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ABSTRACT. This paper develops alternative asymptotic results for a
large class of two-step semiparametric estimators. The first main result is
an asymptotic distribution result for such estimators and differs from those
obtained in earlier work on classes of semiparametric two-step estimators by
accommodating a non-negligible bias. A noteworthy feature of the assumptions
under which the result is obtained is that reliance on a commonly employed
stochastic equicontinuity condition is avoided. The second main result shows
that the bootstrap provides an automatic method of correcting for the bias

even when it is non-negligible.

1. INTRODUCTION

This paper is concerned with basing inference about a finite-dimensional parameter

on an estimator which is semiparametric in the sense that it employs a nonparametric
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estimator of some nuisance function. The importance of such estimators is widely
recognized, as is the difficulty of obtaining accurate distributional approximations
for estimators of this kind. Regarding the latter, the consensus opinion (substan-
tiated by Monte Carlo evidence) seems to be that the distributional properties of
semiparametric estimators are much more sensitive to the properties of their (slowly
converging) nonparametric ingredients than conventional asymptotic theory would
suggest. In other words, the conventional approach to asymptotic analysis of semi-
parametric estimators, while delivering very tractable distributional approximations,
effectively ignores certain features of these estimators which are important in samples
of realistic size.

Important progress in the direction of avoiding this shortcoming has been made by
Linton (1995), Nishiyama and Robinson (2000, 2001, 2005), and Ichimura and Linton
(2005), among others. These papers develop (Nagar- and Edgeworth expansion-type)
higher-order asymptotic theory under assumptions implying in particular that the
estimators under consideration are /n-consistent (where n is the sample size). An
alternative approach, and the one we take in this paper, was employed by Cattaneo,
Crump, and Jansson (2013). That approach is conceptually similar to the “dimension
asymptotics” approach taken in the seminal work of Mammen (1989), but we will refer
to it as a “small bandwidth” approach for reasons that will become apparent below.!+?
The “small bandwidth” approach is a first-order asymptotic approach whose goal is
to produce more reliable distributional approximations by forcing the approximations

to be more sensitive to the precise implementation of nonparametric ingredients than

'For an explanation of the connection between the approaches of Cattaneo et al. (2013) and

Mammen (1989), see Enno Mammen’s discussion of Cattaneo et al. (2013).
2The approach we take is also similar to the approach taken in a series of papers by Abadie and

Imbens (2006, 2008, 2011), but our main conclusion regarding the bootstrap (and subsampling) is
quite different from that of Abadie and Imbens (2008).
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conventional first-order asymptotic approaches.

Because its objective is similar to that of asymptotic analysis based on Edge-
worth expansions, an obvious question is whether the “small bandwidth” approach
shares with the Edgeworth approach the feature that developing results for general
classes of estimators is (or at least would appear to be) prohibitively complicated
(e.g., Nishiyama and Robinson (2005, p. 927)). One of the two main goals of this
paper is to demonstrate by example that this is not the case. To do so, we study
a class of estimators essentially coinciding with the class investigated by Newey and
McFadden (1994, Section 8) and develop “small bandwidth” asymptotic results for
it. These results turn out to be in perfect qualitative agreement with those obtained
by Cattaneo et al. (2013) for a particular member of the class of estimators under
study. To be specific, it turns out that in general semiparametric estimators utilizing
kernel estimators of unknown functions suffer from bias problems whose magnitude
is non-negligible and bandwidth-dependent.

Being similar to that obtained by Cattaneo et al. (2013), this “small bandwidth”
asymptotic finding is also in perfect analogy with the finding obtained under “dimen-
sion asymptotics” by Mammen (1989, Theorem 4). It therefore seems natural to ask
whether positive results about the bootstrap analogous to those of Mammen (1989,
Theorem 5) can be obtained also for the class of semiparametric estimators studied
herein. Providing an affirmative answer to that question is the second main goal of
this paper. Achieving this goal turns out to require relatively little effort, essentially
because the high level conditions formulated in the process of achieving our first main
goal have been designed partly with achievement of the second goal in mind.

From a practical perspective, our main methodological prescription is a simple
and constructive one: in semiparametric models, inference procedures based on the
bootstrap are much less sensitive to the precise implementation of nonparametric

ingredients than their main rivals. Although this prescription is consistent with folk-
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lore, our theoretical justification for the prescription would appear to be new. In
particular, unlike Nishiyama and Robinson (2005) our theory is based on first-order
asymptotic results and partly for this reason we do not require studentization in
order to show that the bootstrap provides “refinements” in the sense that bootstrap-
based (“percentile”) confidence intervals enjoy first-order asymptotic validity in cases
where no such validity is enjoyed by their main rivals, including subsampling-based
confidence intervals.

Previous work on bootstrap validity for general classes of semiparametric models
includes Chen, Linton, and van Keilegom (2003) and Cheng and Huang (2010). For
the models studied in this paper our results generalize theirs by accommodating non-
parametric ingredients implemented using bandwidths that are “small” in the sense
that they converge to zero at a faster-than-usual rate. Accommodating such band-
widths turns out to prohibit reliance on certain stochastic equicontinuity conditions
employed by Chen et al. (2003), Cheng and Huang (2010), and most (if not all)
previous developments of asymptotic distribution theory for semiparametric two-step
estimators, including the results surveyed by Andrews (1994b), Newey and McFad-
den (1994), Chen (2007), and Ichimura and Todd (2007). As a consequence, avoiding
reliance on such stochastic equicontinuity conditions turns out be necessary in order
to achieve the goals of this paper. The approach taken in this paper is to replace a key

Yol

stochastic equicontinuity condition by an “asymptotic separability” condition, which
is similar to, but weaker than, its stochastic equicontinuity counterpart (in general).
This condition exploits a special feature of kernel estimators, but may nevertheless
be of independent interest.

The paper proceeds as follows. Section 2 provides a more detailed statement
of and motivation for the questions addressed by this paper. Section 3 presents

our “small bandwidth” asymptotic result about semiparametric two-step estimators,

while Section 4 is concerned with verification of the high-level assumptions of that
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result. Section 5 presents bootstrap analogs of the results from Sections 3 and 4.

Three appendices contain additional material.

2. MOTIVATION

Suppose 0y € © C R* is a parameter of interest admitting an estimator 0,, satisfying
V0, — 00) ~ N(0,%), (1)

where n is the sample size, ~» denotes weak convergence (as n — 00), and ¥ is
some positive definite matrix. In this scenario it is common to base inference on a
distributional approximation of the form /n(f, — 0)~N(0,3,), where ¥, is some
estimator of . If 3, is consistent, then the distributional approximation is itself

consistent in the sense that

sup, g [Plv/n(0, — o) < t] — PIN(0,3,) < t]| —, 0, (2)

a fact which in turn implies for instance that for any A € R? the asymptotic coverage

probability of the following confidence interval for \'0, is 95%:

CI, = [Xén —1.96\/ NS\ /n, N0, +1.964/ XinA/n] .

An alternative distributional approximation is provided by the bootstrap. In
standard notation, the bootstrap approximation to the cdf of \/ﬁ(én — 0p) is given
by ]P’*[\/ﬁ(éz —0,) < -], where 9; denotes a bootstrap analogue of f,, and P* denotes
a probability computed under the bootstrap distribution conditional on the data.
Assuming (1) holds, asymptotically valid inference procedures can be based on the

bootstrap whenever the following bootstrap consistency condition is satisfied:
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supyegs [BVA(Bn — 80) < 1] — B[V/n(B), — 8,) < 1] —, 0. (3)

For instance, for any A € R? the asymptotic coverage probability of the following

bootstrap-based confidence interval for \'0, is 95%:

* 1) * 17 *
CI, = | N0 — 4, 0975 AN On — @ 0.005 | »

where ¢} , = inf{g € R P*[XN(6, —6,) < q > a}.

Being “automatic” in the sense that it can be obtained without characterizing
and/or (explicitly) estimating the matrix 3, the bootstrap distributional approxima-
tion is particularly attractive when X is difficult to characterize and/or estimate, a
phenomenon which occurs with some regularity for estimators 6,, that are semipara-
metric in the sense that an estimator of an infinite-dimensional nuisance parameter is
employed in the construction of f,. Chen et al. (2003) and Cheng and Huang (2010)
made this point and gave conditions under which (1) and (3) are satisfied also in
models with infinite-dimensional nuisance parameters.

In addition to complicating the characterization of 3, the presence of estimators
of infinite-dimensional nuisance parameters often implies that a delicate choice of
tuning parameters (e.g., bandwidths in the case of kernel estimators) is required in
order to achieve (1) in the first place. Moreover, in such semiparametric settings
the finite sample distribution of \/ﬁ(én — 6o) has often been found in Monte Carlo
experiments to be rather sensitive to the choice of these tuning parameters, suggesting
in particular that distributional approximations not depending on tuning parameters
can be quite unreliable unless sample sizes are very large.

Acknowledging this, Cattaneo et al. (2013) investigated the consequences of re-
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laxing the bandwidth conditions needed to achieve (1). Under weaker-than-usual
bandwidth conditions and studying a particular kernel-based semiparametric estima-

tor, Cattaneo et al. (2013) obtained a distributional result of the form

\/ﬁ(én - 00 - Bn) ~ N(Ov 2)7 (4)

where ¥ is the same as in (1) while B,, is some (possibly) non-negligible bias whose
value depends in part on the bandwidth. Simulation evidence reported by Cattaneo
et al. (2013) was found there to be consistent with the main prediction obtained by
replacing (1) with the more general result (4), namely that kernel-based semipara-
metric estimators suffer from bias problems whose magnitude is non-negligible and
bandwidth-dependent.

Replacing (1) with (4) can have severe consequences. For instance, the consistency
property (2) fails when B, # o(n~'/?) in (4), implying in turn that inference proce-
dures based on the distributional approximation \/n(6,, — 65)~N(0,3,) are invalid

in general.®> On the other hand, using the relation

SupteRk‘

PV(Ba 00— Bo) < ] = P'[V(@), — b, — B,) < 1)

*

P[Vi(Bn — 00) < 1] ~ P[0, — 0) < 1) (5)

it can be shown that (3) and (4) are sufficient to guarantee asymptotic validity of in-

ference procedures (such as the 95% confidence interval C'I}¥) based on the bootstrap.

3For instance, the asymptotic coverage probability of the interval CI,, is less than 95% when

NB, # o(n~'/?) (and equal to zero when X' B,, # O(n~1/?)).
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For bootstrap-based inference procedures the consequences of replacing (1) with (4)
would therefore be benign if validity of (3) could be established also under (4).

The objective of this paper is twofold. First, we want to explore the general-
ity of the finding that replacing (1) with (4) is necessary when characterizing the
large-sample properties of semiparametric estimators under weaker-than-usual con-
ditions on tuning parameters. To do so, we study an important class of kernel-based
semiparametric two-step estimators and find that members of this class of estima-
tors generally have the property that a result of the form (4) can be obtained under
significantly weaker bandwidth conditions than those needed to achieve (1).

Our development is constructive in the sense that it produces an explicit and in-
terpretable formula for the bias B,,. It turns out that 5, in (4) arises due to features
of 6, that can be replicated by the bootstrap. As a consequence, it seems plausible
that the bootstrap consistency property (3) could be valid also when B, # o(n~'/?)
in (4). Formalizing and verifying the latter conjecture is the second objective of this
paper. In combination, our findings suggest that even though semiparametric esti-
mators are likely to suffer from nonnegligible bias problems in samples of moderate
size, these biases can be corrected for in a fully automatic way by basing inference on
the bootstrap. It seems to us that this is a “robustness” property of the bootstrap

that is of both theoretical and practical importance.

Remarks. (i) Although our main emphasis is on obtaining constructive results,
one negative conclusion emerging as a by-product of our development seems to be
of sufficient theoretical and practical interest to be worth mentioning. As it turns
out, the “robustness” of bootstrap-based inference with respect to tuning parame-
ter choice is not shared by inference procedures based on subsampling, a possibly
surprising finding in light of the fact that subsampling is often regarded as a “regu-

larized” version of the bootstrap (e.g., Bickel and Li (2006)). Indeed, while it is well
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understood (e.g., Politis and Romano (1994)) that the subsampling approximation
to the distribution of /n(0, — ) is consistent under (1) whenever 8, is of the form
0, = To(z1, ..., 2,) With z; ~i.i.d., a consequence of of replacing (1) with (4) is that
one of the “minimal” assumptions for asymptotic validity of subsampling is violated
(in general) and in fact it is not hard to show that inference procedures based on
subsampling will be invalid (in general) as well. (For instance, subsampling-based in-
ference procedures will be invalid if, for some r < 1/2, n"B,, converges to a non-zero
limit.) In particular, the examples analyzed below all have the feature that there
are (bandwidth) conditions under which inference procedures based on the standard
bootstrap are valid even though subsampling-based inference procedures are not.
(ii) Ibragimov and Miiller (2010) have proposed an inference procedure which
shares with subsampling-based inference procedures the feature that its asymptotic

validity follows from (1) whenever 0, is of the form 6,, = To(z1,y ...y 2n) With z; ~ i.i.d..

