber-Fridman. Theoretical
properties of the estimators have to be found in Sections 4 and 5. Those sections include
the derivation of the rate of convergence under the various sets of regularity conditions, and
provides a comparison with the most recent results of the literature. Section 6 discusses the
role of the parameters in the estimation procedure and shows the finite sample properties
of the proposed procedure via simulations. The proofs and technical results are deferred to

an Appendix.

2 Model and assumptions

Let Z € RP and W € RY be two vectors of observed variables. In this section, we will
write the nonparametric function ¢ as a solution of an inverse problem. Define the function

spaces
Ly ={¢ R =R, ||¢|| = E[¢*(Z)] < oo}
and
Ly = {¢ :RT = R, |[9|f = E[p*(W)] < oo} .

For the sake of readability, we shall denote by (-,-) and || - || the inner product and norm for
both Hilbert spaces L2Z and L%/V when there is no possible confusion about the functional

space in question. The equation (1.1) can be rewritten

r=Ty (2.1)



if 7 is a function of L%, such that r(-) := E(Y|W =) and T is a linear operator that maps

the function ¢ onto the conditional expectation, i.e.
T:L% — L3y : ¢ E(p(2)|W =)

assuming the existence of the conditional density of Z given W, here denoted by [z .
For convenience, we will assume in the following that the operator T is a compact

operator. This assumption implies that T" and the adjoint operator T* can be discretized

using a singular value decomposition (SVD). We recall that the compacity of T" implies the

existence of a singular system {(\g,ur, vg);k =1,2,...} that is such that:

1. The eigenvalues A\ are real, strictly positive and decreasing;

2. {\2:k = 1,2,...} are the nonzero eigenvalues of the self-adjoint operators T*T and
TT™,

)

3. {ug;k=1,2,...} (resp. {vk;k = 1,2,...}) is an orthonormal system of eigenvectors
of T*T (resp. TT™).

The existence and uniqueness of the solution from equation (2.1) needs some assump-
tions. A detailed discussion on identification issues can be found in the seminal work of
Darolles et al. (2002). In the sequel, we assume the existence and uniqueness of the solu-
tion. Uniqueness is guaranteed if we assume the operator 1" to be injective. The existence
assumption formally requires that the function r belongs to the range of the operator T

From (2.1), we see that ¢ can be recovered by inverting the operator T'. However, even if
T is in general an invertible operator, it is not necessary stable or, in more technical terms,
T~!is not a bounded operator. In other words, since the left hand side of equation (2.1) is
not observed directly but needs to be estimated by 7, the solution 7~'# does not converge to
T~1r. That phenomenon is called the “ill-posedness” of the inversion. Therefore, in order
to derive a consistent estimator of the functional parameter of interest ¢, we shall proceed
in two steps. First, T and r depend on the distribution of (X,Y, W) and are estimated from
the dataset using projection method. Second, a regularized version of (2.1) is obtained
using a Landweber-Fridman iterative method.

We now describe the two steps in detail.

3 Estimation and regularization

3.1 Projection step

Define two finite dimensional subsets ®4, of LQZ and Uy, of L%,V. Their dimension depend
on prescribed numbers dz,dy > 0 and we suppose that {¢1,...,¢q4,} is a basis for ®4,
and {11,...,%q, } is a basis for Wy,,. Note that the each of these bases is not necessarily

an orthonormal basis.



The two bases are chosen independently of the operator 7. However, our theory requires
a condition that relates both the bases and 7. Denote by Py, resp. Qyy, the orthogonal
projection onto ®4,, resp. ¥y, and by I the identity operator. We assume from now on
that the operators Pz, Qw and T are such that

IT(I=Pz)[| -0 and  [[(/ =Qw)T|| =0 (3.1)
as (dz,dw) — oo, where the norms are the operator norm, e.g.

||| := sup{||T¥llws ¥ € L3}

is the operator norm of 7. This condition is discussed in the following remark and two

examples.

REMARK 3.1. Because ®4, and Vg, are finite dimensional, the range of the operators Pz
and Qw that we denote by R(Pz) and R(Qw) are finite dimensional. Using a result to
be found in Plato & Vainikko (1990), a necessary and sufficient condition in order to get
condition (3.1) is that (i) 7" is a compact operator, (ii) Pz — I pointwise on R(T™) as
dz — oo and (iii) Qw — I pointwise on R(T) as dy — oco. In particular, it is not difficult

to derive from the singular value decomposition that the following two inequalities hold:

IT(I = Pz)|l = Aay
and

I = Qw)TIl = Ay, -

Therefore, whatever the two bases are, the best approximation of 7' cannot perform better
than the rate of the singular values A\g, and )4, . Note that the equality holds when the
bases are chosen to be the eigenfunctions {ug;k = 1,...,dz} and {vg;k = 1,...,dw }, but

this situation is not useful in our context since 7' is unknown. O

ExamMpLE 3.1. To simplify this example, assume that Z and W are uniformly distributed
over [0,1]. Let sg,...,sq, denote an equidistant grid on [a,b], that is s = a + k7 with
7 = (b—a)/dz. Define ¢ := I, | ) for k =1,...,dz as a basis of ®;,. Analogously,
define a grid on [c,d] with t; = a + k7 with 7 = (d — ¢)/dw and ¥y := I, 4 for
k=1,...,dw. For this example with a sufficiently smooth joint density fzw, we can write
(cf. Plato & Vainikko (1990))

