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Abstract

There are many interesting and widely used estimators of a functional with finite semi-
parametric variance bound that depend on nonparametric estimators of nuisance functions.
We use cross-fitting (i.e. sample splitting) to construct novel estimators with fast remain-
der rates. We give cross-fit doubly robust estimators that use separate subsamples to
estimate different nuisance functions. We obtain general, precise results for regression
spline estimation of average linear functionals of conditional expectations with a finite
semiparametric variance bound. We show that a cross-fit doubly robust spline regression
estimator of the expected conditional covariance is semiparametric efficient under mini-
mal conditions. Cross-fit doubly robust estimators of other average linear functionals of a
conditional expectation are shown to have the fastest known remainder rates for the Haar
basis or under certain smoothness conditions. Surprisingly, the cross-fit plug-in estimator
also has nearly the fastest known remainder rate, but the remainder converges to zero
slower than the cross-fit doubly robust estimator. As specific examples we consider the ex-
pected conditional covariance, mean with randomly missing data, and a weighted average

derivative.
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1 Introduction

There are many interesting and widely used estimators of a functional with finite semi-parametric
variance bound that depend on the estimation, in a first step, of nuisance functions, such as
conditional expectations or densities. Examples include estimators of the mean with data missing
at random, the average treatment effect, the expected conditional covariance, partially linear
models, and weighted average derivatives. Because the nuisance functions can often be high
dimensional it is desirable to minimize the impact of estimating these functions. By using cross-
fitting (i.e. sample splitting) to estimate the nuisance functions we obtain novel estimators
whose second order remainders converge to zero as fast as known possible. In particular, such
estimators are often root-n consistent under minimal smoothness conditions. Furthermore, such
estimators may have higher order mean square error that converges to zero as fast as known
possible.

Bias reduction is key to constructing semiparametric estimators with fast remainder rates.
The rates at which the variance of remainders goes to zero are quite similar for different semi-
parametric estimators but the bias rates differ greatly. We use cross-fitting for bias reduction.
We show how fast remainder rates can be attained by using different parts of an i.i.d. sample
to estimate different components of an estimator.

In this paper we consider regression spline estimation of average linear functionals of con-
ditional expectations with a finite semiparametric variance bound, as we have been able to
obtain general, precise results for functionals in this class. The class includes the five examples
mentioned above.

We define a cross fit (CR) plug-in estimator to be one where we estimate the functional
by simply replacing the unknown conditional expectation by a nonparametric estimator from a
separate part of the sample. Cross-fitting eliminates an "own observation" bias term, thereby
decreasing the size of the remainder. Functionals in our class have doubly robust influence func-
tions that depend on two unknown functions. This implies there exists an estimator depending
on both unknown functions that has exact bias zero if the unknown functions are replaced by
fixed functions, at least one of which is equal to the truth. Here we use double cross-fitting
where the two unknown functions are themselves estimated from separate subsamples, so that
the final estimator depends on three separate subsamples. Surprisingly, single cross fitting in
which both unknown functions are estimated from the same subsample has a remainder that can
converge even slower than CF plug-in estimators. In contrast, doubly robust estimators with
double cross fitting improve on cross-fit plug-in estimators in the sense that remainder terms can
converge at faster rates. We also show how multiple cross-fitting could be used to reduce bias
for any semiparametric estimator that is a polynomial in first step spline estmators of unknown
functions.

We construct cross-fit (CF) plug-in and doubly cross-fit doubly robust (DCDR) estimators
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that are semiparametrically efficient under minimal conditions when the nuisance functions
are in a Holder class of order less than or equal to one. When a nuisance function is Holder
of order exceeding one, we propose DCDR estimators that have remainders that converge no
slower and often faster than the CF plug-in estimator. In the special case of the expected
conditional covariance functional, the DCDR estimator is always semiparametric efficient under
minimal conditions. For other functionals in our class the CF plug-in and DCDR estimator
are semiparametric efficient under minimal conditions, provided the conditional expectation is
Holder of order greater than or equal to one-half the regressor dimension; furthermore, in this
case, the remainder goes to zero as fast as known possible for both CF plug-in and DCDR
estimators. When the conditional expectation is Holder of order less than or equal to one-half
the regressor dimension but greater than or equal to one, the remainder for the DCDR has a
remainder that converges faster than the CF plug-in estimator.

