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Abstract

We present a general framework for studying regularized estimators; such estima-
tors are pervasive in estimation problems wherein “plug-in” type estimators are either
ill-defined or ill-behaved. Within this framework, we derive, under primitive condi-
tions, consistency and a generalization of the asymptotic linearity property. We also
provide data-driven methods for choosing tuning parameters that, under some condi-
tions, achieve the aforementioned properties. We illustrate the scope of our approach
by studying a wide range of applications, revisiting known results and deriving new

ones.
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1 Introduction

Most of econometrics and statistics is concerned with estimation or constructing inferential
procedures like tests or confidence regions for some parameter of interest and relying on
large sample theory for studying their properties. In general, one can think of a parameter
as a mapping, v, from the probability distribution generating the data, P, to some param-
eter space, which could be of finite or infinite dimension depending on the application. A
common method for estimating this parameter is to replace the unknown distribution P by
an estimator of it like the empirical distribution of the data. This estimation technique is
commonly known as “plug-in” estimation and encompasses many popular estimators like
OLS, MLE, GMM and the Bootstrap, among others.

The complexity of modern datasets — especially since the advent of the so-called “big
data revolution” — forces researchers to write more complex models (such as semi-/non-
parametric models and high-dimensional models) to describe these datasets and to try to
estimate more complex parameter of interest, e.g., a whole function like a density or a
regression function or a high-dimensional vector. Unfortunately, in these cases it was noted
as early as Stein [1956] that the mapping ¢ defining the parameter of interest is typically
ill-behaved or even ill-defined when evaluated at the empirical distribution. The widespread
solution in these cases is to regularize the problem.

Regularization procedures are ubiquitous in economics and elsewhere. Examples of these

include kernel-based estimators; series-based estimators and penalization-based estimators



among many others.! Even though there has been an enormous amount of work in econo-
metrics and other sciences studying the properties of these procedures, they are viewed, by
and large, as separate and unrelated. In particular, results like consistency or large sample
distribution theory, when they exists, they have only been derived in a case-by-case basis;
to our knowledge, there is no general theory or systematic approach. The goal of this paper
is to fill this gap by providing the basis for an unifying large sample theory for regularized
estimators that will allow us to make systematic progress in studying their large sample
properties.

Our point of departure is the general conceptual framework put forward by Bickel and Li
(Bickel and Li [2006]), wherein the authors propose a general definition of regularization. Ac-
cording to their framework, a regularization can be viewed sequence of parameter mappings,
(¢r)72, that replaces the original parameter mapping, v, each element is well-behaved, and
its limit coincides with the original mapping. The index of this sequence (denoted by k)
represents what is often referred as the tuning (or regularization) parameter; e.g. it is the
(inverse of the) bandwidth for kernels, the number of terms in a series expansion, or the
(inverse of the) scale parameter in penalizations. We complement Bickel and Li’s analysis,
first, by providing additional examples, ranging from density estimation, bootstrapping pa-
rameters at the boundary and non-parametric I'V regression. Second, and more importantly,
we provide two set of general theorems that establish large sample properties for regularized
estimators. One set of results establishes consistency and rate of convergence, and a data-
driven method for choosing the tuning parameter that achieves these rates. Another set of
results provide foundations for large sample distribution theory by deriving a generalization
of the classical asymptotic linearity property.

Our approach to obtain consistency and convergence rate results is akin to the one used
in the standard large sample theory for “plug-in” estimators, in the sense that it relies on
continuity of the mapping used for estimation (see Wolfowitz [1957], Donoho and Liu [1991]).
The key difference is that in plug-in estimation this mapping is 1, but for regularized esti-
mators the natural mapping is the (sequence of) regularized parameter mappings, (¢Vr)5;
this difference — in particular, the fact that we have a sequence of mappings — introduces
nuances that are not present in the standard “plug-in” estimation case. We show that the
key component of the convergence rate is the modulus of continuity of the regularized map-
ping, which, typically, will deteriorate as one moves further into the sequence of regularized

mappings, thus yielding a generalized version of the well-known “noise-bias” trade-off. While

IExamples of regularizations are so ubiquitous that providing a thorough review is outside the scope of
the paper; see e.g. Bickel and Li [2006], Bihlmann and Van De Geer [2011], Hérdle and Linton [1994] and
Chen [2007] for excellent reviews of several regularization methods.



this result, by itself, does not constitute a big leap from Bickel and Li’s framework, we use
the underlying insights to propose a data-driven method to choose the tuning parameter
that under some conditions yields convergence rates proportional to the “oracle” ones, i.e.,
those implied by the choice that balances the “noise-bias” trade-off. This method is an
extension of the Lepski method as presented in Pereverzev and Schock [2006] for ill-posed
inverse problems.?

Our second set of results are concerned with obtaining a type of asymptotic linear repre-
sentation for regularized estimators. The property of asymptotic linearity is well-known in
the literature and is the cornerstone of large sample distribution theory. This property states
that the estimator, once centered at the true parameter, is equal to a sample average of a
mean zero function — referred as the influence function — plus an asymptotically negligible
term.

In parametric models, asymptotic linearity is typically satisfied by commonly used esti-
mators like the “plug-in” estimator. In more complex settings such semi-/non-parametric
models, however, this is not longer true. In such cases, there are no estimators satisfying this
property, because, for instance, the efficiency bound of the parameter of interest is infinite,
or more generally, the parameter is not root-n estimable. For these situations, asymptotic
representations analogous to asymptotic linearity have been obtained in specific examples for
specific regularizations, but, to our knowledge, there is no general approach. This is specially
problematic as there is no systematic method for properly standardizing the estimator in
situations where the parameter is not root-n estimable.?

Our goal is to propose a systematic approach. For doing so, we introduce a generaliza-
tion of asymptotic linearity that relaxes certain features of the standard property but still
provides a useful asymptotic characterization of the estimator. The new property, which
we call Generalized Asymptotic Linearity (GAL for short), relaxes the standard one in two

dimensions: It allows for the location term to be different from the true parameter, and it

2Similar versions has been used in several particular applications. Closest to our examples are the work: by
Pouzo [2015] for regularized M-estimators; by Chen and Christensen [2015] in non-parametric IV regressions;
by Gine and Nickl [2008] for estimation of the integrated square density; by Gaillac and Gautier [2019] in a
random coefficient model; by Lepski and Spokoiny [1997] for estimation of a function at a point.

3For density and regression estimation problems there is a large literature, especially for particular func-
tionals like evaluation at a point; e.g. see Eggermont and LaRiccia [2001] Vol I and II for references and
results. In more general contexts such as M-estimation and GMM-based models, to our knowledge, the
literature is much more sparse with only a few papers allowing for slower than root-n parameters in partic-
ular settings. Closest to ours are the papers by Chen and Liao [2014], Chen et al. [2014] in the context of
M-estimation models with series/sieve-based estimators; Newey [1994] in a two-stage moment model using
kernel-based estimators; Chen and Pouzo [2015] in conditional moment models with sieve-based estima-
tors; Cattaneo and Farrell [2013] in partitioning estimators of the conditional expectation function and its
derivatives.



allows for this centering and the influence function to vary with the sample size. Each of
these relaxations attempts to capture different nuances that commonly arise in the scattered
set of existing results in the literature. Our results, which we now describe, will shed more
light on the role and necessity of each.

We provide sufficient conditions for regularized estimators to satisfy GAL. Analogously
to the theory of asymptotic linearity for plug-in estimators, our results rely on a notion
of differentiability, but contrary to plug-in estimators, it relies on differentiability of each
element in the sequence of regularized mappings, (¢x)52; not on differentiability of the
original mapping 1.

As a consequence of this approach, GAL for regularized estimators exhibits two simplified
features. First, the location term is given by ¢ (P) which can be interpreted as a psuedo-true
parameter. The second simplified feature concerns the influence function and its dependence
on the sample size. As in the location term, the dependence on the sample size of the
influence function arises only through the dependence of the tuning parameter, k, on the
sample size. Thus, the relevant object is a sequence of influence functions, each related to the
derivative of the elements in (¢;)72,. We view this quantity as the natural departure from
the traditional influence function as it is the sequence of regularized mappings, (V%)% ;, an
not the original mapping, v, the one used for constructing the estimator. This last feature
allows us to propose a natural and systematic way of standardizing the estimator regardless
of whether root-n consistency holds. To explain this, we first note that in situations where
asymptotic linearity holds, the proper standardization is given by square root of the sample
size divided by the standard error of the value of the influence function. Under GAL the
standarization of the regularized estimators turns out to be analogous except that in this case
the influence function is indexed by the tuning parameter which at the same time depends
on the sample size. Whether the standardization is root-n or slower depends on the behavior
of the standard error of the value influence function as we move further into the sequence of
regularized mappings (i.e., as k diverges).

The GAL property is established in cases where the parameter is of finite as well as
of infinite dimension. While the former case is the prevalent one in most semi-parametric
models, we show that the latter case is still of interest since it can be used as the basis for

the construction of confidence bands for unknown functions.

Notation. The term “wpal-P” is short for with probability approaching 1 under P,
so for a generic sequence of I1ID random variables (Z,,),, with Z, ~ P, the phrase “Z, € A
wpal-P” formally means P(Z, ¢ A) = o(1). For any random variables (X,Y’) we use px
and pxy to denote the pdf (w.r.t. Lebesgue) corresponding to X and X,Y resp. For any



linear normed spaces (A, ||.||4) and (B, ||.]|), let A* be the dual of A, and for any continuous,
homogeneous of degree 1 function f : (A, [[.[|a) = (B, [|.|[5), [ f]l+ = suPuca. jjajj 1 | f(@)]] -
For a Euclidean set S, we use LP(S) to denotes the set of LP functions with respect to
Lebesgue. For any other measure u, we use LP(S, ) or LP(u). The norm ||.|| denotes the
Euclidean norm and when applied to matrices it corresponds to the operator norm. For any
matrix A, let €,,;,(A) denote the minimal eigenvalue. The symbol = denotes less or equal

up to universal constants; 2~ is defined analogously.

2 Examples

In this section we present several canonical examples which will be studied throughout the
paper. We start, however, by presenting a classical example — density estimation at a point

— s0 as to motivate and illustrate our results.

Example 2.1 (Density Evaluation). The parameter of interest is the density function eval-
uated at a point, which can be formally viewed as a mapping from the space of probability
distributions to R, given by P — 1(P) = p(0), where p denotes the pdf of P. This mapping
is only defined over the class of probabilities that admit a pdf for which p(0) is well-defined
and finite (e.g. continuous at 0); since the empirical probability distribution, P,, does not
belong to this class one cannot implement the standard “plug-in” estimator ¢ (P,). To cir-
cumvent this shortcoming, the standard estimator used is given by n='>""" | ki(Z;) where
ki(-) = kr(k-), K is a kernel (i.e., a smooth function over R\ {0} that ingrates to one); 1/k

acts as the bandwidth of the kernel estimator. This estimator can be cast as ¢ (F,) where
P ¢p(P) = (kpx P)(0) = / ki (2) P(dz), Vk € N.
R

For any fixed k, 1, evaluated at P, is well-defined and well-behaved; and as k diverges,
(kr*P)(0) will approximate p(0). That is, (¢x)ren regularizes the parameter ¢. In Section 3
we provide a general definition of regularization that encompasses this case and many others
and provides a conceptual framework to derive general asymptotic results.

CONSISTENCY. One such asymptotic result is consistency of the estimator, ¥y (Fn),
for some diverging sequence (k(n))nen. In this case, it is easy to see that it follows from
ensuring that both the “sampling error” |¢x(m)(Pn) — k) (P)| and the “approximation error”
V() (P) —1(P)| vanish. While the convergence of the latter term follows directly from the
construction of the regularization provided that k(n) — oo, convergence of the sampling error
is more delicate. The main challenge stems from the fact that even though P, is expected to

converge to P as n diverges, the modulus of continuity of v, increases as k = k(n) diverges.



The desired result follows by having a good estimate of the modulus of continuity of the
mapping of 1, as a function of k. In Section 4.1 we apply these ideas to postulate sufficient
conditions for consistency and convergence rates for general regularizations.

For this example there are many ways of choosing the tuning parameter in a data-driven
way (e.g. Hérdle and Linton [1994] and reference therein). In order to obtain optimal (or
close to optimal) rates of convergence, the choice has to balance the approximation and the
sampling errors; see Birge and Massart [1998]. In Section 4.1 we present a data-driven way
for choosing the tuning parameter inspired in the Lepski Method (e.g. Pereverzev and Schock
[2006]) that achieves this balance and can be applied to a large class of regularizations.

ASYMPTOTIC LINEARITY. It is well-known that the parameter, p(0) = ¥(P), is not
root-n estimable and thus the proposed estimator is not asymptotically linear. The following

representation, however, does hold:
n

U(Po) = n(P) =n" Y {rn(Z:) — Eplsn(2)]}
i=1

which can be viewed as a generalization of asymptotic linearity in which the estimator ¢, (F,)
is centered at ¢y, (P) = [ ki(2)p(z)dz instead of ¢)(P) = p(0). Moreover, by drawing an anal-
ogy with the standard approach for root-n estimable parameters (see Hampel et al. [2011],
Bickel et al. [1998], Newey [1990]), for each k, the term in the curly brackets can be thought
as an influence function. This term plays a crucial role on determining the asymptotic distri-
bution of the estimator and on determining the proper way of standardizing it. For general
regularized estimators, exact representations of this form are not always possible; however,
in Section 5.2 we identify a class of regularizations — satisfying a certain differentiability no-
tion (see Definition 5.2) — that admit, asymptotically, an analogous representation, with the
influence function being a function of the derivative of the regularization; such representation
can be viewed as a generalization of the asymptotic linearity.

It is well-known that the scaling is given by \/W which is slower (for some k, that
diverges with n) than the “standard” \/n. The v/k, correction arises because it is the
correct order of the influence function, i.e., \/Varp (n=V23" {k,(Z) — Epltx, (2)]}) =
VVarp (1, (Z)) < vk,. Our results extend this simple observation to a large class of

regularizations, thereby providing a canonical way for “standardizing” the estimator: By
using /n divided the standard deviation of the influence function, which it depends on n
through the tuning parameter.

It is worth to point out that the feature of slower than root-n convergence rate is pervasive
and it is shared by many regularized parameters, especially in semi-/non-parametric models.

Our method can thus be viewed as extending the standard approach for root-n estimable



parameters to a larger class of problems.

Our method, however, introduces a trade-off in which the choice of tuning parameter
should ensure (generalized) asymptotic linearity, while also ensuring that the approximation
error is small relative to the variability of the influence function. In Section 5.5 we present
a general formalization of this trade-off and use the data-driven method discussed above to
tackle it.

The result in Theorem 5.2 below focuses on asymptotic linear representations for finite
dimensional parameters; e.g. vector-valued functionals of the density. Even though this
representation is enough to cover this example and many others, in other instances the
parameter of interest can be infinite dimensional. For instance, one could be interested on
the asymptotic behavior of sup, |(kx* P)(2) —p(2))/op(2)| for some op > 0 (e.g. Bickel and
Rosenblatt [1973]). To cover this case, the results in Theorem 5.2 must be extended since
they rely on approximations that are valid pointwise on z, not uniformly. In Section 5.6 we
extend our results to cover such cases, and, by using insights from dual spaces, show how

the results can be used as the basis for constructing confidence bands for functions. A

We now provide additional examples that will be developed throughout the paper. These
examples further illustrate the scope of our approach and additional nuances of the type of

problems we can study.

Example 2.2 (Integrated Square Density). Consider a similar setup as in example 2.1, but

now the parameter of interest in this case is given by

P—y(P)= /p(x)de.

This mapping is well-defined over probabilities with density in L?(IR), but not when evaluated
at the empirical probability distribution, P,, since P, does not have a density; it needs to
be regularized. Bickel and Ritov [1990] showed that even though the efficiency bound is
finite, no estimator converges at root-n rate; thereby illustrating that in some circumstances
studying the local shape of ¢ can be quite misleading. Our approach does not suffer from
this criticism since it directly captures the (local) behavior of the estimator at hand. It is also
general enough to encompass many of the proposed estimators in the literature, including
“leave-one-out” types.

We believe our method complements the literature (e.g. Bickel and Ritov [1990], Bickel
and Ritov [1988], Hall and Marron [1987] and Gine and Nickl [2008]) by providing a unifying
framework that, among other things, allow us to better understand how certain aspects of the
model /regularization affect the behavior of the estimator’s convergence rate. Also, from a

technical standpoint, this example illustrates how our method handles non-linear parameter



mappings. A

Example 2.3 (Non-Parametric IV Regression (NPIV)). Consider the Non-Parametric IV
Regression model characterized by

EY —h(W) | X] =0, (1)
where h is such that E[|h(W)[*] < oo, Y is the outcome variable, W is the endogenous
regressor and X is the IV. It is well-known that the problem needs to be regularized; see
Darolles et al. [2011], Hall and Horowitz [2005], Ai and Chen [2003, 2007b], Newey and
Powell [2003], Florens [2003], Blundell et al. [2007] among others. We show how our method
encompasses commonly used regularizations schemes such as sieves-based and penalized-
based ones.

We focus on the case where the parameter of interest is a linear functional of h. For
each regularization scheme, we derive the influence function of the regularization and show
how its standard deviation can be used to appropriately scale the estimator to obtain a
generalized asymptotic linear representation regardless of whether the parameter is root-n
estimable or not. This last result, illustrates how our method can be used to generalize the
approach proposed in Chen and Pouzo [2015] to general regularizations. As a by-product, we
extend the results in Ackerberg et al. [2014] and link the influence function of the sieve-based

regularization to simpler, fully parametric, misspecified GMM models. A

The next example is not really an example, it is rather a canonical estimation technique.

It illustrates how our high level conditions translates to a particular estimation technique.

Example 2.4 (Regularized M-Estimators). Given some model M, the parameter mapping

is defined as
U(P) = axgmin Ep[6(2,6)], ¥P € M,

where © and ¢ : Z x © — R, are primitives of the problem and are such that the argmin
is non-empty for any P € M. Many models of interest fit in this framework: High-
dimensional linear and quantile regressions, non-parametric regression and likelihood-based
models among others. In all of these cases, ¥(P,) is ill-defined or ill-behaved so it needs to
be regularized.

We show how our results provide a general way of scaling the regularized estimator —
even if the parameter is not root-n estimable —, and how they can be employed to get
new limit theorems for confidence bands for general M-estimators, as well as a data-driven

method to choose the tuning parameter. A



3 Setup

Let Z C RY and let z = (21, 29, ...) € Z* denote a sequence of IID data drawn from some
P € P(Z) C ca(Z), where P(Z) is the set of Borel probability measures over Z and ca(Z)
is the space of signed Borel measures of finite variation. For each P € P(Z), let P be the
induced probability over Z*. A model is defined as a subset of P(Z); and it will typically
be denoted as M.

Remark 3.1. Since we only consider IID random variables, it is enough to define a model
as a family of probabilities over marginal probabilities. For richer data structures, one would
have to define the model as a family of probabilities over (Z;, Zs, ...). See Appendix A.2 for

a discussion about how to extend our results to general stationary models. A

A parameter on model M is a mapping ¢ : M — O with (0, ||.||e) being a normed
space.?

For the results in this paper, we need to endow M with some topology. For the results
in Section 4.1 it suffices to work with a distance, d, under which the empirical distribution
(defined below) converges to P. For the results in Section 5 and beyond, however, it is
convenient to have more structure on the distance function, and thus, we work with a

distance of the form

[ rerae) - [ 1)

where S is some class of Borel measurable and uniformly bounded functions (bounded by

[|P — Ql|s = sup
fes

one). For instance, the total variation norm can be viewed as taking S as the class of
indicator functions over Borel sets, and its denoted directly as ||.||7y; the weak topology
over P(Z) is metricized by taking S = LB — the space of bounded Lipschitz functions —
and its norm is denoted directly as ||.||1p; see van der Vaart and Wellner [1996] for a more

thorough discussion.

3.1 Regularization

Let D C P(Z) be the set of all discretely supported probability distributions. Let P, € D
be the empirical distribution, where P,(A) = n™ 'Y "  1{Z; € A} for any A C Z.As
illustrated by our examples, in many situations — especially in non-/semi-parametric models
— the parameter mapping might be either ill-defined (e.g., if P,, ¢ M) or ill-behaved when

evaluated at the empirical distribution P, so it has to be regularized.

4If the mapping does not point-identified an element of ©, i.e., v is one-to-many, our results go through
with minimal changes that account for the fact that ¢(P) is a set in ©.

10



The following definition of regularization is based on the first part of the definition in
Bickel and Li [2006] p. 7. To state it, we define a tuning set as any subset of R, that is

unbounded from above, and the approximation error function as k +— By(P) = ||ix(P) —

Y(P)lle-

Definition 3.1. Given a model M, a reqularization of the parameter mapping v is a sequence
¥ = (Vr)rex such that K is a tuning set and

1. For any k € K, ¢y, : Dy, C ca(Z) — O where Dy, O M UD.
2. For any P € M, limy_,, Bx(P) = 0.

Condition 1 ensures that ¢ (P,) and ¢ (P) are well-defined and that they are singletons
for all £ € K. Condition 2 ensures that, in the limit, the regularization approximates the
original parameter mapping; the limit is warranted as the tuning set K is unbounded from
above. In many applications the tuning set is given by N but there are applications such as
kernel-based estimators, where it is more natural to use a (uncountable) subset of R,

For each k € K, the implied estimator is given by 1 (P,) which — like the “plug-in”
estimator — is permutation invariant. While, this restriction still encompasses a wide array
of commonly used methods, it does rule out some estimation methods, notably those that rely
on non-trivial sample-splitting procedures. We briefly discuss how to extend our framework
to these cases in Appendix A.1.

Conditions 1 and 2 are not enough to obtain “nice” asymptotic properties of the regu-
larized estimator such as consistency and asymptotic normality. In analogy to the standard
asymptotic theory for “plug-in” estimators, these properties will be obtained by essentially

imposing different degrees of smoothness on the regularization.

3.2 Examples (cont.)

The following examples illustrate that the Definition 3.1 encompasses a wide array of com-

monly used methods.

Example 3.1 (Integrated Square Density (cont.)). In this case © = R. The model is defined
as the class of probability measures, P, with Lebesgue density, p, such that p € L>(R) and

p(z +1t) — p(z)| < C(2)[t]*, Ytz €R, (2)
with C € L*(R) and ¢ € (0,0.5). This restriction is rather mild and is similar to those
used in the literature, e.g. Bickel and Ritov [1988], Hall and Marron [1987] and Powell et al.
[1989].

11



We consider a class of regularizations given by
P ¢p(P) = /(/{k * P)(x)P(dx), Vk € K, (3)
where £ is a kernel such that [ |s(u)||u|?du < oo, and t — ry(t) = kr(kt). Thus, 1/k acts
as the bandwidth for each k£ € K which is a tuning set in R, ;.
Depending on the form of x this regularization encompasses many estimators proposed

in the literature. For instance, when k = p + A(p — px p) with some A € R and some kernel
p, and, for any k > 0, 2 — pr(2) = L 3" pp(Z; — 2), it follows that®

n

1. For A = 0, the implied estimator is n=' 3" | pp(Zi) = n=2 37, . pi(Zi — Zj).
2. For A = —1, the implied estimator is [(px(2))*dz =n"2 3, J(px p)(Zi — Z;).

3. For A = 1, the implied estimator is 2n~' 3", pp(Z;) — [(pr(2))*dz = n™> 3, (20 —
(o x p)e)(Zi = Z;).

The first two estimators are standard; the third estimator is inspired by the one considered
in Newey et al. [2004], wherein & is a twicing kernel. Moreover, the formalization in display
(3) captures commonly used “leave-one-out” estimators by simply imposing x(0) = 0. For

instance, the “leave-one-out” versions of the estimators 1-3 are given by
1’. For A =0, the implied estimator is n=2 >inj PE(Zi — Zj).
2". For A = —1, the implied estimator is n=> >, .(p* p)r(Zi — Zj).
3. For A = 1, the implied estimator is n=>3",,.(2px — (p % p)i)(Zi — Z;)

These estimators are essentially the ones considered by Gine and Nickl [2008] and Hall and
Marron [1987] (see also Powell and Stoker [1996] and references therein); the estimator 3’ is
also a somewhat simplified version of the one considered in Bickel and Ritov [1988].
Condition 1 in Definition 3.1 holds since we can set D, = ca(R); Condition 2 of that
definition follows from the next proposition, which establishes a bound for the approximation

error.

Proposition 3.1. There exists a finite constant C' > 0 such that for any k£ € K and any
PeM,

By(P) < Ck™*Ejq[|U]*].

Proof. See Appendix B. m

®Details of the claims 1-3 and 1’-3’ below are shown in the Appendix B.
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Example 3.2 (NPIV (cont.)). For a given subspace of L*([0,1], pw), ©, the model M is
defined as the class of probabilities over Z = (Y, W, X) € R x [0,1]? with pdf with respect
to Lebesgue, p, such that:® (1) px = pw = U(0,1), E[|Y]?] < oo and ||pxw||r~ < oc;
and (2) there exists a unique h € © that satisfies 1. The restriction (1) can be relaxed
and is made for simplicity so we can focus on the objects of interest that are h and P; it
implies that L?([0, 1], px) = L*([0, 1], pw) = L*([0,1]) which simplifies the derivations.” The
restriction (2) is what defines an IV non-parametric model. It implies that for any P € M,
rp(-) = [yPyx(dy,-) is Well—deﬁned and belongs to the range of the operator Tpr : © C
LQ([O, 1]) — L*([0,1]) given by Tp[h](-) = [ h(w)pwx(w, )dw for any h € L*([0,1]).* Thus,
for any P € M, ¢(P) is the (umque) solutlon of rp = Tplh].