Like subsampling, that procedure ceases to be valid (in general) when (1) is replaced

by (4).

3. ASYMPTOTICS WITHOUT STOCHASTIC EQUICONTINUITY

Suppose the estimand 6y is the solution to an equation of the form G(6,~,) = 0,

where G(0,v) = Eg(z,0,7(-,0)), g(-) is a known function, z is a random vector, and

70(27 9) = E[w<zv 0)|$(za (9)]f0[:€(2, 9)7 9]?

with w(-) and x(-) being known functions and fy(-, #) denoting the (unknown) density
of z(z,0), the latter being assumed to be continuously distributed.
Letting 21, ..., 2, denote i.i.d. copies of z, a natural estimator 0,, of 0 is given by

an approximate minimizer (with respect to 6 € ©, © being the parameter space) of
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A~ / ~ A 1
Gn(9’7n) WGn(evan)a Gn((g»'y) = E Zg[zuea’y( 9)]

where W is some symmetric, positive semi-definite matrix and #,, is a kernel-based

estimator of v, given by

1 n

—;w 2. OKulo(z,0) = o(z,0)],  Kul2) = K (h—) ,

3

where K (-) is a kernel and d is the dimension of x(z,).1

The formulation just given is essentially the same as in Newey and McFadden
(1994, Section 8), except that we follow Newey (1994) and Chen et al. (2003), re-
spectively, by allowing the dimension of g to exceed that of 6y and by accommodating
profiling (i.e., allowing ~,(z, #) and 4, (2, #) to depend on 6) as well as models where

g(z,-,+) is non-smooth.

3.1. Conventional Asymptotics. Theorem 2 below provides a template for es-
tablishing (4) . The approach summarized in that theorem is related to Newey and
McFadden’s (1994) approach to establishing (1) . To facilitate a comparison between

the approaches, we begin by presenting a version of that approach.

Lemma 1. Suppose that:
(AL) [approximate linearity] for some matrix J of rank k,

\/ﬁ(én - 90) \/— Zgo Zi; f)/n) + Op(l)

“In our motivating examples, an (approximate) minimizer is one that solves G, (6,4,,) = 0. More

generally, an (approximate) minimizer is one that satisfies Condition (i) of Lemma 3.
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where go(z,7) = g[z,00,7(-,60)];

(SE) [stochastic equicontinuity] for some function go,

1 — . ~ . _
% Z[Qo(Zza Yn) = Go(2i,Yn) — 9o(2is Vo) + Go(2i, Vo)) — 0,
=1
1 . ~ _ _
% ;[go(zb fyn) - GU(F)/n) - go(zi7 P)/O) + GU(’YO)] —p 07
where Go(7) = Ego(z, 7);

(ANy) [asymptotic zero-mean normality] for some positive definite 2,

1 .
—= ¥ [90(2i70) + Go(3,) = Go(7)] ~ N (0,9).
Vi
Then (1) holds with ¥ = JQJ'.
Condition (AL) is standard and typically holds (with J = —(G{WGo) 'GLW)
provided the error in the following linear approximation to én(, 4, is small:

. . : 0

G0, 4) % G0, 7,) + Go(0 = 0),  Go = 55G(0, %)

0=0¢

A sufficient condition for this occur will be given in Section 4.1.

An implication of Condition (AL) is that the large sample properties of 0, are
governed by n =123 | go(2:,%,,). Characterizing the distributional properties of such
objects is potentially complicated because of the possible nonlinearity of go(z;, -) and,
in particular, the dependence/overlap between the arguments of go(z;,7,,) (i.e., be-
tween z; and 4,)). A common way to account for nonlinearity and the overlap is to
impose Condition (SE) with go(z;,) being a linear approximation to go(z;,-). Irre-

spective of the functional form of gy, Condition (SE) implies that

% Zgo(zh Vn) = % Z[go(% Yo) + Go(7,) — Go(7o)] + 0p(1). (6)
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Because the summands in this expansion depend on either z; or 4,, (but not both),
Condition (SE) effectively achieves (asymptotic) “separability” between z; and 7,,.
Verifying Condition (ANy) on the part of the leading term in the expansion (6)
tends to be straightforward, as typically the go(z;,7y,) are mean zero random variables
and Go(4,,) — Go(7,) is a smooth functional of 4,,. (For instance, G is linear whenever
Go(zi,+) is.) To be specific, assuming the smoothing bias of 4, is small enough it is
usually not hard to show that Condition (ANy) holds (with € computable using the

pathwise derivative formula of Newey (1994)).

Remarks. (i) From the perspective of this paper the most problematic assump-
tion in Lemma 1 is Condition (SE). One exceptional case where that condition is
mild is the case where the model is “adaptive” in the sense that the first step (i.e.,

estimation of 7,) has no effect on the asymptotic distribution of 0,,. This occurs when
I .
7 D l90(zi40) = 90(2i:70)] =5 0, (7)
i=1

in which case Condition (SE) is satisfied with gy = 0 (and Condition (ANj) is satisfied
with Q = V([go(2i,7,)] whenever the latter exists and is positive definite). In the sequel
we tacitly assume that we are dealing with a “non-adaptive” situation where the first
step does have an effect on the asymptotic distribution of 0,,. This assumption is less
restrictive than might at first appear to be the case, as it turns out that achieving (7)
under the “small bandwidth” asymptotics employed in this paper requires somewhat
stronger conditions than in cases where the nonparametric ingredient 4, is n'/4-

consistent. For details, see Section 7.1.
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(ii) When go(z;, ) is linear, the first part of Condition (SE) typically holds pro-
vided 4,, — 79 = 0p(n"*/*). More generally, when gy(2;,-) is a polynomial approx-
imation of order R, then the first part of Condition (SE) typically holds provided
A = Yo = 0p(n~Y2EFD) In other words, the first part of Condition (SE) can typi-
cally be satisfied by judicious choice of go. (Indeed, the first part of Condition (SE)
can be rendered redundant by setting go = go.) The most interesting part of Con-
dition (SE), and the part motivating the label “(SE)”, is therefore the second part,
which is a stochastic equicontinuity condition.

(iii) In important special cases, the second part of Condition (SE) reduces to
conditions already in the literature, being equivalent to Assumption 5.2 of Newey
(1994) when go(z;, -) is linear and reducing to (2.8) of Andrews (1994a) and (3.34) of
Andrews (1994b) when go = go.

3.2. Alternative Asymptotics. As can the approach outlined in Lemma 1, the
approach taken in this paper can be summarized by means of three high-level condi-

tions. To state these, let

n

> w(z, 0)K,[x(2,0) — 2(2,0)]  (i=1,...,n)

J=Lj#i

1
n—1

&n,i (Z, 9) -

denote the “leave-one-out” versions of 4, (z,6) and define v, (-, 0) = E7,,(-,0).

Theorem 2. Suppose that:
(AL) for some matrix J of rank k,

R 1 «
Vn(l, — 0y) = j% izlgn<zi7rs/n,i) + 0p(1),

where g,(z,7) = glz, 00, n " w(2,00) K2 (-, 00) — x(2,00)] + (1 — n= 1)y (-, 00)];
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(AS) [asymptotic separability] for some function gy,

1 < ) o )

DD A ACR R ACR AR AT EA

i=1
1 <, . . _ _
e D120 A0) = Galn) = Gz 7a) + Gal3)] =5 0.
i=1
where G,(7) = Egn(z,7);
(AN) [asymptotic normality] for some positive definite ) and some £3,,,

1 & _ _
S D020 710) + Gals) = Ga(3) = Bl = N (0, )
i=1
Then (4) holds with B,, = J 3, and X = JQJ'.

By construction, the functional form of g, is such that g,(z:,%,,;) = go(2,7,,) for
every i = 1,...,n. As a consequence, Condition (AL) of the theorem is simply an
unorthodox restatement of Condition (AL) of Lemma 1. It is stated in terms of g,
and 4, ; in anticipation of the other conditions of the theorem.

As discussed in more detail in Section 4.2, Condition (SE) typically fails when the
bandwidth A, is “small” in the sense that it converges to zero at a faster-than-usual
rate. On the one hand, rapid convergence of h,, to zero can result in failure of n'/4-
consistency of 4,,, which in turn can lead to a failure of the first part of Condition
(SE) when go(z;, -) is chosen to be linear. In isolation, this problem is conceptually
straightforward to address. Indeed, as alluded to in remark (ii) at the end of the
previous subsection, the first part of Condition (SE) can usually be preserved also
when smaller-than-usual bandwidths are employed simply by working with a polyno-
mial (e.g., quadratic) go(z;,-). On the other hand, it turns out that regardless of the
functional form of go(z;, -) the stochastic equicontinuity (i.e., the second) part of Con-
dition (SE) tends to fail when the bandwidth conditions ensuring n'/4-consistency of
7,, are relaxed. Addressing this problem turns out to be necessary in order to achieve

the goals of this paper.
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We are unaware of previous work pointing out the need to (let alone providing a
solution to the question of how to) avoid reliance on stochastic equicontinuity when
accommodating slowly converging nonparametric components. The approach we take
is to replace Condition (SE) with Condition (AS). On the surface, Condition (AS) is
simply a “leave-one-out” version of Condition (SE), but perhaps remarkably it turns
out that Condition (AS) is satisfied (with g,(z;,-) being a quadratic approximation
to gn(zi,-)) in many cases even when Condition (SE) is not.

Condition (AS) gives rise to the following counterpart of (6) :

—= 3000 3) = = lanle ) + Culing) = Calral] + 0, @)

In this expansion, the terms g, (2;,7,) and G, (9,;) — Gy(7,) each depend on one
(but not both) of z; and 4, ;. In other words, Condition (AS) achieves (asymptotic)
“separability” between z; and the nonparametric ingredient ¥, ; in gn(2:,%,,). As
such, Condition (AS) serves a purpose very similar to that of Condition (SE) and the
label “(AS)” has been chosen to highlight this connection between the two conditions.

The big advantage of Condition (AS) is that in leading examples it can be verified
under assumptions that are considerably weaker than those required for Condition
(SE). The price to be paid for this extra generality is relatively small. In addition to
the notational nuisance of having to employ additional subscripts in many places, a
complication that must be addressed is that the terms g, (z;,7,) and G(%,,.:) —Gn(7,)
in (8) both have a nonnegligible mean in general. Accordingly, Condition (AN) is
the simplest counterpart of Condition (ANy) that one can hope for (in general).
Thankfully, it turns out that Condition (AN) is verifiable under assumptions similar
to those required for Condition (ANy) (with €2 once again computable using the

pathwise derivative formula of Newey (1994) and 3, given by a formula presented
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below).

4. VERIFYING THE CONDITIONS OF THEOREM 2
The goal in this section is to demonstrate the plausibility of the conditions of Theo-
rem 2. To do so, we outline general approaches to verifying the conditions and apply

these approaches to the following three prominent examples.®

Example 1: Awerage Density. Suppose x1,...,T, are i.i.d. copies of a con-
tinuously distributed random vector + € R? with density fo. Then a kernel-based

estimator of 6y = [, fo(#)?dz, the average density, is given by

b= oD hale). ) = Ko=)

When verifying the conditions of Theorem 2 for this example, we set z = z,
x(z,0) = z, w(z,0) =1, v,(-,0) = fo(-), and let 0,, be defined by én(@n,fn) =0,
where g(x,0, f) = f(z) — 0 is a linear functional of f.

Being a second-order V-statistic this estimator is very tractable. Owing partly to
this tractability the estimator has been widely studied (in the statistics literature at
least). We include it here mainly because it provides a dramatic demonstration of the

fragility of the second part of Condition (SE) with respect to bandwidth choice. n

Example 2: Weighted Average Derivative. Suppose z1,...,z, are i.i.d. copies
of z = (y,2')’, where y € R is a scalar dependent variable and the vector » € R?
is a continuous explanatory variable with density fy. A weighted average derivative

of the regression function r(z) = E(y|z) is defined as 0y = E|w(x)0r(x)/0x], where

5To avoid distractions, we omit statements of regularity conditions when presenting the examples

and the associated results. Additional details for the examples are provided in Section 9.
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w is a known scalar weight function. As an estimator of y, Cattaneo et al. (2013)

considered
. 1 < .
en: ﬁzyzs(xzufn)7 S(I,f) = ——W(ZE)—W(]I)—
i=1

where f, is defined as in Example 1.

In this example, z = (y,2'), z(z,0) = x, w(z,0) = 1, v,(-,0) = fo(-), and
G(0n, fn) = 0, where g(z,0, f) = ys(x, f) — 0.