In the case where the conditional expectation is Holder of order no less than one but less than
one-half the regressor dimension, we show semiparametric efficiency under minimal conditions
for the expected conditional covariance, but not for other functionals. The higher order influence
function (HOIF) estimators of Robins et al. (2008, 2017) and Mukherjee, Newey, and Robins
(2017) will be semiparametric efficient under minimal conditions for these other functionals,
including the mean with data missing at random and the average treatment effect.

CF plug-in estimators have been considered by Bickel (1982) in the context of adaptive
semiparametric efficient estimation, Powell, Stock, and Stoker (1989) for density weighted aver-
age derivatives, and by many others. Kernel and series CF plug-in estimators of the integrated
squared density and certain other functionals of a density have been shown to be semiparametric
efficient under minimal conditions by Bickel and Ritov (1988), Laurent (1996), Newey, Hsieh,
and Robins (2004), and Gine and Nickl (2008). Our DCDR estimator appears to be novel as
does the fact that a CF plug-in estimator can be semiparametric efficient under minimal con-
ditions. Ayyagari (2010), Robins et al. (2013), Kandasamy et. al. (2015), Firpo and Rothe
(2016), and Chernozhukov et al.(2017) have considered doubly robust estimators that eliminate
own observation terms. Double cross-fitting in double robust estimation appears not to have
been analyzed before.

Our results for splines make use of the Rudelson (1999) law of large numbers for matrices
similarly to Belloni et al.(2015). The results for the CF plug-in estimator for general splines
extend those of Ichimura and Newey (2017) to sample averages of functionals. The double
robustness of the influence function for the functionals we consider is shown in Chernozhukov
et al.(2016), where the doubly robust estimators of Scharfstein, Rotnitzky, and Robins (1999),
Robins, Rotnitzky, and van der Laan (2000), Robins et. al. (2008), and Firpo and Rothe (2016)
are extended to a wide class of average linear functionals of expectations.

The DCDR estimator for the mean with missing data and average treatment effect uses



a spline approximation to the reciprocal of the propensity score rather than the reciprocal of
a propensity score estimator. The reciprocal of a propensity score estimator has been used
in much of the previous literature on plug in and doubly robust estimation, including Robins
and Rotnitzky (1995), Rotnitzky and Robins (1995), Hahn (1998), and Hirano, Imbens, and
Ridder (2003). Estimators based on approximating the reciprocal of the propensity score have
been considered by Robins et al. (2007), Athey, Imbens, and Wager (2017), and recently in
independent work by Hirschberg and Wager (2017).

Other approaches to bias reduction for semiparametric estimators have been proposed.
Robins et al.(2008, 2017) and Mukherjee, Newey, and Robins (2017) develop higher order influ-
ence function (HOIF) estimators with smaller bias. In Section 2 we will discuss the relationship
of this paper to HOIF. Cattaneo and Jansson (2017) propose promising bootstrap confidence
intervals for plug-in kernel estimators that include bias corrections. Also, Cattaneo, Jansson,
and Ma (2017) show that the jackknife can be used to reduce bias of plug-in series estimators.
For the class of functionals in this paper cross-fitting removes bias so that there is no need for
bootstrap or jackknife bias corrections in order to attain the fastest remainder rates.

In Section 2 we will describe the cross-fitting approach to bias reduction and show how it
relates to HOIF. Section 3 describes the linear functionals and regression spline estimators we
consider. Sections 4, 5, and 6 give results for the CF plug-in estimator, the DCDR expected
conditional covariance estimator, and DCDR estimators of other linear functionals, respectively.

Before explaining the results of this paper it is helpful to be more specific about our goal. We
will consider i.i.d. data zi, ..., 2,. We are interested in an asymptotically linear semiparametric

estimator 3 satisfying
R 1 <&
Vi (B-1) = T2V G0y (B), B — 0, (L.1)

where 1) (2) is the influence function of 3 and A, characterizes the size of the remainder. Our
goal is to find estimators where A, converges to zero at the fastest known rate.

For the integrated squared density, Bickel and Ritov (1988) gave a kernel based estimator
where the rate for A,, is fast enough that Bis semiparametric efficient under minimal conditions.