IT(I —Pz)|| <c1-(b—a)/dyg, 12% // ‘afzwzw ‘ i d)l/Q

0@t <er @y, e=3([ [ |2 ) ™



With additional regularity assumptions on fzy, it is useful to consider more regular
basis functions, such as higher order B-splines or wavelets for instance. This would lead,
for example, to upper bound for ||T'(I — Pz)|| of the type ((b — a)/dz)". The exact value
of 1 depends on the basis system and the smoothness of fzy and is derived from typical

inequalities in approximation theory (cf. DeVore & Lorentz (1993)). O

EXAMPLE 3.2. An interesting example for ®,, is given by the basis of orthonormal wavelets.
The theory of wavelets offers an appealing alternative to the Fourier analysis. A wavelet
system is an orthogonal basis of L?(RY) which, in contrast to the Fourier basis, contains
functions that are well localized both in the time and the frequency domain. As a conse-
quence, they appear more appropriate to decompose functions ¢ that have a more irregular
behavior, such as jumps or peaks. For a general introduction to this theory, we refer to
Vidakovic (1999).

Suppose that Z and W are uniformly distributed over [0,1]. Let (¢,) be some scaling
and mother functions over [0,1] and assume that ¢ has x continuous derivatives and k
vanishing moments. Let j be a negative integer. The space ®4, in this example is the
linear space that is spanned by { ;i }o<r<o—i—1, With ¢jx(-) := 277/2¢(277 . —k). Denote by
P; the orthogonal projection onto this space. For any function g belonging to the Sobolev
space W*[0,1] for 0 < s < K, one can show |[(I — P;)g||* = 0(2?7) (e.g. Mallat (1997,

Theorem 9.4)). Therefore, some calcuation show that
172 = Pl < €2 [ 17w)V/rlw)lfy-dz

provided that [f(-,w)/+/7(w)] € W* and that the integral exists. A similar bound can be
derived for ||(I — Q)T O

We are now in position to describe the projection step of the estimation. Find a solution

©° € @4, of the system of equations

(T®, ;) = (r,¢;) forall j=1...dw.

This system is a discretization of the problem (2.1). Since ¢° € ®4,, we can write ¢° =

Z?ﬁ 1 a‘]?gbj which, by linearity of the operator T, leads to the equivalent system of equations

Mdao = @d (3.2)

where a° = (af, ..., aflz)’ is the vector of parameters, M, is the dy x dz matrix with element
(i,5) equal to (T'¢;,v;) and 4 is the column vector ((r,¢1),...,(r,vq, )). The inversion
of the system (3.3) however leads to two important issues. The first issue is that the basis
systems {¢1,..., ¢4, } and {¢1,...,¢q, } are not orthonormal. Thus the inversion of (3.3)

involves the Gram matrices

Gy = ((Bi, 0j))ij=1,...dy



and

Gy = ((Vi,05))ij=1,..a

These two matrices reduce to the identity matrix when the basis systems are orthonormal.

With this correction, (3.2) becomes
Mya® = vq (3.3)

where My = G,/ N,G, "% and vg = G;'/?5,

The second issue is the stability of the inversion. Because we are solving an integral
equation, the problem (2.1) is in general ill-posed. This implies that the matrix My in (3.3)
is ill-conditionned and thus its inversion is numerically unstable. In particular, it implies
that, even if we find a consistent estimator for My and vy, the estimation of a° resulting
from the inversion of (3.3) has a very slow rate of convergence in general. For this reason,
we need to stabilize (regularize) the inversion in order to recover faster rates of convergence
in the estimation of ¢. Below we propose an iterative method for this issue. However,

before presenting this method, we first introduce consistent estimators of My and vy.

3.2 Estimation of M,; and v,

Let {(Y;, Z;,W;);1 =1,2,...,n} be an independent and identically distributed sample from
(Y, Z,W). Let ¢(-) = (¢1(:), .., 0a, () and ¥(-) = (¢¥1(-),...,%ay, (-))'. The estimators

of My and v, are respectively given by

ZG—W (Z)p (W) G, (3.4a)
and
1 & _
= ; VG, P p(m) . (3.4b)

We give below some asymptotic properties for these two estimators that will be useful
to derive the final rates of convergence. The result is valid under the following assumption.

ASSUMPTION 3.1. Denote ¢ = G;lﬂ(ﬁ and ¥ = G;lﬂ'z,b. The vectors ¢ and v are the

¢/2)—1
HC _d(Z/)

orthogonalization of ¢ and ¥ by the Gram matrices. We assume: Hggl 1 <c and
zZ

||q,z3i\|§< <c-dSP7 for all ¢ > 2.

It is not difficult to check that Assumption 3.1 holds true for the basis introduced in the

two examples.



ProprosITION 3.1. The estimators ]\/Jd, resp Vg, are unbiased for Mg, resp. vq. Suppose
that EY? < co. Then, under Assumption 3.1 it holds'

. d

E|[tg — vall3 S TW (3.5)
— dvrd)S/2

B3~ Ml 5 2 o g e (0, (55)
— dwdz)s!