This estimator is a representative member of the class of two-step semiparametric
estimators insofar as it involves a nonlinear, but smooth, functional of its nonpara-
metric ingredient fn As will become apparent, this nonlinearity needs to be taken
into account when choosing g, in the process of verifying Condition (AS). More im-
portantly, perhaps, it turns out that nonlinearity manifests itself in the functional
form of 3, in Condition (AN) and therefore in the form of the bias B,, in (4). |

', where

Example 3: Hit Rate. Suppose zi,...,z, are i.i.d. copies of z = (y,z’)
y € R is a scalar and the vector # € R? is a continuous explanatory variable with
density fy. As an estimator of 6y = Ply > fo(z)], a particular example of a so-called
‘hit rate’, Chen et al. (2003) studied

n
~

0, = %Z 1[yi > fn<$l)]7

i=1

where 1[-] is the indicator function and f, is as in the previous examples.
In this example, z = (y,2'), x(2,0) = z, w(z,0) = 1, v,(-.0) = fo(-), and
Gu(n, fu) = 0, where g(z,6, f) = 1[y > f(2)] - .

While simple in many respects, being a discontinuous functional of fn this estima-
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tor is an interesting one to investigate when attempting to understand the extent to
which the conclusions of Example 2 are consequences of the smoothness (with respect
to fn) of the estimator considered there. In particular, because the empirical process
methods utilized by Chen et al. (2003) to handle the lack of smoothness of 6, with
respect to fn cannot be applied when verifying Condition (AS) it would appear to be
of interest to investigate the extent to which Condition (AS) can be verified also in

the absence of smoothness. [ |

4.1. Approximate Linearity. Condition (AL) is simply a representation when
0,, is defined as the solution to Gy, (0,4,) = 0 for a function g with g(z,6,~) — 6 not
depending on 6. Indeed, Condition (AL) holds with J = I and without any o,(1)
term in this important special case, which covers Examples 1-3.

More generally, verifying Condition (AL) is usually straightforward when G,, (6, 4,,)
is assumed to be O,(n~%/2), as in Conditions (SE) and (AN) of Lemma 1, because
then sufficient conditions for Condition (AL) can be formulated with the help of Pakes
and Pollard (1989, Theorem 3.3). The situation is slightly more delicate in the sce-
narios of main interest to us because Conditions (AS) and (AN) of Theorem 2 imply
only that G',(6o,4,,) = Op(||5,]I), where it turns out that ||, || = o(n="/3) # O(n="/?)
in the cases of primary interest.

For completeness, we provide a set of sufficient conditions for Condition (AL)
compatible with Conditions (AS) and (AN). To state these, let || - | denote the
Euclidian norm, let || - ||r denote a norm on a function space to which 4,, —~y, belongs
(with probability approaching one), and for any § > 0, let ©(5) = {0 : ||§ — 00| < 0}
and T'(0) = {7 : |7 — Y|l < 6}. Also, suppose G(7) = IG(0,7)/00'|o_p, exists for
every 7 in a neighborhood of 7, and let Gy = G(7,).

Lemma 3. Suppose that 6, — 6y = 0,(1), ||5,, — Yollr = 0,(n"'/%), and that:
(1) én(én7 ’?n)/Wéﬂ(énv ﬁ/n) S inf@E@ én(97 ’A}/n)/WGTL(e? ﬁ/n) + Op<n_1);
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(ii) G4W Gy has rank k and for every positive 6,, = o(1),

“ IG(0,7) — G(00,7) — G(7)(0 — 00)|| |G (v) — Goll |
p ) + =
0cO(6,) €T (52) 10 — 0] 17 = Yollr

O(1);

(iii) for o € {0,1/3} and for every positive d,, = o(n=%),

0 Sél(lg ) ||Gn(07 ’?n) - G(97 FA}/n) - GAn(e()a ’?n) + G(007 /S/n)H - 0p(n_1/2_a/2);
S n

(IV) GA(n(eU?’Ayn) = Op(n_l/g);
(v) 0y is an interior point of ©.

Then Condition (AL) holds with J = —(G{W Go) G} W.

Lemma 3 is in the spirit of Pakes and Pollard (1989, Theorem 3.3). For more
details on the assumptions of the lemma, including in particular some remarks on
our (stochastic equicontinuity) condition (iii), see the discussion in Section 7.2.

Suffice it to say that overall the conditions of Lemma 3 seem sufficiently weak to
support the view that in perfect analogy Newey and McFadden (1994, p. 2196), Con-
dition (AL) is “not conceptually difficult, only technically difficult”. Accordingly, and
because those features that are allowed for by the general formulation but assumed
away in examples where Condition (AL) is simply a representation are incidental

to the main points of this paper, we have deliberately chosen illustrative examples

satisfying /n(0, — 0p) = n=1/2 > iy 90 (2, 9n) -

4.2. Asymptotic Separability. In many cases Condition (SE) is too strong
when the goal is to prove (4) with B, # o(n~'/2). This shortcoming is not shared by
Condition (AS), which often turns out to be verifiable under assumptions compatible
with 3, # o(n~'/?) in Condition (ANp). A dramatic illustration of this phenomenon

is provided by Example 1.
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Example 1 (continued). Suppose the kernel is of order P and satisfies standard
conditions, and suppose the bandwidth satisfies nh?” — 0 and nh? — oco. Then (4)
holds with B, = K(0)/(nhd) and & = 4V[fy(z)] provided f, is sufficiently smooth.
(For details, see Section 9.)

Because /nB3, = K(0)/1/nh2, the condition nh? — oo is weak enough to permit
B, # o(n~'/2). On the other hand, (4) reduces to (1) when imposing conditions
requiring nh2¢ — oo, so it is necessary to guard against this when the goal is to
obtain a result of the form (4) with B, # o(n™%/?).

Turning first to Condition (SE) and setting go = g, the first part of that condition

is automatically satisfied and the second part becomes
J )

It follows from a direct calculation that

+ 0p(1),

T K
% ;[fn(xz) — fu(@i) = fo(z:) + bo] = nh2d

so Condition (SE) requires nh?¢ — oo and is therefore too strong for our purposes.
On the other hand, setting g, = g, the first part of Condition (AS) is automati-

cally satisfied and the second part becomes
1
— fri(@i) = 2fn(x;) + 0,] = 0,(1), 0, = folx) folx)dx,
S i) = 21) + 0] = 0,1 [ h@)h)

where f,:(z) = (n — 1)} > i1z Kn(® — ;). A simple variance calculation now

shows that Condition (AS) is satisfied if nh¢ — oco. |
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To interpret the bandwidth requirements nh?? — oo and nh¢ — oo implied by
Conditions (SE) and (AS) in this example it is helpful to recall that the (pointwise)
rate of convergence of f, is \/nhd; that is, f.(z) — fu(z) = O,(1//nhd) for any
r € R% The conditions nh?** — oo and nh? — oo therefore correspond loosely to
the requirements of n'/*-consistency and consistency, respectively, on the part of the
nonparametric ingredient fn

The fact that any rate of convergence (on the part of the nonparametric ingredient
) will suffice when verifying Condition (AS) is largely due to the linearity of §,, with
respect to fn This feature is clearly special, but in three important respects Example
1 turns out to be representative. First, results of the form (4) with B, # o(n/?)
obtain only when bandwidth conditions resulting in convergence rates slower than

nl/4

are entertained on the part of nonparametric ingredients. Second, bandwidth
conditions needed for stochastic equicontinuity (i.e., Condition (SE)) generally imply
n'/4-consistency on the part of nonparametric ingredients. Avoiding reliance on Con-
dition (SE) therefore turns out to be crucial in order to achieve the goals of this paper.
Third, as demonstrated by the examples that follow the qualitatively conclusion that
Condition (AS) is compatible with convergence rates slower than n'/4 on the part of
nonparametric ingredients is true quite generally. Condition (AS) therefore emerges
as an attractive alternative to Condition (SE).

Among estimators not satisfying (7) we are aware of only two types that pro-
vide exceptions to the rule that bandwidth conditions needed for Condition (SE)
imply n'/“-consistency on the part of nonparametric ingredients. These exceptions
are those illustrated by Hausman and Newey’s (1995) consumer surplus estimator and
the “leave in” version of Powell, Stock, and Stoker’s (1989) estimator, respectively.

Hausman and Newey’s (1995) consumer surplus estimator (also discussed in Newey

and McFadden (1994)) is one for which go(z, ) is additively separable between z and
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~.% In such special cases “separability” between z and ~ is of course automatic and,
indeed, both parts of Condition (SE) are satisfied (without any o0,(1) terms) when
go = Go- In the case of the “leave in” version of Powell et al.’s (1989) estimator, on
the other hand, validity of Condition (SE) under weak bandwidth conditions would
appear to be due to the fact that Condition (AS) holds and the fact that go and g,
coincide (apart from a non-important factor of proportionality).”

While seemingly peculiar, the feature which makes the “leave in” version of Powell
et al.’s (1989) estimator satisfy Condition (SE) turns out to be exploitable quite
generally. To be specific, essentially because it involves ¥, ; rather than ¥,,, the “leave-
one-out” version of Condition (SE) given by Condition (AS) turns to be verifiable
under remarkably weak bandwidth conditions.

As pointed out by Newey and McFadden (1994) and illustrated by Example 1,
verification (or otherwise) of the second part of Condition (SE) involves nothing more
than second-order U-statistic calculations when go(z,y) is linear in . Example 1 also
shows that very similar calculations can be used to verify the second part of Condition
(AS) when g,(z,) is linear in ~.

To accommodate slower-than-n'/* rates of convergence while achieving nontrivial
generality it is useful to have results that cover nonlinear-in-y functions. It turns
out that in many nonlinear-in-7 cases a variation on Newey’s (1994) approach can be
used to verify Condition (AS) for a g, which is quadratic (rather than linear, as in
Newey (1994)) in its second argument. For such a g,, the second part of Condition

(AS) can usually by verified by means of the following lemma.

Lemma 4. Suppose that g, ~(z)[:] is linear, g, ~~(2)[, -] is bilinear, and that:

V{gnn(21)[kn,2]) = o(n),

OIndeed, their go(z,7) does not depend on z.

"As pointed out by footnote 6 of Powell et al. (1989), go = (1 — n~1)g, because symmetric
kernels satisfy K'(0) = 0.



BOOTSTRAPPING SEMIPARAMETRIC ESTIMATORS 23

V[E(gn,w(zl)[“n,% “n,2]|21)] = 0(712), V(gn,w(zlﬂ’fn,% ’{nl]) = 0(n3)a
V(Gn (1) [Fon 2, Kin3]) = o(n?),

where K, ;(2,0) = w(z;,0)K,[x(z,0) — x(2;,0)] —7,(2,0). Then

) 1
9n(2,7) = gn(2,70) + Gy (2) [y — 70l + §gn,w(z)h — Vs Y — Tl

satisfies the second part of Condition (AS).

The ease with which the first part of Condition (AS) can be verified with a
quadratic g, depends on the smoothness of g,(z,v) with respect to 7. One widely
applicable sufficient condition, similar in spirit to Newey (1994, Condition 5.1), is
given by the following lemma, in which || - ||r, denotes a norm on a function space to

which 4,,;(-,60) — 7,,(+, 00) belong (with probability approaching one).

Lemma 5. Suppose that maxi<i<y, |[9,,(+, 00) = 7,,(-,60)|Ir, = 0p(n~"/) and that for
all v with ||7y(-,00) — 7,,(+,0o)||r, small enough,

19(2,7) = Ga(2, DN < b)Y (-, 00) = 7 (-, Oo)II7

where g, is as in Lemma 4 and Eb(z) < co. Then the first part of Condition (AS) is
satisfied.

The conditions of the lemma are satisfied in Example 2, although slightly better
sufficient conditions for Condition (AS) can be obtained by exploiting a special fea-

ture of the estimator considered in that example.

Example 2 (continued). A quadratic approximation to g,(z, f) is given by

gn(zaf) :gn(z7fn)+gn,f(z)[f_fn] +%gn,ff(z)[f_fnaf_fn]a
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where, defining f,;7(z) = n'K,(0) + (1 — n7Y) f,.(2),

@ [0 @
msle] =~ =B ) - P )
s AL = (=P @) () o) o) - 22N (o)

3
If h, — 0 and if nh2"" /(logn)®? — oo, then the conditions of Lemma 5 are
satisfied. Proceeding as in Cattaneo et al. (2013), the second bandwidth condition

3/2 _, 50. This bandwidth condition is also

3
can in fact be relaxed to nh2®" /(logn)
sufficient for the second part of Condition (AS), as the assumptions of Lemma 4 are

satisfied whenever nh*? — oo. |

In Example 1, Condition (AS) could be verified without imposing conditions on the

3/2 _ 50 imposed

rate of convergence of f,. In contrast, the condition nh%cprl /(logn)
in Example 2 does impose a convergence rate condition on fn, corresponding roughly
to an n'/®-consistency requirement on a (and its derivative). While almost certainly
not the weakest possible, this bandwidth condition is attractive from the perspective
of this paper as it is weak enough to permit failure of n'/*-consistency (which once
again turns out to be crucial) yet strong enough to enable us to verify Condition (AS)
with a fairly modest amount of effort.

Even in cases where g,(z,-) is not smooth, Lemma 5 might be useful when at-

tempting to verify that the first part of Condition (AS) is satisfied by a quadratic g,,.