To motivate our candidate for the optimal rate the remainder can converge to zero for series
estimators of an average linear functional of a conditional expectation with positive information
bound, we consider the series estimator of the coefficients of a partially linear regression in
Donald and Newey (1994). The model there is Ely;|a;, x;] = al By + Ao(z;) where A\o(z;) is an
unknown function of an r x 1 vector z;. Consider the estimator B obtained from regressing ;
on a; and a K x 1 vector p(z;) of power series or regression splines in an i.i.d. sample of size n.

Assume that the functions A\o(z) and ap(x) = Efa;|z; = z| are each members of a Holder class



of order sy and s, respectively. Define

K
A* = \fuK Ertse)/r sl frselr [ 2
n

Donald and Newey (1994) showed that under regularity conditions, including K /n — 0, equa-
tion (1.1) is satisfied with A, = A*. Here /nK~(®*32)/" gives the rate at which the bias of
\/H(B — o) goes to zero. Also, K~*/" and K ~**/" are stochastic equicontinuity bias terms, and
\/K_/n. that accounts for stochastic equicontinuity and degenerate U-statistic variance terms.
Furthermore, there exists K = K, satisfying K, /n — 0 such that A* — 0 if and only if
Sy + Sq > 7/2. However the Donald and Newey (1994) result used the fact that the partially
linear model implies y; — al By is mean independent of a; given x; and thus is not a locally
nonparametric model. A model is said to be locally nonparametric if, at each law P in the
model, the tangent space is all of Lo (P).Henceforth in this paper, we shall always assume a
locally nonparametric model.

Robins et al. (2009) showed that the condition s, + s, > /2 is necessary and sufficient for
the existence of a semparametric efficient estimator of

§o = E [cov (a5, yi|z;)] / E [var(a;|z;)]

Note & is the probability limit of the Donald and Newey (1994) estimator regardless of whether
the partially linear model holds. That is, & is the coefficient b in the population linear projection
of y; on all functions of the form a;b + A\(x;). Robins et al. (2008) proved sufficiency using a
higher order influence function estimator of &,, which is a U-statistic whose order increases as
In (n). In contrast, the aforementioned estimator of Donald and Newey (1994), although much
simpler, is not semiparametric efficient for &, in a locally nonparametric model under the minimal
condition s, + s, > /2. The current paper was thus motivated by the question whether one
could construct a simple efficient estimator of £, whose remainder A,, will go to zero as fast as
A | the fastest rate known to be possible. In summary, our goal is to construct estimators that

are much simpler than the HOIF estimators and yet satisfy equation (1.1) with A, = A*.

2 Cross-Fitting and Fast Remainder Rates

To explain how cross-fitting can help achieve fast remainder rates we consider estimation of the

expected conditional covariance

Bo = E[Cov(ai, yi|r;)] = Ela; {yi — vo(w:)}],

where vo(z;) = Ely;|z;]. This object is useful in the estimation of weighted average treatment
effects as further explained below. We assume that the functions vo(x) and ag(x) = Ela;|z; = 2]

are each members of a Holder class of order s, and s, respectively.
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One way to construct an estimator of 3y is the “plug-in” method where a nonparametric

estimator ¥ is substituted for 7y and a sample average for the expectation to form

B

=Sl — ()}

This estimator generally suffers from an "own observation" bias that is of order K//n when
4 is a spline regression estimator, which converges to zero slower than AY. This bias can be
eliminated by replacing 4(x) with an estimator §_;(x) that does not use z; in its construction.

The resulting estimator of [, is
PO
p=_ ; ai{y; — -i(z:) }-

This estimator is a cross-fit (CF) plug-in estimator in the sense that 4_; uses a subsample that
does not include 7. The cross-fitting eliminates the own observation bias. The remainder rate
A, for B will be often be faster than for 3, sometimes as fast as A* as explained below. This
approach to eliminating own observation bias when the first step is a density estimator has
been used by Bickel (1982), Bickel and Ritov (1988), Powell, Stock, and Stoker (1989), Laurent
(1996), and others. Here we obtain the novel result that, for a spline regression first step, a CF
plug-in estimator can have the fastest rate A’ even when the usual plug-in estimator does not.

Doubly robust estimators have another source of bias that can also be eliminated by double
cross-fitting. To explain we consider a single cross-fit doubly robust estimator of the expected
conditional covariance. Let 4_;(z) and &_;(x) be nonparametric estimators of vo(z;) = E[y;|z;]

and ap(z;) = Ela;|z;] that do not depend on the i" observation. Consider the estimator

S . .