A YA PGl R J) (3.7)

nc/2
where || - ||2 is the £2 norm of a matriz.

Proof. The unbiasedness of ]\//fd and vy is a straightforward result. The proof of (3.5) is
similar to the proof of (3.6), therefore we skip it.

Application of Lyapunov’s inequality leads to EH]\/I\d - Mng < (EH]\/I\d — My||3)¢/? for
all ¢ € (0,2]. Moreover, if Mg;; denotes the element (4,j) of the matrix My, we have
IEH]\?d — My||3 < Z” Var Md;zj because ]\//fd is an unbiased estimator of My. Then we can

write, by independence of the sample,
— 1 - -
Var My.ij < EE{@(Z)?%(W)?} (3.8)

This last expression is finite as the functions 1);, ¢; are such that ||¢);|| L2, = il g =1
for all 7,7. The inequality (3.6) follows by noticing that the sum over i,j contains dydyz
elements.

We now prove (3.7). Using Jensen’s inequality

¢/2
— 1 —
E|| My — Myl = (dwdz)*/*E D (Maj — Mag;)?
wdz 4=
< (dwdz) D™ B (M5 — Mgy;)° .
2

To simplify notations, write Md;zj =n! > 1 Aija where Ay = qEZ(Zl)@Z;](VVZ) By the
inequality of Minkowski, it holds E| Y7, X;[P < {37, (E|X;[P)?/P1P/2 and we can then write

E(Myij — Myij)* <> (BlAjzy — BAjj )2}/

l
ST D (BAS, )Y (3.9)
l

using again Jensen’s inequality. As above when we derived the upper bound of (3.8), we
note that EAfj;l < H%Hic - H&ZHECZ Therefore, with Assumption 3.1, (3.9) is bounded by

w
n=2(dzdy )¢/~ and the result follows. O

We write A < B if there exists a positive constant ¢ such that A < cB.



3.3 Regularization iterative step

We now present the iteration procedure used in order to stabilize the inversion of the system
(3.3). It is called the Landweber-Fridman in the numerical literature [e.g. Engl et al. (2000)].
It is of course possible to define other regularization schemes at this stage, among which
is Tikhonov regularization. The Landweber-Fridman has the advantage to be numerically
very simple to implement when it is applied to the projection estimator.

The vector a® in the system (3.3) is estimated by the following way:

ag =0

azﬂzaz—%m (J\?dag—ad> k=0,1,...,K —1 (3.10)
The estimator of ¢° then follows by

7 =anG, e (3.11)

The presence of the parameter p in the iterative scheme is only technical. The con-
vergence results established below need that the norm of the matrix used in the algorithm
must be less than 1. The parameter p then normalizes the problem such that this con-
straint is fulfilled. In practice and in the proof of our results, we use the random bound
p > max(1, || My])).

One crucial question is to decide on the number of iterations K. It is known that a too
small value of K provides unsufficient regularization, whereas a too large value of K leads
to a too large regularization bias. The theoretical sections below and the empirical study

provide a guidance for the choice of this regularization parameter.

4 Convergence under mild ill-posedness

In order to derive a rate of convergence for our estimator we need to specify regularity
assumptions for the unknown solution ¢. One convenient approach is to relate the regularity
of ¢ to the behavior of the operator T itself. The idea is that, if ¢ is well adapted to the
operator, then the estimation should be easier, thus the rates of convergence should be
faster. The meaning of how “well-adapted” is the solution to the operator is characterized
by the so-called source condition that we define now.

The natural operator of interest in order to define our source condition is T*T', which

is by construction self-adjoint, non-negative and such that

T"Tg = Z N2 (g, ug)ug for all g € L%,
keN
by definition of the singular value decomposition of 7.
In the following it is useful to define what is a function of T*T. Consider a function
¢ that is defined on the real line. The operator ¢(T*T) is defined through its spectral



decomposition:

UT*T)g =" L9, ur)ux (4.1)
keN
for all g € LQZ.

The regularity assumption imposed on the solution ¢ is defined next.

ASSUMPTION 4.1 (Strong source condition). The operator T' and the solution ¢ are such
that there exists 8 > 0 and 1 € L% with o = (T*T)%/%¢ and ||| < p.

To understand this condition it is convenient to note that it is equivalent to require
that the solution ¢ is such that (T *T)*ﬁ/ 2 belongs to Lzz. Using the singular value

decomposition of T" and the representation given in (4.1) it is therefore equivalent to assume

Because the eigenvalues )\g tend to zero, the index ( that appears in the source condition
is one measure of the ill-posedness of the problem.
Before stating the convergence result, we also formalize the condition (3.1) on the op-

erators Pz, Qw and T in the following assumption.

ASSUMPTION 4.2. The projection operators Pz, Qw and T are such that ||T(I — Pz)|| < 0z
and ||(I — Qw)T|| < dw, where 6z, resp. dyw, denote two sequences vanishing as dz, resp.
dw, growth.

THEOREM 4.1. Consider the estimator (3.11) constructed using the projections Pz and
Qw and set u = C'max(1,||Mg||) for some constant C > 1. Suppose that the “strong source
condition” (Assumption 4.1) is satisfied, that EY? < oo and Assumptions 3.1 and 4.2 hold

true. Assume that the number of iterations K is such that

1
K = (5“2(“‘“ 1 dwldz +1) 1)) o (4.2)

z n

Then the L? risk of the proposed estimator @° has the rate

B
dzdy \ B+1
E|¢° —¢l* =0 (( an) ' +6§(ﬁ“)+5§§ﬁm)>.