Example 3 provides an illustration.

Example 3 (continued). Let F,,(-|z) denote the conditional cdf of y given =,
let fy.(-]x) and fy‘x(|x) denote its first and second derivatives. By first conditioning

on z and then proceeding as in the smooth case we are led to consider
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1

gn(ajv f) = gn(.%, fn) + gmf(x)[f - fn] + §§n7ff<x)[f — for f — fn]a
where g, (z, fn) = _Fylx[fn+<x)|x] and
Gns@)[k] = =1 —=n7")flf (@)|z]k(),
Gnsr(@)[ Al = =1 =07 fulfa (@)|2]k(@)A(2).

3
If h, — 0 and if nhﬁd/(log n)%? — oo, then Lemma 5 can be used to show that
the first part of Condition (AS) is satisfied. The same bandwidth conditions are
sufficient for the second part of Condition (AS), as the assumptions of Lemma 4 are

satisfied whenever nh? — oo. [ ]

In perfect analogy with Example 2, also in this nonsmooth case Condition (AS) is

seen hold under bandwidth conditions corresponding roughly to an n'/

-consistency
requirement on f,. Once again, the main thing to notice is the fact that Condition

(AS) permits failure of n'/%-consistency.

Remarks. (i) The second part of Condition (SE) can be verified by exhibiting a

sequence I',, o of function classes satisfying lim,,_,o P[¥,,(-,00) € I'n0] = 1 and

R _ ) _
SUPs(0)eT o || 77 > [90(2i.7) = Go() = Golzi,70) + Go(10)|| =5 0,
i=1

where empirical process results (e.g., maximal inequalities) can be used to formulate
primitive sufficient conditions for the latter. This approach, taken by Andrews (1994b,
Condition (3.36)), Chen et al. (2003, Conditions (2.4) and (2.5)), and many others,

does not seem applicable when the goal is to formulate primitive sufficient conditions
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for the second part of Condition (AS). To be specific, the dependence of 4, ; on i in
the second part of Condition (AS) implies that the desired convergence in probability

result cannot be deduced with the help of a result of the form

SUD,y (. 09)eT 0 —p 0.

% D _[5n(2:7) = Gul) = Gz, 70) + Gnl(12)

(ii) For Example 3 arguments similar to those used in our verification of Condi-
tion (AS) can be used to show that Condition (SE) holds when nh?? — oo (which
corresponds roughly to an n'/-consistency requirement on fn) This represents a
considerable improvement over the condition nh3? — oo (which corresponds roughly

1/3

to an n'/°-consistency requirement on fn) apparently required when using empirical

process methods to verify Condition (SE) by first exhibiting a function space H sat-
isfying (3.3) of Chen et al. (2003)’s Theorem 3 (as is done by Chen et al. (2003,
p. 1600)) and then formulating bandwidth conditions under which f, (h in their

notation) belongs to H with probability approaching one. |

4.3. Asymptotic Normality. Suppose g, is as in Lemmas 4 and 5, in which

case we have

Gal1) = Ga(1a) + Gy = 1al + 3Gnaly = 17 = 7]
where G, -] = Eg, ~(2)[-] and G}, 11 [-] = Egpn~(2)[]. Then
- > i) + i) = Gl = - >z + VB,

where, defining §,,(2) = G, [w(z, 00)IC, (2(-,00) — (2,60)) — V. (-, 60)],
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Vo (2) = gn(2,70) — Bgn(2,7,,) + 00 (2)

and

n

11

Bn = Egn(za P)/n) + 55 Z Gn,’wﬁ/n,i — V> ﬁAYn,i - P)/n]

i=1

The assumptions of the following lemma are usually straightforward to verify.

Lemma 6. Suppose that
E||¢,(2) = ¥ (2)[] = 0 (9)
for some function 1) and that:
V(Grpaltin, finp]) = 0(n?),  V(Goasltina, ting]) = o(n). (10)

Then Condition (AN) holds with Q = E[(2)Y(z)'] and (8, any sequence satisfying
B, = EB, + o(n"'/?).

Knowing the functional form of ¢ and [, is unnecessary for the purposes of
verifying Condition (AN) and/or applying the bootstrap, but since ¢ and 3, may
nevertheless be objects of theoretical interest we comment briefly on them before
verifying Condition (AN) for the examples. The function ¢ in (9) will typically be
given by ¥(z) = go(z,79) + do(z), where dp(z) is the “correction term” discussed
by Newey (1994). Regarding the “bias” sequence f,,, we have the decomposition
EB, = 5 + gL + YL where

1

85 =Ego(2,7n), B =Elga(2,7,) — g0(z. 7)), BYE = 5 BGhn 3 [Fn.1, Fin ]
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Here, Bi is a familiar (smoothing) bias term, which can typically be ignored because
3% = o(n~'/?) under standard smoothness, kernel, and bandwidth conditions.® The
term -1 is a “leave in” bias term (in the terminology of Cattaneo et al. (2013))
whose presence can be attributed to a failure of stochastic equicontinuity. This term
is nonnegligible in all of our examples. The final term, Biv L is what Cattaneo et al.
(2013) refer to as a “nonlinearity” bias term. This term is zero in Example 1 (where
0, is a linear functional of fn), but is nonnegligible in Examples 2 and 3 (where 0, is

a nonlinear functional of fn) To summarize, we can typically set 3, = %1 + L.

Example 1 (continued). If h, — 0, then (9) holds with ¢ (z) = 2[fo(z) — 6).
Also, B, is nonrandom and satisfies B, = K(0)/(nh%) + O(hl + n=1). As a con-
sequence, Condition (AN) is satisfied with ¥ = 4V[fy(x)] and 8, = K(0)/(nh?)
provided nh2"” — 0.

In summary, if nh2” — 0 and if nh¢ — oo, then the conditions of Theorem 2 are

satisfied and (4) holds with B, = O(1/(nhl)) # o (n=/?). |

Example 2 (continued). If h, — 0 and if nh¢ — oo, then (9) holds with
¥(2) = go(z, fo) + 0o(2), where
da(z) = (o) 5 (o) + 1(0) 5 ) + rlaola) UV,
Also, (10) is satisfied if h,, — 0 and if nh?*? — oco. As a consequence, Condition
(AN) is satisfied with ¥ = E[¢)(2)(2)'] if h, — 0 and if nhdt? — oco.
If also nh2” — 0, then 85 = O(hY) = o(n='/?) and

8To be specific, we typically have 85 = O(hF), where P is the order of the kernel. In this case,

B3 can be ignored if nh2F — 0.
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g = k) [ r(@)o(a) 0BT o 172,

hd fo(z)
w(x 0
BQIL nhd+1 /Rd Rd fo(ﬂf) >§ (r) fo(x — rhy)dzdr

() afo( ) /0
() folz)

K(r)*fo(z — rhy)dxdr + o(n 1/2),

nhd

R4 JRd

where it follows from Cattaneo et al. (2013, Lemma 1) that 4 * admits a polynomial-

in-h,, expansion of the form

1
pNE — W[BO + ByhZ +Boht + .. ],

n

the constants By, By, Bs, ... being functionals of K and the data generating process.
(Symmetry of the kernel implies that 52 is of order 1/(nh?) and that the polynomial
expansion of nhﬁﬁfl\f L involves only even powers of h,,.)

3/2

3
In summary, if nh? — 0 and if nhz't /(logn)** — oo, then the conditions of

Theorem 2 are satisfied and (4) holds with B,, = O(1/(nh%)) # o (n™/?) . ]

Example 3 (continued). If i, — 0 and if nh! — oo, then (9) holds with
¥(2) = go(z, fo) + do(x), where

(50([E) = _fy\x[fO |J7 fO / fy\x f() ( )le'

Also, (10) is satisfied if h, — 0 and if nh? — oo. As a consequence, Condition (AN)
is satisfied with ¥ = E[¢(2)w(2)'] if h,, — 0 and if nh¢ — oco.
If also nh2” — 0, then 8 = O(hY) = o(n='/?) and
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B = KO [ flh@lalfule)d + o),
o = oy | Bl K @) folo — rha)dedr -+ ofn ),
nn, Rd

where 55 L can be shown to admit a polynomial-in-h,, expansion of the form

1
BNL = W[BO +Bh2 + Byt + .. ],

n

the constants By, By, Bo, ... being functionals of K and the data generating process.

3/2

3
In summary, if nh?” — 0 and if nhﬁd/ (logn)** — oo, then the conditions of

Theorem 2 are satisfied and (4) holds with B, = O(1/(nh%)) # o (n"/?). |

The findings for Examples 1 and 3 are in qualitative agreement with the those
for Example 2. For the model studied in Example 2, Cattaneo et al. (2013, Section
3.3) went slightly further and used a bias expansion to develop a bandwidth selection
method. The bandwidths chosen by that procedure are of order n="/ ("4 and were
found by Cattaneo et al. (2013) to perform well. Although it is beyond the scope of
this paper to do so, it seems plausible analogous bandwidth selection procedures can

be developed for Examples 1 and 3 (and perhaps even in fairly complete generality).

5. BooOTSTRAP CONSISTENCY
One consequence of replacing (1) with (4) is that the statistics \/n(6,, — o) cease to
be tight. Proving bootstrap consistency without existence of limiting distributions
(or even tightness) can be difficult in general (e.g., Radulovic (1998)), but thankfully
the present setting has enough structure to enable us to give a simple characterization
of bootstrap consistency. Indeed, in light of (5) the following condition is (necessary

and) sufficient for (3) under (4) :
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Ak A~

Vvn(l, — 0, — B,) ~, N(0,%), (11)

where ~~,, denotes weak convergence in probability.

This characterization is very useful for our purposes because it turns out that in
many cases verification of (3) and (4) can proceed by first proving (4) and then, by
imitating that proof, demonstrating (11) . For example, the next result is a bootstrap

analogue of Theorem 2. To state it, let 8, be an (approximate) minimizer of

Ak Ak A* A 1 - *
=1

where
li:w [2(2,0) — x(z],0)]
n
7j=1
and 27,..., 2" is a random sample with replacement from zq,..., 2,. Also, let
. RN . . .
f}/n,i(zve) = m w(zj,ﬁ)lcn[x(zﬁ) —.YI(Z]-’Q)] (Z: 1,...,71).

J=Lj#i
Theorem 7. Suppose the assumptions of Theorem 2 are satisfied and that:

(AL*) for the same J as in (AL),
Vid, = ba) fzgn % )+ 0p(1)

where g*(z,7) = glz, 0n, n tw (2, 0,)K[z(-,0,) — 2(2,0,)] + (1 — n~Y)y(-, 0,)];
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(AS*) for some function g,
1 - ¥ ok Ak —% [ % A~k x [/ % A —k [ % A
T DG A = G A — 91 ) + ()] = O,
i=1
1 < . -
VS
where G, (7) = n~ 321, 5 (2i.7);
(AN¥*) for the same Q) and 3, as in (AL),
1 g * *x A~ Ak [ 4k LN
i=1
Then (3) holds.

The conditions of Theorem 7 are natural bootstrap analogs of the corresponding
conditions of Theorem 2 not only in appearance but also in the sense that they can
usually be verified by mimicking the verification of the corresponding conditions of
Theorem 2.

Like (AL), Condition (AL¥*) is simply a representation in many important cases,
including Examples 1-3. More generally, Condition (AL*) can often be verified with
the help of a bootstrap analog of Lemma 3 given in Section 7.2.

Turning next to Conditions (AS*) and (AN*), suppose g/ satisfies
—x * A * ~ 1 * ~ ~
gn(z7 7) = gn(z7 ’yn) + gn,v(z)[7 - Vn] + égn,'y'y(z)h/ VYV T 711]7
where g _ (2)[-] is linear and g, . (2)[-, -] is bilinear. In perfect analogy with Lemma
4, the second part of Condition (AS*) is satisfied provided the following conditions

hold:

Vi (Gn A (21)[Kn0]) = 0p(n),
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V* [E* (g:L,'y'y(Z)lk)[I{:L,% H:L,2]|ZT)] = Op(n2)7 V* (g:L,'y'y(Zik>[I€:L,27 I{:L,Q]) = Op(n3)7

*

\A (g:;'yv(zik) [K:,Q? /ﬂn,?)]) = Op(n2)7

where £}, ;(2,0) = w(2},0)Ky[2(2,0) — (25, 0)] = ,(2,0), B*(-) = B(-|21, . . ., 2), and
V*(-) =V(-|z1, ..., 2n).

As in the case of the first part of Condition (AS), the ease with (and methods by)
which the first part of Condition (AS*) can be verified with a “quadratic” g depends
on the specifics of the example, but verification by imitation is usually straightforward
once verification of the first part of Condition (AS) has been achieved.