B = n ;[ai — ai(@)|[yi — A—i(a)]-
This estimator is doubly robust in the sense of Scharfstein, Rotnitzky, and Robins (1999) and
Robins, Rotnitzky, and van der Laan (2000), being consistent if either &_; or 4_; are consistent.
It uses cross-fitting to eliminate own observation bias. This estimator does have a nonlinearity
bias since &_;(z;) and 4_;(x;) are constructed from the same data in single crossfitting. That bias
is of the same order K /1/n as the own observation bias for a spline regression plug-in estimator.
This bias can be thought of as arising from nonlinearity of 3 in the two nonparametric estimators
G—i(w;) and 4 (x;).

One can remove the nonlinearity bias in the doubly robust estimator by using different parts

of the data to construct the two nonparametric estimators. Let 4_;(z;) be constructed from a
subset of the observations that does not include observation i and let &_;(z;) be constructed

from a subset of the observations that does not include ¢ or any observations used to form 4_;.



A doubly cross-fit doubly robust estimator (DCDR) is

B= =S o= aalelly — ()
i=1

This estimator uses cross-fitting to remove both the own observation and the nonlinearity biases.
We will show that A* = A,, when &_;(x;) and §_;(x;) are spline regression estimators for
a K x 1 vector of multivariate splines of at least order max{s,, s,} — 1 with evenly spaced
knots. Consequently, this estimator will be root-n consistent and semiparametric efficient when
Sy + So > 1r/2 and K is chosen appropriately, which is the minimal condition of Robins et al.
(2009).

Remarkably, the doubly robust estimator 3 where G_;(x;) and 4_;(z;) use the same data
may have a slower remainder rate than the CF plug-in estimator 5 . The use of the same data
for &_;(x;) and 4_;(x;) introduces a bias term of size K/y/n. Such a term is not present in the
CF plug-in estimator. The K/y/n term is eliminated for the doubly robust estimator by forming
a_i(z;) and 4_;(z;) from different samples. We find that the DCDR estimator 3 improves on
the CF plug in estimator by increasing the rate at which a certain part of A, goes to zero.
Specifics will be given below.

We note that the own observation bias can also be thought of as nonlinearity bias. The

parameter 3y has the form
f0= [ aly— su(e)) Fofd),

where Fj denotes the distribution of z = (y, a, ). This object is quadratic in vy and Fj jointly.
The own observation bias can be thought of as a quadratic bias resulting from using all the data
to simultaneously estimate 7y and the distribution Fj of a single observation. The CF plug in
estimator B eliminates this nonlinearity bias. Also, the doubly robust estimator can be thought
of as estimating [[a — ag(z)][ly — Yo(2)]Fo(dz), which is cubic in ap, 7y, and Fp jointly. The
DCDR estimator can be thought of as eliminating the cubic bias by estimating each of ag(x),
vo(x), and Fy from distinct groups of observations.

One potential concern about DCDR, estimators is that each of the nonparametric components
4 and & only use a fraction of the data because they are each based on subsamples that the
other does not use. For example, they only use less than half the data if they are based on
approximately the same subsample size. This does not affect remainder rates but could affect
small sample efficiency. One might be able to improve small sample efficiency by averaging over
DCDR estimators that use different sample splits to construct 4 and &, though that is beyond
the scope of this paper. Our concern in this paper is remainder rates for asymptotically efficient
estimation.

Cross-fitting can be applied to eliminate bias terms for any estimator that depends on pow-

ers of nonparametric estimators. Such cross-fitting would replace each power by a product of
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nonparametric estimators that are computed from distinct subsamples of the data, analogously
to the DCDR estimators above.

We now provide a more quantitative version of our results. Let p(z) be a vector of multivari-
ate regression splines of dimension K with evenly spaced knots. We will always take K = K,
to satisfy K In (K) /n — 0. Suppose that 4_;(z) = p(z)"[Z;ez,p(z;)p(x;)T]) ' Siez,p(;)y; is a
series estimator from regressing y; on p(x;) in a subsample of observations indexed by Z,, where
{Ig}le is a partition of {1,...,n}, i ¢ Z,, L is fixed and the number of elements of each Z; is of
order n. Suppose that for the doubly robust estimator &(z;) is constructed analogously from a
separate subsample.