Proof. An upper bound for the mean square error of @° under the strong source condition

is derived in Lemma B.1 in the technical Appendix, and is given by

E|l¢°— |2 S {1+El| Ma—Ml3}K P+ K (BIIMy — Mally + Elfo — vall3 + 85"

+ E|[ My — My|[2OM 4 B\ My — My|2 + 620 4 20D,



First we note that 1+ IEH]\?d - Mngﬁ < 1 by Proposition 3.1. We find the optimal number

of iterations K by balancing the first two terms, which gives:
1
K~ {B| My — Ml + BJ[7 = ral? + 657200 17T

The above Proposition 3.1 gives the rate of convergence for IEH]\?d — My||? and E|[7y —rq]|?,
and they lead to the optimal rate (4.2) given in the statement of the theorem. We plug in

the optimal rate for K in the MSE of ©°, and we consider the leading terms we get

B
dz(d 1)\ 7+1 dodw \ PN 2804801
%) n ( an) +5, P +5§(ﬂ/\1) +5‘24(15A1).

R
The result follows by considering the leading terms and using the inequalities 3/(5 + 1) <
BAL<L (14 6A1)3/(1+ () that hold for all § > 0. O

We comment this result in the following remarks.

REMARK 4.1. 1. The result is presented under mild conditions on the bases used for the
projection. Now impose m := dy = dy and d; = oy = m~*. If 3 < 1 then the
rate of convergence of the risk reduces to nﬁ;—?’ﬂ/2 which is known to be optimal in
the class of solutions that satisfy the strong source condition [Johannes et al. (2010,
Proposition 4.1 with s =0, a =1 and p = 3)].

2. One interesting example is given when the projection basis is given by the singular
value decomposition of T'. We have already argued that this case is not realistic since
the eigenfunctions are unknown, but it is at least of a theoretical interest. From
Remark 3.1 it follows that 7 = Ay, and dw = Ag,,. We may also impose that the
eigenvalues are decreasing at a polynomial rate, i.e. Ay = d~¢ for some € > 0. Then
the rate is given by nWQﬂ/E. This particular setting has been considered for the
study of other regularization methods in Hall & Horowitz (2005). This rate is known
to be optimal for mildly ill-posed inverse problems over the space of functions ¢ that
satisfy the source condition [e.g. Chen & Reif (2010)].

3. The discontinuity (6 A 1) on the range of the exponent of J; and oy implies that
the rate is no longer optimal for § > 1. This limitation is not technical, but it is
intrinsic to the Landweber-Fridman method (the mathematical explanation is given
by the analogous limitation in Lemma B.1 in the Appendix below). A similar phe-
nomenon has been observed in Tautenhahn (1996) in a purely deterministic setting.
In Tautenhahn (1996) a so-called “preconditionning” treatment has been proposed to
improve the rate when 3 > 1. We conjecture that a similar solution would lead to the

same improvement of our result.

10



5 Convergence under severe ill-posedness

There are a number of important situations where the strong source condition is a too
restrictive assumption. A prominent example is given by random variables Z and W that are
normally distributed. In that situation one can show that the eigenvalues of the conditional
expectation operator T' are exponentially decreasing, i.e. Ay behaves like exp(—k°¢) for some
€ > 0. Under this setting, the functions satisfying Assumption 4.1 for an arbitrary § > 0
would be very limitated. Indeed, Assumption 4.1 would imply that the solution ¢ has an
infinite number of derivatives (i.e. ¢ is an analytic function). This example show that the
strong source condition may be restrictive.

We can define a weaker condition than Assumption 4.1 if we consider the function £ in the
representation (4.1) to be logarithmic. This case has been considered in the deterministic
setting [e.g. Hohage (1997); Nair et al. (2005)]. Surprisingly, it has been less studied in the
context where the function r and the operator 7" have to be estimated [see Chen & Reif3
(2010) for a related condition].

ASSUMPTION 5.1 (Weak source condition). There ezists 1 € L% such that

77\ "
e={-1e(550)} e W< masso (5.1

where p is sufficiently small.

Note that this assumption is well defined since T" and T™ are conditional expectation

operators and therefore they are projections and such that ||7*T| = 1. The following
theorem gives the asymptotic risk under the weak source condition.
THEOREM 5.1. Consider the estimator (3.11) constructed using the projections Pz and Qw
and set ;= C'max(1,||Myl||) for some constant C' > 1. Suppose the weak source condition
(Assumption 5.1) is satisfied and dz, dy are such that (dzdw)/n? = O(1). Suppose that
EY? < oo and Assumptions 3.1 and 4.2 hold true. If the stopping index K is chosen by

—1/2
K = {ngW + 0%+ 5@} (5.2)

then we have

o dwdz -8
Ell¢° — ¢]> < {log ( +07 + 5%)} :

n

Proof. In Lemma C.1 of the technical Appendix, we have derived the mean square error of