Finally, we have

\/—Zgn 2 An) + G(Fni) — Gl Z

and

Zgn zl’ Tn +__ZGn'y'y ’Ynz P}naﬁ/;,z_ﬁ/n]
If Condition (AN) holds, then so does Condition (AN*) if

1 n
- D (=) = ()P =, 0
i=1
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and if

V(G mnal) = 0p(n?), V(G K50 7 0]) = 0p(n),

n,yy n,1 n,yy

E*(B;) = B, + 0p(n~'1?).

These conditions can usually be verified using straightforward, but possibly tedious,
moment calculations for U-statistics.

In our examples it turns out that the conditions of Theorem 7 can be verified
under the same bandwidth conditions as those used when verifying the conditions of
Theorem 2. As a consequence, assuming for specificity that the bandwidth is of the
form h,, = Cn~'/" (where C' > 0 and 1 > 0 are user-chosen constants) the examples
allow us to draw the following conclusions regarding the “robustness” of inference pro-
cedures with respect to bandwidth choice. Asymptotic validity of (the Ibragimov and
Miiller (2010) procedure and) the confidence interval C'I,, motivated by the distribu-
tional approximation \/ﬁ(@n —00)~N (0, f]n) requires 7 € (2d,2P), while asymptotic
validity of subsampling-based confidence intervals requires 1 € [2d, 2P). On the other
hand, there is an example-specific constant 7, < 2d such that the bootstrap-based
confidence interval CI* is asymptotically valid whenever 7 € (n,,2P). The constant
1, equals d in Example 1 and it follows from the results presented above that 7, is no
greater than %d + 1 and %d in Examples 2 and 3, respectively.” In other words, the
range of n-values for which bootstrap-based inference procedures enjoy asymptotic

validity is wider than the range for which its main rivals are valid. As a result, there

9The results of Cattaneo, Crump, and Jansson (2014) suggest that 7, = d cannot be improved
in Example 1. In contrast, for Examples 2 and 3 we conjecture that even smaller values of 7, can

be obtained with some additional effort.
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is a formal sense in which bootstrap-based inference procedures are more “robust”

with respect to bandwidth choice than their main rivals.

Remarks. (i) We deliberately study only the simplest version of the bootstrap.
As in Hahn (1996) doing so is sufficient when the goal is to establish first-order as-
ymptotic validity, but we conjecture that results analogous to Theorem 2 can be
obtained for various modifications of the simple nonparametric bootstrap, including
those proposed by Brown and Newey (2002) and Hall and Horowitz (1996) to handle
overidentified models.

(ii) Similarly, to highlight the fact that asymptotic pivotality plays no role in our
theory we use the bootstrap to approximate the distribution of /n(6,, — 6) rather

than a studentized version thereof.

6. CONCLUSION

This paper has developed “small bandwidth” asymptotic results for a class of two-step
semiparametric estimators previously studied by Newey and McFadden (1994) and
others. The first main result, Theorem 2, differs from those obtained in earlier work
in semiparametric two-step estimators by accommodating a non-negligible bias and a
noteworthy feature of the assumptions of Theorem 2 is that reliance on a commonly
employed stochastic equicontinuity condition is avoided. The second main result,
Theorem 7, shows that the bootstrap provides an automatic method of correcting for
the bias even when it is non-negligible.

The findings of this paper are pointwise in two distinct respects. First, the distri-
bution of observables is held fixed when developing large sample theory. Second, the
results are obtained for a fixed bandwidth sequence. It would be of interest to develop
uniform versions of Theorems 2 and 7 (along the lines of Romano and Shaikh (2012)

and Einmahl and Mason (2005), respectively), but doing so is beyond the scope of
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this paper.

Although the size of the class of estimators covered by our results is nontrivial
it would be of interest to explore whether conclusions analogous to ours can be ob-
tained for semiparametric two-step estimators whose first step involves other types of
nonparametric estimators (e.g., local polynomial or sieve estimators of M-regression
functions). In this paper we focus on kernel-based estimators because of their analyt-
ical tractability, but we conjecture that our results (and the methods by which they
are obtained) can be extended to cover other nonparametric first-step estimators. In

future work we intend to attempt to substantiate this conjecture.
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7. APPENDIX I: ADDITIONAL RESULTS
7.1. Orthogonality. In the case where the nonparametric estimator 4,, satisfies
Y=o = 0p(n~Y*), sufficient conditions for the “orthogonality” condition (7) to hold
have been given by Newey (1994), among others. For completeness, this subsection
discusses conditions for (7) to hold also in the case where only 4, — v, = 0,(n /) is
assumed. In this case gy will typically admit linear and bilinear functionals gg(2)[-]

and go-(2)[-, -] such that the first part of Condition (SE) holds with
_ 1
Go(2,7) = 90(2,70) + G0 (2)[Y = Yol + 5907 ()7 = 70,7 = 70l-
Under mild additional moment conditions, (7) then holds if
Ego(2)[] =0 (12)
and if

Ego(2)[, ] = 0. (13)

Both (12) and (13) are usually straightforward to verify (when they hold). For
instance, verifying the conditions is easy when ¢(z,0,v) = A(z(z),0,v)m(z, 8), where
m(z,0) is a residual satisfying E[m(z,0)|z(z)] = 0 and A(z(2),6,~) is a matrix of
(optimal) instruments depending on § and v (e.g., Newey (1990)).

The condition (12) is similar to Newey (1994, Proposition 3). Under this condition,
the “correction term” of Newey (1994) is zero and (12) therefore implies that the
presence of the nonparametric estimator has no impact on the asymptotic variance
of ,. Unlike (12), (13) has no counterpart in Newey (1994), but is needed when

the condition 4, — v, = 0,(n"'/%) is relaxed. The condition (13) implies that B,
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in (4) can be set equal to zero even under “small bandwidth” asymptotics. As a
consequence, (13) can be thought of as giving a condition under which the presence
of the nonparametric estimator has no impact on the asymptotic bias of 0,.

It is easy to give examples where (12) holds, but (13) and (7) do not. As a
consequence, having a “correction term” equal to zero is only a necessary condition
for (7) to hold when 4,, — v, # 0,(n*/*). In particular, also estimators having the
“small bias property” discussed by Newey, Hsieh, and Robins (2004) can suffer from
the bias problems highlighted in this paper.

7.2. Remarks on Lemma 3. The assumptions of Lemma 3 are comparable to
those of Pakes and Pollard (1989, Theorem 3.3). As in Pakes and Pollard (1989,
Theorem 3.3), one of the conditions of Lemma 3 is a consistency condition on 0,,. That
condition can usually be verified by adapting Pakes and Pollard (1989, Corollary 3.2)
to our setup. The condition ||4,, — v, |lr = 0,(n /%) has no counterpart in Pakes and
Pollard (1989, Theorem 3.3), but is satisfied in the cases of primary interest in this
paper and is therefore included as an assumption in Lemma 3. Our conditions (i)
and (v) correspond exactly to the analogous conditions in Pakes and Pollard (1989,
Theorem 3.3).'

Condition (iv) of Lemma 3 is weaker than its counterpart in Pakes and Pollard
(1989, Theorem 3.3), a weakening necessitated by the fact that in the cases of main
interest in this paper only an assumption of the form G, (6,%,) = 0,(n"'/?) can
be justified. To compensate for this weakening, conditions (ii) and (iii) of Lemma
3 are somewhat stronger than the natural counterparts of conditions (ii) and (iii) of

Pakes and Pollard (1989, Theorem 3.3). For instance, while the natural counterpart

10As in Pakes and Pollard (1989, pp. 1044-1046), it is possible to relax the assumption that the
matrix W in (i) is nonrandom. To be specific, the conclusion of Lemma 3 remains unaffected if W

is replaced with an estimator W,, satisfying W, =W + op(n_l/ 5).
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of condition (ii) of Pakes and Pollard (1989, Theorem 3.3) imposes only a full rank
condition on G4W Gy our condition (ii) also includes additional (mild) smoothness
requirements on G.

Translated into our notation, the natural counterpart of condition (iii) of Pakes

and Pollard (1989, Theorem 3.3) is intended to ensure that

Hén(éna fAVn) - G<én7 70) - én(e(b lﬁ/n) + G(HOJ 70)” = Op(nilﬂ)'

Under our condition (ii), the & = 0 version of our condition (iii) achieves the same
goal when 6, — 6y = 0,(n"/3) and ||5,, — Y,llr = 0,(n"'/%). The @ = 1/3 version of
condition (iii) has no obvious counterpart in Pakes and Pollard (1989, Theorem 3.3),
but can be interpreted as a weakened version of a condition similar to (13) of Cheng
and Huang (2010, Condition S1). This condition is used here to handle situations
where 0, € R¥ is “overidentified” in the sense the dimension of g exceeds k.!!

When 6,, — 6y = 0,(n"*/3) and ||%,, — 7ollr = 0,(n"/%), a seemingly more elegant
way of arriving at the displayed result would be to set T',, = I'(n~'/6) and assume the

following variant of Chen et al. (2003)’s Condition (2.5") : '?

(SE’) for every positive 6, = o(n~1/3),

N N

sup  [|Gn(0,7) — G(0,7) — G0, 7o) + G(00,70) || = 0p(n~13).
0€B(0n),v€ly

UTn the “just identified” case where 6 and g are of the same dimension, the a = 1/3 version of
condition (iii) of Lemma 3 can be dropped (and any s > 0 suffices when verifying the oz = 0 version

of condition (iii) by means of Lemma 8).
2By assumption, G(6p,7,) = 0. The purpose of retaining G(6g,,) in the formulation of Condition

(SE’) is to facilitate comparison with condition (iii) of Lemma 3. We use the label (SE’) in recognition
of the fact that the condition is stronger than Condition (SE) whenever 4,, € I';, (with probability

approaching one).
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An implication of the discussion in Section 4.2 is that Condition (SE’) is violated in the
examples of interest in this paper. In contrast, because the stochastic equicontinuity
condition (iii) of Lemma 3 employs a formulation in which the second argument of
each function inside the || - || is the same, the condition often reduces to a condition
concerning the fluctuations of a process indexed by the finite-dimensional parameter
0, suggesting that it might be verifiable under weaker conditions than Condition (SE’),
which concerns the fluctuations of a process which depends on the infinite-dimensional
parameter vy as well. Indeed, condition (iii) of Lemma 3 is automatically satisfied
(with the 0,(n~1/27%/2) term equal to zero) in Examples 1-3.'* More generally, the
condition can often be verified by setting s > 1/2 and I', = I'(n~/®) and verifying

the condition of the following lemma.
Lemma 8. Let a > 0 and suppose that

lim,, oo limg 06~ %* supyey B[Fu(2;0,0)%] < oo
for some neighborhood X of 6y and some s > 0, where

Fn<z7570) = sup ||g<279/a’7(79/)) _g(zaea’Y(ag)H

HG,_GH §6776F7L

Then, for every a > 0 and for every positive d,, = o(n™%),

sup  [|Gu(8,7) — G(0,7) — Gu(B0,7) + G(00,7)|| = 0p(n~*7%) (14)

0€O(6n ),y

and

sup [|G1(0,7) = G(8,7) = Gy (B0, 7) + G(00,7)|| = 0p(n/27%). (15)

0€0(6y),vely,

13Because Condition (AL) itself is automatically satisfied in Examples 1-3 there is no need to
verify it using Lemma 3. Nevertheless, given the failure of Condition (SE’) in these examples it

seems comforting that condition (iii) of Lemma 3 is satisfied in the examples.
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Like Chen et al. (2003, Theorem 3), Lemma 8 is in the spirit of Andrews (1994b,
Section 5). The lemma is obtained by bounding the £? bracketing numbers of the

classes
Fn = {g("ea’Y('ae)) - g('700a7('790)) NS @(571)7'7 € Fn}

These bracketing numbers are often considerably smaller in magnitude than the brack-
eting numbers of classes such as {g(-,0,7(-,0)) : 0 € ©(d,,),y € I',,}, the latter being
the classes of interest when verifying Condition (SE’).

In Lemma 8, (15) is a natural bootstrap counterpart of (14). It is stated in

anticipation of condition (iii*) of the following bootstrap analog of Lemma 3.

Lemma 9. Suppose that 6, — 0, = 0,(1), |37 — 4,|lr = 0,(n~Y/%), that the assump-
tions of Lemma 3 are satisfied, and that:

(i*) G (0, 45 W G0, 4%) < infgeq G (0.2 WE5(0,45) + 0p(nY);

(iii*) for o € {0,1/3} and for every positive 6,, = o(n=?),

S 1G58, 4%) — G(8,4%) — GZ (80, 47%) + G (00, 32) || = 0p(n~Y272/2);
E n

(iv¥) G;, (0. 37) = 0p(n1/%).
Then Condition (AL*) holds.

7.3. Uniform Convergence Rates. Various results on uniform convergence rates
for kernel estimators are used to verify the conditions of Theorems 2 and 7 in Exam-
ples 2 and 3. The results utilized are all special cases of Lemma 10 below.