When s, < 1 and s, < 1 and p(z) is a Haar basis of dummy variables that are indicator
functions of cubes partitioning the support of x; we show that the CF plug-in estimator has
A, = AX+In(n)K—*/" and the DCDR doubly robust estimator has A,, = A*. Hence the DCDR
estimator has the fast remainder rate. Further the CF plug-in estimator has the fast remainder
A, except at those laws where K—*'/" is the dominating term in A*. At such laws, the DCDR,
estimator improves on the CF plug-in but only by a factor of In(n). We also show that these
results extend to the entire class of average linear functionals of a conditional expectation with
finite semiparametric variance bound.

When s, and s, are any positive numbers and p(x) is a spline basis of order at least
max{s,, So} — 1 we show that the CF plug in estimator of the expected conditional covari-
ance has A, = A% + /K In(K)/nK'?7%/" and the DCDR estimator has A, = A%.Here the
plug-in estimator has the fast remainder A,, = A? for s, > r/2 and the doubly robust estimator
has A,, = A}, for all s,. For other functionals in our class we show that the DCDR estimator has
A, = Af + /K3In(K)2/n3K'/?*/" which has A, = A} when [K In(K)/n]KY/2=*/" — 0 .
Thus the DCDR estimator has remainder that can converge to zero at a faster rate that of the
CF plug-in estimator.

We note that the source of the term in A,, that is added to A} in each case can be attributed
to estimators of the second moment matrix ¥ = E[p(z;)p(x;)T] of the regression splines. If each
33, were replaced by ¥ in the estimators then the resulting objects would all have A, = A*.

For brevity, we demonstrate this only for plug-in estimator. Consider the plug-in object 3
having the same formula as (3 except that 4_; () is replaced by 5_; () = p(z)T2 1Y) ez, P(Ti)Yi/ne-
Let a(z) = p(z)TS'E[p(z;)ao(z;)]. Standard approximation properties of splines give the
approximation rates {E[{yo(z;) — 7(z:)}}/2 = O(K—*/") and {E[{ao(z;) — a(z;)}?]}Y? =
O(K~%+/"). By the Cauchy-Schwartz inequality
ViE[{ao(w:) — alz) Hoo(w:) = 7(x:)}] < Va{B[{ao(z:) — alz) Y12 Bl{yo(w:) — 7 (x:) ]}

_ O(/RK - Grtsa)ry).

Note also that E[y_;(z)] = ¥(z) = p(x)T S E[p(x;)y0(x;)]. Then the root-n normalized bias of



E VA (B-6)| =vn / o{y — B-i(@)]}Fo (d2) — Elai{ys — vo(w:))]

= VaBlastroles) - 3(@)}] = ViElo(r) (o) —3(@))]  (21)
= VaB{ao(:) — ale) Hao(w:) — 3(@)}] = O/ ),

which has our desired A’ rate. Also, there will be stochastic equicontinuity bias terms of order
K=*/" and K—*/" and stochastic equicontinuity variance and degenerate U-statistic variance
terms of order \/K_/n Overall the remainder for 3 will satisfy A,, = Ar. Thus, a CF plug-in
object 3 where ¥ replaces each 3, will have the fast remainder rate.

We note that the bias in equation (2.1) depends on the product K —(s3#s0)/7 of the approxi-
mation rate K /" for yy(x) and the approximation rate K /" for ag(z), rather than just the
bias rate K ~5/" for the nonparametric estimator being plugged-in. This product form results
from the fact that the parameter of interest 3y has a finite semiparametric variance bound. The
product bias form in equation (2.1) for plug-in series estimators was shown in Newey (1994).