To illustrate our method, we consider the estimation of a linear functional of ¢)(P) of the
form y(P) = [w(w)y(P)(w)dw for some m € L*([0,1]), which by the Riesz representation
theorem covers any linear bounded functional on L*([0, 1]).

It is well-known that the estimation problem needs to be regularized. First, we need to
regularize the “first stage parameters” — the operator Tp and rp;second, given the regular-
ization of Tp and rp, the inverse problem for finding ¢ (P) typically needs to be regularized;
e.g. when Tp is compact or when 1(P) is not a singleton.

By setting K = N, the regularization of the “first stage” is given by a sequence of
mappings (T p, x.p)ken such that, for any k € N, Ty, p : © — L*([0,1]) and r p € L?([0, 1]).
The “second stage” regularization is summarized by an operator Ry p : L*([0,1]) — L*([0,1])
for which

Ur(P) = Ri,p[Ty plrr.pll, YP € lin(MUD). (4)
We assume that the regularization structure (T, p, 7 p, Rk p)ren is such that: (1) limy_ ||72k,p[T,;‘7P[g]] —
(TpTp) ' TH[g)l| 120,y = O pointwise over g € L*([0,1]); (2) limyoo [|[Re,p[T; plre,p —
7p)]||z2(o1) = 0. We relegate a more thorough discussion and particular examples of the
regularization to Appendix B.1. For now, it suffices to note that the first stage regulariza-

tion encompasses commonly used regularizations such as the Kernel-based (e.g., Darolles
et al. [2011], Hall and Horowitz [2005]) and the Series-Based (e.g., Ai and Chen [2003] and

6This restriction is mild and can be changed to accommodate discrete variables simply by requiring pdf’s
with respect to the counting measure.

"To restrict the support to [0,1] is common in the literature (e.g. Hall and Horowitz [2005]). At this
level of generality, one can always re-define h as h o FI;,I so that pyw = U(0,1); of course this will affect the
smoothness properties of h. The restriction px = U(0, 1) is really about px being known, since in that case,
one can always take F'x(X) as the mstrument

8 Alternatively, we can define Tp[h = [ h(w)p(w|X)dw and rp(X) = [ yp(y|X)dy. Depending on the
type of the regularization one has at hand it is more convenient to use one or the other.
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Newey and Powell [2003]) regularizations, and the second stage regularization encompasses
commonly used regularizations such as Tikhonov-/Penalization-based regularization (e.g.,
Darolles et al. [2011] and Hall and Horowitz [2005]) and Series-based regularization (e.g., Ai
and Chen [2003] and Newey and Powell [2003]). For these combinations, conditions (1)-(2)
haven been verified, under primitive conditions, in the literature; e.g. see Engl et al. [1996]
Ch. 3-4.

It is easy to see that under conditions (1)-(2), the expression in 4 is in fact a regularization
for ¢(P) with Dy, O MUD being a linear subspace specified in expression 19 in Appendix B.1.
From this result, it also follows that {v4(P) = [ m(w)y,(P)(w)dw}en is a regularization
for v(P) (in this case, ® =R). A

Example 3.3 (Regularized M-Estimators (cont.)). We impose the following assumptions
over (M,0,¢): © is a subspace of LY where LY = L9(Z, ) for any ¢ € [1,00) and some
finite measure y, and for ¢ = oo, L* = C(Z,R);? and § — Ep[|¢(Z,0)|] bounded and
continuous, for all P € M.

The regularization is lifted from Pouzo [2015] and is defined using K = N by: a sequence
of nested linear subspaces of L%, (Oy)ken, such that dim(©;) = k and the union is dense
in ©; a vanishing real-valued sequence (A;)gen with Ay € (0,1] and a lower-semi compact
function Pen : LY — R, such that, for each k € N1°

Yr(P) = arg 6geli@n Eplo(Z,0)] + A\, Pen(6)
k
is a singleton for any P € M UD.

It is clear that condition 1 in Definition 3.1 holds; we now show by contradiction that
Condition 2 also holds. Suppose that there exists a € > 0 such that ||1x(P) — ¥(P)|le > €
for all k large. Let IIxy(P) be the projection of ¥ (P) onto ©y; for sufficiently large
k, ||lx(P) — ¢¥(P)|le < e. Then, by optimality of ¢, (P) and some algebra, for large
k, infsco. jo-up)oz Bpl0(Z,0)] < Eplo(Z,0(P))] — {Eplo(Z,0(P)) — 6(Z,as(P))] +
A Pen(Ilxep(P))}. By continuity of Ep[p(Z,-)], A 4 0 and convergence of IIx1(P) to

(P) the term in the curly bracket vanishes as k diverges, leading to the contradiction
infoco: |j0—p(P)llo>e EP[#(Z,0)] < Epld(Z,4(P))]. A

4 Continuous Regularizations

The results in this section extend the program started by Wolfowitz [1957] to regularized

estimators with continuous regularizations. For such regularizations, it also presents a data

9The class C(Z, R) is the class of continuous and uniformly bounded real-valued functions on Z.
10A Jower-semi compact function is one with compact lower contour sets.
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driven method for choosing tuning parameters that yields consistent estimators as well as
providing an explicit rate of convergence.

We say a function f : R, — R, is a modulus of continuity if f is continuous, non-
decreasing and such that f(t) = 0 iff ¢ = 0.

Definition 4.1 (Continuous Regularization). A regularization ¥ of ¢ is continuous at P €
Dy, with respect to d, if there exists a family of modulus of continuity (x)ker such that for
any k e K

|t (P') = (Pl < ok (d(F, P)) (5)
for any P' € Dy.

The definition is equivalent to the standard “§/e”-definition of continuity because the
modulus of continuity of ¢, dx, can converge to 0 arbitrary slowly. Moreover, the definition
does not impose any uniform bounds on J, across different £k € K. While such restriction
would simplify the proofs considerably, it is too strong for many applications. Recall that

the regularization is introduced precisely due to the poor behavior of ¢ at P.

4.1 Consistency of Regularized Estimators

By imposing continuity with respect to a metric that ensures convergence of the empirical
distribution P, to P, the definition 4.1 readily implies consistency of ¥y (P,) to 1 (P) for any
fired k € N. However, in view of Condition 2 of that definition, unless there exists a k € K
such that 1 (P) = ¢ (P) this result is of limited interest. In order to guarantee consistency
to ¥(P) in general cases, k must be allowed to depend on n. To this end, the next lemma

provides a uniform-in-k version of the aforementioned consistency results.

Lemma 4.1. Suppose a regularization, 1, is continuous (at P) with respect to d and there
exists a real-valued positive sequence (1, )nen such that d(P,, P) = Op(r,;t). Then, for any
€ > 0, there exists a M > 0 such that

limsupsup P (|[¢(P,) — va(P)llo = (M) = 0

n—oo  kekK

Proof. See Appendix C. m

The lemma implies that for any diverging sequence (ky)nen in K, ||tk (Pn) — ¥, (P)|le
is bounded by &, (Mr,; ') wpal-P. This fact and the definition of regularization deliver
consistency of (¢, (Pn))nen, provided that lim,, .o 0, (Mr,;') = 0. It turns out that under
the assumption that if P, consistently estimates P under d, then this claim follows by
continuity of ¢t — Jx(t) for each k € K and a simple diagonalization argument. The following

theorem formalizes this idea.
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Theorem 4.1 (Consistency of Regularized Estimators). Suppose a regularization, t, is
continuous (at P) with respect to d such that d(P,, P) = op(1). Then there exists a (k;,)nen
in K such that

By, (P) = o(1) and &, (d(P,, P)) = op(1),
and
¥k, (Pn) = ¥(P)llo = op(1).
Proof. See Appendix C. 0

By the triangle inequality it is easy to see that the distance between the regularized
estimator, 1, (P,), and the true parameter is bounded by the sum of two terms: the “sam-
pling error”, oy, (d(P,, P)) and the “approximation error”, By, (P), which generalizes the

well-known “noise-bias” trade-off present in many applications.

4.2 Data-driven Choice of Tuning Parameter

Theorem 4.1 establish existence of a tuning parameter sequence that yields a consistent
estimator, but it is silent about how to choose such sequence and what is the associated
convergence rate. We now turn to these questions. In order to do this, let G, be the (user-
specified) set over which the tuning parameter is chosen; it is assumed to be a finite subset
of K.t

Given a rate of convergence of P, to P under d, i.e., a positive real-valued sequence
(71 )nen such that d(P,, P) = op(r;') (observe the op(.) as opposed to the O,(.); remark 4.1
below discusses the reason behind this choice). Theorem 4.1 suggests a criterion to construct
tuning sequence (k,), that yields a consistent estimators: Choose a diverging sequence (k)
such that &, (r,') = o(1). For any n € N, an example of a choice that satisfies this criterion

is what we call the oracle choice over G,

arg pin {0, () + Bu(P)},
which minimizes the trade-off between the approximation and the sampling errors. This
choice represents commonly used heuristics and it is a good prescription to obtain approx-
imately optimal rate of convergences (Birge and Massart [1998]). However, often times it
is unfeasible, since it relies on knowledge of the approximation error, which is typically

unknown because it depends on features of the unknown P.

Tn Appendix D.3 we extend the main theorem of this section to the case where G, is any closed set of
K, not necessarily finite.
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It is thus desirable to construct a choice of tuning parameter that sidestep this issue while
still providing approximately the same rates of convergence. We show that an adaptation of
the Lepski method (e.g. Pereverzev and Schock [2006]) provides a data-driven choice that
satisfies these properties. Due to the nature of the Lepski method, in order to establish the
desired results we need monotonicity of the sampling and approximation errors as functions
of the tuning parameter. Since these functions may not be monotonic, we replace them
by monotonic majorants. Formally, let k — B,(P) be a non-increasing function from R,
to itself such that By(P) > |[vx(P) — ¥ (P)||e for all k > 0, limy o Br(P) = 0, and, for
each n € N, let k +— &,(r;!) be a non-decreasing function from R, to itself such that
Or(ry ) = Ok(ry ).

In order to construct the data-driven choice for each n € N, we first define the following

COI'I'GSpOHdGHCG

(ar)e = Lo((ar)r) ={k € Gu: k € Gt [Yn(Pr) — Y (Po)lle < ap, VE' > kin G} (6)
where (ax)x is a “test sequence” that defines the subset £, ((ax)x) of the grid G,, that can be
chosen as our tuning parameter. For our results, the relevant sequence is given by (46, (r;%))x

and the data-driven choice of tuning parameter is given by the minimal element of £, =
Lo (40, (r7 5, ie., ky = min{k: k € £,} a.s.-P.

Theorem 4.2. Suppose a regularization, 1, is continuous (at P) with respect to d and there

exists a real-valued positive diverging sequence (1, ),en such that d(P,, P) = op(r;!). Then
195,(P) = 0(P)lla = O (jnf (Gu(r?) + BulP)} ).
Proof. See Appendix D.1. n

Remark 4.1. The rate (r,), is defined as d(P,, P) = op(r,'), as opposed to d(P,, P) =
Op(r; ) as in Theorem 4.1. That is, r, diverges (arbitrary) slower than the usual rates for
P, — which is typically given by y/n in our context. This type of lost is common when
studying choice of tuning parameters (cf. Gine and Nickl [2008] and references therein). In
our setup, it stems from the following fact: Take a rate (s,), such that d(P,, P) = Op(s;}).
For this rate, there are unknown constants (e.g. M in Lemma 4.1) which will render our
data-driven choice infeasible. So to avoid them it suffices to replace s;' by a (arbitrary)

slower rate, e.g. ! =log(1+n)s; ! or ;! =log(log(l + n))s, . A

Remark 4.2. The rate of convergence does not depend on the “complexity” of the set G,,.
This result stems from a certain “separability” property of the estimator: The probability
statements stem from the behavior of d(P,, P) which does not depend on k nor in G,, the

tuning parameter k only appear through the topological properties of the regularization. A
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Remark 4.3 (Heuristics of the proof of Theorem 4.2). Heuristically, for any k& € G, that
is larger or equal than k, it follows that [, (Pn) — ¥(P)||le is bounded above (up to
constants) by 0, (r; 1) + Bi(P) with probability approaching one. Lemma D.1 in Appendix
D.1 formalizes this observation and shows that in order to establish the claim of the theorem
it suffices to show existence of a tuning parameter in G, that is larger or equal than ky, (with
probability approaching one) and minimizes (up to constants) k + {5, (r;1) + Bx(P)} over
G,. Moreover, since l;;n is chosen as the minimal value in £,,, to obtain the former condition
it suffices to show that the tuning parameter belongs to £, (with high probability).

By studying “projections” onto G, of the tuning parameter that balances k + & (r; ")
and k — Bj(P) we are able to explicitly construct a sequence of tuning parameters that
satisfies these conditions; it is in this part that the monotonicity properties of these mappings
are used. See Lemmas D.4 and D.3 in Appendix D.1. A

The following corollary is a direct consequence of Theorem 4.2 and its proof is omitted.

Corollary 4.1. Suppose k +— ||¢x(P) — ¢(P)||e and k + 04 (r,; ') are continuous, and non-

increasing and non-decreasing resp.. Then under the conditions of Theorem 4.2, it follows
1900 (P2) = 0PNl = O (nf (8u(r) + 10a(P) = w(P)le) )

Theorem 4.2 and its corollary show that our data-driven choice of tuning parameter
achieves the same rate as the one corresponding to the “oracle” choice, provided the mono-
tonicity conditions hold.

The following proposition extends the result in Theorem 4.2 to an un-restricted one —
where the infimum is not restricted to the set G, but is taken over the whole R, . Unsur-

prisingly, in order to obtain this result, additional conditions are needed.

Proposition 4.1. Suppose all conditions in Theorem 4.2 hold, and that k + 0x(t) and
k + By(P) are continuous and

ming g+ Sk(rgl)

~——— = 0(1) (7)
max;, .- O (1)
where G = {k € G,: 0x(r;') > Bi(P)} and G, = {k € G,: 6(r;") < Bx(P)} are non-
empty. Then
195,(P2) = ¥(P)lle = O (i (o) + B )
Proof. See Appendix D.2. m

Remark 4.4 (On the conditions in the proposition). The continuity condition is technical
and it ensures that certain minimizers/maximizers are well-defined. Condition 7 imply the

following two restrictions that are used in the proof:
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(1) The fact that both G and G, are non-empty ensures that the set G, surrounds the
choice of tuning parameter that balances the sampling error and the monotone envelope of
the approximation error. If this condition fails, the minimal value of k +— {05 (1) + Bi(P)}
over G, cannot be expected to be close to the value achieved when balancing both terms and
thus close to the minimal value over R,. In Appendix D.2 we argue that G, = {1,....,j(n)}
where (j(n)), is such that liminf, . §;,)(r,') > 0 satisfies this assumption, at least for
large n.

(2) The second role is more subtle. It essentially restricts — uniformly — the coarseness
of the set G, in terms of k — §x(t). If 0x(t) = a(t) x C) and G, = N, then the condition
essentially imposes that limsup,_, . Ck+1/Cr < oo; thus it allows for Cy =< Poly(k) and

log C}, < k but not for log C), < k2. A

4.3 Examples

Example 4.1 considers the case of bootstrapping the mean of a distribution when it is known
to be non-negative. Andrews [2000] showed inconsistency of the bootstrap and proposed
several consistent alternatives; we take one — the “k-out-of-n” bootstrap (Bickel and Freed-
man [1981]) — and illustrate how our methods can be used to derive the rate of convergence
of this procedure and to choose the tuning parameter k that achieves this rate. To our
knowledge this last result is novel.'?

Example 4.2 provides primitive conditions for establishing continuity in M-estimation

problems.

Example 4.1 (Bootstrap when the parameter is on the boundary). Let M be the class of
Borel probability measures over R with non-negative mean, unit variance and finite third
moments; the non-negativity of the mean is a formalization that captures the issue of a
parameter at the boundary. The object of interest is the law of an estimator of the mean,
z— T,(z, P) = y/n(max{n ' >" | 2,0} — max{Ep[Z],0}). Thus, let, for each k € K =N,
i, : P(R) — P(R) be defined as

(P)(A) =P ({z: Tx(2z,P) € A}), VA Borel.

In particular, for P = P,, it follows that

(P, (A) =P, (\/E (max{kl i Z¥, 0} —max{n~* i Z;, O}) € A) , VA Borel

12Bickel and Li [2006] and Bickel and Sakov [2008] perform a similar exercise but for a different case:
estimation of largest order statistic.

19



where (Z)I_; is an IID sample drawn from P, and P,, is the probability over Z> induced by
P,. 1t is easy to see that 1, (P,) is the standard bootstrap estimator while 1, (P,) for k < n
is the k-out-of-n bootstrap estimator. Andrews [2000] showed that the “plug-in estimator”,
n(Py), while well-defined, fails to approximate the law of T}, 1,,(P), even in the limit; but
he showed that for certain sequences, (ky)n, ¥, (P,) — ¥, (P) converge to zero as n diverges.
We now recast this result using the tools developed in this paper; by doing so we are able
to provide a data-driven choice of the tuning parameter k,.

To do this, we first show that the (1;)ren is continuous in the sense of Definition 4.1.
Let © = P(R) and let || - ||le = || - ||B, where recall LB is the class of real-valued Lipschitz
with constant one function. This norm is one of the notions of distance typically used to
establish validity of the Bootstrap. Also, let W(-,-) denote the Wassertein distance over
P(Z), that is W(P,Q) = infeenpq) [ |2 — 2/|¢(dz,d2’), where H(P, Q) is the set of Borel
probabilities over Z? with marginals P and Q. The following proposition suggests the form

of the modulus of continuity J.

Proposition 4.2. For any k € N, |[¢x(P) — ¥%(Q)|le < 2vVEW(P, Q) for any P and Q in
MUD.

Proof. See Appendix D.4. m

The previous results suggests VW as the natural distance over P(Z). In addition, the
result also indicates that d(t) = 2kt for all t € R, which is increasing and continuous as
a function of (¢, k).

We now apply the results in Theorem 4.2 to choose the number of draws for the k-out-n
bootstrap. Theorem 1 in Fournier and Guillin [2015] (their results are applied with d = 1,
p = 1and q = 2) shows that W(P,, P) = Op(n~'/?). Therefore, we take r; ! = [,n~'/? where
(In)n diverges arbitrary slowly. We also take G, = {1,...,n}; it is clear that k + B(P) =
Bi(P) and k — 05(r;') = 8,(r; ). Given these choices, for each n € N, let k, be the choice

of tuning parameter proposed above. Theorem 4.2 imply the following result.

77777

Proof. See Appendix D.4. O

The RHS of the expression implies that the rate of convergence is given by v/I,n~ /4.
To our knowledge there is no data-driven method to choose the tuning parameter in this
example. Bickel and Sakov [2008] propose a similar method to ours in a different exam-
ple: Inference on the extrema of an IID sample. The authors obtain polynomial rates of

convergence that are slower than ours but for a stronger norm. A
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Example 4.2 (Regularized M-Estimators (cont.)). The following proposition shows that
the regularization is continuous and more importantly it provides a “natural” choice of dis-
tance and illustrates the role of the regularization structure ((Ag, Ok)g, Pen) and primitives
(0, ¢) for determining the rate of convergence of the regularized estimator. Henceforth, let
(0, P k) — Qr(P,0) = Eplop(Z,0)] + \pyPen(6).

Proposition 4.4. For each k € Nand P € MUTD,

1ok (P) — Yu(P)||e < T, (d(P, P)), VP € MUD,
where for all ¢ > 0

T4(t) = inf { min Qr(P,0) — Qr(P, ¥ (P)) }

s>t | 0€O: ||0—yYr(P)||La>s S

and d(P, P') = maxgen || P — P'||s,, where S = {W: NS @k}.13

Proof. See Appendix D.4 O

Following Shen and Wong [1994], the proof applies the standard arguments due to Wald
— for establishing consistency of estimators — to “strips” of the sieve set ©; by doing so,
one improves the rates obtained from the standard Wald approach.

The proposition suggests the natural notion of distance over the space of probabilities,

that is defined by the class of “test functions” given by <W) . By imposing
0€O,

additional conditions on ¢ and ©, one can embed the class S, into well-known classes
of functions for which one has a bound for the supremum of the empirical process f +—>
n~t 3" f(Z:) — Ep[f(Z)], and thus bounds for d(P,, P). For instance, if 6 — % is
Lipschitz uniformly in z, then by using the mean value theorem and some algebra it follows
that S, C LB for every k, and thus d(P,, P) = Op(n~'/?) (see van der Vaart and Wellner
[1996]).

The modulus of continuity, '}

is non-decreasing and is continuous over t > 0 (see the
proof), and by definition I'y(0) = 0. Its behavior is determined by how well the criterion
separates points in Oy, relative to the norm ||.||zq«; the flatter Qx (P, -) is around its minimizer,
the larger T’ *. Importantly, even though 'y (t) > 0 for each k (recall that ¢ (P) is assumed
to be unique), as k diverges, ['y(f) may approach zero. This phenomena relates to the
potential ill-posedness of the original problem, and will affect the rate of convergence of the
estimator.

To shed some more light on the behavior of I'y, and on the potential ill-posedness, consider

the case where, ¢ = 2, Q(P,-) is strictly concave and smooth, and Pen(.) = ||.||3.. Since

13We define T'x(0) = 0. The “infs>,” ensures that Iy is non-decreasing; it can be omitted if such property
is not needed. The “mazgcy” comes from the fact that d cannot depend on & in the definition of continuity.
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¥(P) is a minimizer, Q (P, -) behaves locally as a quadratic function, in particular I'(t) >
0.5(Ck + Mg )t for some non-negative constant Cy, related to the Hessian of Q(P,-), and thus
LNt 2 (Cp+ M)~ IfCr > ¢ > 0 then T'(#) 3 t; we deem this case to be well-
posed as |[tx(P") — ¥r(P)||r« 3 d(P’, P)."* On the other hand, if liminf_,,, Cx = 0 then,
while the previous bound for the modulus of continuity is not possible, the following bound
[ '(t) 2 A\, 't is. This case is deemed to be ill-posed and |[th (P") — ¢ (P)||r« 2 A, d(P', P).

Finally, under the conditions discussed in the previous paragraph, in the ill-posed case,
k i+ 6,(.) = 0x(.) if k= )y is chosen to be non-increasing and continuous.'® Thus Theorem
4.2 delivers a choice of tuning parameter that achieves consistency and a rate of minkeN{)\gl X

r b+ infsy [|[U(P) — ¥ (P)|| e}, where (1), is such that maxey || Py — Plls, = op(r;!). A

5 Differentiable Regularizations

In this section we derive asymptotic representations for the regularized estimator with differ-
entiable regularizations. Before defining the concept of regularization, we define the notion
of generalized asymptotic linearity (GAL). Throughout this section we assume © C R to
simplify the exposition; the results can be easily be extended to vector-valued parameters.
In other cases where the parameter of interest is infinite-dimensional GAL is too weak and

a stronger notion is needed, which we develop in Section 5.6.

5.1 Generalized Asymptotic Linearity
Let v = (v)rex where, for all k € K, v, € L3(P) = {f € L*(P)\ {0}: Ep[f(Z)] = 0}.

Definition 5.1 (Generalized Asymptotic Linearity: GAL(k)). A regularization v satisfies
(weak) generalized asymptotic linearity for k: N — K at P € Dy, with influence v, if

Uiy (Pr) = Vi) (P) =07 iy (Z3)| = 0p (072 | L2(p))- (8)
=1

If a regularization satisfies GAL(k) then, in order to study its asymptotic behavior, it suf-

fices to study the behavior of n=4/23y"" | % Also, the reminder term is smaller than
nllL2(p)

1= 2|V || 12(p) as opposed to, say, n=/2, because the former is the proper order of the lead-
ing term, n=! 3°" | vg(n)(Z;). That is, the natural scaling is given by v/n/||Vem) || 12(p) as op-
posed to just \/n; as the examples in Section 5.4 show, in many situations limy,_,o ||Vk||r2(p) =

Q.

14This case relates to the so-called identifiable uniqueness condition (see White and Wooldridge [1991]).
15For the well-posed case the condition holds trivially.
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The first result of this section is concerned with sufficient conditions ensuring existence
of tuning sequences for which GAL holds. By a diagonalization argument (see Lemma C.1

in Appendix C), to obtain this result it suffices to show

Ve(Po) = Ye(P) = n 'Y wi(Zi)| = op(n™'/?)
i=1
for each k € K. That is, it suffices to show that for each k € K, ;. is asymptotic linear.
As for the case of “plug-in” estimator, differentiability is the key property that allow us to

achieve this result.

5.2 Definition of Differentiability

Let Tp = {ap: a > 0 and p € D — {P}}. Throughout, let 7 be a locally convex topology
over ca(Z) dominated by ||.]|7y.'0

Definition 5.2 (Differentiable Regularization: DIFF(P,C)). A regularization v is differen-
tiable at P € Dy, tangential to Tp under the class C C 277, if for any k € K, there exists a
Dyy(P) : Tp — © T-continuous and linear such that for any U € C

lgglglég I (tQ)|/t = 0, where Q — m(Q) = V(P + Q) — ¢Yi(P) — DYy (P)[Q].  (9)

Remark 5.1. The functional Dy (P) acts as the gradient of i, at P. The set Tp is the
tangent set, i.e., the set that contains all the directions of the curves at P that we are
considering; curves at P are of the form ¢t — P + tQ)Q with Q € Tp. It turns out that it
is enough to consider curves of the form ¢ — P + t\/n(P, — P) to obtain an asymptotic
linear representation for the regularization. So, the choice of tangent set seems to be the
most natural one. Of course, larger tangent sets will also deliver the desired results but
establishing differentiability under them can be harder.