Suppose that for every n, Z;,, = (W;,, X!) (i = 1,...,n) are i.i.d. copies of
Zy = (Wp, X', where X € R? is continuous with bounded density fy (-). The kernel

estimators we consider are of the form
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1 < 1 [«
— Ej;ll/lfjnkan(a: - Xj), K (2) = 7k <h_n) ,

and

Z anlﬁn(l'—Xj) (Z: 1,...,%),

j=1.j#i

U,i(z) =

n—1

where h, = o(1) is a bandwidth and x : R? — R is a bounded and integrable
kernel-like function.
Bootstrap analogs of these estimators are also of interest. Letting {Z7,,...,Z},}

be a random sample with replacement from {7y, ..., Z,,}, define
23 Winia - )

and

@*

Z Whkn(z —X3)  (i=1,...,n).

n—l
J=1j#i

Defining ¥,, (z) = EV,, () the objective is to give conditions (on &, p,,, and the
distribution of Z,) under which

maxj<i<n |‘i’n(Xz) - ‘I’n(Xz)| = Op(pn)7 (16)
max;<i<n [U0i(X;) — Un(X,)| = Op(py), (17)
maxi<j<n |5 (X;) — Ua(X))| = Ou(p,), (18)

max;<; j<n |5 (X;) — Un(X;)| = Op(p,). (19)
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To give a succinct statement, let Gam(-) be the Gamma function and for s > 0, let

C (s) = sup, [B(|Wal*) + sup,cpa B(IW[*| X = z) fx (2)].

Lemma 10. (a) If C(S) < oo for some S > 2 and if n'~'/5he/logn — oo, then
(16) — (19) hold with p, = max(y/Togn/+/nhd, logn/(n*~*/3hd)).
(b) If C(s) < Gam(s)H?® for some H < oo and every s and iflim,,_,
then (16) — (19) hold with p, = \/logn/\/nhd.
(c) If C(s) < H® for some H < oo and every s and if lim

(16) — (19) hold with p,, = \/logn/+/nhd.

nhd /(logn)? > 0,

nhl/logn > 0, then

The condition C(s) < H® (for some H < oo and every s) is satisfied when W, is
bounded (uniformly in n), so part (c) can be used to analyze f, and its derivative
and we use this part in all of the examples. Part (b) covers certain distributions with
full support (e.g., sub-Gaussian distributions), but is not used in our examples. On
the other hand, the S = 4 version of part (a) is used to verify Condition (AN*) in

Example 2.
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8. APPENDIX II: PROOFS

8.1. Proof of Lemma 1. The proof is elementary:

Jild, —60) = jﬁgmz@-,m o,(1)

- I Zzn;[go(zi, 10) + 5oz ) — Bo(z0 10)] + 0p(1)

- J% > stz 10)+ Gil3) = Gt +an(1)
~ N(0,TQ2T",

where the first equality uses Condition (AL), the second and third equalities use
Condition (SE), and the last line uses Condition (ANp).

8.2. Proof of Theorem 2. The proof is elementary:

Vil = 0= T5,) = T—= > lanls300) = Bul +0u()
= ‘7% g[gn(?«’i, ’Yn) + Qn(zi, 'AYn,i) - gn(zia ’Yn) - 5n] + Op(l)

_ \7% ;[gm 1) + Gon(ns) — Gu(1) — Bl + 0,(1)
- N(0,T0,

where the first equality uses Condition (AL), the second and third equalities use
Condition (AS), and the last line uses Condition (AN).

8.3. Proofof Lemma 3. Let G, = G(6y,%,) and define 7, = —(G. WG,)"'G", W.
Using |9, = Yollr = 0,(n™"/%), (ii), and (iv),
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(jn - j)én(e()v’?n) = Op(n_l/2)'

It therefore suffices to show that 6, — 8y — J,G(00,%,,) = 0p(n=1?).
To do so, let L, (0) = G W|[Gn(00,4,,) + Gn(0 — 6;)]. Because

and because G WG, —, GiW Gy > 0, it suffices to show that L, (0,) = 0,(n71/?%).
Using 6, — 0o = 0,(1), |15, — Yollr = 0p(n~1/%), and (ii)-(iii) (with a = 0),

1G B 3) = G0 4) — GO0, 4,) + GO0, 4| = 0, (n~)

and

As a consequence, by the triangle inequality and using |G’ W|| = O(1),

IZ@D < NGNGB — 60) — G(BaAa) + G803
GG B 4 = Con(Bns A1) — G0, 5) + Con(00, 4, |
HGLW G0, 7|
= |10, — 00]]20,(1) + |G W G (01,4, || + 0p(n 1),

so it suffices to show that 6, — 0y = 0,(n"'/3) and that G/, WG, (0,,4,) = 0,(n"1/2).
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Proof of 0, — 6y = o0,(n~'/3). Condition (ii) implies the existence of a positive
constant C' for which || — 6| < C|G (8, 7,) || near 6y. Because 6,, — 6y = 0,(1), it
therefore suffices to show that ||G(6,, 7o)l = |0 — bol|op(1) + 0p(n~1/3).

Using (i) and (iv)-(v), we have

A

Gn(én’ ,?n)/WGAv”<9n7 ’?n) S Gn(007 &n),WGAn(Q[b ’?n) + Op(n_l) - Op(n_2/3)7

implying in particular that G,(0,,%,) = 0,(n~1/3). Also, using b, — 0, = 0,(1),
19, = Yollr = 0,(n~1/9), and (ii)-(iii) (with a = 0),

1G By 4) — GOy 4) — G (00, ) + G0, 4,) || = 0p(n~ 1)

and (with probability approaching one)

1G (B, 70) = GO A1) + G080, 3)|l < 118 = bollop (1)

Using these rates, the triangle inequality, and (iv),

IG(On 7o)l < GO, 70) — G, H,) + G (00,4,
+1G By 3) | + G (B0, 4,) |

= 18— bollop(1) + 0p(n~"?).

Proof of G'WG,(0,,%,) = 0,(n"'/2). Because G',WG, —, GyWG, > 0, it

suffices to show that
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Gn(éna 'AVn),WGn(G;zWGH_lG;zWGn(ém V) = 0p<n_1)'

To do so, let 0, = 6, + J,Gn(0n,4,), which satisfies 6, — 0, = 0,(n~1/3) because
0, — 0y = 0,(n"1/3) and G0, 4,) = 0,(n1/3).
By (ii) and (iii) (with a = 1/3), we therefore have

~ ~ . ~ A

Rn - én(ena ﬁn) - Gn(é’m /S/n) - Gn<0n - en) - Op(n_2/3)-

As a consequence, using (i) and (v), with probability approaching one

~ N A ~ A ~

G0, 4) WG (0n,5,) < G0, 5,) WG (0, 4,) + 0p(n ")
= Gu(0,.%,)WGp(0n,5,)
G (00, 3,) WG (G W ) G W G (0,0,9,,)
+2R W — WG, (G WG, G WG (0,,4,)
+R,2WR, +o0,(n7 1),

which rearranges as

< 2R\ W — WG, (G WG G WG (00,4,) + RLW R, + 0,(n )

= op(n7).

8.4. Proof of Lemma 4. When g, is defined as in the lemma, we have:
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% Z[W, 90 = Galn) = 97 + Ga(3,)]

= Z Z Gy (20) [ g] = G [Fing))

=1 5= 1]767,
Jn(n = 1 E E (G (2)[Fngs Fing] = GroaylFng, Knjl)
i=1 j= lj;él

Jnn —1) 9 Sl — 1)2 Z Z Z (9nm (Z)[Fongs nk] = Gy Knkl),

i=1 j=1,j#1 k=1,k¢{i,5}

where G, '] = Eg,~(2)[-] and Gy, 1, [-] = Egn - (2)[-]. By construction,

I _
Vi 20T = Gl
The result therefore follows from Chebychev’s inequality because

Y ACE MBI ES ACERENCHE)

- %0<v<gm<z1>[nn,z1>>
+ 3 O(V[ (i (21) [, Bin2]|21)]) + %O(V(gm’w(zlﬂ’{n,% fin2]))

4L OV (g (1) 2 )

= o(n™),

where the first equality uses Hoeffding’s theorem for U-statistics.

8.5. Proof of Lemma 5. Because maxi<j<y ||9,,(*,00) =7, (*, 00)|lro = 0,(n*/%),

we have (with probability approaching one)
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1 n

IN

1 < . o
ﬁ Z 19 (i, %,i) — gn(2i, %,i)“
=1

IN

1 ¢ ) ;
7 2 I o) = Ol

) 1
(n1/6 maxi<;<n HVn,z(’ 60) - P)/n(a (90)”1‘0)35 Z b<zl)

i=1
= Op(l)a

IN

where the last equality uses E|b(2)| = Eb(z) < oc.

8.6. Proof of Lemma 6. If (9) holds and if V(B,) = o(n™!), then Condition
(AN) holds with © = E[(2)y(z)] and 3, = EB, + o(n"'/?) because

% S "l (26 12) + G (51) = G 7) = B,
_ % > () + VB, ~BB,) + Va(BB, - 5,)
1 n

= 2D U)oy (1)~ N(O.9)

Now,
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%ZGHWWH%J — Yor Vi — Yol = 2 Z Z Groylin,s in gl

=1 1= 1] 1]7&1

n—l Z Z Z Gy Fin gy in i)

i=1 j=1,j7#i k=1,k¢{i,5}

n—1

= n—l E Gn'y'y'%nu/inz]
E E Gn’y’y/{'nu/{n]

1=1 j=1,j#i

so it follows from Hoeffding’s theorem for U-statistics that

1 1
V(B,) = ﬁO(V(GmW[’{n,lv Kn,ﬂ)) + EO(V(Gn,w[’{n,la “m?]))a

implying in particular that V(B,) = o(n™!) if (10) holds.

8.7. Proof of Theorem 7. It suffices to show that (11) holds with B, = J0,,
and ¥ = JQJ'. The proof of that result is elementary:

Ak ~

V@ — b, — 78,) = 5% DCERPRAREAY
=$ﬁ§ﬁﬂ&%ﬁ¢@wm—ﬁwwuﬂM+%n

_QFZ%Zmﬁﬂwm G(3) = Bul + 0p(1)

~p N0, TQT),

where the first equality uses Condition (AL*), the second and third equalities use
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Condition (AS*), and the last line uses Condition (AN*).

8.8. Proof of Lemma 8. Let oo > 0 be given and let 6,, = o(n™®) be positive.
Studying one component at a time, if necessary, we may assume without loss of
generality that g(-) is scalar.
Suppose EB[F,,(2)?] = O(1), where F,(2) = supscz, | f(2)|. By van der Vaart (1998,
Lemma 19.35),

E| sup  [|Gu(0,7) — G(0,7) — Gu(B0,7) + G(00,7)||| = Oln 2 J;1(Fn)],

0€0(6,),v€l

where, with Njj(e, F,,) denoting the minimum number of e-brackets in £* needed to
cover Fy, Ji|(Fn) = [V Bl (2)7] V/1og N| (g, F,)de. To show (14) it therefore suffices
to show that E[F,(2)?] = O(1) and that J;j(F,) = o(n™*%). To do so, it suffices to
show that E[F,(2)%] = o(n~%%) and that, for some K > 0, some r > 0, and for all n

large enough,

log N{(e, Frn) < max(K — rlog[ed,,*],0).

By assumption,
E[F,(2)%] = E[F.(2; 00, 00)%] < supgey B[F,(2;0,,0)%] = O(62) = o(n™ ).
Also, if M > lim,,_,,lims 00> supgey B[F, (25 6,0)?], then

sup E[F,(z;0,0)%] < M§*
0€0(6n)
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for all (n,d) with n large enough and § small enough. Given such a pair (n,0), let
{0; - j =1,...,N,(5)} be a d-cover for O(5,). The cover may be assumed to be

chosen in such way that, for some constant C,

N,(0) < max

Then an € = V4M§6*-bracketing for F,, is given by
{[gA('> 0]) - Fn(’ 57 ej)ng(" 0]) + Fn(’ 57 0])} : j = 17 sy Nn(é)}a

where gA('> 9]) = g('a 9]'7,70('7 9])) - g('a 90770('7 90)) As a consequence,

81/5

log Niq(e, Fp) <logN,, | ———=
g Niy(e, Fn) < log ((4]\/[)1/23

) < max(log[C (4M)k/2s] - glog[aérjs], 0),

as was to be shown.
Finally, using n=' """ | Fy,(2;)? = O(E[F,(2)?]) and proceeding as in the proof of
(14) it can be shown that

sup  [|GE(0,7) — Gu(8,7) — G (80,7) + Grn(Bo, )| = 0p(n~1/270%),
0€0(3,)7€T

a result which is equivalent to (15) when (14) holds.

8.9. Proof of Lemma 9. The proof is analogous to that of Lemma 3. Let
G, = G(00,7;) and define J;7 = —(GI'WG;) ' G/W. Using |14, — yolle = o,(n~"/°),
(ii), and (iv*),
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(T = )G (00, 43) = 0p(n712).