It is interesting to compare our estimators with HOIF estimators. We continue to focus
on the average conditional covariance. The HOIF estimator of that (5, can depend on initial
estimators 4(z) and &(x) of vo(z) and ap(z) obtained from a training subsample. For a vector

of spline regressors p(z) let 3 be the sample second moment matrix of p(z) from the training

~

sample. Let B(z) = S p(z)p(z)” — ] and

n

- 1

P = > lai — ()] [yi — A(a:)] — n(n—1) > lai = aa)Ip(e) S ) ly; — A(x;)]
i=1 i#J
n Z D S —aelpe)” | Y LB | 70l — 3G
i#] L FlgFiFE]

where all the sums are over an estimation subsample that does not overlap with the training
sample. This BH is the empirical HOIF estimator of Mukherjee, Newey, and Robins (2017) of
order Q + 2. By Theorem 3 of Mukherjee, Newey, and Robins (2017) the bias of v/n(3x — )

conditional on the training sample has order

~ . KIn(K) /2 . R K In(K) (Q-1)/2
Vil = aally 15 = nll (S ) = = aall = all K i) (FREL) T

where ||6]], = {E[0(z;)?]}*/?. The order of this bias will be smaller than /K/n as long as
K grows no faster than n'=¢ for some ¢ > 0, although that is not needed for semiparametric
efficiency. As shown in Mukherjee, Newey, and Robins (2017), if @) grows like \/m , K like
n/In(n)?, and other regularity conditions are satisfied then 3 will be semiparametric efficient

under the minimal condition s, + s, > 7/2 of Robins et al.(2009).
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We can explain the different properties of HOIF and series estimators by comparing the CF
plug-in estimator with the HOIF when the training sample estimators 4 and & are set equal to

zero. In that case the HOIF estimator is

BH - Zazyz n — 1 Zazp zz TZ p(xj)y

z#]
et (n —2 — g)! . .
- Z doapl)’ | > ML Bla) | S 'p(r))y;
i (e Atk

Consider ¥_;(x) = p(x)TS? >z P(@;)y;/(n —1). This is an estimator of yo(z) that is like a
series estimator except the inverse second moment matrix 3! comes from the training sample
and the cross-moments ), p(z;)y;/(n—1) from the estimation subsample. The first two terms

of the HOIF estimator can then be written as

Za, yi — J—i(zy)]-

Let T' denote the training sample. Then we have

E[f — BolT) = Elao(i){70(x:) = F-i(x:)}] = Elao(w:)v0(w:)] - [Ozo(%) ()15 Elp(i)r0(wi)]
= Eloo(wi)y0(:) — (i) 7(2:)] + Eloo(@:)p(z:) " J(E71 = X7 Elp(i)y0(:)]
= O(K )"y £ A(8,5), A2, %) = Elao(w:)p()" ](2 =2 Elp(ai)ro(a)].

Thus the bias of 3 is the sum of the approximation bias K ~(s75e)/m and A( ,2). The rest of
the HOIF estimator, i.e. B 1w — 3, can be thought of as a bias correction for A(f] Y)). Note that

Q _ q+1n_ —a)! . R IA
By - Ay = 3 E O 222 Ol (a7 [57(5 - )] S Elp(o(e)]

Here we see that E[By — (|T] is the negative of a Taylor expansion to order Q of A(X, %) in &
around Y. Therefore, it will follow that

M)Qﬁ

n

BB — Bo|T] = O(K~(evtsa)/my O(HE 3

fp) _ O(K sy 4 0((
where |-, is the operator norm for a matrix and the second equality follows by the Rudelson
(1999) matrix law of large numbers. This equation is similar to the conclusion of Theorem 3 of
Mukherjee, Newey, and Robins (2017).

In comparison with the HOIF estimator the CF plug-in series estimator has a remainder rate
from estimating ¥ that is In(n) K ~*/" for 5., s, < 1 and Haar splines and /K In(K)/nK"/?=*/"

more generally, without any higher order U-statistic correction for the presence of $-1. The
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DCDR estimator has A,, = A?, also without the need to rely on any higher-order U-statistics.
The key difference between the HOIF and these other estimators is that the plug-in and doubly
robust estimators use spline regression in their construction and the HOIF estimator uses !
from a training subsample.

Previously the HOIF estimator was the only known method of obtaining an semiparametric
efficient estimator of the expected conditional covariance under the minimal conditions of Robins
et al.(2009). We find here that the CF plug-in estimator with a Haar basis can do this for
Sy, 8o < 1 and for a general spline basis with s, > r/2. We also find that the DCDR estimator
can do this for all s, and s,. These estimators are simpler than the HOIF estimator in not
requiring the higher order U-statistic terms. It would be interesting to compare the size of
constants in respective remainder terms where HOIF could have an advantage by virtue of its
higher order influence function interpretation. That comparison is beyond the scope of this
paper.