The definition does not impose any linear structure on 7p and t is restricted to be non-
negative. This feature of the definition is analogous to the idea of directional derivative in
Shapiro [1990] which has been shown to be sufficient for showing the validity of the Delta
Method (see Shapiro [1990]), and turns out to be enough to also carry out our analysis. See
also Fang and Santos [2014] and Cho and White [2017] for further references, examples and

discussion. A

Remark 5.2. The class C determines the degree of uniformity of the limit and thus defines

different notions of differentiability. It is known that common notions of differentiability

16Since we are working with measures, and not probabilities, it is convenient to allow for (non-metrizable)
topologies. Locally convex topology means that it is constructed in terms of a family of semi-norms; domi-
nated by ||.]|7yv means that for any semi-norm, p, p(Q) = O(||Q||rv) for all Q € ca(Z).
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can be obtained from different choices of C; see Dudley [2010] for a discussion. We now

enumerate a few:
1. 7-Gateaux Differentiability: C is the class of finite subsets of 7p; denoted by 7.

2. T-Hadamard Differentiability: C is the class of 7-compact subsets of Tp; denoted
by H.,.

3. 7-Frechet Differentiability: C is the class of 7-bounded subsets of Tp; denoted by
Er.

A

5.3 Main Result

We now present the main result of this section.
Theorem 5.1. Suppose there exists a class C C 27 such that + is DIFF(P,C) and 7

For any € > 0, there exists a U € C and a N such that P (y/n(P, —P)€U) > 1—¢
for all n > N.

Then, there exists a k: N — K for which 4 satisfies GAL(k) and lim,,_, k(n) = oc.
Proof. See Appendix E. m

It is easy to check that the influence of the regularization implied by the theorem is given
by the sequence of L2(P) mappings, (¢r(P))reny where
z = or(P)(2) = DYp(P)[6, — P].
While the theorem shows existence of a sequence of tuning parameters for which general-

ized asymptotic linearity holds, it is silent about how to construct such sequence; we discuss
this in Section 5.5.

Remark 5.3 (Heuristics of the Proof). The proof is straightforward and is comprised of two
steps. First, it is shown that 1 satisfies GAL(k) for any fixed k, i.e., k(n) = k. This result is

analogous to the standard notion of asymptotic linearity applied but when 1, is used, thus,

"Implicit in the differentiability condition lies the assumption that for any Q € Tp, t — P 4+ tQ € Dy,.
For this to hold, it is sufficient that P belongs to the algebraic interior of M relative to Tp. However, by
inspection of the proof of the Theorem, it can be seen that this assumption is not really needed since we
only consider curves of the form ¢ — P + ¢,a,(P, — P) where (t,,a,) are such that the curve equals P,
which is in Dy.
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it suffices to show that the reminder of the linear approximation is asymptotically negligible
for each fixed k, i.e.,

ne(P, — P) = op(n™?). (10)
This is a standard condition for “plug-in” estimators (e.g. Van der Vaart [2000]), and the
restriction over the class C and the definition of differentiability imply it. In some cases,

however, it might be straightforward to verify condition (10) directly or by other means.

Second, a diagonalization argument is used to show existence of a diverging sequence. A

Remark 5.4. A common way of using Theorem 5.1 is by finding a class S that is P-Donsker,
which implies that (v/n(P, — P))nen i8 ||.||s-compact (see Lemma E.1 in Appendix E), and
ensuring ||.||s-Hadamard differentiability; e.g. Van der Vaart [2000] Ch. 20. Dudley [2010]
proposes an alternative way of using this result by showing that y/n(P, — P) belongs, with
high probability, to bounded p-variation sets, so the relevant notion of differentiability is

Frechet differentiability (under the p-variation norm). A

5.4 Examples

The next example illustrates the implications of Theorem 5.1.

Example 5.1 (Integrated Square Density (cont.)). We now show that Definition 5.2 is
satisfied by our class of regularizations and also establish a rate for the remainder term,
Ne(P, — P) which is used to verify for which sequence of tuning parameter condition 10
holds.

Proposition 5.1. For any P € M, the regularization defined in expression (3) is DIFF (P, &), )-
For each k € K,

Qs Din(P)Q) =2 [ (nex P)(:)Q(d2).
and Q — 7x(Q) = [(kr*Q)(2)Q(dz) is such that there exists a Ly, < oo such that |7, (Q)| <
Li||Q]|% 5 for all Q € ca(Z).
Proof. See Appendix E.1. m

This proposition implies that for each k € K, ¢y is ||.||rp-Frechet differentiable, and
since LB is P-Donsker, the conditions in Theorem 5.1 are met. The influence is given
by z = @r(P)(2) = 2{(kr * P)(2) — Ep[(kr x P)(Z)]}, and since sup; ||¢n(P)||r2p) <
2|p| oo )£l L1 () (see Lemma E.2 in Appendix E.1), the natural scaling for GAL is \/n. A
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Next, we consider the NPIV example. It is not hard to see that the influence of v will be
given by z +— [ Dy (P)*[7](2) — Ep[ D¢y (P)*[r](Z)] provided Dy (P) : T — L*([0,1]) and
its adjoint Dy (P)* : L*([0,1]) — T5 exists (T is the dual of Tp). We show how our result
can be used to characterize Dy (P)* and thereby extend some results in the literature, for

two widely used regularizations methods: Sieve-based and Penalization-based.

Example 5.2 (NPIV (cont.): The sieve-based Case). We study the sieve-based regulariza-
tion approach, which is constructed using two basis for L*([0,1]), (ug, vk )ren, and two indices
k— (J(k), L(k)) such that

(9:2) = Ti,plg)(x) = (' (@) Quu Bp [’ (X)g(W)],

z = rp(e) = (W (2) Quy Bplu’™ (X)Y],

Ri,p = (I Ty p Ty, pTli)
where v (x) = (ui(z), ..., ur(2)), v¥(w) = (vi(w), ..., ve(w)), Hy : L2([0,1]) — lin{oE®} C
L*(]0,1]) is the projection operator, g — II;[g] = (v L(k )TQLL [ vE®) (w)g(w)dw, and Q. =
Erep[uf(X)(w*(X)T], Quo = Ep[u*(X)(*(W))T] and Quy = Erep[v"(W)(0"(W))].

The next proposition proves differentiable of the regularization ~ and provides the ex-

pression for the derivative.

Proposition 5.2. For any P € M, the sieve-based regularization v is DIFF(P, &), ). For
each k € N,

@+ Du(PQ) = [ DU(PY (=)0
where
D (P[] (y, w, x) =(y — i(P)(w)) (u”™ ()" Qrt Quo (Qry Qs Quw) ™ Ere[v" ™ (W)mr(W)]
+ { Ep[(v(P)Y(W) = ¢ (P)(W)) (™ (X)T]Qau” ™ ()
X (0" (W) (QF, Qs Quo) ™ Erep[v" M (W) (W)]} . (11)
And, for each k € N, the reminder of 7, 7, is such that |n(¢)| = o(||¢||Lp) for any ¢ € D'

Proof. See Appendix E.2. m

Even though expression for Dy (P)*[n] may look cumbersome, it has an intuitive inter-
pretation: It is identical to the influence function of the parameter [ 67 v ® (w)r(w)dw where
0 is the estimand of a misspecified linear GMM model where the “endogenous variables” are
vE®) (W) and the “instrumental variables” are u’®(X); cf. Hall and Inoue [2003]. The first
term in the RHS of expression 11 also has an intuitive interpretation: It is the influence
function of the parameter [ 07v "™ (w)m(w)dw but in well-specified linear GMM model.

18The “o” function may depend on k.
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The proposition implies that for the “fix-k” case, expression 11 is the proper influence
function to be considered. However, one can ask whether as k diverges, the second term (the
one in curly brackets) in RHS of expression 11 can be ignored. To shed light on this matter,
it is convenient to use operator notation for expression 11:

Dippe(P)[m)(y, w, ©) =Tk pRe pllk[7](x) X (y — ¥ (P)(w))

+ R, p I [7](w) x Tho,p[00(P) — ¥u(P)]() (12)
(we derive this equality in expression 23 in Appendix E.2). The term Ty p[t)(P) — ¥y (P)]
is multiplied by Ry plli[n], which is different to T pRy pllg[m] — the factor multiplying
(y — Yp(P)(w)). If m € Range(Tp) both multiplying factors converge to bounded quantities
as k diverges.Thus, since Ty p[t)(P) — ¢,(P)] vanishes, the first summand in the RHS of
expression 11 “asymptotically dominates” the second one. This is framework considered in
Ackerberg et al. [2014]. However, if 7 ¢ Range(Tp) — and thus (P) is not root-estimable
(see Severini and Tripathi [2012]) — the situation is more subtle and without additional
assumptions it is not clear which term in expression 11 dominates. The reason is that
the aforementioned multiplying factors will no longer converge to a bounded quantity, and
moreover, the rate of growth of Ty, pRy pllx[r] can can be dominated by the rate of Ry, pIlj[7].

For this last case of m ¢ Range(Tp), the results closest to ours are those in Chen and
Pouzo [2015] wherein the influence function for slower than root-n sieve estimators is de-
rived. Their expression for the influence function is simpler than ours, but this arises from a
different set of assumptions and, more importantly, a different approach that directly focus

on expressions for “diverging k7. A

Example 5.3 (NPIV (cont.): The Penalization-based Case). We study the penalization-

based regularization case given by

(2,9) = Th.rlg) (x) = / k(e — 2) / 9(w) P(dw, d)

= p(x) = //@k(a:' — ) /yP(dy,dx’)
R]@p = (T];k,PThP + )\k[)_l

where k() = kr(k-) and & is a smooth, symmetric around 0 pdf.

As opposed to the previous case, there is no obvious link to a “simpler” problem like
GMM and thus it is not obvious a-priori what the influence function would be and what
the proper scaling should be when +(P) is not root-n estimable. Theorem 5.1 suggests
Dy (P)[n] and /n/Varp(Dy;(P)[r]) as the influence function and scaling factor resp.; the

next proposition characterizes it.

27



Proposition 5.3. For any P € M, the Penalization-based regularization « is DIFF(P, &, ,)-
For each k € N, Dv(P)[(] = [ Dyx(P)*[n](z)¢(dz), where

Dy (P)[m)(y, w, 2) =K Te(TpKETp + M) r(2) X (y — ¢u(P)(w)) (13)
where Ky, is the convolution operator g — Kilg] = kr*g. And, for each k € N, the reminder

of Vi, Mk, is such that |n,(¢)| = o(|[¢||rp) for any ¢ € Dy.*
Proof. See Appendix E.2. O

If 7 € Range(Tp), then the variance term converges to ||Tp [v*](X)(Y—w(P)(W))H%Z(P) =
Ep[(Tp(TpTp) Mr|(X))*Ep[(Y — »(P)(W))?|X]] as k diverges, where v* = (T3Tp) ![n].
The function (y,w,z) — Tp[v*](z)(y — ¥(P)(w)) is the influence function one would ob-
tained by employing the methods in Ai and Chen [2007a] (with identity weighting) and

*

v* is the Riesz representer of the functional w — [ 7(w)g(w)dw using their weak norm
e[l 2(p)

If 7 ¢ Range(Tp), the variance diverges, and, as in the sieve case, without additional
assumptions it is not clear which term dominates the variance term Varp(Dvy;(P)[x]), as k
diverges. This case illustrates how our results can be used to extend the results in Chen and

Pouzo [2015] for irregular sieve-based estimators to more general regularization schemes. A

5.5 Data-driven Choice of Tuning Parameter and Undersmooth-
ing
Theorem 5.1 implies existence of a n — k(n) such that

VIl (Fn) = Y(P)) _-ajo P)(Z) _  NnBiw(P) 1 14
o Pl S TPl ™ TPl + 70 09

L.e., the asymptotic behavior of the regularized estimator — once scaled and centered —

is characterized by a term due to the approximation error and a stochastic term. Ideally,
one would like to consider sequences (k(n)),, satisfying Theorem 5.1 for which the approx-
imation term in expression (14) vanishes, but, unfortunately it is known that this result is
unattainable at this level of generality; e.g. Bickel and Ritov [1988] and Hall and Marron
[1987].

9The “o” function may depend on k.

20The display hold provided liminf, o ||@k(n)(P)||r2(py > 0 For the applications we have in mind, this
restriction is natural and non-binding. Our results are not designed for cases where lim o ||0% (P)||L2(p) =
0; this case can be handled separately — and rather easily — since both the approximation error and the
rate of k — (P, — P) decrease as k increases.
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In view of this remark it is natural to seek choices of tuning parameter that make the
terms in the RHS of expression (14) as “small as possible”. Such choices will guarantee that
GAL and the asymptotic negligibility of the approximation error both hold when possible,
and otherwise, will at least yield good rates of convergence for 1, (P,) — ¥ (P).

The result in this section shows that the data-driven way of choosing tuning parameters
described in Section 4.1 satisfies this property. For each n € N, the data-driven choice
of tuning parameter is of the form k, = argmin{k: k € £,((Ax)x)} for a suitable chosen
sequence (Ag)g. In section 4.1, the relevant sequence was (46 (r;1)); in this case, however,
the structure of the problem is different. In particular, in addition to the reminder term

(k) implied by differentiability and the scaled approximation error, there is the additional
n rn) (P)(Zi)

=1 ||<Pk(n)(P)HL2(P)
to construct (Ay)g. For each n, let G, be the grid defined as in Section 4.1.

term given by n~1/? > . The following assumption introduces the quantities

Assumption 5.1. There exists a (n, k) — §;x(n) for j € {1,2} non-decreasing and a N € N
such that

. n P,—P
(i) supyeg, ﬂgw <1 wpal-P.

(i) |G| SUDR>1 in g, Hwk,(P)a_ik((};)HLQ(P) <1 foralln=>N.
el 2, k! n

As the proof of Lemma E.7 in Appendix E.3 suggests, the sequence that defines our
81, (n)+62,5(n)

tuning parameter, for each n € N, is given by k — Ay =4 NG

Remark 5.5 (Discussion of Assumption 5.1). Part (ii) implies that (dyx(n)),x acts as a
growth rate for an object that, on the hand, involves the complexity of G, — given by |G,
— and on the other hand, involves the “length” of G, — measured by k — ||¢k(P)||r2(p)-
In cases where (||¢x(P)||L2(p))x is uniformly bounded, the “length” of G, (measured by &
| (P)||r2(p)) is also uniformly bounded and part (ii) boils down to |G,| < infyeg, d2,4(1)).
Part (i) implies that (8, 4(n))nk also acts as the growth rate, but of a very different quantity:
The reminder term of GAL (scaled by /n), uniformly on k € G,,.

To shed more light on Assumption 5.1, suppose there exists a norm ||.||s such that

C1: There exists, for each k € K a modulus of continuity 7 : R, — R such that n,(Q) =
e (1Qlls)-

C2: There exists a real-valued positive diverging sequence (r,), such that ||P, — Pl|ls =

op(r, ")
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Condition C1 states that ng is continuous with respect to some norm ||.||s and C2 ensure
convergence of P, to P under this norm. These conditions are analogous to the assumptions
used to show Theorem 4.2.

Under these conditions it is easy to see that Part (i) follows by choosing 6;(n) =
Vnie(r b)), which acts as dx(r,; ') in Theorem 4.2, and, in particular, it does not depend on
the grid. Part (ii), however, is not necessarily implied by this choice. If the growth rate of the
reminder, v/ (r; "), is small compared to |G| SUpgy sy i g, |1€r (P)—@r(P)]|22(p) then part
(ii) requires that 85 (n) to be larger than the latter, i.e., 85 (n) > |G| SUPps i g, ||ow (P)—
er(P)llL2(p)

Below we illustrate how to verify these assumptions in the context of Example 2.2.A
Proposition 5.4. Suppose all the conditions of Theorem 5.1 hold, and Assumption 5.1
holds. Then?!

Vg, (P) —9(P))  n 23500 ¢ (P)(Z)

[lseg,, (P)]]2(p) [z, (P)|z2cp [k (P)]L2(py
_ ek (Pl 2(p)
where Cn = SUDy/ k in Gn m.
Proof. See Appendix E.3. O]

The rate in the proposition is — up to C? factor — the minimum value of the sum of two

W that controls the reminder term of GAL and another one, /1 %,
er(P )HL2(p) el P)—b(P) [l ( )HLQ(p)
k

that controls the approximation term +/n o P2 Therefore, if there exists a choice of
L2(P)

tuning parameter for which both these terms are asymptotically negligible, our result implies

that

terms:

(P)(Z:)
P) HL2(P

\/—wk( w) —(P) —1/2ZH¢]€ +op(1).

lor, (Pl z2p)
P, (Pn)—0(P) .
That is, the asymptotic distribution of \/n N P

On the other hand, if no such sequence exists, the proposition readily implies a rate of con-
¥y, (Pa)—(P) | ~1/2 —1/2,2 ; {Sl,k(n)+52,k(n)+\/53k(1’) })

Tow Pz | — OP (” +n77C; infreg, Tex (P)l1 22 () :

The sequence (C,), quantifies the discrepancy of k — ||k (P)||r2(py within the grid. In

is given that of n=1/2 37 | —Fhn (P)(Z:)

vergence of the form

cases where Assumption 5.1(ii) holds for all £’ and k in G,, it readily follows that C, =
L+ 1G] supgeg, da.(n)/Ix (Pl 2¢r)

In order to shed more light on these expressions and the assumptions, we applied our
results to the estimation of the integrated square pdf (example 2.2). In this setting, Gine
and Nickl [2008] provide a data-driven method to choose the bandwidth which is akin to

ours. In fact, our method can be viewed as generalization of theirs to general regularizations.

21By arguments analogous to those in Proposition 4.1, this result can be extended to hold for inf,ecp i
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Example 5.4 (Integrated Square Density (cont.)). In this example the relevant tuning
parameter is the bandwidth of the kernel, so we let k +— k=1, and as the grid, G,,, we use the
one proposed by Gine and Nickl (Gine and Nickl [2008)), i.e., G, = {k: k= € H,,} where

logn)* 1 1 1 e
H, = {he {(Og”) 1 © Ry = hy = Ofl”, ho = " hysr = hi/a, Vk:2,3,...}

n2 T pl-o nl-9’ n’

where a > 1, (I,,),, diverges to infinity slower than logn and [;! < logn and § > 0 is arbitrary

146
2(1-0) "

the fact that |G,| = O(logn) and that for sufficiently large n, any two consecutive elements
in H,, are such that hyyq/hi < 1/a.

The following lemma suggests an expression for the functions (n,k) + ;x(n) for i €

{1,2}.
Lemma 5.1. For any M > 0, there exists a N such that for alln > N,
sup  |lo1n(P) = puw (P)llz2py < AlC||L2(py b B [[U™].

h'<h in Hn
where the function C is the one in expression 2 in FExample 3.1, and

close to 1; in particular 0 > 0 is such that 2o < Of importance to our analysis are

P (sup vl (R - P = (S0 4 L)) < o
Proof. See Appendix E.3.2. n
Therefore, {(n, k) + 6;1(n)}i=12 can be chosen as
(n, k) + 614 = (log n)?’w, and (n, k) + 02 = (logn)3k=m+e),

\/ﬁ

The lemma and this display illustrate the different nature of Assumptions 5.1(i)(ii). Part (i)
bounds the reminder of the linear approximation and it increases with k£ and decreases with
n; this is reflected in the term (lm(o)—\/;/g) in the display. Part (ii) on the other hand essentially
requires that the bandwidths in the grid H,, are not “too far apart”. In particular, it depends
on the size of the bandwidths in H,,; this is reflected in the term £7¢ in the display.

It follows that sup, .y C, < 0o because there exists a constant C' > 1 such that k£ —
ok (P)]|r2(py € [C7F,C] and is continuous for all k > 1.

We verified that all assumptions of Proposition 5.4 hold. Moreover, Proposition 3.1
implies that i+ By, (P) = O(h*). Thus, the rate of Proposition 5.4 is given by
infyey, {(logn)? (W + h9> + y/nh?}. In fact, given our choice of H,, and §, some
straightforward algebra shows that, at least for large n, the infimum over G,, and be replaced
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by the infimum over R,. Therefore,
e o5

Vg, (P) —p(P) o 20 g (P)(Z)) Op ( (F52) T

Tt Plleey — Tea Pl || op (o) 3705 o5 (o) > 0

n

if K(0)=0

For the case k(0) = 0, we replicate the results by Gine and Nickl [2008]: if o > 0.25, the
reminder is negligible and root-n consistency follows, otherwise the optimal convergence rate
is achieved. Our framework, however, also shows how the results in Gine and Nickl [2008]

can be extended to other cases. /A

5.6 Extension: Strong (Generalized Asymptotic Linearity

We now establish an analogous result to Theorem 5.1 but for an stronger notion than
GAL(k), one that is better suited when the parameter of interest is infinite dimensional.
To do this, let = be a subset of ©*, the dual of (O, ||.||e).

Definition 5.3 (Strong Generalized Asymptotic Linearity: S-GAL(Z, k)). A regularization
W satisfies strong generalized asymptotic linearity for k: N — K under = at P € Dy, with
influence v, if for all (n,f) € N x =, E[l/k(n)] € Li(P) and

Chr(n) (Pr) — ) (P -l ’/k(n) ~1/2
sup =op(n=77). (15)
tez €[k ]l |22 (p) Z [1evke]llzzce) ||L2
As, for each ¢ € =, (] = (U[g])rex 1s a real—valued sequence, Definition 5.2 can be

applied to ([t]. It immediately follows that 7 ,(tQ) = £ (tQ)] = o(t) uniformly on Q €
U C C but pointwise on ¢ € =. While this condition is enough when the parameter of
interest is a vector-valued functional of 1(P); in other cases, where the parameter of interest
is infinite-dimensional, this restriction is too weak, and the following strengthening of 9 is
needed: For any U € C,

lim sup sup |nx(tQ)/t| = 0, (16)
0 UeQ te=

i.e., now the restriction in the reminder 7, holds uniformly over ¢ € =.

With a slight abuse of notation, we use DIFF(P,C,=Z) to denote the case when a regu-
larization %) is such that for each ¢ € =, ([¢)] is DIFF(P,C) (in the sense of Definition 5.2),
and condition 16 holds.

Theorem 5.2. Suppose there exists a class C C 277 such that v is DIFF(P,C,Z) (in the

sense above), and

For any € > 0, there exists a U € C and a N such that P (y/n(P, — P)€eU) > 1—¢
foralln > N.
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Then, there exists a k: N — N for which 1 satisfies S — GAL(Z, k) and lim,,_,. k(n) = co.

The proof is omitted since is completely analogous to the one of Theorem 5.1. As the
following examples illustrate, the theorem can be used to construct inference for confidence
bands. The first example simply illustrates how to apply the theorem to a known problem,

the second example, however, provides novel results for general M-estimation problems.

Example 5.5 (Density Estimation (cont.)). Consider the setup in Example 2.1 but now
the parameter of interest is z +— ¥(P)(z) = p(z) and the regularization is given by z —
r(P)(2) = (kg x P)(2). The goal is to obtain an asymptotic linear representation uniformly

over z € R, specifically,

K, * P, — _ K — Eplk -7
sup \/—( ko * Pn) (2) 3 1/22 Fon plik, (2 — Z)]
z€R v Varp( /ﬁkn(z — — \/Varp (kk, (2 — 2))
for certain diverging sequences (kn)neN From this representation, by invoking known limit

(Fkn*Pn)(2)—p(2)
\/Varp Kk (2—2)) |’

:OP(l)’

theorems results one can derive the asymptotic distribution of sup,cp [v/n

see Bickel and Rosenblatt [1973].
We now illustrate how Theorem 5.2 can be used to achieve the asymptotic representation

in the previous display. Let = = {d,: © € R}. Suppose that O is the class of bounded
continuous functions, then = C ©* and for each z € R, there exist a corresponding ¢ = ¢, € =
such that ¢[p] = p(z). Since ¢y is linear, it also follows that ¢[Diyy(P)[Q]] = {[rk * Q] =
(kr * Q)(2¢) for any Q € Tp = ca(R), and ng¢(.) = 0. By Theorem 5.1, the regularization
satisfies GAL(k,Z) for any (k,)nen with influence function given by z — f[pr(P)](z) =

k(2o — 2) — Ep|kk(2¢ — Z)]. Hence, by Theorem 5.2 it follows that

Sl 2 B)(E) () g i Fko (2 = Zi) = Eplg, (2 = Z)]

sup

z€R VVarp(ky, (z — 2)) — VVarp(ky, (z — 2))
P
o |yt PO =) [\
2€R VVarp(ki,(z — 2))
for any (kn)nEN-
s : (rexP)(2)—p(2) Vn 1+o ()
Under our conditions over p, it follows that \/_\/Vmp(nk 5| < < e EW|U TR

for any z € R. To give a more precise uniform bound for this term we need to estimate a
lower bound for \/Varp(ki(z — Z)). If C < p, it can be proved that Varp(kx(z — 2)) =

kp(2)|16]|32 + |P'(2)] [ K(u)?udu at least for large k.?> Hence, sup,cp ‘\/_ (i kD)) () |

\/Varp Ky (2—2))

O (kl—\/jw), and thus for any (k,)nen such that nFn — o(k,) the desired representation

22C =< p is imposed to simplify the derivations in Varp(ki(z — Z)).
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follows. A

We now present sufficient conditions over (M, ©, ¢) and the regularization structure that
guarantees differentiability of the regularization, and asymptotic confidence bands for the

regularized M-estimator.