©° under the weak source condition. This lemma together with Lemma A.2 gives

E[¢° — ¢l* $ K{El|My — Mal3 + E|[a — vall3 + 6% + 65y} + 2(log K) =7 (5.3)
provided that K, dy and dyz are such that
K2E|M'M — M/, My||3 = 0(1) . (5.4)

11



Proposition 3.1 applied to the rate (5.3) leads to E||¢° — ¢||? < K{dz(dw + 1)/n + 6% +
62} + 2(log K)=#. With K such that (5.2) holds, and considering the main terms, then
the mean square rate of convergence follows. It remains to check if the constraint (5.4) is

fulfilled. The norm (5.4) can be decomposed into three terms:

K2E|M'M - MyM|)3 < K2 {E||M'(M — M)} + E||(M' - My)(My — M)}
+E|| Ma(M' — Mp)|I3}
Using Proposition 3.1, the first and the second term are bounded by K?(6%, + 0% +
(dwdz)/n). Using the Cauchy-Schwarz inequality and Proposition 3.1 with ¢ = 4, the

second term is bounded up to a constant by K2(6%, + 6%)(dwdz)*?/n + K?(dwdz)®/n>.

Therefore, with the choice of K given in (5.2), it is sufficient to satisfy the constraint

(dwdz)3 + du;"bdz + (6‘2/[/ +6%) (1 + (dWCiLZ)s/Q)

n2
=0(1).
dzd 2 | 52
Ll 55,
The last constraint is satisfied under the condition that (dydz)?/n is finite. O
REMARK 5.1. 1. The optimal number K of iterations found in this result appears to be

independent from the 3, that is it is independent from the level of regularity of ¢

given by the weak source condition.

2. Suppose we take the same number of basis functions m := dy = dz in both Hilbert
spaces. Suppose also that the basis is such that 6z = dy = exp(—m?®) from some

1/4 the final rate of convergence is

positive number . Then if we take e.g. m = n
{log(n)}™8. When T and r which are known and deterministic, this rate is known
to be the optimal rate of convergence over the solutions that satisfy the weak source

condition [Hohage (2000)].

6 Finite sample study

We present here the results of a Monte-Carlo study that aims to study the finite sample
properties of the suggested method. The function ¢ is this study is designed as p(z) =
(0.2 +2)1j9,0.6](2) + (0.8 = 0.5(2 — 0.6))1)9.,6,1(2), where 14(z) is the indicator function that
is equal to 1 if z € A and 0 otherwise. The true function is continuous but it contains an
elbow that has point at which the function is not differentiable. Data are generated from
the model Y = ¢(Z) + U with U ~ N(0;0.3) and Z is the restriction to the interval [0, 1]
of Z=1-3W —3W?2+5U 4V with V ~ N(0;0.1) and W ~ N(0;0.1).

The function ¢ is displayed in Figure 1 (solid line) together with a generated sample of
n = 500 points. The cloud of sample points is not exactly “centered” around the function

p, as it can be expected since the variable Z is correlated with the model error U. It is
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7
1.1 12 13 14 15 2 2.5 3 3.5 4

K 1214 137 092 068 0.55 050 066 0.79 0.88 0.95
21112 070 0.65 0.65 0.63 0.48 049 059 0.69 0.77
31228 124 095 083 0.75 0.55 0.47 0.50 0.57 0.65
4119 143 1.22 105 093 063 050 0.48 0.51 0.57
51330 203 160 133 1.14 0.72 0.55 0.48 0.48 0.52
6348 257 2.04 167 140 081 0.60 0.51 0.48 0.50

Table 1: Average of mean square errors at the scale 1072 between the approxi-
mated solution Pz and the nonparametric estimator by iterative regularization.
K is the number of iterations and p is the rescaling parameter appearing in (3.10).

precisely the information given by the instrumental variable W that allows to correct for
this endogeneity issue.

The basis systems that we consider in this study is given by Haar basis. This orthonormal
basis is a wavelet system generated from the scaling function ¢(z) = 1 j(2) and mother
function (2) = 1j,0.5/(2) — 1jo.5,17(2) (see Example 3.2). Because the random variables
are Normaly distributed, we see that the basis systems are not necessarily well adapted to
the conditional expectation operator of this simulation. As for the dimension of the basis
systems, we consider dz = dy = 8 other the whole study.

The classical ordinary least square estimator of ¢ in this basis is the estimator that
is estimating the 8 coefficients by OLS. This estimator is drawn in Figure 1 (dash-dotted
line). This estimator is of course biased because of the endogeneity. It is considered as the
initial estimator in the iterative regularization system (3.10). Figure 1 also shows the result
of the iterative regularization after 3 iterations (dashed line). For the sake of comparison,
the approximated solution in the Haar basis, Pz, is also displayed on the picture (dotted
line). The picture shows the correction by the iteration is more effective where the cloud of
points is far from the true regression function.

A systematic Monte Carlo study has been performed in this setting with 2000 repli-
cations. In particular, we want to illustrate the sensitivity of K and p on the resulting
estimator. Table 1 shows the result of the simulations for a range of K going from 1 to 6,
and a range of p going from 1.1 to 4. The table gives the average of mean square errors at
the scale 1072 between the approximated solution Pz and the nonparametric estimator
by iterative regularization. For p = 1.5 and higher values, the results are not very sensitive
to this parameter. We also notice that it is not necessary to perform a high number of

iterations in order to correct for endogeneity and to regularize the estimator.