The HOIF estimator remains the only known estimator that is semiparametric efficient under
the Robins et al.(2009) minimal conditions for the mean with missing data over all s, and s,. We
expect that property of HOIF to extend to all the linear average functionals we are considering
in this paper.

In summary, cross-fitting can be used to reduce bias of estimators and obtain faster remainder
rates. If cross fitting is not used for either the plug-in or the doubly robust estimator there would
be an additional K/y/n bias term in the remainder. This extra term can increase the bias of the
estimator significantly for large K. It is well known to be very important in some settings, such
as instrumental variables estimation as shown by Blomquist and Dahlberg (1999) and Imbens,
Angrist, and Krueger (1999). Also, its presence prevents the plug-in estimator from attaining
root-n consistency under minimal conditions. Cross-fitting eliminates this large remainder for
the linear functionals we consider and results in plug-in and doubly robust estimators with
remainders that converge to zero as fast as known possible for s.,,s, < 1, for s, > r/2, and for

any s, and s, for a doubly robust estimator of the expected conditional covariance.

3 Estimators of Average Linear Functionals
We will analyze estimators of functionals of a conditional expectation
Yo(x) = Elyil; = 7],

where y; is a scalar component and z; a subvector of z;. Let v represent a possible conditional
expectation function and m(z,7) denote a function of v and a possible realization z of a data

observation. We consider
60 - E [m<zi7’70)] y

11



where m(z,) is an affine functional of v for every z, meaning m(z,~v) —m(z,0) is linear in 7.
There are many important examples of such an object. One of these is the expected condi-

tional covariance we consider in Section 2. There m(z,~y) = a[y — v(x)]. This object shows up

in different forms in the numerator and denominator of

E[Cov(a;, yi|z;)]

S0 = E[Var(a;|z;)]

Here ¢y is the coefficient of a; in the population least squares projection of y; on functions of
the form a;0 + g(z;). Under an ignorability assumption this object dy can be interpreted as
a weighted average of conditional average treatment effects when a; is a binary indicator for
treatment and z; are covariates.

Another important example is the mean when data are missing at random. The object
of interest is By = E|[Y;] where Y; is a latent variable that is not always observed. Let a; be
an observed binary indicator where a; = 1 if Y; is observed. Suppose that there are observed
covariates w; such that ¥; is mean independent of a; conditional on w;, i.e. E[Y|a; = 1,w;] =

E[Y;|w;]. Then for the observed variable y; = a;Y; we have
E[Elyila; = 1,w;]] = E[E[Yi]a; = 1,w;]] = E[E[Y;|wi]] = f.

Let © = (a,w) and vo(z;) = E[yi|z;]. Then for m(z,~) = v(1,w) we have 5y = E[m(z;,70)]-
A third example is a weighted average derivative, where the object of interest is

Bo = /v(x) [0v0(2) /0] d,

for some weight function v(x), with 2; continuously distributed and [ v(z)dz = 1. This object
is proportional to (19 in a conditional mean index model where Ely;|z;] = 7(z¥3y) for some
unknown function 7(-), as in Stoker (1986). This object is included in the framework of this paper
for m(z,v) = [v(x) [0y(x)/0x1] dx. Assuming that v(z) is zero at the boundary, integration by
parts gives

m(z,7) = miy) = / W@y (z)dr, w(z) = —Ou(z) /0.

Throughout we will focus on the case where estimators of 5y have a finite semiparamet-
ric variance bound and so should be root-n consistently estimable under sufficient regularity
conditions. As discussed in Newey (1994), this corresponds to E[m (z;,7)] being mean square
continuous as a function of v, so that by the Riesz representation theorem the following condition
is satisfied:

ASSUMPTION 1: There is o (z) with E[ag(x;)?] < oo and for all v with E[y(x;)?] < oo,
Em (zi,7) —m(z;,0)] = E o () v ()] - (3.1)
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The function ag(z) has an important role in the asymptotic theory. The bias in a series
estimator of 5y will depend on the expected product of biases in approximating ~o(z) and
ap(x). Consequently there will be a trade-off in conditions that can be imposed on vy(z) and
ap(x) so that the estimators of 5y have good properties.