Example 5.6 (Regularized M-Estimators (cont.)). Let © C LN L*> for g € [1, 00|, thereby
ensuring that the function-evaluation operation is well-defined; in Appendix F.1 we discuss
the role of this assumption and offer an alternative procedure when it does not hold. In
addition, we restrict our attention to linear sieves, i.e., for each k € N, Oy, is the linear span
of some basis functions " = (k;)}_,. In view of the results in Example 4.2, we assume that
there exists a positive vanishing sequence (€ ,), for which, wpal-P, ¥y (P,) € O(exn) =
O N O(Mkrn) where O(ex,) = {0 € L [|0 — Yp(P)||re < €xn}; henceforth, we can thus

take Oy (ey,) as the “relevant sieve” space. The next two assumptions impose smoothness
restrictions on (¢, Pen).

Assumption 5.2. (i) Pen is strictly convex and twice continuously differentiable; (ii) there

exists a Cy < oo and a o > 0 such that for any k € N,

d?Pen(h d2p P
degg( ) [/017 UQ] - 672(01121}9( ) [vla UQ]

sup sup
BEO(6x,n) (v1,v2) €02 [|v1]] zal|v2 | o

< Collh — ¥e(P)|La-

For the following assumption, let Sy i (k) = {%[U/HUHM]: (v,0) € O x @k(ekm)}
and let Sy (€xn) be defined analogously but using the second derivative; finally let @, ,, be
the envelope of the class S, (€xn), 1-€.; @rpn() = Supses, e [FC)]-

Assumption 5.3. (i) 0 — ¢(z,0) is convex and twice continuously differentiable; (ii) there
exists a S C L™(Z), such that for r € {1,2} and all (k,n) € N?, S, x(ern) € S and
Do €S, (111) for any k € N and any z € Z,

2 2
%[%W] _ %[Ubw]

sup sup
h€Ok(ek,n) (v1,v2)€07 |o1][zal 2] La

< Collh = ¥ (P)I|La-

The class S imposes restrictions on the first and second derivative of ¢ as a function of z,
at least it requires boundedness of these functions and it is the relevant class for constructing

the norm over ca(Z).

Proposition 5.5. Suppose Assumptions 5.2 and 5.3 hold. Then, for each k € N, 9 is
||.||s-Frechet Differentiable with derivative given by,

Dyi(P)[Q] = (Eq [Vi(P)(Z)])" Ar(P)™'k", VQ € T,
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where A,(P) = Ep [%[H K ]] + A\ dPeanfj’“(P))[/ﬁ k¥l € R** and 2z — Vi (P)(2)
k

d¢(z7;ﬁek(P)) [Hk] c Rk

Proof. See Appendix F.1.

U

This result implies that the regularization is DIFF (P, &5, Z) for any bounded set = in
the dual of L9, and that the influence is given by the sequence of functions z — @i (P)(z) =
(Vi(P)(2) — Ep [Vi(P)(Z)])" Ap(P)'k* € ©. This result also implies a bound for Q
Mee(Q) that is uniform over ||.||s-bounded sets; see Appendix F.1.1 for an explicit bound.
Thus, if the class S is P-Donsker — which means that @ = y/n(P, — P) is a.s.-P a ||.||s-
bounded sequence (see Lemma E.1) — all the conditions in Theorem 5.2 hold.

For any, ¢ a linear functional over L9,

1€lon (P[22 (py = (LI T A(P) T E(P)A(P) T (£[x"])

where X (P) € R¥* is the covariance matrix of V;(P)(Z).? Under our assumptions, for
each k, A,(P) is non-singular, so ||¢[px(P )]||L2(P < 0o. But, whether this holds uniformly
over k depends on the limit behavior of the eigenvalues Ay(P)~! and 3;(P) which may
diverge as k diverges.?* By using ||([r(P)]||12(p) as the scaling factor our approach adapts
to either case, thus allowing the researcher to sidestep this discussion altogether.

We now provide asymptotic confidence bands for the regularized M-estimator. Since
© C LinN L*®, the set = = {0,: z € Z} is a valid subset of the dual ©*. The following

representation follows from Theorem 5.2.

Lemma 5.2. Suppose Assumptions 5.2 and 5.3 hold and S is P-Donsker. Then, for any
q € [1,00] and any k € N,

Ur(Pn) — Yu(P) T 112N Ve(P)(Zi)
n Ap(P / ———1 =op(1),
\/_ O.k<P) ( ) ( ) ; O'k(P) y P( )
where o (P) : Z — R,y given by
2 0 (P)(2) = (K"(2) AL (P)Sk(P)AL (P (KM (2)).
Proof. See Appendix F.1. m
Lemma 5.2 shows that in order to characterize the asymptotic distribution of H Vn Yu(Pn) - P
o

it suffices to characterize the one of H MTAR(P) =230 % o The following

Z3The expression ¢[x¥] should be understood as ¢ applied to component-by-component to x*.
d2¢(Zd,;/12k(P))[ k

K", Hk]} becomes singular or large k, the maximal eigenvalue of Ay (P)~*

24For instance, if Ep

diverges at rate )\,;1.
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proposition accomplishes this by showing that the latter quantity can be approximated by

a simple Gaussian process; the proof relies on coupling results (e.g. Pollard [2002]).

Proposition 5.6. Suppose Assumptions 5.2 and 5.3 hold. Then, for any ¢ € [1, 00| and any

keN,
Vn
wP)-o(P) wa o (e eeGE)N
\/ﬁ - - OPr — |1+ + Toge |
ox(P) ok(P) |14 vn k ’
where Zj is such that z — % ~ N(0,11), Bx = E[[|A(P)'Vi(P)(2)]]] and 7} =
n=12e, (P)7'C(l,, P, k) where e,(P) = emi (A; (P)Zk(P)A, ' (P)) and (1), is any slowly

diverging sequence.
Proof. See Appendix F.1. m

Proposition 5.6 provides the basis for constructing confidence bands under general L4
norms, and it also illustrates the type of restrictions on the sequence of tuning parameters
that are needed to obtain these results. On the one hand, the sequence (k,), has to be
such that (B, k, + ¢, (P)"'C(l,, P, ky))/v/n = o(1); on the other hand, it has to be such
that the approximation error is negligible, i.e., ||v/n|tr, (P) — ¢(P)|/ok, (P)||re = o(1). If
this last requirement does not hold, then Proposition 5.6 only provides a result for obtaining
confidence bands of the “pseudo-true” parameter ¢, (P), which may or may not be of interest
in certain applications.

Provided the aforementioned conditions hold and one has consistent estimators of oy, (P),
Yk, (P) and Ay, (P), the asymptotic distribution of H \/ﬁ% H can be approximated
by the distribution of % E Belloni et al. [2015] obtained analogous results for the L>°-

norm in a linear regression model. Our methodology extends these results in two directions:

general M-estimation problems and general L? norms.?> A

6 Conclusion

We propose an unifying framework to study the large sample properties of regularized esti-
mators that extends the scope of the existing large sample theory for “plug-in” estimators
to a large class containing regularized estimators. Our results suggest that the large sample

theory for regularized estimators does not constitute a large departure from the existing large

25Chen and Christensen [2018] also derive confidence bands but in the NPIV model, which is beyond the
scope of this example. We hope the results in the current paper could be used to extend their insights to
general conditional moment models.
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sample theory for “plug-in” estimators, in the sense that both are based on local properties
of the mappings used for constructing the estimator. This last observation indicates that
other large sample results developed for “plug-in” estimators can also be extended to the
more general setting of regularized estimators; e.g., estimation of the asymptotic variance of
the estimator and, more generally, inference procedure like the bootstrap. We view this as

a potentially worthwhile avenue for future research.

References

D Ackerberg, X Chen, J Hahn, and Z Liao. Asymptotic efficiency of semiparametric two-step gmm.
The Review of Economic Studies, 81(3):919-943, 2014.

C Ai and X Chen. Efficient estimation of models with conditional moment restrictions containing
unknown functions. Econometrica, 71(6):1795-1843, 2003.

C. Ai and X. Chen. Estimation of possibly misspecified semiparametric conditional moment re-
striction models with different conditioning variables. Journal of Econometrics, 141(1):5-43,
2007a.

C Ai and X Chen. Estimation of possibly misspecified semiparametric conditional moment re-
striction models with different conditioning variables. Journal of Econometrics, 141(1):5-43,
2007b.

A. Ambrosetti and G. Prodi. A primer of nonlinear analysis. Number 34. Cambridge University
Press, 1995.

D W K Andrews. Inconsistency of the bootstrap when a parameter is on the boundary of the
parameter space. Econometrica, 68(2):399-405, 2000.

A.D. Barbour and L.H.Y. Chen. An Introduction to Stein’s Method. Lecture Notes Series - National
University of Singapore, Institute for Mathematical Sciences. Singapore University Press, 2005.

A. Belloni, V. Chernozhukov, D. Chetverikov, and K. Kato. Some new asymptotic theory for least
squares series: Pointwise and uniform results. Journal of Econometrics, 186(2):345 — 366, 2015.

P J Bickel and D A Freedman. Some asymptotic theory for the bootstrap. The Annals of Statistics,
9(6):1196-1217, 1981.

P J Bickel and B. Li. Regularization in statistics. Test, 15(2):271-344, 2006.

P. J. Bickel and Y. Ritov. Estimating integrated squared density derivatives: Sharp best order of
convergence estimates. Sankhya Series A, 50(3):381-393, 1988.

P. J. Bickel and Y. Ritov. Achieving information bounds in non and semiparametric models. The
Annals of Statistics, 18(2):925-938, 06 1990.

37



P. J. Bickel and M. Rosenblatt. On some global measures of the deviations of density function
estimates. The Annals of Statistics, 1(6):1071-1095, 11 1973.

P J Bickel and A Sakov. On the choice of m in the m out of n bootstrap and confidence bounds
for extrema. Statistica Sinica, 18(3):967-985, 2008.

P J Bickel, C AJ Klaassen, Y Ritov, and J A Wellner. Efficient and adaptive estimation for
semiparametric models. Springer-Verlag, 1998.

L. Birge and P. Massart. Minimum contrast estimators on sieves: exponential bounds and rates of
convergence. Bernoulli, 4(3):329-375, 09 1998.

R Blundell, X Chen, and D Kristensen. Semi-nonparametric iv estimation of shape-invariant engel
curves. Econometrica, 75(6):1613-1669, 2007.

P. Biithlmann and S. Van De Geer. Statistics for high-dimensional data: methods, theory and
applications. Springer Science & Business Media, 2011.

M D Cattaneo and M H Farrell. Optimal convergence rates, bahadur representation, and asymptotic
normality of partitioning estimators. Journal of Econometrics, 174(2):127-143, 2013.

X. Chen. Large sample sieve estimation of semi-nonparametric models. volume 6 of Handbook of
Econometrics Chapter 76, pages 5549 — 5632. 2007.

X. Chen and T. M. Christensen. Optimal sup-norm rates, adaptivity and inference in nonparametric
instrumental variables estimation. ArXiv pre-print 1508.03365, 2015.

X Chen and T M Christensen. Optimal sup-norm rates and uniform inference on nonlinear func-
tionals of nonparametric iv regression. Quantitative Economics, 9(1):39-84, 2018.

X. Chen and Z. Liao. Sieve m inference on irregular parameters. Journal of Econometrics, 182(1):
70-86, 2014.

X Chen and D Pouzo. Sieve wald and qlr inferences on semi/nonparametric conditional moment
models. Econometrica, 83(3):1013-1079, 2015.

X Chen, Z Liao, and Y Sun. Sieve inference on possibly misspecified semi-nonparametric time
series models. Journal of Econometrics, 178:639-658, 2014.

J S Cho and H White. Directionally differentiable econometric models. Fconometric Theory, pages
1-31, 2017.

S Darolles, Y Fan, J.-P. Florens, and E. Renault. Nonparametric instrumental regression. FEcono-
metrica, 79(5):1541-1565, 2011.

D. L. Donoho and R. C. Liu. Geometrizing rates of convergence, ii. The Annals of Statistics, 19
(2):633-667, 1991.

R M Dudley. Fréchet differentiability, p-variation and uniform donsker classes. In Selected Works
of RM Dudley, pages 371-385. Springer, 2010.

38



P. P. B. Eggermont and V. N. LaRiccia. Maximum penalized likelihood estimation, volume I and
II. Springer, 2001.

H. W. Engl, M. Hanke, and A. Neubauer. Regularization of inverse problems, volume 375. Springer
Science & Business Media, 1996.

Z. Fang and A. Santos. Inference on directionally differentiable functions. ArXiv pre-print
1404.3763, 2014.

J.-P. Florens. Inverse Problems and Structural Econometrics: The Fxample of Instrumental Vari-
ables, volume 2 of Econometric Society Monographs, page 284311. Cambridge University Press,
2003.

N Fournier and A Guillin. On the rate of convergence in Wasserstein distance of the empirical
measure. Probability Theory and Related Fields, 162(3-4):707, 2015.

C Gaillac and E Gautier. Adaptive estimation in the linear random coefficients model when re-
gressors have limited variation. arXiv preprint arXiv:1905.06584, 2019.

E Gine and R Nickl. A simple adaptive estimator of the integrated square of a density. Bernoulli,
14(1):47-61, 02 2008.

E Giné and R Nickl. Uniform central limit theorems for kernel density estimators. Probability
Theory and Related Fields, 141(3-4):333-387, 2008.

A R Hall and A Inoue. The large sample behaviour of the generalized method of moments estimator
in misspecified models. Journal of Econometrics, 114(2):361-394, 2003.

P. Hall and J. L. Horowitz. Nonparametric methods for inference in the presence of instrumental
variables. The Annals of Statistics, 33(6):2904-2929, 2005.

P. Hall and J.S. Marron. Estimation of integrated squared density derivatives. Statistics and
Probability Letters, 6(2):109 — 115, 1987.

F. R. Hampel, E. M. Ronchetti, P. J. Rousseeuw, and W. A. Stahel. Robust statistics: the approach
based on influence functions. John Wiley & Sons, 2011.

W. Hérdle and O. Linton. Applied nonparametric methods. Handbook of econometrics Chapter 38,
4:2295-2339, 1994.

P. Lax. Functional Analysis. Wiley-Interscience, 2002.

O. V. Lepski and V. G. Spokoiny. Optimal pointwise adaptive methods in nonparametric estimation.
The Annals of Statistics, 25(6):2512-2546, 12 1997.

W. K. Newey. Semiparametric efficiency bounds. Journal of applied econometrics, 5(2):99-135,
1990.

W. K. Newey. Kernel estimation of partial means and a general variance estimator. Econometric
Theory, 10(2):233-253, 1994.

39



W K Newey and J L Powell. Instrumental variable estimation of nonparametric models. Econo-
metrica, 71(5):1565-1578, 2003.

W. K. Newey, F. Hsieh, and J. M. Robins. Twicing kernels and a small bias property of semipara-
metric estimators. Econometrica, 72(3):947-962, 2004.

S. Pereverzev and E. Schock. On the adaptive selection of the parameter in regularization of
ill-posed problems. SIAM Journal on Numerical Analysis, 43(5):2060-2076, 2006.

D Pollard. A user’s guide to measure theoretic probability. Cambridge University Press, 2002.

D. Pouzo. On the Non-Asymptotic Properties of Regularized M-estimators. ArXiv pre-print
1512.06290, 2015.

J. L. Powell and T. M. Stoker. Optimal bandwidth choice for density-weighted averages. Journal
of Econometrics, 75(2):291 — 316, 1996.

J. L. Powell, J. H. Stock, and T. M. Stoker. Semiparametric estimation of index coefficients.
Econometrica, pages 1403-1430, 1989.

T. A. Severini and G. Tripathi. Efficiency bounds for estimating linear functionals of nonparametric
regression models with endogenous regressors. Journal of Econometrics, 170(2):491 — 498, 2012.

A Shapiro. On concepts of directional differentiability. Journal of optimization theory and applica-
tions, 66(3):477-487, 1990.

X Shen and W H Wong. Convergence rate of sieve estimates. The Annals of Statistics, 22(2):
580615, 1994.

C. Stein. Efficient nonparametric testing and estimation. In Proceedings of the Third Berkeley
Symposium on Mathematical Statistics and Probability, Volume 1: Contributions to the Theory
of Statistics, 1956.

A. W. Van der Vaart. Asymptotic statistics, volume 3. Cambridge university press, 2000.

A. W.van der Vaart and J. Wellner. Weak Convergence and Empirical Processes: With Applications
to Statistics. Springer Science & Business Media, 1996.

C Villani. Optimal transport: old and new, volume 338. Springer Science & Business Media, 2008.

H. White and J. Wooldridge. Some results on sieve estimation with dependent observations. In
W.A. Barnett, J. Powell, and G. Tauchen, editors, Non-parametric and Semi-parametric Methods
in Econometrics and Statistics. 1991.

J. Wolfowitz. The minimum distance method. The Annals of Statistics, 28(1):75-88, 1957.

40



Table of Contents of the Appendix

A Extensions of our Setup 41
A.1 Sample-Splitting Procedures . . . . . . . . . ... ... L. 42
A.2 Extension to General Stationary Models . . . . . ... ... ... ... ... 44

B Appendix for Section 3 45
B.1 Some Remarks on the Regularization Structure in the NPIV Example. . . . 47

C Appendix for Section 4.1 51

D Appendix for Section 4.2 52
D.1 Proof of Theorem 4.2 . . . . . . . . . . . . .. 52
D.2 Proof of Proposition 4.1 . . . . . . . . ... 56
D.3 An Extension of Theorem 4.2 . . . . . . . .. . .. .. ... ... ...... 58
D.4 Appendix for Section 4.3 . . . . . ... 58

E Appendix for Section 5 64
E.1 Appendix for Example 5.1 . . . . . . . . . ... 66
E.2 Appendix for Examples 5.2 and 5.3 . . . . ... ... 67

E.2.1 Proofs of Supplementary Lemmas. . . . . . . .. ... ... ... ... 71
E.3 Appendix for Section 5.5 . . . . ..o 73
E.3.1 Proof of Proposition 5.4 . . . . . . ... ... ... 74
E.3.2 Appendix for Example 5.4 . . . . .. ... oL 78

F Appendix for Section 5.6 83

F.1 Appendix for Example 5.6 . . . . . . . ... ... 83
F.1.1  Explicit bound for mg,e . . . . . . ..o oo 87
F.1.2 The Role of the Choiceof © . . . . . . .. .. ... ... ....... 93

Notation: Recall that ca(X) for some set X is the Banach space of all Borel measures
over X endowed with the the total variation norm, ||u||rv = |p|(X) where |.| is the total
variation. For a real-valued sequence (x,,)n, , T a € RU {co} means that the sequence is
non-decreasing and its limit is a; x,, | a is defined analogously.

A Extensions of our Setup
In this Appendix we briefly discuss how to extend our theory to general stationary models

(Section A.2), we also discuss how to extend our setup to capture some sample splitting
procedure commonly used in the literature (Section A.1).
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A.1 Sample-Splitting Procedures

Our regularized estimator — like the plug-in one — is defined in terms of P,, and as such is
permutation invariant. Thus, estimators that do not enjoy this property are not covered by
our setup; perhaps the most notable class of estimators that falls in this category are esti-
mators that rely on sample splitting procedures. We now argue that a slight generalization
of our framework can encompass some splitting-sample procedures.

In order to illustrate the challenges and proposed solutions that arise from these pro-
cedures, we present the problem in a simple canonical example. Suppose the parameter of
interest is comprised of two quantities: a vector, denoted as h € ‘H (H being some subset of
a Euclidean space), and a real number, denoted as # € R. The former should be treated as
a so-called “nuisance parameter” and the latter as the parameter of interest. Moreover the
following “triangular structure” holds:

P ¢(P) - (0(P> h(P))>h(P))> (17)

where P — h(P) € H is the mapping identifying the nuisance parameter and (P, h) —
0(P, h) € R is the mapping identifying the parameter of interest. The “triangular structure”
means that h only depends on P whereas 6 depends on both P and h(P). An example of
this structure is one where 0(P, h) = Ep|¢(Z, h)] where ¢ is a known function that depends
on the data Z but also the nuisance parameter.

Suppose the following estimator is considered. The data is divided in halves (for simplicity
we assume the sample size to be even). An estimator, denoted as 1&1, is constructed by using
the first half to construct an estimator of h and using this estimator and the second half of the
sample to construct the estimator for . Another estimator, denoted as %, is constructed by
reversing the role of the first and second halves of the sample. The final estimator is simply
d = 0.5@@1 + 0.5@/32. To keep the setup as simple as possible, we assume, for now, that the
plug-in estimator is used (within each sub-sample) for estimating both 6 and h, i.e., there is
no need to regularized the problem.

It is easy to see that Qﬁ is not permutation invariant and thus does not fall in our frame-
work. We now propose an alternative formulation of the original problem that, while seem-
ingly redundant and even contrive at first glance, will allow us to extend our framework
to this problem. This formulation entails thinking of ¢ as a function of two probability
distributions over Z. Formally, 1) : M x M — R x H, where

?/J(Pl, P2) = (9(P1, h(P2))a h(P2))- (18)

At the population level this distinction is superfluous because, if the true probability is
given by P, then ¢(P) = (P, P). However, by taking ¢ as the parameter mapping, the
split-sample estimator can be formulated as follows. Let P,(Ll) be the empirical distribution
generated by the first half of the sample and P? be the empirical distribution generated by
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the second half of the sample. It follows that
b = 0.50(PY, PA) 4+ 0.5¢(PP, PWY).

That is, the split-sample estimator can be seen as Welghted avera e of two plug in estimators
using the parameter mapping 1. Since the estimators ( p , n2 will converge to (P, P)
under the same conditions that ensure convergence of Pn to P (except in the former case
the relevant sample size is n/2 not n), then one can establish consistency and asymptotic
linearity by using the typical results for plug-in estimators, but using 7 as the original
parameter mapping, and not 1.

The formulation using ¢ allow us to tackle the case in which the estimation problem for
h or 6 needs to be regularized; e.g. if h is a function or a high-dimensional vector. We do
this by proposing a regularization — in the sense of Definition 3.1 — for 1 as opposed to 1,

and construct the regularized estimator as
0.5¢ (P, P)) 4 0.59,(P, PV), Wk € N.

Thus our results can be applied to this case, by taking the regularization to be (). For
instance, to establish consistency, following Theorem 4.1, it suffices to verify continuity of

(t0n) k-

The example given by expression (17) has 3 features that we believe are key in order
to extend our general theory for regularized estimators to encompass sample-splitting pro-
cedures. We now extrapolate these feature from this simple canonical example to a more
general setup

1. The number of splits in the sample is fixed, in the example was 2, in general it can be
s € N but s is assumed not to grow with n. Following the insight in expression 18,
the new parameter is given by ¥ (P, ..., P,) where Pi, ..., P, belong to the model M.
Moreover, assuming, for simplicity, that n = sm for some m € N, it also follows that
one can construct a vector Pﬁl), ey PT(LS) of empirical probability distributions, one for
each sub-sample.

2. The estimation procedure within each sub-sample admits a regularlzatlon as defined
in our paper. That is, there exists a sequence () such that (P, p o Pém)) is
well-defined for each permutation 7, ..., of {1,...,5}, and (P, ..., P) converges to
(P, ..., P) = ¢(P) for each P € M.

3. The final estimator is a convex combination of the estimators @R(Pém), o P,Efs)). For
instance, if s = 3, then the final estimator is of the form Zi,j,ke{1,..,3} wi7j7kzzk(P,§i), Péj), P,(Lk))
where (w; j )i j, are given weights. This last assumption is, in our opinion, less critical
than the other two since we conjecture the convex combination can be replaces by a
“smooth” operator.
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We believe these features are general enough to encompass the sample-splitting proce-
dures commonly used in applications They, however, do rule out cases where the sample
splitting procedure demands number of splits that grow with the sample size.

A.2 Extension to General Stationary Models

We now briefly discuss how to extend our theory to general stationary models. In this case
a model is a family of stationary probability distributions over Z>, i.e., a subset of P(Z>)
(the set of stationary Borel probability distributions over Z>).

Let P denote the marginal distribution over Z; corresponding to P € P(Z>) (by sta-
tionarity, the time dimension is irrelevant). For a given model M, let M denote the set of
marginal probability distribution over Z, corresponding to M*. A parameter on model
M is a mapping from M to ©. That is, we restrict attention to mappings that depend only
on the marginal distribution. Our theory can also be extended to cases where 1) depends on
the joint distribution of a finite sub-collections of Z*°. Allowing for the mapping to depend
on the entire P is mathematical possible, but such object is of little relevance since it cannot
be estimated from the data.

A regularization of a parameter v is defined analogously and the (relevant) empirical
distribution is given, for each z € Z*, by P,(A) =n"'Y "  1{z: Zi(z) € A} for any Borel
set A C Z.