It therefore suffices to show that 6., — TG (00, 57) = 0,(n712).
To do so, let L¥(0) = G¥WI[G%(6,, vn) + G (0 — 0,)]. Because

LE(0,) = GYW G, — 0, — TG (00, 40)]

and because G¥W G —, GLW Gy > 0, it suffices to show that L:(@Z) = o0p(n

57

—1/2)‘

Using 0, — 0o = 0,(1), 0 — b0 = 0,(n"/%), [ — %ollr- = 0,(n~Y/), (ii), and (iii*)

(with a = 0),

1G (O 45) = G0, 4m) — G, A7) + GrnlB, 30) | = 0p(n7?)

and

A

G0 — 8,) — GO, 4%) + G0, 45 = 1105 — 00]20,(1) + 0,(n"172).

As a consequence, by the triangle inequality and using ||G¥W| = 0,(1),

ILE@) < |CIWNGE@,, — 8,) — G(6,,,45) + GB35l

HIGWIGO,.47) = Gi(0737) = GO 4n) + G (0ns 37|

HICW G (0,40
= 16, = 00lP0p (1) + G W G (B, i) + 0p(n7?),
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so it suffices to show that 8, — 8y = 0,(n~Y/3) and that G¥WG* (0, ,4%) = 0,(n"1/2).
Proof of 0, — 8y = 0,(n~1/3). Condition (ii) implies the existence of a positive
constant C' for which [|6 — 6o|| < C7Y|G (6,7,) || near 6. Because 6, — 6y = 0p(1), it
therefore suffices to show that [|G(.,,v,)|| = |16, — 0ol|0p(1) + 0,(n~Y/3).
Using (i*), (iv*), and 6,, € © (with probability approaching one), we have (with
probability approaching one)

~

G* (6n7 fyn) WG* (env f)/n) G;(ena f)/n) WG* (9717 /3/:;) + 0p<n71) = OP(TL72/3),

implying in particular that G7(6.,4%) = o,(n~/3). Also, using 6, — 6y = 0,(1),
B — B = 0y(n=17%), 143 — alle = op(n9), (i), and (ii¥) (with o = 0),

|G (0, 43) = G0, 47) = G(0n, 43) + G0, 33| = 0p(n™2)
and (with probability approaching one)

1G(B1:70) = G0, 42) + GOy A2l < 116, = ooy (1) + 0, (n71%).

Using these rates, the triangle inequality, and (iv*),

1G @ v0) < G, 70) — G(0,,4%) + G(B, 45) |
+||G< n,m G wm;;) G0, 75) + G2 (0, 42) |

= H9n — bollop(1) + 0p(n1?).
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Proof of GZWGE(0,,4%) = o0,(n"Y2). Because G¥WG —, GAWGy > 0, it

n? ’Vl

suffices to show that

G0, 3 WG (GIW )T GIW G (0,,37) = 0y (n 7).
To do so, let 6., = 6, + J*G*(6.,4"), which satisfies 8, — 8y = 0,(n"'/3) because
0, = 00 = 0p(n™"/%) and G(6,.,97) = 0p(n~17%)
By (ii) and (iii*) (with a = 1/3), we therefore have

n? n

Ry = G (0,,4%) — Gu(0,,4%) — Ga(0,, — 0,) = 0,(n™2/?).

As a consequence, using (i) and (v), with probability approaching one

G0 AR WG (0,,45) < G0, 42) WE(0,,43) + 0p(n )
= G0, 42)WG(0,,47)
G0 A WG (GIWEE) T GIW G (0, 47%)
F2RYW — WG (GYW G GEWGE (0., 4%)
+RYWR + o,(n1),

which rearranges as

G (Hn, AW G (GIW GG W G (Qn, )

< 2RY[W — WG (GIWG) T GIWGL(0,,47) + RyW Ry, + 0,(n™)

= Op(nil)-
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8.10. Proof of Lemma 10. Fori=1,...,n, we have
. . 0)

\Ijn X’L = (1- ! \I}nz X’L ﬁwz
(X0) = (1 =04 (X) + 2

and therefore

maXj<i<n |\iln(Xz) - ‘I’n(Xz‘)| < maXj<i<n |\i[nz(Xz) - ‘I’n(Xz)| + Ry,

where

1 CK/ CI{
R, = o SUPycrd W ()] + n_hﬁ maxj<i<n |Win| = n_hﬁi maxj<i<n [Winl + O(p,,)

because n~ ! sup,cpa |V, (2)] < n71C(1) [,

pa [E()|dt = O(n™') = O(p,). By Cheby-

chev’s inequality,

nC(S,
Plmaxi<ij<p |[Win| > M7, < nP[|W,| > MTt,] < MS(nTsi

for every M and every (S, 7,,). Therefore, max;<;<, |Wi,| = O,(7,,) if the lim,, ., of
the majorant can be made arbitrarily small by choosing S,, appropriately and making
M large.

In case (a), setting (S,,7,) = (S,n'/¥) we have 7,,/(nh?) = O(p,) and

nC(S,) C(S)

MSnrSn MS’

whose lim,,_,, can be made arbitrarily small by making M large.
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In case (b), setting (S,, 7,) = (logn,logn) we have 7,,/(nhl) = O(p,) and

nC(S,) nC(logn) nl(log n) Hs™ H\"&"
= < () o/
MSnTgn Mlogn(logn)logn — Mlogn(logn)logn M ( / Ogn)’

where the second equality uses Stirling’s formula and the lim,_,., of the majorant
can be made arbitrarily small by making M large.

In case (c), setting (S,,7,) = (logn, 1) we have 7,,/(nh?) = O(p,) and

nCw(S,) _ nCwllogn) _ (H logn
MSerSe — Apeen = "\df)

where the lim,,_,. of the majorant can be made arbitrarily small by making M large.
In all cases, R, = O,(p,) because 7,,/(nhd) = O(p,). The proof of (16) can
therefore be completed by showing that (17) holds.
Proof of (17). With (S,,, 7,) as before, let

n—l Z WT whin (T — Xj), W;;L:M/janan’ < Cr7al,

J=1,j#i

n,i

where C is a constant to be chosen. We have

IP’[\ilm() + \iJTT”() for some i| < Plmaxi<i<, |Win| > Cr74],

whose Tim,, . P[¥,,;(-) # \ilgz() for some i| can be made arbitrarily small by making

C. large. Also,

Max; <j<n SUPyepd [B[W,i(2) — U7 ;(2)]] = O(n~?) = O(p,)
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because

— B[P, ;(z) — U7

n,.

(@)]] = %IE[Wnl(IWn!>CTTn)f<én(l’—X)]|

nC(Sy)
e a——— t)|dt
e, [ wjae

IA

whose lim,,_,, can be made arbitrarily small by making C. large. To show the desired

result it therefore suffices to show that

max; <<, W7, ;(X;) — UL(X;)| = Oy(p,)

for every C,, where U7 (z) = BUT () = ]E\ilfm(:v)
For any M,

P |max; <<, U] ,(X;) — V(X)) > Mp,| < nmaxicic, PV, (X,) — UL(X;)| > Mp,]

< nmaxi<icn SUP,epa PV ,(x) — W (z)| > Mp,],

where the last inequality uses the fact that X; is independent of \if:”

Because

(Whiin(r = Xj) = (@) = O(hy"r0), VW] kn(z — X))] = O(h%),

it follows from Bernstein’s inequality that
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M?np}hy
O(1+ Mp,1,)

nmax; <i<y P, era P[[U],;(v) — U ()| > Mp,] < 2nexp |-

To complete the proof of (17) it therefore suffices to show that

1 M?np’hd
lognl+ Mp,, 7

lim,, o0

can be made arbitrarily large by making M large.

In case (a), the desired result follows from the proof of Cattaneo et al. (2013,
Lemma B-1).

In case (b),

n

lognl+ Mp,7, 1+ MC,p,logn’

1 M?np2hd B M?

whose lim,_., can be made arbitrarily large (by making M large) if p,logn =

/(logn)3/(nh) is bounded.

In case (c),

1 MPnp2ht M?
lognl+ Mp,7, 1+MC,p,’

whose lim,,_,, can be made arbitrarily large (by making M large) if p, is bounded.

Proof of (18). For any M,

Plmaxi<icn [V5(X;) — U, (X3)| > Mp,] = BP*[maxi<i<, [V5(X5) — U,.(X3)| > M,
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and

P* [max; <i<p |95, (X:) — Wa(X0)| > Mp,] < nsup,epa P18 () — Uy ()] > Mp,).

Because
(Wiatin(@ = X7) = Un(2)| = Op(hy"70),  VIWjka(e = X7)] = Op(hy"),
it follows from Bernstein’s inequality that

M?nplhs
Op(l + MpnTn)

P[0}, (x) = Up(2)] > Mp,] < 2exp | -

Validity of (18) follows from this bound and the fact that

1 M?3np*hd
lognl+ Mp,

lim,,

can be made arbitrarily large by making M large.
Proof of (19). Because

n 7

\i[:;z(x) =(1- n_l)_l\i’* () = (n — 1)_1Wz‘2’fn($ - X7),

we have the bound

(1—n"") max [U},(X;) — W, (X))] < max [¥5(X;) — U (X))] + Ry,

1<i,j<n T 1<5<n



BOOTSTRAPPING SEMIPARAMETRIC ESTIMATORS

where
. 1 A C,
B =5 e (X + T3 e Wl

65

1 A 1 Cm
< — max |V, (X;) — V. (X;)| + - sup |V, (z)| + —= max |Wi,| = O,(p,,)-

nhd 1<i<n

n 1<i<n ceRd

In particular, (19) holds because (18) holds.
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9. APPENDIX III: DETAILS FOR THE EXAMPLES
The purpose of this section is to give explicit regularity conditions and to provide

details on the derivations of the results for Examples 1-3.

9.1. Example 1. To obtain primitive bandwidth conditions for the conditions of

Theorems 2 and 7, suppose that for some P > d/2,

e fyis P times differentiable, and fy and its first P derivatives are bounded and

continuous.
e K is even and bounded with [o, |K(u)| (14 [Ju|”)du < oo and

1, ifly=-=1;=0,

0, if(h,.... L)€zl andly+ -+l <P

Y

/ ull - ul K (u)du =
R4

Conditions (AL) and (AL*) hold with J = I}, and without any o, (1) terms.
Condition (AS). Because g¢,(z,-) is linear, Condition (AS) holds with g, = g,
if V(gy~(21)[kn2]) = o(n). A sufficient condition for this occur is that nh? — oo,

because then
V(gnn(2)[n2]) = (1= n )2 V[Kn (21 — 23) — fu(a1)] = O(h,?) = o(n).
Condition (SE). If nh?" — 0 and if nh¢ — oo, then
o > Ule) = ) = ) +

= % Z[n—llCn(O) + (1 — n_l)fmi(iti) — fn(xl) — fO(xz) + 90]

[(1— ”_1)(2fn($z‘) —0n) = ful(@:) = fo(@:) + 0o] + 0p(1)

I
3
+
— %‘,_.
1M

_ S — fo)] - VB~ 00) + 0,(1) =~y 0,(1),

nh2d  \/n = nh2d
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where the last equality uses 6, — 6y = O(hY) and E(|f.(x) — fo(x)|*) = o(1), and
the second equality uses Condition (AS). As a consequence, Condition (SE) requires
nh?? — co.

Condition (AN). We have:
%iwi,m 4 Golfur) — Gulf)] = 72 () + B,
where
@ =A@ -0 0= [ @@

and B,, = 0" — 0y. If h,, — 0, then ¢, (z) — 9 (z) for every x and it follows from the
dominated convergence theorem that (9) is satisfied. Also, (10) is satisfied because
B, = K(0)/(nh%)+O(hY +n~') is nonrandom. Condition (AN) is therefore satisfied
(with ¥ = 4V([fo(z)]) if h, — 0 and, in fact, we can take 3, = K(0)/(nh?) when
nh*f — 0.

Condition (AS*). Because g} (x,-) is linear, Condition (AS*) holds with g = g
if V*(g5 ,(27)[K% o)) = 0p(n). A sufficient condition for this to occur is that nh¢ — oo,

because then

EV* (g5, (21)[k52]) = (1 — 07 )PBV[Ku(a] — 23) = fu(a})] = O(h,*) = o(n).

Condition (AN*). Finally, we have
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where, defining [ (z) = n 'K, (0) + (1 — n~Y) f(2),

) =2 @ =0 0= ), B=aH0) - a7,

Suppose h, — 0 and nh? — oo. Then B: = n'K,(0) — n" 16, = B, + 0,(n"/?)
because 6, = O,(1). Because ,, — 0, —, 0, n= 2 S0 |95 (2;) — ¥, (2:)[> —, 0 also
holds provided

_Z|fn :L‘z fn x2)| —p 0.

A sufficient condition for this to occur is that max; |f,(z;) — fu(z)| = 0, (1), which
in turn will hold if nh?/logn — oo. Sufficiency of the slightly weaker condition
nh? — oo can be demonstrated by using a direct calculation to show that if nh? — oo,

then

( Zm 7:) = Fals)] ) :O<n—;11g> o

In other words, Condition (AN*) holds if h,, — 0 and if nh¢ — oco.