13
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Figure 1: The solid line is true function ¢ and the pink points is an observed
sample of size n = 500. The approximated solution Pz in the Haar basis is
the dotted line. A standard OLS estimator of the coefficients of the projection
leads to the dash-dotted line. This estimator is the initial step of the iterative
algorithm. After K = 3 steps, the regularized estimator gives the dahsed line.
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APPENDIX

A A functional definition of the estimator

In this preliminary section, we derive another writing of the estimator ¢°. This equivalent
definition relates the estimator to an empirical version of the function r and operators T’
and T™* defined in (2.1).

First, we introduce column vectors dN) = G;l/ 2(;5 and zﬁ = G;l/ 21p. These vectors are the
orthogonalization of ¢ and 1) by the Gram matrices. We then define Ty¢(+) := ¥ (-) My(¢, ¢p)
where (¢, @) denotes the column vector ((¢, ¢1), ..., (6, d4,)). The dual of T is fgib() =

d;()’]\/f\c’l (1h, 1) where (1), %) analogously denotes the column vector ({1, 1), ..., (1), &dw>)’.

Finally, we define 74(-) = 9 (-)'U4. A convenient way to write these estimators is to consider
the functions
.72 dz . it * . mdz 2. e
c:L: - RY : ¢ (¢, 0), R —>Lﬂ.0r—>29]¢]
J
and
b: L2 = RW ;) (4,4, b*:RdW—>L72_:0|—>ZHj1;j.
J
With these notations, we find that T\d = b*]\?dc, T\j = c*]\/f\c’lb and 7y = b*vy. Moreover,
T\;T\d = C*]/W\(;]/W\dc and T\;’fd = C*]/W\Cllf)d.
Now recall that the vector a;_; was recursively defined by (3.10). From this definition,

we can write ap ., = Ry, (M}My)M}i4 where

1 Zk 1\
s M
J
The final estimator (3.11) is defined as @° = a3 ~, and the next lemma presents an equiva-

lent definition of the estimator.

LEMMA A.1. An equivalent definition of the estimator ¢° is given by
¢° = Ry (TTa)Tj7q - (A.2)

Proof. Apply ¢* to both side of (3.10) and denote ¢, := c*aj, = &Z’QNS. Using cc* = bb* =1,
we can write Q11 = P — ufzc*]\/ic’lb(b*]\/f\dc¢k — b*Uy). By definition of fd, fj and 74, this
equation writes Qr11 = @ — u_QT\;(fd@k — 7g). Similarly to what we argue above, this
recursive formula for ¢y implies ¢p+1 = R}, +1(T\ jf d)T\ 77q. This proves the result, with
¢° = Px = ag.. O

Below we derive risk bounds for ¢ in terms of the operator norms |7y — T'|| and

||#q — r4]|. The next lemma relates these norms to the norm between matrices My and M.
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LEMMA A.2. Consider the estimator (3.11) constructed using the projections Pz and Q.
Then My = QwT Pz and

[Ta =TI < [Ma = Mall2 + [[T(I = Pz)|| + |(I = Qw)T| -

where || -+ ||o is the £2 norm between matrices, and ||--- || is the spectral norm.

B Risk under the strong source condition assumption

The proof of the main results makes use of known results in functional analysis. It is

convenient to summarize in a lemma the results we shall use.

LEMMA B.1. Let G and H be real Hilbert spaces, and A,B : G — H be linear, bounded
operators with |A||,||B|| < 1. Let P: G — G and Q : H — H be two orthogonal projections.
Then, for all 3 > 0,

(T = P)(A" )2 < | A(T ~ P (B.1)
|P(A4 A2 — (P*A"Q"QAP)2|| < C5 (AU - P)IPN + /(T - Q4)"2)  (B2)

where Cg is a generic factor depending on (3 only, and for all 3 >0, 3 # 1,
I(A*A)% — (B*B)"2|| < Cgl|A — B|PM. (B.3)

A proof of (B.1) can be found in Plato (1990), (B.2) is Lemma 4.4 of Plato & Vainikko
(1990) and (B.3) is Lemma 3.2 of Egger (2005).
The following lemma is the key result from which we derive the results of Section 4. It

gives an explicit bound for the loss of the proposed estimator ¢°.
LEMMA B.2. Consider the estimator (3.11) constructed from the projectors Pz and Qw .
Suppose that ||T'(I—Pz)|| < 0z and ||(I—Qw)T|| < ow. Set Ty := QwT Pz andrq := Qwr.
Then, under the strong source condition (Assumption 4.1) the estimator is such that
o -~ - -~ ~ 2+2(BA1
EJl¢° = ol* S {1+ E|Ty - Tal?" 7 + K (B|Ty - Tall? + Bllfa - rall? + 857>"Y)
+ BTy — TP + BTy — Tal? + 650 + 537",

Proof. Consider the definition of the estimator ¢° given by (A.2). The proof is based on

the decomposition
Ell¢° — ¢l® S E|RR (T3 Ta) T {Tuw — T} |I* + EI{I — R (T7Ta) T Tude|)? (B.4)