Theorem 4.1 can be applied to this setup essentially without change, the difference with
the i.i.d. setup lies on how to establish converges of P, to P under d. Similarly, the notion of
differentiability (Definition 5.2) can also be applied without change. The influence function
will also be given by z +— D (P)[d, — P]. The scaling, however, will be different, since

Ep [(\/ﬁDwk(P)[Pn - P])2] —Ep (n—m > Dun(P)loz, P])

:HSOk(P)H%Q(P)
+2n71 ) B [(Dyn(P)[dz, — P1) (Dyw(P)[oz, — P])]

1<j

n—1 n
:HSOk(P)H%%P) +2n7! Z Z Vi-ik(P)

=(lor(P)[[72(p) (1 + 20,4 (P))

where 7, (P) = Ep [(D¢k(P)[5Zo — PJ) (Dwk(P>[5Zj - P])] and
(i) k(P)
2nilP) = Z ( ”) Yio(P)

=1

Hence, the natural scaling is ||ox(P)||r2(p)v/(1 4 2®,,%(P)) and not ||k (P)]|12(p) as in
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the IID case. We note that our theory, a priori, does not require limsup,, , ., @, x(P) = oc.
In view of the previous discussion, the relevant restriction in Theorem 5.1 is

o (P — P)
\/_||90k(P)||L2(P)\/(1 +29,,,(P))

An analogous amendment applies to Theorem 5.2.

= Op(l).

B Appendix for Section 3

The next lemma formalize verifies Claims 1-3 and 1’-3” in the text. Throughout, let pi(-) =
kp(k-) for any k € K.

Lemma B.1. For all h > 0, t = (p1/n * p1/n)(t) = (p* p)1/n(t).
Proof. For allt € R,

(e o) ® = [ pntt = Do)z = [ pl(e = o) mypla/mde =1 [ plap(e/h — u)d
—h(px p)(t/R)

where the last line follows from symmetry of p. O

Lemma B.2. Claims 1-3 and 1°-3’ in the text hold.

Proof. For each case 1-3 and 1’-3’, we show that the k yields the associated estimators and
that x is a valid choice in each case.

(1) Follows directly from the fact that py/, x P, = p1/a-

(2) By Lemma B.1, ¢ — (pi/n * p1/n)(t) = h ™' (p* p)(t/h). Hence, by taking k = p* p
it follows that ¢ — k1, (t) = b= (p* p)(t/h) = (p1/n * p1/1)(t). Moreover, « is indeed a pdf,
symmetric and continuously differentiable.

We now show the form of the implied estimator. We use the notation (.,.) to denote the
dual inner product between L*°(R) and ca(R), so

/ (K1n * P)(@)P(dx) =(p1jn * p1jn* P, P) = / / p1/n(x — y)(p1/n* P)(y)dy P(dz)

_ / (o1 % P)(y) / only — ) P(d)dy
:<f)1/h x P, P1/n * P>L2

where the second line follows by symmetry of p. Since p;/, x B, = pj, the result follows.
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(3) Take k() = (—pxp(-)+2p(+)). It follows that [ k(u)du = — [ prp(u)du+2 [ p(u)du
1. Smoothness follows from smoothness of p. Finally, we note that one can write k() a
{p*p(t) +2(p(t) — p* p(t))}.

By Lemma B.1 ¢ — k1/,(t) = b= (pxp)(t/h)+2h" (p(t/h) — pxp(t/h)) = (p1/n*p1sm)(t)+
2(p1/n(t) — pi/n* p1yn(t)). So the expression of the estimator follows from simple algebra.

as

(1’) Since P does not have atoms, Z; = Z; iff i = j a.s.-P. It follows that the estimator is
given by n™> ", - kiyn(Zi — Z;) = n "k n(0) 072 > iz k1yn(Zi — Z;) a.s.-P and the result
follows since k(0) = 0.

(2’) The expression of the estimator follows from analogous calculations to those in 1’.

(3”) By the calculations in (3)

/(ﬁh(z))de = /(Pl/h * iy * Po)(2) Py(de) = n~? Zpl/h * p1n(Zi — Z;) + 1" payn x pryn(0)
i#]
=n"" Z pijn* pyn(Zi — Zj) +n”! /(P1/h(2))2d2
i#£j

where the last line follows by symmetry. Hence

Jon@2dz =2 [Pz 0t [op(fids == S pun e punl 2 - 2)
i#]
=—n? Zpl/h * pun(Zi — Z;) x 1{Z; — Z; # 0}

where the last line follows because P does not have atoms, so Z; = Z; iff i = j a.s.-P.
Similarly,

n! Zﬁh(zi) —2p1/1(0)/n =2 < Zpl/h (Zi — Z;) P1/h(0)/”>

=2n"? Zpl/h (Zi — Zj)
i#]

=2n"2 ZPl/h(Zi — 7Z;) x WZ; — Z; # 0}.

.3
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Proof of Proposition 3.1. Since P € M it admits a smooth pdf, p, it follows that
(P = o(P) = [ ([l = oty = pio) ) sty
= [ [ wwple = u/m)du pla)pla)da
= [ b/t - pp(0) (w)du

where ¢ — p(t) = p(—t). Henceforth, let t — g(t) = p* p(t).
Our condition (2) implies that p and p belong to the Besov space Bj (R). Lemma
12 in Giné and Nickl [2008] implies that g € B2 _(R), in fact since 20 ¢ N, g is Holder
continuous with parameter 2p. This implies and the previous display imply that By(P) <
Ck=2 [ |u|*?|k(u)|du for some universal constant C' < co.
O

Remark B.1 (Remarks about the Condition 2). Gine and Nickl [2008] imposes p € HS(R),
whereas our restriction essentially implies that p € By (R). In that paper and in ours the
smoothness coefficient o is less than 0.5, i.e., we have “low” degree of smoothness. Because
of this, whether or not the kernel is a “twicing kernel” does not matter for the control
of the approximation error. For larger levels of smoothness, e.g. o > 1, we expect the
“twicing kernel” — or higher order kernels in general — to yield different bounds for the
approximation error. The goal of this example is to illustrate the scope of our methodology

and thus we decided to stay as closed as possible to the existing literature and omit the case
0>0.5. A

B.1 Some Remarks on the Regularization Structure in the NPIV
Example.

The general regularization structure, (R p, Tk p, 7k p)ren, and conditions 1-2 are taken from
Engl et al. [1996] Ch. 3-4. It is clear from the problem that

Dy = {p € ca(R x [0,1]%): E,[|Y]?] < 00 and E,[|h(W)]*] < co Vh € L*([0,1])}.  (19)

The next lemma presents useful properties of Dy. The proof is straightforward and thus
omitted.

Lemma B.3. (1) Dy D MUD; (2) Dy is a linear subspace.

We now discuss canonical examples of regularizations methods for the first and second
stage that we consider in this paper.

FIRST STAGE REGULARIZATION. For any P € D, and any k£ € N, we can generically
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write 7, p as

@)= [y [ Ulel,0) Py, ar'), v € 0.1),
where Uy € L>([0,1]?) symmetric. For instance, if
(', 2) = Up(2', ) = ku(k(z — 2"))

where u is a symmetric around 0, smooth pdf, then x — ry, p(z) = [y [ ku(k ")P(dy,dx'),
which is the the so-called kernel-based approach; e.g., for ill- posed inverse problems see Hall
and Horowitz [2005] among others.

In the case one defined rp using conditional probabilities, i.e., rp(z) = [yp(y|x)dy. The
kernel approach becomes

[ ku(k(z —2')) P(dy, dz’)
T () = / [ ku(k(x — ")) P(dz’)

(e.g. Darolles et al. [2011]). Observe that rp is only defined for probability measures for
which the pdf exists.
Another approach is to directly set

(', 2) = Un(',2) = (u"(2))" Quuu*(2).

where (uy)gen is some basis function in L2([0,1]) and Quu = Ere|(v*(X))(w*(X))T]. In this
case, x — 1 p(z) = (u¥(2))T QL Ep[u”(X)Y], which is the so-called series-based approach;
e.g., for ill-posed inverse problems see Ai and Chen [2003], Newey and Powell [2003] among
others.

Analogously, one can define T}, p as

g Trplgl(z) = /g(w)/Uk(as’,x)P(dw,dx'), Va € [0,1],

and the same observations above applied to this case.

The next lemma characterizes the adjoint for any P € M (i. e P as a pdf p) In this
case, we can view the regularization as an operator actlng on Tplg f g(w)p(w, z)dw,
given by Uy, : L*([0,1]) — L*([0, 1]), where U Tp[g|(z) = [ Ux(a',z fg p(w, )dwdx

Lemma B.4. For any k € N and any P € M (in particular, it admits a pdf p), the adjoint
of Tr.p is Tj; p - L*([0,1]) — L*([0,1]) and is given by

f= T3 plf] = T U f].
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Proof. For any k € N and any P € M,

(Terlgl F)recon) / UTplg)(x)) f(x)da

/ //%xm (2)dap(w, ')’ dw

<9, Puk[f]>L2 ([0,1])
for any g, f € L*([0,1]). H

If P ¢ M, in particular if it does not have a pdf (with respect to Lebesgue), the adjoint
operator is different; the reason being that 7% does not map onto a space of functions because
P does not have a pdf. In this case, consider the operator Ap : L*([0,1]) — ca([0,1])
given by f Ap[f](B = [,ep ) f(x)P(dw,dz) for any B C [0,1] Borel. Note that
|Ap[f]()] < [|f(z)|P(dx) < oo provided that f € L*(P), which is the case for any P € Dy.
The next lemma characterizes the adjoint in this case.

Lemma B.5. For any k € N and any P € Dy, the adjoint of Ty, p is given by
[T plf] = ApUi[f].

Since Uy € L2(0, 1), T3 plf1([0,11) 3 11f11s2(y |Usl 10y which is finite for P € D,
So Ty p[f] in fact maps to ca([0, 1]).

Proof. For any k € N and any P € Dy,

(Te.rlg), Fr2on) // /mx@mmmwﬂmm
~ [atw) ([ i orstoie ) Plaw.aw'
= [ tw) [wir@) P, ar),

for any g, f € L*([0,1]). O

One possibility to avoid the aforementioned technical issue with the adjoint operator is
to define a regularization given by

9 Tuslale) = [ otw){ [ Ui oatal, )Pl ) o, o € 1)

where U, € L*=([0,1]?) symmetric. For example, if Vi(w',w) = h; 'v((w’ — w)/hy, (and
Uy, is also given by the kernel-based approach), then in this case (z,w) — Wi[P](z,w) =
J U2, 2)Vi(w', w)P(dw', dz’) is a pdf over [0,1]* (regardless of whether P has a pdf or
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not), and thus

Fs Tiplfiw) = [ F@WilPlGe,w)ds

For instance, Hall and Horowitz [2005] considered a method akin to this.

In the case Tp is defined as a conditional operator, one can consider the sieve-based
approach for Uy and Vi(w',w) = (v*(w))TQ,lv"(w') for some (vy)reny basis function in
L?([0,1]). Then, in this case,

T plgl(x) =(u*(2))" Quu Eplu" (X) (v" (W) Qy, Eres[v* (W)g(W)]]

(
(0 () Q) Quo Q) Epenlo (W)g(W)]
[ atw { / ()T Qi (o) (o (') ;;v%w)P(dw',dxv} du
where Qo = ELop[(v* (W) (" (W)T] and Qup = Ep[u®(X)(v*(W))7], and

f o T 1)) = (0 ()" Q@ QL Qi Erafu (X) ()]
- / F@)WilP)(x, w)dz

where Wi[P](z,w) = [ (u*(2))" Quuu® (') (v* (w))T Qyyv* (w) P(dw', da’).

SECOND STAGE REGULARIZATION. For the second stage regularization, one widely used
approach is the so-called Tikhonov- or Penalization-based approach, given by solving

arg ]ggél{EP [(Tk,P(X) - Tk,P[Q](X)ﬂ + )‘k||9||%2([0,1])}
which is non-empty and a singleton. This specification implies that
Rip = (T pTip + Med) 7,

which is well-known to be well-defined, i.e., 1-to-1 and bounded for any A\, > 0.
Another widely used approach is the sieve-based approach that consists on setting up

arg min Ep [ (1, p(X) — Ty, p|0] (X))z}
0cOy,
and specifie the (O); such that (1) Ug©y is dense in © and O has dimension k, and (2)
arg min exists and is a singleton. For instance if ©j is convex, then a solution exists and is
unique provided that Kernel(Ty p|©x) = {0}. In this case
Rip = (IG5 pTe,plli) Y,

where Il is the projection onto ©y.
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VERIFICATION OF DEFINITION 3.1. The next Lemma shows that given Conditions 1-2
listed in Example 3.2, (¥x(P))ren (and hence (7x(P))ren) is in fact a regularization.

Lemma B.6. Suppose Conditions 1-2 listed in Example 3.2 hold. Then (Vr(P))ken (and
hence (Vi (P))ken) is a reqularization with Dy, given in 19.

Proof. Condition 1 in Definition 3.1 is satisfied by Lemma B.3. Regarding condition 2 in
Definition 3.1, note that

e (P) = V(P)|| 2o < | Ru,p T plre.e — mp)| 20,1 + |(Rip T p — (TpTp) " T)[rp]l 2(0,1))s

which vanishes as k diverges by our conditions 1-2. O]

C Appendix for Section 4.1

The next lemma provides an useful “diagonalization argument” that is used throughout the
paper.

Lemma C.1. Let S = {kq, ko, ...} with k; < ki1 for alli € N. Take a real-valued sequence
(Tkn)kesmen such that, for each k € N, lim,_,o |x5,| = 0. Then, there exists a mapping
n = k(n) € S such that (a) lim, o |Trmyn| = 0 and (b) k(n) 1 co.

Proof. By pointwise convergence of the sequence (2, ), for any I € N, there exists an(l) € N
such that |z, .| < 1/2% for all n > n(l). WLOG we take n(l + 1) > n(l).

We now construct the mapping n +— k(n) as follows: For each | € N, let k(n) = k; for
all n € {n(l)+1,...,n(l+1)}; and k(n) = 0 for n € {0,...,n(0)}. Since the cutoffs n(.)
are increasing the set {n(l) + 1,...,n(l + 1)} is non-empty for each [. For integer L > 0,
k(n) > kg for all n > n(L) + 1; since (k;); diverges, (b) follows.

To show (a), for any € > 0 take [, such that 1/2%< < ¢. Observe that for any n > n(l.)+1,
|Zk(n)n| < 1/2% < € by construction of (n, k(n)). Thus, (a) follows. O

Proof of Lemma 4.1. For any k € K and any n € N, by continuity it follows ||ty (P,.(Z)) —
Ur(P)lle < 0x(d(P,(Z), P)) a.s.-P. In what follows, we omit the dependence on Z.

So it suffices to show that there exists a diverging (k,,), such that for any € > 0, there
exists a N € N and a M > 0 such that

sup P ((5k(d(Pn, P)) > 5k(M7";1)) <e€

keK

for all n > N.
Since t + 4, (t) is non-decreasing for all k € K, it follows that P (6x(d(P,, P)) > dp(Mr; 1)) <
P (d(P,,P) > Mr,;') for any (n,k) € N x K and any M > 0. Hence,

sup P (04(d(Py, P)) > 6i(Mr,")) <P (d(P,, P) > Mr,")
keK
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for any n € N and any M > 0.
By assumption, r,d(P,, P) = Op(1). This fact and the previous inequality imply the
desired result. ]

Proof of Theorem /4.1. Fix any € > 0. By the triangle inequality and laws of probability, for
any (k,n) € N x K,

P ([[vn(Pn) = ¥(P)lle = €) < P ([[vw(Fa) — ¥u(P)lle = 0.5¢) + 1{|[¢u(P) — ¥(P)[le = 0.5¢}.

By assumption, there exists a (7,)nen such that ;! = o(1) and d(P,, P) = Op(r, ).
Thus, by Lemma 4.1, there exists a N € N and a M > 0 such that for all £ € K and all
n>N,

P (|[Ye(Pn) —0(P)llo =€) < e+ {8 (Mr,') > 0.5¢} + 1{[|¢n(P) — 1 (P)]|le > 0.5¢}.

Observe that for each k, d,(Mr ') = o(1). Since K is unbounded it contains a diverging
increasing sequence, therefore, by Lemma C.1, there exists a diverging (k;)nen such that
Ok, (Mr1) = o(1). This result, condition 2 in the definition of regularization and the previous
display at k = k,,, imply that

lim sup P (||, (Pn) — ¥ (P)lle = €) < €.

n—o0

Finally, we show that oy, (d(P,, P)) = op(1). Since t — &(t) is non-decreasing for all
k € K and d(P,, P) = Op(r;!) it follows that P (8, (d(Py, P)) > &, (Mr;})) < € for all
n > N' (WLOG we take N’ = N). Since 83, (Mr;') = o(1) the result follows. O

D Appendix for Section 4.2

Observe that the set £,, is random. To stress this dependence, with some abuse of notation,
we will sometimes use £,,(z) to denote the set.

D.1 Proof of Theorem 4.2

The next lemma provides two sufficient conditions that ensure the result in Theorem 4.2.
To do this, for any n € N, let

D, ={z€Z>*:d(P,(2),P) <r,'}.

Lemma D.1. Suppose there exists a sequence (jn)nen such that

1. For any € > 0, there exists a N such that P ({z € Z*: j, € L,(z)} N D,) > 1 — € for
alln > N.

2. There exists a constant L < oo such that &;,(r;') + B;,(P) < Linfgeg, {0x(r,;!) +
Bi(P)}.
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Then
145,(P) = v(P)lla = Or  juf 1l + Bu(P)} ).

Proof. Let A, ={z €Z>*: j, € L,(2)}.
For any z € A, N D,, it follows that

195, 2 (Pn(2)) = ¥(P)lle <[[¥g,, () (Pn(2)) n(2))lle + 1145, (Pu(2)) = (P)lle

—;, (Pa(2))
<5, (2 (Pu(2)) = 15, (Pa(2)lo + 65, (r, ') + By, (P)
<46, (ry ) + 65, (r ) + B, (P),

n

where the first linear follows from triangle inequality; the second line follows from the fact
that z € D,, and t — k() is non-decreasing; the third line follows from the fact that z € A,
and thus j, > k,(z). Thus,

40Dy €Lz € 72 |l ) (Pal2) = 9(P)llo <5 (5, 01) + B, (P)) }

c{x € 2% |l (Pal2) - 0(P)lle < L jnf (u(r?) + BulP)}
where the last linear follows from the second condition. Since by condition 1, A,, N D,, occurs
with high probability, the result follows. ]

We now construct a sequence (h,), that satisfies both conditions of the lemma. To do
this, let for each n € N,

G ={k € Gu: 0k(r,") = Bu(P)}
G, ={k € Gn: 0(r;') < Br(P)}.
Remark D.1. For any n € N, G or G, are non-empty. A

For each n € N, let

TJ = gh,t(rgl) + BhI(P)
if G is non-empty where
ht =min{k: k€ G'};

n —

and T = +o0, if G is empty. Similarly,
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it G, is non-empty where

h, =max{k: k€ G, };

and T, = +o0, if G is empty.

Remark D.2. (1) Observe that when G, (resp. G, ) is non-empty, since it is discrete, h;}
(resp. h, ) is well-defined.

Intuitively, A, is the “round up” version within G, of k(n); and A, is the “round down”
version within G, of k(n).

(2) By our previous observation and the fact that either G or G, is non-empty, it follows
that either T or 7, is finite. A

Finally, for each n € N, let h,, € G, be such that
ho = bW <T,; Y+ h, 1{T,7 >T,}.
Lemma D.2. For each n € N, h,, exists and
O, (r") + By, (P) = min {T,, . T,7 } .

Proof. For each n, by our previous remark, either T, or 7, is finite.
If T;F = oo, then T, < oo =T,/ so h,, exists and h,, = h.
If 7 = oo, then T,;F < oo =T, so h} exists and h, = h}.
Finally, if both are finite, then both A and A exist.
The fact that

On, (") + By, (P) = min {T;, T,
follows by construction. O

Lemma D.3. For each n € N,

On, (rt) + B, (P) < 2 inf {0x(r, ') + Br(P)}.

kegn

Proof. Observe that

kiggfn{gk(rgl) + Bp(P)} > min{kierlgf+{5k(r;1) + Bp(P)}, kingf,{gk(rﬁl) + Bi(P)}}

where the infimum is defined as +oo if the corresponding set is empty.
Fix any n € N, if G # {0},

inf {6x(r; 1) + Be(P)} > inf {0p(r; 1)} = 5,1;(7“;1) > 0.5 (Shi(rgl) + Bh+(P))

keg;t keG,t "

o4



where the first inequality follows from the fact that By (P) > 0; the second one (the equality)
follows from the fact that k ~ &(r; 1) is non- decreasmg and that A is minimal over G;
the third inequality follows from the fact that 6,+(r;') > B+ (P).

Similarly, if G, # {0},

kingfi{gk(r;l) + BL(P)} > kingfi{Bk(P)} = B,-(P) > 05 (8, (r,") + B,-(P)) .

Observe that here we use monotonicity of k + By (P).
Thus,

inf {6,(r;,") + Bp(P)} > 0.5min{T,, , T,7 },

kegn

and by Lemma D.2 the desired result follows.

Lemma D.4. For anyn € N, P({z € Z*: h, ¢ L,(2)}) < P(DY).

Proof. For any n € N,
P{zcZ>®: h, ¢ L,(2)}) <P{z€Z: h, ¢ L,(2)}ND,)+P(D).
By definition of £,, (omitting the dependence on Z),

{hn & L.} C {3k € Gyt k> hy and ||[Ve(Py) — ¥n, (Po)|le > 45k(r;1)}.

By triangle inequality and the fact that t + 0;(¢) is non-decreasing,

{h %ﬁ}ﬂD C{Hk’ng k’>h andék( )+Bk( )+5h(_1)+Bh( )>4(§k(7";1)}
(20)

We now derive a series of useful claims.

Claim 1: If there exists k € G,, such that k > h,, and h,, = h, then k € G. Proof: If
h, = h;,, then h, is the largest element of G, and thus k ¢ G, which means that k£ € G.
0

A corollary of this claim is that if there exists & € G, such that k > h, and h, = h_,
then G is non-empty. From this claim, we derive the following two claims.

Claim 2: If there exists a k > hy, then &, (r;') + By, (P) < 20,+(r;'). Proof:
If hy = hit, then 8, (i) + Bu(P) < 8us(rih) + Bys(P) < 25, (i), Tf hy = hi,
by the previous claim it follows that G is "non- empty and thus lfr is well- deﬁned thus
On (1) + B, (P) < 043 (") + By (P) < 26,4 (r,"). O

Claim 3: For any k > hy, 6,(r;%) > Bi(P). Proof: If h, = h} then the claim follows
because k + 6 (r; 1) — Br(P) is non—decreasmg. If h, = h,,, then k € G by Claim 1 and
thus 0y (r; 1) > Bk(P) O
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By Claims 2 and 3, it follows that if there exists k € G,, such that k > h,,, then 8, (r; %) +
By(P) + 0n,(r;") + B, (P) < 204(r, ") + 20,4 (r, ") < 40x(r,") where the last inequality
follows monotonicity of k + dx(r!) and the fact that k& > h} because k > h,, and so by
Claim 1 k£ € G and A is minimal in this set. Applying this to expression 20, it follows that

{hn ¢ L.} N D, C{3k €G,: k> h, and 46,(r;,") > 46x(r; ") } (21)

which is empty. Hence, P({z € Z*°: h,, ¢ L,(2)}) < P(DY) as desired. O

Proof of Theorem 4.2. We verify that (h,)nen satisfies both conditions in Lemma D.1. By
Lemma D.3 condition 2 in the Lemma D.1 holds with L = 2. To check condition 1 in the
Lemma D.1, observe that

P(Z*\{{z€Z>: h, € L,(2)}ND}) <P({z€Z>: h, & L,(2)})+P(DY).

Thus, by Lemma D.4 and the fact lim,, o, P(DS) = 0, (hy,)nen condition 2 is satisfied. [

D.2 Proof of Proposition 4.1

For any n € N, let
k(n) = min{k € R, : 5 (r;") > Br(P)}.

Lemma D.5. For each n € N, k(n) exists and solves

Bty (") = Bigny(P) = min max{3y(r, "), By(P)}.

" kER,

Proof. For each n consider the set {k € R, : di(r;') > Bip(P)}. The set is closed since
k +— Bi(P) and k — 0x(r;!) are continuous. Since x(r; 1) > 0 and By(P) = o(1), if follows
that there exists a K(n) < oo such that dx(r ') > By(P) for any k > K(n). Thus the set
is non-empty and since we are minimizing the identity function, the minimizer exists and
uniquely determined by

On) (1) = Biw) (P).
The second equality is obvious. O]

The next lemma shows that balancing the sampling and approximation error yields the
same rate as the “optimal” choice.

Lemma D.6. For anyn € N,

Oy (ry ) < inf {64 (r,") + Br(P)} < 200y (r, ).