9.2. Example 2. To obtain primitive bandwidth conditions for the conditions of

Theorems 2 and 7, suppose that for some P > d > 3,

E[[y|"] + sup, Elly|*|a] fo(x) < oc.
e ¥ = V[i(2)] is positive definite.

e w is continuously differentiable, and w and its first derivative are bounded.
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o inf,. >0 fo(x) > 0.

fo is P+1 times differentiable, and f and its first P+ 1 derivatives are bounded

and continuous.

7, is continuously differentiable, and ~y, and its first derivative are bounded,

where 7, (z) = r(x) fo(x).

im ool fo(2) + |7, (2)[] = 0, where || - || is the Euclidean norm.

K is even and differentiable, and K and its first derivative are bounded.

Jra 10K () /Oulldu + [pu [K (w)](1 + ul|")du < oo and

. ; 1, iflh=---=1;=0,
/ uy - uf K (u)du = .
R4 0, if(h,....0l0)€Z2%andly+---+1l;<P

Conditions (AL) and (AL*) hold with J = I}, and without any o, (1) terms.
Condition (AS). Suppose h,, — 0. As in the text, let

gn(zvf) :gn(zafn)—l—gn,f(z)[f_fn] +%gn,ff(z)[f_fnaf_fn]a

where, defining f,7(z) = n7'K,(0) + (1 — n™ ) fu(2),

B KR
ms ] =~ =B D) - P )
el [, D ) i @)for
masNs AL = (= P 3o (o) + ) o) — 2 o)
The assumptions of Lemma 5 are satisfied if max(A,, A,) = 0,(n~'/%), where

0

, A, = max;

A, = max; fm(%) - fn(%)

o0 -
a—xzfm(%) -
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More generally, proceeding as in Cattaneo et al. (2013) it can be shown that the first
part of Condition (AS) is satisfied if A, = 0,(1) and if A2 max(A,, A,) = o,(n"/?).
Because (by Lemma 10)

= 0,(1/+/nhd/logn), A, = 0,(1//nhd*+2/logn),

3/2

3
a sufficient condition for this to occur is that nh2" / (logn)”* — oo. Moreover,

V(gn,f(21)[Kn2]) = O(h,*7?),
VIE(gn,7(21)[Kn,2: Fin2]|21)] = O(h;2d_2)7 V(g rr(21)[Kn,2s Knz2)) = O(h;?’d_ﬂ7

V(gnvff(zl) [/{n,Q, K/?’L,S]) = O(h;Qd_z)’

so the assumptions of Lemma 4 will be satisfied provided nhdt? — oco.

Condition (AN). We have:
1 ¢ .
= In Ziafn + G, fn,i - n = — ZZ —|—B
T Yl £+ Guldud = Gull = 75 Yol

where

%(2) = gn(zvfn> - Egn(z, fn) + (Sn(z)a
o) = 1= [ s )10 e (s )~ f(s)lds

(e
da(z) = (o) 5 (o) + 7(0) 5 ) + r(al) LU,
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and
11 R .
=1

If h,, — 0 and if nh? — oo, then v, (2) — ¥(2) = go(z, fo) + do(2) for every z and
it follows from the dominated convergence theorem that (9) is satisfied. Also, (10) is

satisfied if h, — 0 and if nh%"? — oo because the representation

Guli Al = (1= [ D) k(o) + (o) Al

TP
oy ete) 4 D
21— [ DI I k@) @) )

can be used to show that if h,, — 0, then

E(|Goslhns: mudllP) = O22), B Gogslins, mnll?) = O *2).

Condition (AN) is therefore satisfied (with ¥ = E[(2)y(2)]) if h, — 0 and if
nhdt? — oo. With some additional effort it can be shown that if also nh2” — 0, then

EB, = 8, + o(n~'/?), where

1 dfo(x)/0x "

0 /( o) L5
1 T(l‘)w(l’) 0 o
e / [P ) 2 i)l = v
r(z)w(z) dfo(z )/8x

ra Jra  fo(7) fo(x)

Pn =

K(r)*fo(z — rhy,)dxdr.
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Condition (AS*). A quadratic approximation to g}(z, f) is given by

Gz ) = ga(z f) + g1 s = ful + 1QZ,ff(Z)[f — fur £ = fal,

2
where
ele) = R | st - e )|
, B ayw() [0 0 O (x)/0x
gy (A = (=0 )2 _A<x>8—$m<x>+n<x>%x<x>—2Wm<x>x<x>

Suppose h, — 0 and A, = 0,(1). Then the first part of Condition (AS*) is satisfied
if A* = o0,(1) and if A*> max(A*, A*) = o,(n"'/?), where

* [ * R * A * 0 £ * ¢ *
A}, = max; |fm(37z) — ful)], A} = max; |£fnz(xz) — = ful@)].

Because (by Lemma 10)
A, = 0,(1/v/nhi/logn), A} = 0,(1/v/nhi+?/logn),

3
a sufficient condition for this to occur is that nh2" "' / (logn)*? — oo. Moreover, if

nh® — oo, then

\A (Q:Lf(zf) [’ﬁb]) = Op<h;d_2)7

VB (g (21) 720 B l120)] = Op(B 472, V(g 4 (217 20 7,0]) = Op(h*72),
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A (gn ff(Zl>[ n,2) n3]) = Op<h1:2d_2)’

so the second part of Condition (AS*) will be satisfied provided nh¢*? — oo.

Condition (AN*). Finally, we have:
1 - %/ _% p Sk [ P Sk [ 1 . * [ % *
i=1 i=1
where

HORACI AR SIAES ART ACH

* — _(1—nt! iw(2s) . i F (e
5 = 0w M | ) - 5l
)

=1 f+
(xl f (xz)/axl IC T, — _ ¢
i=1 f+($l) f+(xz)

+(1—n" )

Zgn Z’L?fn +__2anf fnufnz_fn]

73

Suppose h,, — 0 and nh@*2/ (logn) — oo. Using Lemma 10 and the fact that 0, —, 6o

it can be shown that n=' >0 | |45 (2:) — ¢,(2:)]]* —p 0. Also, the bootstrap analog

of (10) is satisfied because the representation

Lt = (-2 IS e 0 )

2
nyone4 I ()

o 1V L yaw () 3]‘1?(%)/3%% AN (2
2 (1 n) n;ﬁj‘ (%)2 [ = (zi) A( Z>]

fo (@)
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can be used to show that
VUGS g5l lIP) = Oyl 2), V(G 10055l ) = O 00%2),

3

Finally, it can be shown with some effort that E*(B;) = 3,+o0, (n~'/?) if nhﬁdﬂ/ (logn)*? —
3

oo. In other words, Condition (AN*) holds if h,, — 0 and if nhz't / (logn)*?* = co.

9.3. Example 3. To obtain primitive bandwidth conditions for the conditions of

Theorems 2 and 7, suppose that for some P > 3d/4,

o [, .(-|z), the conditional cdf of y given z, has three bounded (uniformly in z)

derivatives.
e K is even and bounded with [,, [K(u)|(1 + |lu||”)du < oo and

1, ifli=-=1;=0,

/ ult - ul K (u)du = .
Rd 0, if(ll,...,ld)’EZiandll+~~+ld<P

Conditions (AL) and (AL*) hold with J = I}, and without any o, (1) terms.

Condition (AS). Let Fy,(-|x) denote the conditional cdf of y given z, let fy.(-|z)

and fy|x(|x) denote its first and second derivatives, and define

Gn(, f) = Blgn(z, flz] = (1 = 00) = =Fypa[n 'K (0) + (1 = n7") f () ].

Being a defined through a projection, g,(z, f) is likely to be close to g,(z, f) in the

the appropriate sense and, indeed,
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n

% Z[gn(zza ]En,z) - gn(xm fn,z) - gn(zia fn) + én(mla fn)] = Op(l)
=1

if A, = 0,(1), because then

E <% Z[gn(zza fn,z) - én(xufn,z) - gn(’zﬂ fn) + g”(‘r“fn)]) |X”

= %V <Z[9n(ziv fn,z> — gn(2i, fn)”Xn> < sup, fylz(r|5>An = 0,(1),

i=1

where X, = (x1,...,2,)". Next, being smooth g, (z, f) admits the quadratic approx-

imation
30l ) = (. ) g )IF — Ful + S gs @~ Fo S — ).
where
Insl@)l] = =1 =0 il @les(o)
Guar@le Al = —(1 =2yl @) lels(e)A @),

It follows from standard bounding arguments (e.g., Lemma 5) that
1 . . ~ 5 y B
% Z[Qn(l’zﬁ fn,z) - gn(xz’, fn,z) - gn(xia fn) + gn(xia fn)] = Op(l)
i=1

provided A, = 0,(n~'/6). This condition, and therefore the first part of Condition

3
(AS), is satisfied when nhﬁd/(log n)*? — oco. Moreover,
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V(Gn, g (1) [Fin2]) = O(h, %),
VIE(Gn s (20)[Fn2, fingll21)] = O *h), V(G gp(21)[Kn,2, B 2]) = O (),

V(gnyff(xl)[ﬁm?’ ’in,3]) = O(h;Qd)’

so the assumptions of Lemma 4 will be satisfied provided nh? — oo.

Condition (AN). We have:

T Sl 1)+ Gol ) = Gl —7=§j (%) + By,

where
) = 0u(z ) — B2, fu) + 00 (),
ul) = —(1—n! /.mx Kl = 2) = Fur)fo(r)dr
and
B, = Egu(z. ) + ng i = fus o = 1)

If h, — 0 and if nh? — oo, then

Y, (2) = ¥(2) = go(z, fo)+d0(), do(r) = —fy$[f0($)|37]f0(37)+/Rd fy|x[f0(x)|$]f0($)2d$;

for every z and it follows from the dominated convergence theorem that (9) is satisfied.

Also, (10) is satisfied if h,, — 0 and if nh? — oo because the representation
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Gyl N === [l £ @)lale(@)A@) fola)da
can be used to show that if h,, — 0, then
E(Hén,ff[’{n,h Kn,1]||2) = O(h;w)» E(HGYn,ff[’{mlv ’fn,2]||2) = O(hq:d)-

Condition (AN) is therefore satisfied (with ¥ = E[(z)y¥(z)']) if h, — 0 and if
nhd — oo. With some additional effort it can be shown that if also nh2f — 0, then

EB, = 8, + o(n~'/?), where

B = =K O) [ Syl @ e fo o) dr
nth/ fyl:c [fo (z) 2] K (r ) fo (z) fo (x — rhy) dzdr.

Condition (AS*). Let g (z, f) = gn(z, f) and define
Gula, ) = gn@ f) + o g @I = ful + gnff( D = fur f = fal,

where

Gnp@)E] = —(1 =0yl (@))a]x(z),
Gopr@m A = =1 =n )2 flff (@)|2]m(@)A(2).

Defining N; = ZT.L_ 1 ( = ) and using the fact (about the multinomial distribu-
tion) that n=' """ | N? = O,(1), it can be shown that
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A~

% Sl Fr) — G20 o) — e Fa) + 5, £)] = 0,(1)
1=1

if A¥ =o0,(1), because then

2
(fZgn %5 Jag) = Gulis o) = (27 fn) +§/Z(f1ffafn)]> | X, Xy
1 - £x (% F * *
= E <Z[gn( % fn,z)_gn<zz7fn)]’Xn7Xn> <Suprsfy|I ( ZN2) A _Op )
where X = (z7,...,2})". Also, it follows from standard bounding arguments that
NP Z G 520 = Bt f2) — Balats )+ BT )] = o)

provided A* = 0,(n~'/6). This condition, and therefore the first part of Condition

3
AS*), is satisfied when nh%d logn)*? — . Moreover,
( g

V(g s (@) [R0]) = Op(hy ),
V*[E*(g;, ff(xl)[ n,29 K22]|$I)] = Op(hfd), V*@;,ff(wi)[’f;w "0:,2]) = Op(hggd%

V(g ff(xl)[ n,2) Ko, 3]) = Op<h;2d)a

so the second part of Condition (AS*) will be satisfied provided nhe — oc.
Condition (AN*). Finally, we have:

7 Y )+ Galfi = Galf) = =3 i) + )
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where
V() = gale o) - %Zg;:(zi, F)+ 6,(2),

Zgn wan +__2anf fnafnz_fn]'

3
Suppose h, — 0 and nh%d/ (logn)*? — oo. Using Lemma 10 and the fact that
0, — o it can be shown that n=" 27 |47 (2;) —,,(2:)]|*> —, 0. Also, the bootstrap

analog of (10) is satisfied because the representation
s N = —(1—n" Z Fulel £ ()il () M)
can be used to show that

V(G ppltn s mnall?) = 0020, VA(IG], 4l 10 55]7) = O, ).

3
Finally, it can be shown with some effort that E*(B}) = 3,40, (n~/?) if nh2®/ (logn)®? —
3
0o. In other words, Condition (AN*) holds if h,, — 0 and if nhi’ / (logn)*? — co.