We bound each term of the RHS separately.
In order to bound the first term, we bound separately the two factors ||uR%: (f;f d)f; I
and ||~ (Typ — 74)||. For the first factor:

o s 7\ T
IR (TiTo i) = | Rk (fﬁ) ~| = s { VAR () 50 A€ 0.1}
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because the spectrum of TT‘;% belongs to [0,1]. Using the inequality VAR (\) = A\~1/2[1 —
(1 - MN¥] < VK, we get the bound

Ry (T Ta)T|* < (B.5)

For the second factor, using the decomposition ||~ (Tye — 7)|| < |Tu — T|| + ||Fa — 7| that

holds since p > 1, we can write
Ellp (Tue — 7)|1? S E|Ty — Tyll? + E|Fy — ra|)? — Tyo|)?
|1~ (Tap — Ta)lI” S E|Tq — Tall* + Elffg — rall” + [[ra — Tagll”

The last term is such that ||rg — Typ||? = [|QwTe — QwTPzo|? < |Qw - |T(I — Pz)]|?-
(I — Pz)¢l|/?>. The strong source condition (Assumption 4.1) implies the existence of a
function v in L2 such that ¢ = (T*T)%/?¢ with |[¢| < p. This, together with (B.1),
implies

I = P)el = (T = PA)(TT) 2 5 657

24+2(BA1)

and therefore ||rqy — Typ||? < 0 . Finally the bound for the first term in (B.4) is

E|| Ry (T Ta) T3 ATup — T} 1P S K (BT = Tall® + Ell7a - rall? + 65"

To treat the second term of (B.4) we separately consider the cases f # 1 and § = 1.
Case 1: [ # 1. As before, the strong source condition (Assumption 4.1) implies
the existence of a function ¢ in L2 such that ¢ = (T*T)%/%¢ with ||| < p. With this

assumption the second term is up to a constant bounded by
E|{1 - R (T3 T TiTa}

+E|{I - }#‘(T*Td)T*Td}{(HM)ﬂ/2 (%%)M}M%HQ

BByl

The first term of the decomposition (B.6) is bounded up to a constant by
2
B2 sup {[1 = Rk(WAA2 2 A € [0, 1]} < KPR

because [1 — R(MAN/2 = (1 — N)EN/2 < C3K~P/2 for some generic positive factor Cg
depending on 3 only. Using that 2% < C{(1V |T||2°) + ||T — T,4||?*}, we can finally bound
the first term of (B.6):

T* T,

EH{I—R‘;{( Td)T*Td}( .

) | < ko miT - T (B.7)

up to a constant, using that ||T'|| < occ.
We now bound the second term of (B.6). As ||/ — R’I‘((fgfd)fgde < 1, that term is
bounded up to a constant by E||(T*T)%/? — (f;fd)ﬂﬂHQ. In order to bound that term, we

consider two subcases.

17



Case 1la: § < 1. Lemma B.1, inequality (B.3) allows to write with an appropriate fi

(BIy (L)

T Td

[T T)° = (T3Ta)"| = i

< Coit’|| 5 = Cp||Ty — T|°. (B.8)

Case 1b: § > 1. We proceed analogously and get the bound
(T*T) = (T3Ta)"?) < Coit” 1T = T
Choosing 7%~1 < (1V||T|P) + || Ty — T||°~! we can write
I(T*T)? = (TgTa)*?| S N1 Ta =T + | Ta = T||°, (B.9)
Overall, (B.8) and (B.9) lead to
E|(T*T)"? — (T;Ta)?|? S EIT, - T|*P") + BT, - T for all 5 # 1

and thus we get the result for all 5 # 1.

Case 2: § = 1. That case needs a slightly different technique, because (B.3) is no longer
valid. We first notice that the range of the operator (T*T )1/ 2 is the same as the range of
the operator T* (see e.g. Proposition 2.18 of Engl et al. (2000)) and thus the strong source
condition implies the existence of a function ¢ € L2 such that ¢ = T*i. Therefore the

second term in (B.4) is bounded up to a constant by
BI{I = Ri(TyT) Ty T T |* + BI{T - Ry (LT Ty T (T = T)wP

By (B.7), the first term is bounded up to a constant by (1+E||T — Ty||2*)K #. Using again
| — R‘;{(fjfd)f;fdﬂ < 1, the second term is bounded up to a constant by E||T* — fjHQ =
BT — TP

Combining all bounds we obtain that the second term of (B.4) is bounded up to a

constant by
1+ E|Ty - TI*°}K =8 + E||T; — TP + E|Ty — T|1*°.

By using the inequalities || Ty — T|| < 8z + ow + || Ty — Tul| < 1+ ||Ty — Tyl|, we obtain the
desired result. O

C Risk bound under the weak source condition assumption

Under the weak source condition assumption, the proof of a stochastic bound for ||¢° — ¢||

necessitates a different proof technique. We start with a key lemma.

18



LeEMmA C.1. Consider the estimator (3.11) constructed using the projections Pz and Q.
Suppose that |T(I—Pz)|| < 6z and ||(I—Qw)T|| < ow. Set Ty := QwT Pw andrq := Qwr.