- k‘ER+
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Proof. Observe that for any n € N and any € > 0, there exists k*(n) such that

5k*(n)(T;1) + Bk*(n)(P) — € S klerﬁng{(;k(T;l) + Bk(P)} S 25;6(”)(7’7:1).
The upper bound follows from the fact that infrer, {0x(r; ")+ Bi(P)} < 0k (r ')+ Bigm) (P)
and definition of k(n).
If k*(n) > k(n), then Op«(m)(rp') > Ok (ry, ') since k +— &;(t) is non-decreasing for any
¢t > 0 On the other hand, if k*(n) < k(n), then B,y (P) > Bin)(P) = 0kn)(r,, ') where the
last equality follows from Lemma D.5. Therefore, for any n € N and any € > 0,

Okny (') — € < ,iffelﬂg{gk(ﬁl) + Bi(P)} < 260 (r, ")

Since € > 0 is arbitrary the result follows. n

Proof of Proposition 4.1. By inspection of the proof of Lemma D.1 it suffices to show exis-
tence of a sequence (j,), for which Condition 1 and the following strengthening of condition

2 holds:

_ Condition 2’: There exists a constant L < oo such that &, (r,')+B;, (P) < Linfer, {0x(r, ")+
By (P)} for any n € N.

As for the proof of Theorem 4.2, we propose j, = h, for all n € N. By Lemma D.4
condition 1 holds, so it only remains to show that Condition 2’ holds.

Under the conditions in the proposition, h! and h; are well-defined for all n € N.
Moreover, they are either the same or consecutive elements in G,,. Thus, under the conditions
in the proposition, there exists a C' < oo and a N € N such that &,+ (r;') < C6,-(r;!) for
all n > N. Therefore, for all n > N,

O, (r 1) + By, (P) = min{gh; (r,
< min{gh; (rh)

< min
<206, (r,").

—
~—

—
=gl
>
S
—~
=
S
A
N—

Observe that h, < k(n) because, by definition §,-(r,') < B,-(P) but k(n) satisfies
Ok(ny (rit) > Bry(P), so under the fact that k — Bj(P) is non-increasing it must follow
that h,, < k(n). Thus, 6,-(r,') < 0k (r,, ') and the result follows from Lemma D.6. O

Remark D.3 (Sufficient conditions for G~ and G, to be non-empty in Proposition 4.1).
The condition that d;(r, ') < B;(P) for some j € G, is easy to satisfy as any fix j (e.g.
j = 1) will satisfy this condition eventually. The other inequality is more delicate but the

next lemma provides the basis for its verification.

Lemma D.7. limsup,,_,. 05 (") = 0.
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Proof. Suppose not. Then there exists a sub-sequence (n(j)); and a ¢ > 0 such that
5k(n(j))(r;(1j)) > ¢ for all j. Clearly (k(n(j))); must diverge, so Bym)(P) = o(1), but
then k(n(j)) cannot be balancing both terms. O

Let (j(n)), be such that liminf, . ;i (ry*) > 0. Since limsup,, Ok () = 0, it
follows that j(n) > k(n) eventually and thus 0;u,)(r, ") > Bjwm)(P).
Thus, any set G, such that G, > {1, j(n)} will satisfy that G and G, are non-empty, at

least for sufficiently large n. A

D.3 An Extension of Theorem 4.2

In this section we show that Theorem 4.2 can be extended to whole when G, is any closed
set of K. The extension is merely technical as one needs to ensure that some minimizers are
attained over G,, when this set is not finite.

First, one needs to ensure that k, exists with probability approaching 1. Lemma D.4
shows that with probability approaching one, the set £, is non-empty. Thus, it suffices to
argue that £, is closed. It is easy to see that the following assumption is sufficient for this.

Assumption D.1. For each P € D and each t > 0, the mapping k +— ¥ (P) is continuous
over G,,.

Observe that when G, is finite this condition is trivially satisfied and that is why it is
not imposed in the text.

The following theorem is an extension of Theorem 4.2 to the case where G, is a closed
set (not necessarily finite) of K.

Theorem D.1. Suppose all assumptions in Theorem 4.2 hold. And suppose further that
G, is a closed set (not necessarily finite) of K and that Assumptions D.1 holds. Then

145,(P) = v(P)lla = Or  juf 1l + Bu(P)} ).

Proof. The proof is identical to the one of Theorem 4.2. Assumption D.1 and the fact that
K is closed ensure that the quantities defined in the proof exist. O

D.4 Appendix for Section 4.3

For any probability P over a set A and any k € N, let ®f:1 P be the product probability
measure over Hle A induced by P. Also, recal that the Wasserstein distance for p > 1 over

73(]_[1?:1 Z) for some k > 1 is defined as

neH(P,Q

. 1/p
W (P, Q) = ( e [ lle—l u(d:c,dw)
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for any P,(Q in P(Hle Z), where H(P, (@) is the class of Borel probability measures over
Z2* with marginals P and Q. It is well-known that

(P,Q) = 1P = Ql iy, 2) = Wil P, Q)

where for any set A, let LB(A) to denote the class of bounded Lipschitz (with constant 1)
real-valued functions on A; see Villani [2008] p. 60.
The following lemma is used in the proof

Lemma D.8. For any P,Q inP(Z), anyk € N and anyu € H(P,Q), ®f:1 weH <®f:1 P, ®f:1 Q).

Proof of Lemma D.8. 1t is clear that the marginal of ®f:1 p of a pair (x;,y;) is u. Therefore,
for any Ay, ..., A, Borel subsets on Z,

k k k

Q) 1 (A1 X Z), ... (Ax x Z)) = [ [ u(As x Z) =" T P(A))

i=1 i=1 i=1
where * follows because u € H(P, Q). Equivalently,

k k

[ 9@ @uiaz.ap = [ 9@ @ Plan

i=1 i=1

for any g belonging to the class of “simple” functions on Hle Z:: 'The class of functions of the
form ¢(¥) = Zle 14,(z;) for any Ay, ..., A;, Borel subsets on Z. Since the class of “simple”
functions is dense in C(Z*,R) (the class of continuous and bounded functions over Z), by
taking limits and using the previous display one can show that

[ 1@ Qutaz.dp) = [ 1@ @ Plan

for any f € C(Hle Z,R). That is, the marginal probability of ®f:1 u for the first & coordi-
nates is ®f:1 P. A completely analogous argument shows that the marginal probability of
®f:1 u for the last k coordinates is ®f:1 Q. O

Proof of Proposition 4.2. First note that, for any f € LB, Ey, p)[f(Z)] = [¢¥u(P)(f(Z) >
t)ydt = [P(f(T,(z,P)) > t)dt = Ep [f (Tn(2, P))]. Hence, it follows that

[¥x(P) = ¥i(@)llo < sup |Ep [f (Ti(z, P))] — Eq~ [f (Ti(z, P))]]

f€Lip

+ sup [Eg« [f (Tk(2, P)) — f (Ti(z,Q))]]

f€Lip

=T (P, Q) + To (P, Q).
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We now show that both terms, T} (P, Q) and T3 (P, @), are bounded by VEWL(P, Q).
For any k € N, f(Tp(2,P)) = fx (\/Emax{k_l Zle Zi(z),0}> where fr, = f(- —

VEkmax{Ep[Z],0}). It is easy to see that for any k, f, € LB (given that f € LB). Moreover,
the mapping t — gx(t) = fr(max{t,0}) is also in Lip because

l95(t) = g (t)] < [max{t, 0} — max{t', 0} < [t' = 1], V¢, 1.

Finally, the mapping t — g,(Vkt)/Vk is also in LB since g, € Lip. Hence,
k k
(mxa) (-xa)
i=1 =1
For any g : R — R, let g : R¥ — R¥ be defined as

7= (z1,.2) = g(2) =g (kl Zzl) :

We now show that for any g € LB(R), kg € LB(R¥). This follows because

T 1(P, Q) <Vk sup

f€Lp

Fer.r ~Fetio ‘ - @)

k
9(2) = g < [k {z— 2} < k7Y — 2
=1

This result allow us to bound from above the LHS of the expression 22 so that

k k
Vi sp \Fgy p |1 (’f_lzzz) ~Fei o/ (k“IZZZ) ‘
felLB — 2
Sk*1/2 sup  |Eok f(2)] — B f A
fELB(RF) Qi1 P [ ( >] Rz, @ [ ( )}

k k
v (@r@o)
=1 =1
For any p € H(P,Q), @, u € P(Z* x ZF) where ZF = [[_, Z. Moreover, by Lemma

D.g, ®i’€:1 peH (®f=1 P, ®f=1 Q)
For any n > 0, let u* € H(P, Q) be the approximate minimizer of W; (P, @), i.e.,

/ |z — y|pu*(dr, dy) < Wi(P,Q) +n,
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as ®f:1 uw e H <®f:1 P, ®f:1 Q), it follows that
k k k
W (@r®0) < [ 171 @yt
=1 =1 i=1
k k
= Z/ s — il Q) (da;, dyi)
i=1 /22 i=1
k
= Z/ i — yi|p* (das, dy;)
i=1 Y27

— kW, (P,Q) + kn.
Since n > 0 is arbitrary, it follows that Wy (P*, Q*) < kWi (P, Q). Thus implying
T 1(P,Q) < VEWI(P,Q).
Regarding the term T3 (P, @), observe that

Trx(P,Q) <|Ti(z, P) — Ti(2,Q)]
—Vk| max{Ep[Z],0} — max{Eq[Z'],0}|
<Vk|Ep|Z] - Eo|Z.

Since Ep[Z] = [,, zu(dz,d2") for any p € H(P,Q).
1,4(P.Q) < VEIE(Z) - E(2)| < VE [ |z - #|uldz, ).

Choosing p as the (approximate) minimizer of W; (P, Q) it follows that
To(P,Q) < VEMI(P,Q).

]

To show the proposition 4.3, let ¥(P) € P(R) be defined as the probability of max{¢,0}
if P is such that Ep[Z] = 0 and the probability of ¢ otherwise, where ¢ ~ N(0,1). The
following lemma shows that ¢ (P) is the limit of (¢ (P))gen-

Lemma D.9. For any k € N and any P € M,

[x(P) = ¥ (P)llLp < 6k~ Ep[| Z°] + 1{Ep[Z] > 0}20(~VkEp[Z])
Proof. Since P € M, Ty(z, P) = max{k 23F (Zi(z) — Ep|Z]),~VkEp|[Z]} for any
keN,
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By triangle inequality and definition of ||.||.5,
I(P) = ¢(P)lss < sup B (|7 (Tu(z, P)) — f (max{, ~VhERIZ]}) |
+ sup F Hf (maX{C,—\/EEP[Z]}> - f(SP(O)H

fELB
=Termy (k) + Terms(k),

where ¢ ~ N(0,1) and ¢t — sp(t) = max{t,0} x I1{Ep[Z] =0} +t x 1{Ep[Z] > 0}.
We now provide a bound for terms Term;(k). For any f € LB and any k € N, the
mapping t — fi(t) = f(max{t, —vVkEp[Z]}) satisfies, for any t <t/

fet') = fi(@)] < |max{t’, ~VEEp[Z]} — max{t, —VkEp[Z]}]

where the RHS isequal to 0if t < ¢ < —kEp[Z], t'—(—kEp[Z]) <t'—t;ift < —kEp[Z] < /;
and t' —t if —kEp[Z] <t <t'. Hence |fi(t) — fu(t)] < |t' —t|. The same inequality holds
when t' <, so fj is in LB. Therefore,

f (k‘m Z(ZZ- —~ mzp) —f <<>]

where the last line follows from Berry-Esseen Inequality for Lipschitz functions (see Barbour
and Chen [2005] Thm. 3.2 in Ch. 1).

Regarding Terms(k), we note that if Ep[Z] = 0, then Termay(k) = 0, because sp(() =
max{(,0}. So we only need a bound for Ep[Z] > 0. Under this condition,

Termy (k) < sup
feLB

Ep < 6k~ Ep[|Z)?]

Termy(k) < sup B [1{C < VEEp[Z]} ‘f <max{g, —\/EEP[Z]}> _ (g)H .
Since || f||z~ < 1, the inequality further implies that Terma(k) < 2E [1{g < —\/EEP[Z]}} -
20 (—VkEp[Z]). O

Proof of Proposition 4.3. By the triangle inequality,
5, (Pn) = ¥n(P)llLs <[[¢g, (Fa) = (P)llLs + [[¥(P) = ¥n(P)l|5
By Lemma D.9, |[¢x(P) — ¢(P)||Lp < 6k~2Ep[|Z|*] + 1{Ep[Z] > 0}2&(—VEkEp[Z]).

Thus, we can invoke Theorem 4.2 and its corollary to show that ||y (P,) — ¥(P)||Lp =
Op <infke{1 ol VER Y2 + 1{Ep[Z] > 0}20(—VEEp[Z)) +kf1/2Ep[|Z|3]}). It is clear

that the choice k that achieves the infimum will diverge with n, so for this choice of
k, 1{Ep[Z] > 0}2&(—VkEp[Z]) will eventually be dominated by k~/?Ep[|Z|?]. Hence

.....
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The desired result follows from the fact that for sufficiently large n, ||(P) — ¢, (P)||Ls <
8n~Y2Ep[|Z|?] and the fact that there exists a C' > 0 such that infycq n}{ln\/En’l/Z +

.....

EV2Ep(|Z)P]} > Cn~Y2 for all n. O

Proof of Proposition /.4. Throughout, fix k and P, P’" and let ||.||e = ||.||ze- Let Or(M) =
{0 € ©: [0 —n(P)lle = M}. And, let

o Uty = int DO = QB G(P)
0€Oy(t) t

Towards the end of the proof we show that Uy is continuous. Let t — 'y (t) = infss; Uk(s);
it follows that ['y, < Uy, I'y is non-decreasing and by the Theorem of the Maximum Iy is
continuous.

We show that ||, (P) — ¢x(P')|le > M = T,'(d(P, P')) cannot occur.? To do this, we
show that 1{||vx(P) — ¢¥x(P')|le > M} = 0. Observe that

H{[[n(P) = en(P)llo = M} =L{Ujen{2M > [[n(P) — ¢i(P)lle = 27" M}}
<max {2/ M > [[un(P) = ¢u(P)|lo = 27 M}.

For each (j,k) € N2, let S; = {0 € Ox: 22M > |[vr(P) — b|le > 227 M}. Tt follows
that, for any j € N,

Wn(P) € 5,0} < 1{ . QP < QP (P }

because 1 (P) € O \ Sjx. Observe that, for any 6 € Sj;, U {¢y(P)} C {0 € O: [|0 —
Vi(P)lle <22 M}

Q(P',0) = QP vu(P)) 2Q(P,0) — Q(P, ¢ (P))
—|Q(P",0) = Q(P', i (P)) —{Q(P,6) — Q(P, ¢ (P))}
>Q(P,0) — Q(P,yi(P)) — 2 MA;(P, )

where

A;r(P,P) = Q" 0) - QP ¢u(P)) — {Q(P,6) — Q(P, Y (P))}]

sup
0€0y: ||0—i(P)lle<29 M ||0 - W(P)H@

26Note that U, ' (t) = inf{s: Uy(s) > t}.
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Hence,

: - Q(P.6) — Q(P, 4u(P)) ,
H{y(P') € S} <1 {%@k: ||9*wir(11£)\\@22j*1M T, < 0.54,,4(P, P
~ Q(P,0) — Q(P,r(P)) )
< <0.
=1 {eeek: ||0—¢}€I(11£)H@22j71M 2—1)\[ <0 519?331( A k(P P')

<1 {Fk(2j1M) < 0.5 max Ao (P, P’)} :
S
Since Uy, is non-decreasing, the previous display implies that
Hun(P') € St <1 {2J’1M <I.'0.5 max Ao (P, P’))}
S

which equals zero by the definition of M, the fact that I',' is non-decreasing and 2/-! > 1.

We now show that ¢t — Ug(t) (and thus I'y) is continuous. Consider the problem
infco, (1) Qx(P,0), and consider the set Ly(M) = {0 € O,(M): Pen(0) < A\, 'Q(P,0k)}
for some (any) 65 € ©,(M) which is non-empty and close. To solve the former minimization
problem it suffices to solve infgcr, (ar) Qi (P, 0), because the minimum value cannot be outside
L (M). Because Pen is lower-semi-compact, Ly (M) is compact (a closed subset of a compact
set) so this and lower-semi-continuity of Q (P, -) ensures that infgcr, (1) Qr(P,0) is achieved
by an element in Ly(A/) and the same is true for the original V(M) = infyco, (1) Qr(P, 0).
We just showed that the correspondence M — Ly (M) is compact-valued, it is also continu-
ous. By virtue of the Theorem of the Maximum, Vj, is continuous; it is also non-decreasing.
The function ¢ — Ug(t) = Vi(t)/t is also continuous in ¢ > 0. O

E Appendix for Section 5

Proof of Theorem 5.1. We first show the desired result for a fixed k, i.e., k(n) = k for any
n € N.

Let (z,k) — ¢r(P) = Dyp(P)[d, — P| which is well-defined because §, — P € Tp.
We now show that ¢ (P) € L2(P). The fact that has mean zero (provided it exists) is
trivial, so we only show that [ |ox(P)(2)[*P(dz) < oco. The topology is locally convex
and thus generated by a family of semi-norms. Suppose there exists a L < oo such that
| Doy (P)[0, — P]| < p(6, — P) where p is a member of the family. Because the topology 7 is
assumed to be dominated by ||.||7y it follows that p(d, — P) < C||0, — P||rv < 2C for some
finite C' for any z € Z. And thus [ |¢(P)(2)*P(dz) < 2CL < oo as desired.

We now show that there exists a member of the family of semi-norms, p, and a L < oo
such that |Dyy(P)[Q]| < Lp(Q) for all @ € ca(Z). Suppose not, that is, for any R > 0
and any p, there exists a @) such that p(Q) = 1 and |Dvyy(P)[Q]| > R. Since Duy(P) is
continuous with respect to 7, there exists a member, p, of the family of semi-norms such that
for any € > 0 there exists 6 > 0 such that if @) is such that p(Q) < 0, then | DYy (P)[Q]] < €.
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Let R = ¢/d. There exists a @ such that p(Q) = 1 and 0| D¢ (P)[Q]| > €. Let v = §Q, then
p(v) =6 but 0| Dy (P)[Q]| = |DYx(P)[0Q]| = |DYx(P)[v]| > € but this is a contradiction.
We now show that (P, — P) = op(n~"/?) for each k € K. Let n — G,, = v/n(P, — P).
It follows that, a.s.-P, t — P 4+ tG,, is a valid curve because G,, € Tp a.s.-P.
Fix any ¢ > 0 and let U € C be as in the condition of the statement of the theorem.
Then, letting D,, = {z € Z*>°: G,(z) € U}, it follows that

P(\/mnk(Pn _P)l > 6) <P (\/ﬁ|77k(Pn_P)| > € | Dn) +P(Dg)'

The second term in the RHS is less than e for all n > N. Regarding the first term in the
RHS it follows that, over D,,,

e (P = P)|/tn < sup |nx (6.Q) [/t
QeU

where ¢, = 1/y/n. Thus, by definition of differentiability, the first term in the RHS also
vanishes as n — oo. So the desired result follows.
Therefore, for any k € K

1
lox (P)|z2(p)

V(P — P)|
k(P 22(p)

V(e(Pn) = i(P)) —n Z Dy (P)|0z, — Pl| =

and YAlm(Pa=P) _

Toe(Ploayy — op(1), as desired.

We now shows existence of a diverging sequence by using the first part and the diagonal-
ization lemma C.1.

For any € > 0, £k € N and n € N, letT(ekn)_P<\/_M>e> To show

H‘Pk ||L2(P)
the desired result it suffices to show that there exists a non-decreasing diverging sequence

(5(n))n such that for all € > 0, there exists a N such that

T(e; j(n),n) <e

for all n > N.

We shows that, for any k € K, lim,, o, T(27%,k,n) = 0. By Lemma C.1, there exists
a non-decreasing diverging sequence (j(n))pen such that lim, . T(277™, j(n),n) = 0; i.e.,
for any € > 0, there exists a N(e) such that T(277™ j(n),n) < e for all n > N(e).

Since j(.) diverges, there exists a N, such that 1/2/(W < ¢ for all n > N.. By these
observations and the fact that € — T'(¢, k,n) is non-increasing,

T(e,j(n),n) < T2, j(n),n) <e

for all n > N, = max{N,, N(e)}, and we thus showed the desired result.
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The following result is a well-known representation result (see van der Vaart and Wellner
[1996]) and is stated merely for convenience.

Lemma E.1. Let z — G,(2) = /n(P,(z) — P). Suppose S is P-Donsker. Then there
exists a tight Borel measurable G € L*(S) such that for any € > 0, there exists a Borel set
A CZ> such that P(A) > 1 —€ and ||G,(z) — G||s = o(1) for all z € A.

In the following proof, almost uniformly means that for any € > 0, there exists a Borel
set A € Z°> such that P(A) > 1 — € and sup,c4 ||Gn(7) — G||r~(s) = o(1).

Proof of Lemma E.1. Tt is well-known that the following representation is also valid: G, :
7> — L=(S). Since S is a Donsker Class, G,, converges weakly to some G tight Borel
measurable element in L>*(S) (e.g. see van der Vaart and Wellner [1996] Ch. 2.1). By
Theorem 1.10.3 in van der Vaart and Wellner [1996] there exists a probability space (Z>, P)
and a sequence of maps G,, : Z* — L>(S) for all n € N and G : Z> — L>®(S) such that (i)
|Gy, — G|z (sy = o(1) almost uniformly; and (i) G,, and G have the same law as G,, and G
resp. ]

E.1 Appendix for Example 5.1
Lemma E.2. For allk € N and P € M,
[lox(P)Iz2(p) < [Pl 700 )|l 0 my-

Proof. 1t suffices to show that Ep[|(rke x P)(Z2)[*] < ||pl|3~ ([ \/@(u)\du)Q. To do this, note
that

Bl + PY2)F) = [ ( JEECE z)k)p(x)dx)2p<z>das

_ / ( / /@(u)p(z—l—u/k)du)Z p(2)d
<t~ ( [ |m<u>|du)2.

Proof of Proposition 5.1. Consider the curve t — P + tQ for any @ € ca(R). It is a valid
curve because Dy, = ca(R). Therefore

O

(P 4+ tQ) — Y (P) =t {/(/{k * Q) (x)P(dx) + /(Iik * P)(:E)Q(dm)}
[ o Qo))
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Since k is symmetric, [(ky * P)(2)Q(dz) = [(ki * Q)(x)P(dx). From this display, Q

m(Q) = [ (ki * Q)(2)Q(dz) and Q — Dy (P)[Q] = 2 [ (rx * P)(2)Q(dx).
The mapping Q — 2 [(k; *x P)(2)Q(dx) is clearly linear. Also, note that for any reals x
and 2’

(ki x P)(x) = (ki % P)(2')] =k ’/p(y)(fi(k(y — x))dy — k(k(y — 2)))dy

for some C' < oo. The last inequality follows from the fact that z +— k(x) is smooth.
Therefore x +— (k*/C) (kg * P)(z) is in LB. This implies that for any Q" and @ in ca(Z),

[nr PY@Qa) ~ [t P2 < KCIQ Qi

and thus Q — 2 [(ky x P)(x)Q(dx) is ||.||rs-continuous.
We now bound @ +— 1,(Q). For any 2’ > x and any Q) € Tp, it follows that

@*@w»—@*Q@v—/kmw@—x»—muy—fm@uw
_ / & / "Wy — £)dtQ(dy)

=k’ /m ' / R (y — 1)Q(dy)

where the last line follows from the fact that ¢t — x(¢) is bounded. Since x is smooth,
y — K/(y — t) is Lipschitz (with some constant L) for any ¢ € R. Hence

|k x Q(2) — ke x Q(2)] < Lo’ — 2[||Q]| -

Thus, the mapping = — (kg x @Q)(x) is bounded and Lipschitz with constant L||Q||z5-
Therefore,

[ (Q)] < LIQIIL5-

E.2 Appendix for Examples 5.2 and 5.3

First, note that D, C ca(R x [0,1]?) (defined in Appendix B.1). For any k € N, let F}, :
L*([0,1]) x Dy — L*(]0,1]) be such that

Fu(0,0) = (T3 oThg + MeD)[0] — Ty glrrql  for Penalization — Based
M) = (T3 o T 1T ) [0] — TETY g [7k.q) for Sieve — Based
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for any (0, Q) € L*([0, 1]) xD,,. Note that for any Q € Dy, the integrals defining the operators
are well-defined by assumptions and so is T} 5; see Appendix B.1 for a discussion.

Let ep(Y, W)=Y —¢(P)(W) and g, p(Y, W) =Y — ¢4 (P)(W). Also, throughout this
section we use the notation introduced in Appendix B.1 to denote T}, p and other quantities.

Lemma E.3. For any P € Dy, and any k € N, 4y, is ||.||Ls-Frechet differentiable tangential
to Dy at P with deriwative given by:
(1) For the Penalization-Based:

Dy, (P)[Q) =(T3; pTe.p + Med) ™' T pTrqlen )
— (T3 pTio,p + Med) ' T o T, p [k (P) — (P)], VQ € Dy,
where & — Ty, plg)(@) = [ rel@’ ) [ (P)(w) — 9)Q(dy, duw, da).
(2) For the Sieve-Based:
Dy, (P)[Q) =T}, pTi,pILe) ' Ty pTrlen, )
— (T3 p T X)) T T o Thp [0 (P) — 9(P)], VQ € Dy
where z = Ty plgl(w) = (u'®(2))T Qi Ep[u’® (X)g(Y,W)] for any g € L*(P).
Proof. See the end of this Section. n
The following corollary trivially follows.

Corollary E.1. For the sieve-based and the penalization-based: For any P € Dy,
(1) The regularization v is DIFF (P, &) ,.)-

(2) For each k € N, the reminder of v, nk, is such that |nx({)| = o(||¢||zB), for any
¢ €Dy
Proof. See the end of this Section. n

Proof of Proposition 5.2. The result follows from Corollary E.1. Lemma E.3(2) derives the
expression for Dy (P); we now expand this expression in terms of the basis functions.
For any ¢, f € L*([0, 1)),

Tk, pllk[g](x) _TkP [( L ()T Q) ELe ™™ (W)g(W)]] ()
=(u’® ()T Qrt Quv Qs Eres[v™™ (W) g(W)),

2"The “0” function may depend on k.
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and

(T, pILklg], £z = [ (@™ (@) Qi QuuQuy Eres[v™ ™ (W) g(W)] f (x)da

fer
-

so 1Ty p = L*([0, 1], Leb) — L*([0, 1], Leb) and is given by

Erep[(u? P (XN £(2)] Qi Quo @y 0™ ®) (w) g (w) duw

f= TRTE (A1) = Eral(u’™ (X)) F(X)] Qs QuoQuy v" ™ ().
Hence
T3 p T pTIk[9)() = (079 ()T Q1) Q1 Qrt Quu Qo) Eres[v™ ™ (W) g(W)].

We now compute the inverse of this operator. Consider solving for g(.) = (v*®()TQ;!b
for some b € R* such that

T3 pTr pTIk[g] (1) = (0" ()T Qb
— QZUQ;’L}QUUQ;'L}ELGI?[UL(M(W>9(W)} =b
<~ ELeb[UL(k)(W)g<W)] = QUU(QZ’UQ’I;’L}QU’U)_lb

Hence, (ILT3: pT5,pI0) ~Hg] () = (2™ ()T (QL,Quu Qus) ~*b. Therefore

(I T3 p T, pI0) LTS p T glen,p) = (0 () (QL, Qi Quo) ™ QuoQus Eres[u”™® (X) Ty, o ler, pl]
="M () (QL,Qu Quo) ™' QuuQuu Eg[u” ™ (X)ey,p(Y, W)).

And

(I T3 p T, p 1)~ T T3 0 T p [0k (P) — Yia(P))]
="M (N (QF,Quu Quo) ™ ELe V"W (WILT o T, p [0 (P) — ia(P)J(W)].

It is easy to see that for any Q, Dvx(P)[Q] = [ m(w)Dyy(P)(w)[Q]dw, the goal is to cast
this as [ Dy;(P)[r](2)Q(dz). To this end, note that

/ (w) Dy (P) (1) Q)
_ / () (00 (1)) (QT, Q2 Q) QuoQ) Eo[ur"® (X ) o (Y W) duw
= [ )6 () (L QutQu) ™ Eralo O (WILT il (P) = POV

=Termy + Termay,.
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Regarding the first term, note that
Termis = [ Bralr )0 00) (@4Q0Qu) " QuuQulu’ (@)21p . w)Qldy. o, ).

We can cast Termyy, = — (I [x], (I T3 p Ty, pXlg) ™" [T T3 0 Tk P[0k (P) — ¥ia(P)]]) 2, and
thus

Termy = — (Tr (U Ty pTh, p1) " i [w], Te p[thr(P) — thia(P)]) 12
=— /(u‘](k) ()" Qu Equ’ ™ (X) (T3 p T pX1) " T [7] (W) T p 101 (P) — tia(P)] () dax
Z/EP[(%d(P)(W) — i (PY(W)) (' (X)) Qi () (I Ty7 p T, p1Li) ' i 7] (w)
X Q(dw, dx)

where the second line follows from definition of T} p.
Therefore,

Dyi(P)[x)(y, w, @) =Ere[m(W) (0" (W) [(Q1uQus Quo) ' QuoQut”® (2)zr p(y, w)
+ Ep[(via(P)(W) = (P (W) ('™ (X)) Qryu’ ™ ()
x (v (W) (@1 @ Quo) ™ Braa o™ (W)m (W)].

In the operator notation this expression equals

’U

Diyo(P)[7)(y, w, x) =Ty p(IE T pTh pX1k) " Tk [7] ()€, p (y, w)
+ Thp[tia(P) — n(P))(x) x (T3 pTy pIL) " g [m)(w).  (23)

]

Proof of Proposition 5.3. The result follows from Corollary E.1. Lemma E.3(1) derives the
expression for Dy (P); we now expand this expression 1n terms of the basis functions

Note that ¢, (P) = (T} pTr,p+MI) "' Tj prrp and 1y p(.) = [ kx(2'—=) [ ¥ia(P)(w)p(w, 2")dwdz’
so that ¢ (P) = (T,;PT,@p + A\ d)” 1T;,PTk7p[@/sz( )] Hence

(Tr pT.p 4+ Xed) T3¢ o T p [0k (P) — hia( P)]
=(Ti pTep + M) T T [(Ti pTop + M) T T p — 1)ibia(P)]
= — MLy pThop + D) 7T 0 T p (T p T p 4 M) ™ [hia(P)).
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Thus

Dye(P)[Q] =(m, Ri,p Ty pTr,[ek,P]) 12
+ XA, R, p T o T, p R p[Wia(P)]) 12
=(Ty,pRuipl7], Troler,pl) 2
+ Ml T, R, p[7], Tie.p Ric,p[Y0ia(P)]) 12

Note that
Tioplal(0) = [ (e’ =) [ glwiptw.a'ydw.ds’ = [w(e’ = 0)Trlg)(a')ds’ = KalTrlgl) o)

and by symmetry of , T} p = Tp[Ky], where Ky is simply the convolution operator.
Therefore,

(Tk,pRi,p[], Trgler,p]) L2 Z/Tk,PRk,P[W](x)/“k(iﬁ/—95)/Ek,P(%w)Q(d%dwd?ﬁ/)dm
:/ (/ Ki(x —$,)Tk7ka7p[7T](fL')de‘) ek p(y, w)Q(dy, dw, dz")

_/]CiTPRhP[W] (x)ek.p(y, w)Q(dy, dw, dx).

and
(TigRoplal, T Rerltsa(P) 12 = [ [ vula’ =) [ Rucolrl()Qdw, do')To R plira P )
- [Rustriw ( [ mutet - x)Tk,pm,pwid<P>]<x>dw) Q(dw, d')
— [ Ruplm W)L R plua P 2) Qs )
Therefore

Dy (P)[m)(y, w, x) =KiTpRyp[r)(x)er,p(y, w) + MR p[] (w) KiTp R, p[t0ia(P)] ().

E.2.1 Proofs of Supplementary Lemmas.

Proof of Lemma E.3. The proof follows by the Implicit Function Theorem in Ambrosetti
and Prodi [1995] p. 38 with one minor modification.

First observe that Fy, takes values in L%([0, 1]) x D,, which is a subspace of L%([0, 1]) x D,
— the closure being taken with respect to ||.||zp. The space L*([0,1]) x Dy is a Banach
space under the norm ||.||r2(py + ||.||LB-
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We now check the rest of the assumptions of the theorem for each case separately.

(1) Observe that 0 — Fy(6, Q) is linear, so W = (Ty; pTr,p + A1) : L*([0,1]) —
L?([0,1]). By our conditions (1)-(2) stated in Example 3.2 Kernel((Ty; pTrp + A1) = {0}
and (T} pTk.p + AxI) has closed range — the range of an operator A is closed iff 0 is not an
accumulation point of the spectrum of A*A. Thus W (P).P) 341 to-1 and onto.

Thus, by the Implicit Function Theorem in Ambrosetti and Prodi [1995] p. 38, there

_ —1
exists a ||.||g-open set U of P in Dy, such that Dy (P) = (W) [%} for
any P e U.
We now characterize this expression. For any £ € N and any @) € Dy,

dP

Q] =(T5 oTr.p + Ti pTr.) [k (P)] — (Tii olr.p) + Tii plrrg))

=—Tio ke — Thp[u(P)l] + T p [Tro[Yr(P)] — 1)
=Termy + Terms.

Note that

re,p — T p[Yn(P)]() = / k(2" = ) (y — r(P)(w))ply, w, ") dydwds’
=Tk p[(P) = i (P)](.)
where the last equality follows because [(y — ¢(P)(w))p(y, w, X)dydw = 0. Thus
Termy = — Ty o Ty, p[t(P) — i P)].

Also

TeQlibn(P)]() —rrel) = /Kk(w’ —) /(¢k(P)(w) — y)Q(dy, dw, dz’)
Term;; = Tk,ka?Q [Ek,p]

Thus, the result follows.

(2) The proof is analogous to the one for part (1), so we only present an sketch. By
assumption, IETY 5Ty pIlx is 1-to-1 for each P.
Also, for any k € N and any @) € Dy,

dFk(wk(P%P)
dP

Q) =(ILTX o The. Pk + IRTY pTho1Lk) [0k (P)]

— 11, (Ty glre.pl + Tp plrecl)
=IT; (T3 oTr.p + Tp pTe0) e (P)] — (Ti olrv.p) + Ti plreo)) ]
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where the second line follows because [, (P)] = ¥x(P).
We note that

Te[tu(P)] — rrg =(uW(X)"Quu [ v/® (@) (r(P)(w) — y)Q(dy, dw)
= — Trqler,P]

and

T p[tn(P)] = ra,p =(u’® (X)) Quy [ w"® (@) (Yr(P)(w) = via(P)(w) — ep(y, w)) P(dy, dw)
=T, p[Yr(P) — tia(P))
since [ ep(y,w))P(dy,dw) = 0. O

Proof of Corollary E.1. (1) By lemma E.3, for each k € N, ), is ||.|| . g-Frechet differentiable,
i.e., for any @ € Dy,

[91(Q) — Yu(P) — Dw(P)[Q — P]||L2([o,1]) =o(||P = Ql|rp)-

Since Dy, is linear and Dy, D lin(D — {P}) (see Lemma B.3), the curve t — P 4 t¢ with
¢ € Dy maps into Dy,. Therefore, 4 is DIFF(P, &)
By duality

sup [Clx(P + 1¢) — r(P) — tDY(P)[C]]] = to([I¢]|p)

£eL2([0,1]): HEHLQ([OJ]):l

(here we are abusing notation by using £ as both an element of L?([0,1]) and as the func-
tional). Since 74 is linear functional of v, this display readily implies that v is ||.||Ls-Frechet
differentiable. This in turn implies part (1).

(2) Part (1) implies that,

k()] = o([I¢]a)

for any ¢ € Dy.

E.3 Appendix for Section 5.5

In this section, with a slight abuse of notation we will use £,, or £,(z) to denote L, (Ax)x)
for a given realization of the data z.
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E.3.1 Proof of Proposition 5.4
In analogy to the proof of Theorem 4.2, let n +— k(n) be defined as

k(n) =min {k € Ry: 61 4(n) > VnBy(P)} .

Also, for each n € N, let

A, = {z € Z>: sup ﬁmlﬁ(f’n@) — Pl < 1} ,
kEGn O1k(n)

and

_ - Vi | DUy (P)[Pa(2) — P| — Dy (P)[P, () — P
Bn = {z ezT: s 5o () = 1}'

and
k= 0p(n) = 01.6(n) + dax(n).
Lemma E.4. Suppose there exists a sequence (jy,)n such that

1. For any € > 0, there exists a N such that P({z € Z*°: j, € L,(2)} N A, NB,)>1—¢
for alln > N.

2. There exists a L < oo such that ° ”%n(P)HLQ(P) < Linfieg, % ek (PllLzp)

Then for any € > 0, there exists a N such that

vn . Op(n) +/nBy(P)
P o (P,) —v(P)— D, (P)|P, — P|| > 2C, L inf <

for alln > N, where C' is as in Assumption 5.1(iv).

Proof. For any n € Nand any z € {z € Z*: j, € L,(2)} N A, N B,

Y [g ) (Pu(2) — U(P) — i, o (PIE,(2) — P

197, (P22
<yl (Pa(z) = P)| + By, (P)

198, (P)llz2¢r)
([ (Pa(2)) = 5, (Pu(2)| + [ D (PP(2) = P = D (PP, () — P

2%, 2) (P 12(p)
51,jn(n) -+ \/ﬁBn<P) n \/ﬁ (527]'”(71)

15, ) (P)| 22(p) 15 () (P2

<2
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where the first inequality follows from the definition of differentiability and simple algebra;

the second inequality follows from the fact that z € A,,NB,, and from the fact that j, > l%n(z)
and the definition of £,,(z).

This result and the definition of (C,,), in the Proposition 5.4 imply

vn
||90kn(z)(P)||L2(P)

[, (Pal2)) = 6(P) = Dty (P)[Pa(2) - Pl < 2C, |<|¢>]+(ﬁ i P() )

Thus, by condition 2,

Vn ‘ . 0x(n) + /nBy(P)
Ui (Pa(2)) = 6(P) = Diig o (P)Pul2) = P)| < 2LC,, it .
108, () (Pl 22y | n(2) keGn  ||or(P)||2(p)
The result thus follows from condition 1. O]

We now construct a sequence (h,), that satisfies both conditions of the lemma. The
construction is completely analogous to the one in the proof of Theorem 4.2 but using

or(n)/+/n instead of & (r;h).

Let, for each n € N,

Gt ={k € G,: 0x(n)/vn > Byp(P)} and
G, ={k € Gy: 0x(n)/v/n < Br(P)}.

For each n € N, let

5, (1) + VB, (P)

T+ =
llon+ (P)]|L2(p)

n

if Gt is non-empty where
ht =min{k: k € G'};
and T'F = 400, if G is empty. Similarly,

Sh; (n) + \/ﬁBh; (P)
[lon (Pl 2p)

T —

it G, is non-empty where

h, =max{k: k € G, };

and T = 4o0, if G, is empty.
Finally, for each n € N, let h,, € G,, be such that

ho = bW TF <T,; Y+ h, 1{T,; >T,}.

75



Lemma E.5. For each n € N, h,, exists and

[lon, (P)llL2(p)

=min {7, , T,/ }.

Proof. The proof is identical to the one of Lemma D.2. O]

Lemma E.6. Suppose Assumption 5.1 holds. For each n € N,

on,(n) + /nBy, (P) <920 inf 0x(n) + v/nBy(P)
on, (P)llz2cpy =~ kG |or(P)||2(p)

where (Cy,),, s as in Proposition 5.4.

Proof. Observe that

inf O(n) + vnBy(P) > min {
kG ||or(P)lz2(p)

inf ,
kgt |lex(P)l2ey regr (P2

Ok(n) + VB(P) . . 6k(n)+\/ﬁ3k(P)}

where the infimum is defined as +o0 if the corresponding set is empty.
Fix any n € N, if G # {0},

nf B HVRBP) e o) o
keat  |ler(P)|z2p) kegt ||ox(P)||r2cp) on+ (P22 (p)

() (D) + VB (P)
20.5Cn< ont (P z2(p) )

where the first inequality follows from the fact that By(P) > 0; the second one follows from

-1
L : ll 1 (P2 [lox (P)ll 2
+ + hy (P) — L=(P)
the fact that h,; is minimal over G, and the fact that inf; 5+ ToePlecr, (Squ:eg,t Tonr Pz, >

—1

llew(P)l12(p) -1

su Mo @2 o = '
PreGn: k2hit o, 4 P2y = G

Similarly, if G, # {0},

or(n) + /nBy(P) . V/nBy(P) 1 \/ﬁBh; (P) 1 gh; (n) + \/ﬁBh; (P)
2 N%wmmmwzw%< on Pllzecr) )

inf >
kegn ok (P)||r2cp) kedn |lok(P)|]2(p)

o= P2y

Where here we use monotonicity of k + Bj(P) and the fact that inf, ;- TocPlee,
n L2(p

-1 -1
H‘Pk(P)HLZ(p) ||‘Pk(P)||L2(p) -1
- T > - >
(Supkegn H(Ph;(P)HLQ(P) = Supkegn: k<hn, ngh; (P)HLQ(P) = Cn .
Thus,

kingf {6 (r;Y) + Br(P)} > 0.5min{T, , T},
€Un

and by Lemma E.5 the desired result follows.
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]

Lemma E.7. Suppose Assumption 5.1 holds. For anyn € N, P({z € Z=: h, ¢ L,(2)} N
A,) <P(BY).

Proof. For any n € N,
P({z €Z%: h, & Ln(2)}NA,) <P({z € Z%: h, & Ln(2)} N A, N B,) + P(BO).
By definition of £,
(2€Z%: hy & Lo(2)} CCr={2€Z%: Tk €Gu: k> hy and [(Pa(2)) — tn, (Pa(2))| > 48,(n)/ v/} ,

where (n, k) + 6,(n) = 614(n) + dan(n).
For any k € G, such that & > h, and any z € C, N B, N A, (to ease the notational
burden we omit z from the expressions below)

|¢k(Pn) - ¢hn(Pn)| < W)k(Pn) - ¢(P) - D@Z)k(P)[Pn - PH + |¢hn(Pn) - ¢(P) - Dq/)hn(P)[Pn - PH
+ |D¢k(P)[Pn - P] - thn(P)[Pn o PH
+ [k (P) = (P)| + [¢n, (P) = ¢ (P)]
<[ (P = P)| + il (Pu = P)| + 07" ?834(n) + By(P) + By, (P)
<n Y28 4 (n) + V25, 4, (n) + 072654 (n) + Bi(P) + By, (P)

where the second inequality follows from the definition of 7, the fact that z € B, and the
fact that k& > h,; the third inequality follows from the fact that z € A,,. Thus,

{hn ¢ L,} NA,NB,

51,k<n) 51,hn(n) 52,k(”)
vi e

We now derive a series of useful claims.

Claim 1: If there exists k € G,, such that k& > h,, and h,, = h, then k € G'. Proof: If
h, = h;,, then h, is the largest element of G, and thus k ¢ G, which means that k£ € G.
O

g{ﬂkegn: k> h, and + By(P) + By, (P) > 4 ’“(m}- (24)

A corollary of this claim is that if there exists & € G, such that k > h,, and h,, = h_,
then G is non-empty. From this claim, we derive the following two claims.

Claim 2: If there exists a k > hy, then 014, (n) + /nBp,(P) < 26,+(n). Proof:
If h, = hf, then 04, (n) + /nBy,(P) < 6,+(n) + /nByi (P) < 26, (n). If h, = h,,
by the previous claim it follows that G is non-empty and thus A, is well-defined, thus
On, (1) + V/nBp, (P) < 64+ (n) + vnByz (P) < 20,4 (n). O

Claim 3: For any k > h,, 6,4(n) > B(P). Proof: If h, = h! then the claim follows

because k — 0(n) — Bi(P) is non-decreasing under Assumption 5.1(i). If h, = h,,, then
k € G} by Claim 1 and thus dx(n) > Bi(P). O
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By Claims 2 and 3, it follows that if there exists k& € G, such that & > h,, then
n~Y25,(n) + Bi(P) + n~Y26,, (n) + By, (P) < 2n7Y25,(n) 4+ 20726, (n) < 4n~Y26,(n)
where the last inequality follows from the fact that k + d,(n) is non-decreasing by Assump-
tion 5.1(i) and the fact that k& > h! because k > h,, and so by Claim 1 k € G and A} is
minimal in this set.

Hence applying this result to expression 24 and since &(n) = & 1(n) + d21(n), it follows
that

{hn & L} N A, N B, C {3k €Gn: k> hy, and 4n 25, (n) > 4n~125(n)} (25)
which is empty. Hence, P({h, ¢ L,} N A,) < P(BY) as desired. O

Proof of Proposition 5.4. We verify that (h,,)nen satisfies both conditions in Lemma E.4. By
Lemma E.6 condition 2 in the Lemma E.4 holds with L = 2C,,. To check condition 1 in the
Lemma E.4, observe that

P(Z°\{{z €Z>: h, € L,(2)} N A, NB,}) <P ({2 € Z*: h, & L,(2)}) + P (AY) + P (BY)
<P({z€Z®: h, ¢ L,(2)}NA,) +2P (AS) + P (BY)
Thus, by Lemma E.7
P (Z®\{{z € Z®: h, € L,(2)} N A,}) < 2P (AS) +2P(BY).

Under assumption 5.1(i) the first term in the RHS vanishes. Regarding the second term, by
the union bound and the Markov inequality

P(By) <|G.[* pSup 0y (n) Ep [0 (Dt (P)[Py — P| — Dy (P)[F, — P])’]

=1Gu> sup  6;7(n)Ep [(ow (P)(Z) — or(P)(2))7]
k'>k in Gn

=o(1)

where the last line follows from Assumption 5.1(ii).

O
E.3.2 Appendix for Example 5.4
Next, we provide an explicit characterization of ng (P, — P).
Lemma E.8. For any P € M and any k € N,
re(0)  2|k||2VE ~ ~  2VE||k ~
n(Fo— P) = Op ( (0 | 2l VRVl | lpllie | 2VElsloz VTl ) |
n n n n
Proof. The proof is relegated to the end of this section. m
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Proof of Lemma 5.1. Observe that z +— ¢1/,(P)(2) = (k1/n * P)(2) — Ep[(k1/n * P)(Z)]. So
for any h and P/,

Ep (801/h 901/h/<P)(Z))2}
=FEp (( k1w * P)(Z) — Ep|(kin *x P)(Z)] —{(/ﬂ}l/h/*P)<Z)—Ep[(/ﬁ)l/h/*P)(Z)]}))Q]
=Ep ((/ﬁ/h * P)(Z) = (ki * P)(Z) = {Ep[(k1/n * P)(Z)] — Ep[(K1/n * P)(Z)]})Q}
<4FEp (/m(u){p(Z + hu) — p(Z + h’u)}du) ] :

By expression (2), it follows that |p(Z + hu) —p(Z + h'u)| < C(z)(|h|2+ |W/|?)|u|?. Thus,
for any z,

[ (e + ) = plz + )
< / k(u)p' (2)(h + B )udu + C(2)(|h|™1° + |B']9) / |k (w)||u|?du.

By symmetry of , [ r(u)udu = 0.
Therefore,

e [(0n(P)(@) ~ oy (PU))) < 4Bn (2] (@0 + @) [ wlllean)

By the proof of the Lemma E.8, for any A > 0 and any M > 0, there exists a /N such
that

K 1
M (52 + )

for all n > N. By the union bound
k(P — P)| k(Pn — P)| L
P | sup < P >1 | <|Gu|M~.
(kegn— ROk + VE) ) = ( (()k+f) )

Proof of Lemma E.8. Consider the curve t — P+tQ). It is a valid curve because Dy, = ca(R).

[]
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Therefore
Bu(P 4 1Q) — bu(P) =t { [ows@@Pin + [ s P)(x)@(da:)}
e / (% Q) (£)Q(dr).

Since k is symmetric, [(kg* P)(2)Q(dx) = [(kg* Q)(x)P(dz). From this display, n,(tQ) =
2 [ (i x Q)()Q(dx) and Di(P)[Q) = 2 [ (s » P) (1)Q(dr).

The mapping Q +— 2 [(ky *x P)(2)Q(dx) is clearly linear. Also, note that (kj x P)(.) =
[ K(uw)p(- + ku)du. Hence, for any reals = and 2’

| (ki % P)(x) — (ki P)(2')] = /F&(U){p(HU//f) — (' + u/k)ydu.

Thus, under the smoothness condition on p in expression (2), it follows that x +— (ki * P)(z)
is uniformly continuous and bounded, so the mapping Q + 2 [(kx*P)(2)Q(dx) is continuous
with respect to the ||.||5.

To establish the rate result, we use the Markov inequality. We also introduce the following
notation [(ky * Q)(x)Q(dx) = (kn, * @, Q) where (.,.) is the inner produce of the dual
(L*(R), ca(R)).

It follows that

\/E (e (P — P))ﬂ :\/E ({51 % (P, — P), P, — P>)2]
:\/E [(</€k *P"’P”> - 2<’£k * P, Pn> + </<Lk * P, P>)2]

where the second line follows from symmetry of x which implies (k x P,, P) = (P,, ki * P).
We note that

</€k*Pn7Pn> :T_Fﬁzlik(ZZ —Z])

i#]
n—1 n n  i—

=i (S X -z S n)
=1 j=i+1 =2 j=1
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also

n

(ka5 P, Py) :% S ik P)(Z:) = % Z Eplin(Zi — 7)]

i=1

n—1
= Eplkp(Z; — 7)) Eplkp(Z; — Z
Z plrn( ) Z plrn( )] n
:—ZEkaZ Z) ZEp/ka )
=1 n
n i—1 -1 n
:—ZZEP ki(Zi — Z;) Z Z Eplsi(Z;i — Z;)]
=2 j=1 =1 j=i+1
1
+ ﬁEP[KJk(Zl — Z)]
where the third line follows because Ep[xi(Z, —Z)]"* = 0, and the fourth one follows from
the fact that by iid-ness, Ep|ri(Z; — Z;)] = Ep[/{k(Z Z)] for all j.
Therefore,
1 n n 1—1
(k% Py, P,) — 2(k x P, P,) = + = (ZZ@Z Z)+ Y > wmlZi— Zy) )
=1 j=i+1 =2 j=1
9 n i1—1 1 n
- = Eplkn(Z; — Z)) +EZZEP’% Z;)]
=2 j=1 =1 j=i+1
2
- EEP[EIC(ZI — Z)]
n—1 n
1
= SN {sklZi - Z;) = 2Ep[ri(Zi — Z;))}
i=1 j=i+1
1 n i—1
+ S {klZi — Z;) = 2Eplin(Z; — Z)))}
=2 j=1
lik(O) 2
+ T - ﬁEp[FLk(Zl — Z)]

:% N {kilZi - Z;) - 2Bplsi(Z: — Z,))}

1<J
/fk(O) 2
t— - EEP[Hk(Zl - 7)),

where the last line follows by symmetry of & since k(Z; — Z;) = k(Z; — Z;) for all 4, j.
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Since (ky, * P, P) = Ep.p[si(Z — Z')] = & > Epplri(Z — 2", it follows that
<Iik*PmPn> — 2<I{k*P, Pn> + <I€k*P, P>

:% Zﬁk(Zz — ZJ) + KikT(LO) _ EEP[Kk(Zl _ Z)] + %E[/{k(z o Z/)]

n2

i<j

where (z,2,) = Rp(2—2') = k(2 —2') — Eplin(z — Z2)| — Eplkn(2' — 2)| + Ep.p|len(Z — Z")].
Therefore,

VE [(0(Pa. P J [(ﬂ%’% (Z — 7;) )] \/E k(2 — 2)))°]

+ %E[mk(Z _ 7).