Then, under the weak source condition (Assumption 5.1),

B||¢° — ¢l < K{EI|Ta — Tal® + E|Fa — rall* + 6% + 63y} + 2(log )~
provided that K, hyy and hy are such that K2E||T*T — T\deH% is finite.
Proof. Analogously to (B.4), consider the decomposition

16° = el SRR (TG T T {Tap — P} + I — Ri(TiT) T3 Tadell (C1)
Using the inequality (B.5) from the previous proof, the first term is bounded by

K||{Tap = 7l < K {ITa = Tall® + 7 = rall® + 1 Ta = TIP + llra = 712}

<K Iy = TalP + 17 = vl + 6% + 253}

Getting an upper bound for the second of (C.1) is more delicate. Observe that the
operator S := {I — R“K(fé‘fd)fjfd} is self-adjoint (i.e. S* = S) and such that ||S¥/?|| < 1.
Therefore, the second term of (C.1) is ||Se||? < ||SY2¢||? = [(S¢, p)|.

Let ¢p(u) := [—log(u/2)]7%/? and note that the operator ¢5(T*T) is also self-adjoint.
This implies

IS@l* < (S, ¢5(T*T)5" (T*T)¢)|
= [(6p(T*T)Sp, d5 (T*T)p)|
< lés(TT)Sg| - 65" (T* T

by the Cauchy-Schwarz inequality. The weak source condition assumption implies that
Hngl(T*T)goH < p. Therefore,

ISel® < pllos(T*T)Se| (C.2)

and the Jensen’s inequality implies

E||S¢ll® < py/Elds(TT)Se|? (C3)

Define the function T'g(u) = 2exp(—u~'/5). In the technical Lemma C.2 below, we
show that

E T*T)Sl|? =
Ty (%“ 0057 )5¢E\|T*T—T3Tdu%+1au4/f<2.

2

for yg =1A1/{(1+ ﬁ)ﬁg%(HTH)Q}. This implies

) wE\\¢g<T*T>S¢rr2>2
7B

1
E|S¢|> < ¢4 T
7[23 3 B 02
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Because 1/ 'yg is bounded, we can write using Lemma C.2

-8B
ElSel? < {—1og VEITT - T37)3 +EM4/K2}

Note that Eu is finite by Proposition 3.1. Therefore, if we assume that K2E||T*T — T\C}‘f all3
is finite for each K, we get the upper bound E||S¢||*> < 2(log K)~? and the result follows.
U

LEMMA C.2. Let Tg(u) := 2exp(—u~YP) and ¢5(u) := [~ log(2u)]7#/2. Define

1
1+ B)Pes(lT]1)?

and S := I — RE(T3Ty)T3Ty. Then the inequality

")/5221/\

E T*T)Spl?
o, (VW [65T* D) S

~ o~ 2
> < \/QEHT*T — T, Tull3 + 7 Cop*Bpt
p

holds true.
Proof. We first derive three useful inequalities.
1. We first give a bound for || T;S¢|/2. Using the bound (B.7) with 3 = 2, we can write
~ ~ C! 2
1ZaSell? < 1 Zas™2] - 18M 20 < 2L - |52 2
By (C.2), we get the bound

R Cl 2.2 .
E|TaS¢l? < =2t Ellés(T*T) Sl (C.4)

2. We derive a bound for E|TS¢|?/\/E[¢s(T*T)S¢|?. Using (B.7), (C.2) and (C.4),

we get

|T S| = (T*T'Se, S¢)
= ((T*T — T;T4)S, Sp) + | TuSe|?

o~ o~ C/MQPQ
< Ios(rDSell {IT°T - T3l + 2.

Taking the expectation and using the Cauchy-Schwarz’s inequality, we obtain

E[|TSpl?
VE[¢s(T*T)Sel?

2 CéQE /J4 P4
K2

< \/2p2E\|T*T—fd*fd\|2 + (C.5)
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3. Denote by {(\;, u;)} the eigenvalue decomposition of the compact operator 7*T', where
A; is a decreasing sequence of positive eigenvalues in R, and wu; is the correspond-

ing orthonormal system of eigenfunctions. The norm is such that ||¢g(T*T)S¢|? =
> 05(A)2 (S, u;)? and

Ell¢s(T*T)Se|? Z¢ 2 E(Sp, u;)?
E[|Se|? Z E(Sp, u;)?

Note that the function T'5(-) is convex over the interval (0, (1+ 3)~?]. Moreover, since
vp < and I'g(-) is an increasing function, we get Fﬁ(’y%qbg()\i)Q) <Tp(pp(Ni)?) = \; for
all eigenvalue \; in the spectrum of the operator 1. Therefore, the Jensens’s inequality
allows to write

E|l¢5(T*T) S| E(Sp,u)? _ E|TSp|?
T (2 ’ = :
ﬂ(’“* ElSel? ) < 25 Esp ) ~ ElSel? (€6)

To prove the result, we first note that (C.3) implies

(Ellps(T*T) SV _ (Ellds(T*T)Se|)'/?
VP T (E]Se)?)

and therefore, for all monotone function g, it holds

(Ellos(T*T) SV | _ (Ellgs(T*T)S|*)'/?
VP h (E[[Spl2)!/2

If we apply that inequality with the monotone function g(u) = I'g(u?)/u?, we get using
(C.6)

ry Vgx/EH%(T*T)S@HZ < E[|TSl|?
p pV/Ell¢s(T*T)Sol?

which leads to the result using (C.5). O

9|78
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