We now bound each term on the RHS. First note that

VEl(Z = 2] = [ lnlh(z = 2)p(2)pl)dzd

n

1

[ W+ () du < 07

and

¢EW%M%—Zmﬂ<¢Eﬁ%Z—ZW]

\//lm (2 — 2) Yp(2)dzd’

\/ / p(z 4+ u/k)p(u)dzdu < kY2\/||p|| | ||| 2.

where the first line follows by Jensen inequality. Finally, by Gine and Nickl [2008] Sec. 2

J E [(% > Rel(Zi = Zj)) ] < \/%\/E[(nk(Z — 7)) < 2””‘72?_?/‘27””.
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F Appendix for Section 5.6

F.1 Appendix for Example 5.6

Let T = Usnern { € cal2): e || 242201 ol

is a linear subspace in ca(Z). The set Ty will act as the tangent space, Assumption 5.3(ii) —
S1k(epn) C S for all k,n — ensures that elements of the form a(F, — P) for a > 0, belong
to To; i.e., Tp C To.

:| < o0 ,V(’U,Q) € 0, x @k(ekm)}, which

Proof of Proposition 5.5. Under our assumptions, Qx(-, P) is strictly convex and smooth
over Oy, so the following FOC holds:

ko(wgép)ﬂp) [ﬂ_Tﬁk] — Ep |:d¢(Z7d@gk(P)>[ﬂ_T,{k}:| +Akdpen;ﬁk(P))[WTﬁk} -0

dé

A —r dPe"(” w J[k*]. Letting m,(P) € R* be the vector that 1, (P) = 7 (P)Tk*, it follows that
Hk(wk( ), P) = 0. Also, observe that

for any 7 € RY. Let Hy.: O4(etn) < Ty C RFxca(Z) — R where Hy(r, P) = Ep |22 k]| 4

dH(m, P) d¢(ZaWT“k) k k
a1 = g | I e v

for any @ € Ty and

2 T, .k 2 T, .k
deC(i:»P) la] = (EP {d ¢(§7972T k )[ﬁk’ﬂk]:| +)\kd PGZ;T K )[Kkmk]) a

07 9?
since Pen is strictly convex and ¢ convex under our assumptions, the matrix is positive-
definite for all k.
We now show that the partial derivatives are ||.||+||.||s-continuous and by Theorem 1.1.9
in Ambrosetti and Prodi [1995] this implies that the mapping Hj, is Frechet differentiable
at ¥ (P) under ||.|| + ||-||ls. To do this, consider a sequence (m,, P,) that converges to

(r = m(P),P) under ||.|| + ||.|ls, moreover 7l k¥ € O(er,) for all m. Then, letting

A
||A||* - SupQGca(Z) %

for any a € R¥; where Ay(P) = Ep [M[K K ]} + /\kw[/ﬁk,/ﬂk] € Rk and

dHy(m, P)

Q- 2

@]

dHy (7, Py)
do do

_ H o {d¢(z, w2 k) W] — do(Z, 77 kF) W]}

* *
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Observe that, for each z € Z,

LLICAT Py QR GO T P lla® k"] L
sup SH(”Z - WT)HkHLq sup ———
e lall acrr  |lal]

2

d (fl(gz’h) [/Ula UQ]

X sup
hor a0 (e ) x02 |[U1]|zal[v2]] L

where the first inequality follows from the assumption of twice differentiability and the Mean
Value Theorem (Theorem 1.8 in Ambrosetti and Prodi [1995]). By Assumption 5.3, @9 (2) =

d2¢(z,h)
7 [v1,02] )
SUD}, 4, 02€0 (e, ) xO2 vaﬁm“vz“m and @y € S. Hence, given that ||z|| = sup,cpx |az|/||a]|,
dHy(mn, ) dHy(m, P) T Tk ||a" k|| | Eg[ @2k (2)]]
Q| — Qlll < ||(m, — 7" )K"||La sup ’
|5 - e < et - amthe s Ml
Since W < 1 and sup,cgs HaTH’jJ‘” < 00, this display implies that (a, P) — %
is continuous.
Also,
HT[G]—T[G] < ||| Er, T[ff K| = Ep T[H K| ) a
d?Pen(m ! k¥) v d*Pen(nTrR)
+ Ak (T[H K] —T[’i K ]) a

=Termy , + Termay,.

The first term in the RHS is bounded by two terms: T'ermy ;, =

2 T .k
Br,-p [ 2255k, 4] | [fal

2 TFTKk 2 TFTK/k
and Termy g, = SUPg,. (=1} ‘(Epn [%ﬂ")[bﬂik, al k¥ — %[a%@k, bT/-@k]D ’ By

assumption 5.3, for each j,1, z — %[/@, K| €S.

2 T, k .
Hence, each component of Fp _p [%[mk,mk]} vanishes as ||P, — P||s does, to
. 2 . . .
Termy ., does too. By Assumption 5.3, h — % is continuous at ¢, (P) uniformly on
z € 7, so T'erm o, vanishes as 7, converges to .
. 2 ky . . .
By Assumption 5.2, a — “E"ngm) is continuous and thus T'ermsy,, vanishes as m, con-
dHj,(a,P)

verges to m. Therefore, (a, P) — === is continuous.

By continuity of both derivatives of Hy, Hy is Frechet differentiable (Theorem 1.1.9 in
Ambrosetti and Prodi [1995]). Hence, this and the fact that Ag(P) is non-singular imply by
the implicit function theorem (see Theorem 2.3 in Ambrosetti and Prodi [1995]) that, in a
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neighborhood of P, 7, is Frechet differentiable under ||.||s with the derivative given by

Qv (mup M Pg))

Since 1 (P) = 7 (P)T k", this implies the result. O

Proof of Lemma 5.2. Since pu is a finite measure, it suffices to show the result for ¢ = oc.
Since © C L*°, evaluation functionals are linear and bounded and thus = C ©*.

Note that for any ¢ € = denoted by £ = 6., t — L[or(P)](t) = (k*(2))TAL(P) 1 Vi(P)(t)
and [[([ox(P)][|72(p) = ok (P)(2). Also,

ke (C) —w 5. (€)
S Vi T~ S Vo (B (26)

for any ¢ € To.
By proposition F.1 and the fact that o (P)(z) > ¢||c"(2)|| where €,(P) = epmin (A, (P)Zk(P)AL (P))
(where e, is the minimal Eigenvalue), it follows that for any By < oo and any k € N,

sup Vi) < ey (P) a1 G187} B, P 1),

which is bounded for any ¢ such that ||(||s. Thus, in Theorem 5.2 we can take 7y 2 7p and
C as the class of ||.||s-bounded sets. It only remains to show the condition in the theorem.
To do this, observe that S is P-Donsker. Hence G,, = /n(P,, — P) is ||.||s-bounded a.s.-P,

and thus the condition in the theorem holds.
Therefore, by Theorem 5.2,

ﬁ¢k<Pn)(Z> — ¢k(P>(z) _ (/@k(z))TAk(P)*lnfl/Q Z vk(P)(ZZ)

up oo(P)(2) 2 g (P)(z) |~ oY)
as desired.

The following Lemma is used in the proof of Proposition 5.6.

Lemma F.1. For any (n,k) € N* and any q € [1, o0],
(K")TAR(P) ~1/2 -

Vi(P)(Z;)) — Ar(P)Z
‘ o (P) n ;1 W(P)(Zi) — A(P) 2y

where B, = Epl||Xk(P)~Y2Vu(P)(2)|[?], and the Pr is the product measure between P and
standard Gaussian, and the “O” does not depend on n or k.

gk (| | log (%) |

=0\ 2

La
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Proof. By Lemma 5.2 and the fact that p is a finite measure, it is sufficient to show that

()T ALP) " (e - gk (- Nos (35
ak(ljD) (n / ;Vk(P)(Zi) - Ak(P)Zk> . = Op, (% (1 + B — ;

where Pr is the product measure between P and the measure of Z;. By letting Ty ~ N (0, Ix)
such that A(P)Z, = Xk (P)Y?T;, the LHS equals

e S (S i )

where W, (P) = ¥(P)~/?V,(P). By Cauchy-Swarchz inequality,

‘ (/{k)zkA(k;)P)_l (n_1/2zn:vk(P)(Zi) N Ak(P)Zk>

A(P)'S (P2 || _
<su T n~1/? Uy (
ez ox(P)(2) Z

<[> w(P)(Z
=1

where the last line follows from the fact that

_ \/(H’“(Z))Tﬁk(P)1Ek(P)Ak(P)1(ﬁk(Z)) 1
a;(P)(2) T

sup
2€7

Lo

(1"(2))

Ag(P)' 3 (P)Y?
or(P)(z)

By Pollard [2002] Thm. 10, for any § > 0,
1/283
( ,1/22\1, . 35) <ot <1 . Nog(n'2 /wkm)

k
where 8 = Epl[||¥x(P)(Z)||*] and Cj is some universal constant. O

(5" ()"

Proof of Proposition 5.6. By the triangle inequality

KTALP)Y Y [ e
( )ok(l}g)) (” /;Vk(P)(Zi)—Ak(P)zk>

wk(Pn) — ¢k<P) ( )TAk n-1/2
\/ﬁ O'k(P> B O'k / ZV

O'k(P) O'k(P)

La

H\/ﬁ@/}k(Pn)—%(P) ()" 2k

La

La

Lemma F.1 bounds the first term in the RHS. The second term in the RHS is bounded by
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Sup,cyz \/ﬁ%, so it remains to derive the rate of convergence of this term. That is,
we want to find a (7, ), such that any § > 0 there exists a Cs5 and a N; such that

P,— P
P (sup rmk\/ﬁnk’&( )

WP 05> =0

for all n > Ns.

By the proof of Lemma 5.2, for any € > 0, there exists a M, > 1 and a N, such that for
allm > N, and all £ € N,

Plsupr,swvn—————= >¢
(zeIZ) 7k\/_ or(P)(2)

M. (P — P) )
<P (suprppv/n———-——>>ecNA | +e¢
(sup v
3 1+o k
< (o s 2B WG B X OO 5 Y
2€7Z Ok(P)(Z)

<U{ru M2 x n~ e (P)'O(M,, P k) > €} +e,

for all n > N..
Therefore, setting d = ¢, Cs = 2M} and r,,} = n=/2¢,(P)"'C(l,, P, k), it follows that

P, —P

2€7 Uk(P) Z)
<P (sup rnﬁk\/ﬁw > (CsN Ag) +0
2€7Z Uk(P)(Z)
3 1+o k
< sy G G M X OO 6,10
€L o (P)(2)

<1 {r Mj x n™' ¢, (P)"'C(My, P k) > M5} + 6
<I{MJ>Cs}+6=96

where the last line follows because C(M, P,k)/C(l,, P,k) < 1 for any constant M and n
sufficiently large. O

F.1.1 Explicit bound for 7,

Frechet differentiability of ¢4 under ||.||s implies a bound for @) — 7;,(Q) that is uniform
over ||.||s-bounded sets. Unfortunately, this general result is silent about how this bound
depends on (k, /). By using the Mean Value Theorem on the first derivative, the following
proposition presents an explicit bound for 7y .
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Proposition F.1. For any P € M, any By < oo and any k € N:*®

e (tQ) < 1| Qls sup [€[Dw(P +1Q) — Dy (Pl

te[0,1

for any £ € ©*, any Q € Q ={( € ca(Z): ||¢||s < Bo} and any t > 0. Moreover, there exists
a T € (0,1] such that*

1[Dvw(P + tQ) — Dn(P)]], <t max{[|Ql[3, [|QII&HIC[x"][| x C(Bo, P, k)

for any ¢ € ©*, any @ € Q and any ¢t < T, where C(By, P, k) is given in expression 27 in
Appendix F.1.

Proof of Proposition F.1. By the calculations in p. 14 in Ambrosetti and Prodi [1995], it
follows that

k(P +1Q) — ¢u(P) — tDi(P)[@lle < t]|Q]ls sup [Dr(P +1Q) — Dy (P)]l,

te[0,1

and, for any ¢ € ©*,

€[ (P +tQ) — i (P) — tDYr(P)[Q]]le < t|Qls sup [E[DY(P +1Q) — Db (P,

t€[0,1

Thus, we can take n; o(P +1Q, P) < t|[Q|[s sup;epo 1) [£[DYx(P + Q) — Dy (P)]],. Observe
that

(DY (P +1Q)[Q] — DY (P)[Q]] = (Eg[Vi(P +tQ)(Z)])" (Ak(P +tQ)™" — Ap(P)™") ¢[x"]
+ (Bg[Vi(P +1tQ)(Z) — Vi(P)(Z))" (Ar(P)™Y) €[rH]
= (EQ[Vi(P +1tQ)(Z) — Vi(P)Z))" (Ax(P+1Q)™ — Ap(P) ™)
X é[ﬁak]
+ (Bo[Vi(PYZ))" (Ax(P + Q)™ — A(P) ™) £[xY]
+ (Bg[Vi(P +1Q)(Z) — Vi(P)(Z)))" Ap(P) 7 [k"]

=Termy g, + Terma g, +Termsg,.

Z8Recall that the norm ||.||. is the operator norm associated, in this case, to ||.||Lq-
29T may depend on By, P and k, but it does not depend on ¢ or Q.
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In Step 1 below we show that

T, .k
[Terms .l <6 mas QI Q1) s 1Dw(P+ Q)] sup 1l
a€R
T,k . bT k .
S e alllpl
il
[ Termaal| <t max{[[QII5, QI3 HIAP) |
T,k ; bT k .
< (uCo+ Co) sup 1DU(P+ Q)2 +1 ) sup N leallOlly
S e alllBl

[1AR(P +tQ) || x [1¢[s"]l]

CLTIik q _
[ Termaall HIQIE sup [ Dvu(P+ Q) sup I |, ()1 e 16wt
te[0,1] -]
Observe that [[a”k||Le = ([ |aT*(2)7u(d2)) " < |lal] (f ||6*(2)]17u(d2)) " = |jal| x

1% l|e. Thus

[ Termpall <t max{]|Ql[s", |IQH§}tS%p1] 1D95(P + Q)| x [I11&*IIIZa
€10,

X (()‘k00+00) S%P]HD%(PJFtQ)HfJF 1)
te|0,1
x [1e[s"]|

| Termanl| <t max{||Q[ls™, [|QIIS}HIAKP) ]

X (()‘kOO‘i‘CO) sup [[Diy(P +tQ)||Z + 1) 1165 1]]Z0

te(0,1]
1 AL(P +Q)7H| x [ |¢[x"]]]
[ Termaynll HIQIS sup 1Dv(P + Q. 1w lllze [ AcP) ] lef"]1
€10,

By step 2, [|Ax(P + tQ)7Y| < 2|]Ax(P)7Y|| for all ¢ less or equal than some T, px
(specified in Step 2). Therefore

1T ermsenl| <2t® max{]|Q||s", IQIIZHIA(P) |

X ((AkCoJrCo) sup [[Di(P +tQ)||Z + 1) 1&* 111

te(0,1]
x [Je[&"]].
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So, after some simple algebra and the fact that Ay <1,

[€[Dr(P +1Q)[Q] — D (P)[Q]]]
<3t max{[|QII3, [|Ql]s™}H[¢[x"]

2
x max{1, |||x*[[[70} (maX{la sup HD%(P+tQ)|I*72||Ak1(P)II}>

t€(0,1],Q€Q

><<2oo sup ||D¢k<P+tQ>||f+1>.
te|

0,1],QeQ

By letting

2
C(Bo,/f,P)ESmaX{LIIHff’“IIHiq}X(maX{la sup ||D¢k(P+tQ)H*72||Ak1(P)H}>

t€[0,1],QeQ

X (26’0 sup  ||Dp(P +tQ)||2 + 1> (27)
t€[0,1],QeQ
the result follows.

STEP 1. By the calculations in the proof of Proposition 5.5 and the Mean Value Theorem,

[la” "] o

[EQ[Vi(P +1Q) — Vi(P)]|| <|[tw(P +tQ) — ¥r(P)|| s Sup WHQHS
ac
aTkF|| q
<t QI sup DGx(P + Q) sup 1z
te[0,1] scrr |lal]
Hence
2 HaT’ikHLq 1 k
| Terms || < HIQIE sup [|[Diy(P 4 tQ)]], sup ————— || Ac(P) 7] x [1£[&"]]].
te[0,1] scrr  |lal]

Regarding T'erms , ,, it follows that

[Termaenl| =1 EolVu(P)(Z))Au(P) " (Ar(P) — AP + Q) Ax(P + Q) ([
<[|EqVi(P)(Z)A(P) M| x [|Ac(P) — AP+ Q)| x | AP + tQ) ™[]

By Assumption 5.3(ii), W[QTH/HCLTI{HD]] € S for any a € R¥, so

EQVA(PYZNAKP) | < [1EoIVi(PYZNI x Ak(P) ]| < [1Ql]s sup 141l

acrr ||l

1A(P) |-
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Also

EPen((P)

o d*Pen(¢p(P +tQ)) e
do?

[Ar(P) — Ap(P +tQ)| 102

K]

<Ak ‘

bl I

=Termyyy, + Termsp p,

and in turn

2 2
Terms pp < ’ Ep {%Wﬂ b — d*o(Z, ¢§éf +tQ)) ra Kk]} H
Ly HEQ [dqu(Z, Qﬂ;‘éf +1Q)) ra Rk]:| H

=Termekn + Termy g y,.

Observe that

de? do?

42 Pen (i, (P)) a7k, BT kK] — wwﬁk bTﬁk]‘
Termypn, = A\, sup

(a.5) R [lal] > {[ol]
By assumption 5.2,
d?>Pen(¢y(P)) d?Pen (¢ (P +tQ))
77 [a” k", b7 KF] — 15 [a® k", b7 K]

< Collvw(P) = ¥x(P + Q)| Zalla” K| Lal 676" | o,

and thus

T, k bk
Termay g, <Ael|vr(P) — Yr(P +1tQ)||§ sup |la” K7[|2a |67 K¥]| Lo
(@byerzx  |lal] x [[b]]

0 0 [la” " 1o |67 | s
<MCol[tQls sup [[DYy(P +1Q)[|7  sup 7
telo,1) @verz |lal| < [Jol]

By Assumption 5.3,
d*d(z, i (P)) ¢ (2, (P + tQ))
dn? 62
< Coll¥n(P) = (P + Q)| Falla” 6" ]l b7 55| 1o,

[a” K", b7 K*] — [a” K", b7 k"]
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SO

o 0 [la" KM e[ |07 K] o
Termepn < Col[tQl|§ sup |[Dyy(P +1Q)|[  sup
t€[0,1] (a,b)ER2F [al| x [|b]]

Also, by Assumption 5.3(ii)

(TN
Termqpn < t/|Q|ls sup  sup @ K"||La||[b" £*|| La
telo,1] (apyerze  [lal] X |[b]]

Hence

1 Terma gnll </1Qlsl|Ak(P) ]

[la” "] o[ £*]| o

x| (MCo + Co)t?[|Qls sup [[Dyw(P + Q)2 +t||Qls
tefo,1] [lal[[0l]

1 A(P + Q) |I[1¢[x"]]]-
Finally, by the previous calculations,

[la” "] 1o

| Termy || <t||Q[|5 sup ||Dvw(P + tQ)||s——7—
t€[0,1] [|al|

[la” K" o[ £*]| o

X <(>\k00 + Co)t?l|Qlls sup 1Dk (P +1Q)][2 +t||Q||s>
tel0,1

x || €[s*]11-

[lall[[6]]

STEP 2. We now show that there exists a Ts, px such that for all ¢t < Tg, pg, ||Ax(P +
tQ)7t| < 2||Ar(P)7t||. To do this, note that

1
emin(Dx(P +1Q))

If emin(Ar(P +1Q)) > emin(Ar(P)) then ||Ak(P + Q)| < [|A(P) 7| If emin(Ar(P +
tQ)) < emin(Ax(P)), then, by Weyl inequality, €,in(Ak(P+tQ)) > emin(Ax(P)) — ||Ar(P +

1AK(P +1Q) || =

92



tQ) — Ak(P)||. By our previous calculations for terms 4 and 5,

1AK(P +1Q) — Ap(P + Q)| < ((AkCo + Co)tQHQHfétS%g] ||1DYi(P + Q)| + t\l@!ls)

|la” ¥ 2o |67 ¥ o
X sup

a,beR2 [lall[[b]]

§2BO<C@Q sup HD¢HFL+“”Hf+t)
t€[0,1],Q€Q

|la™ ¥ o |67 ¥ o
X sup

a,beR?* [lal[l[o]}

because ||Q||s < By and A\, < 1. Hence, there exists a ' = T, py such that for all ¢t < T
Cmin(Ap(P + tQ)) > 0.5¢,m(Ar(P)) and thus ||Ai(P + tQ)7 Y| < 2||Ax(P)7Y| for any
t < TBO,PJC' O

Admittedly the bound presented here might be loose, but it does hint at how k, ¢, t and
|Q||s affect the reminder.

F.1.2 The Role of the Choice of ©

In the text we assumed that © C L7 N L, this assumption ensured that the evaluation
functional is well-defined for elements of ©, formally, it ensure that the evaluation functional
belongs to ©*. If this is not the case, i.e., © C LY but not necessarily ©® C L%, then
z s /i U:&D UP)E) 1hay not even be well-defined and the approach developed in the
text is not valid. However, we now show that by exploiting results for duals of L? (see Lax
[2002]), Theorem 5.2 still can be used as the basis of inferential results for L9-confidence
bands; what changes is the scaling.

For all ¢ < oo, let Z, = {f € LT : ||f||,+ < 1} with ¢* = 4 and E = {6.: 2 € Z}.
We note that by defining =, in this way, we are abusing notation, because the mapping ¢
is a linear bounded functional operating over L9, the fact that we view this mapping as an
element of =, is due to dual representation results; see Lax [2002].

Also, let

Orqg(P) = sup({[s"]) T AL (P)Sk(P) AL (P) (U[Y)).

tes,

Observe that for ¢ = oo, 7} (P) = sup, 0}(P)(z). But this relationship only holds in
q = 00, for ¢ < 00, 0 (P)(2) may not be even well-defined.
For these choices, it follows that

Lemma F.2. Suppose Assumptions 5.2 and 5.3 hold and S is P-Donsker. Then, for any
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q € [1,00] and any k € N,

|| SR B = 0lP) g pyame gt VD@

G1g(P) ! Ghq(P)

La

Proof. To ease the notational burden, we use ||.||, to denote ||.||za. Also, recall that =, =
{felLr: q*gl}andEm:{éz:zEZ}

Let for any ¢ € [1,00), (f,n) = (fin)g = [ [(Z)n(2)u(dz) and (f;n) = (f,m)e
[ f(z)n(dz). By duality [|.||; = supsez, [{., £)q| (see Lax [2002]) and

1 lloe = Szlég!f(Z)! Iilégl f(21)8:(d2)| = sup | | f(2)e(d2")],

EEEOO
‘(1

so that |[.[[; = SUDyez, €, €)ql-
By duality and straightforward algebra,

H JrP) —0lP) e ‘”ZV’“

5k,q(p) qu
oy | VAR,) = u(P) — (54T AP i S vk<P><Zi>]‘
LEE, 5k7q(P)
< sup Un(e(Pa) — ¥u(P))] — (L) Ax(P)"'n "2 570 Vi(P)(Z:)
£ \/ (DT AL (P)SR(P)AL (P)(C]14])
\/(f[%k])Tﬁil(P)Ek(P)Aél(P)(f[fi’“])
g i |

The second term equals one by definition of 4 ,(P). The first term can be bounded by
analogous arguments to those employed on the proof of Lemma 5.2 and they will be omitted.

O
Lemma 5.2 shows that in order to characterize the asymptotic distribution of H vn W%—(;ﬁ;(l’)
q La
it suffices to characterize the one of H SuEse % . In the following proposition
»q q

we accomplish by employing coupling results (e.g. Pollard [2002]).

Proposition F.2. Suppose Assumptions 5.2 and 5.3 hold and § is P-Donsker. Then, for
any ¢q € [1,00] and any k € N,

NG
2 Uog(ﬂ)!
= O % 1+Tk i |
La

i v v
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where Z; ~ N (0, Ag(P) 'S (P)AR(P)™1) and B = E[||Ak(P)'Vi(P)(2)|]?].

Proof. By noting that

qu(P) qu

H\/—wk —n(P) (s TZk

?

H i P — (D)~ (5
)AL (P)SL(P) AL (P) ()

La

the proof is analogous to that of Proposition 5.6 and thus omitted.
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