To help explain this condition we give the form of ag(x) in each of the examples. In the

expected conditional covariance example iterated expectations gives
Elm (zi,7) = m(z,0)] = —Elaiy(2:)] = —E[Elai|xi]y(zi)] = Elao(xi)y(z:)],  (3.2)
Oéo(l‘i> = —E[allxl]

In the missing data example, for the propensity score Pr(a; = 1|w;) = mo(w;), iterated expecta-

tions gives

B (5.7) = m(e0)] = Eb (L)) = EE S (L)) = B (L] (33)
= E[Wo(wi)’y(mi)] = Elao(:)y(x:)], cao(i) = —p—_

In the average derivative example, multiplying and dividing by the pdf fy(z) of x; gives

Bl (1) = m(es0) = [wlonfads = [ S 0@ o)ts = EE )] (34)
= Blao((@)] o) = 52

Our estimators of 3y will be based on a nonparametric estimator 4 of 7, and possibly on a

nonparametric estimator & of ag. The CF plug-in estimator is given by

where Iy, (¢ =1, ..., L) is a partition of the observation index set {1, ...,n} into L distinct subsets
of about equal size and 4, only uses observations not in I,. We will consider a fixed number of
groups L in the asymptotics. It would be interesting to consider results where the number of
groups grows with the sample size, even "leave one out" estimators where I, only includes one
observation, but theory for those estimators is more challenging and we leave it to future work.
The DCDR estimator makes use of &, that may be constructed from different observations

than #,. The doubly robust estimator is
L

B = Z Z {m(zi,%e) + ael:)[ys — Fe()]} -
(=1 icl,

This estimator has the form of a plug-in estimator plus the sample average of &y (x;)[y; —Fe(z;)],

which is an estimator of the influence function of [ m(z,4)Fy(dz). The addition of & (x;)[y; —
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Ae(z;)] will mean that the nonparametric estimators 4, and &, do not affect the asymptotic
distribution of 3, i.c. the limit distribution would be the same if 4, and &, were replaced by
their true values and A,, — 0. This estimator allows for full cross-fitting where & and 4 may
be based on distinct subsamples.

The cross-fit estimator /3 is doubly robust in the sense that 3 will be consistent as long as
either 4, or &, is consistent, as shown by Chernozhukov et al.(2016) for this general class of
functionals. When 4(z) is a series estimator like that described above the CF plug-in estimator
# is also doubly robust in a more limited sense. It will be consistent with fixed p(z) if either
Yo(x) or ag(x) is a linear combination of p(z), as shown for the mean with missing data in
Robins et al.(2007) and in Chernozhukov et al.(2016) for the general linear function case we are
considering.

Throughout the paper we assume that each data point z; is used for estimation for some
group ¢ and that the number of observations in group ¢, the number used to form 4,, and the
number used to form @, grow at the same rate as the sample size. To make this condition precise
let 7y be the number of elements in I,, 1, be the number used to form 4, and 7, be the number
of observations used to form a,. We will assume throughout that all the observations are used
for each /, i.e. that either n, + n, = n or ny + ny + ny, = n if different observations are used for

’A)/g and dg.

ASSUMPTION 2: There is a constant C' > 0 such that either ny+n, = n and ming{n,, iy} >
Cn or g+ 1y + 7y = n and ming{7g, g, g} > Cn. For the plug-in estimator groups are as close

as possible to being of equal size.

The assumption that the group sizes are as close to equal as possible for the plug-in estimator
is made for simplicity but could be relaxed.

We turn now to conditions for the regression spline estimators of vo(z) and ap(z). We
continue to consider regression spline first steps where p(z) is a K x 1 vector of regression

splines. The nonparametric estimator of 7o(x) will be a series regression estimator where

2 TS & 7 T
= 0¢, 0p =3, h ()", he = i)Yir
Ye(x) = p(x)" ¢, O ¢ I, WZZNC p(z:) = pr Yi

i€l ZEIZ

where a 1" superscript denotes the transpose, I, is the index set for observations used to construct
Ae(z), and A~ denotes any generalized inverse of a positive semi-definite matrix A. Under
conditions given below £, will be nonsingular with probability approaching one so that f][ = f][l
for each /.

The DCDR estimator 3 uses an estimator of ag(z). The function ag(z) cannot generally
be interpreted as a conditional expectation and so cannot generally be estimated by a linear

regression. Instead we use Assumption 1 and equation (3.1) to construct an estimator. Let
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v(z) = (m(z,p1) — m(z,0),...,m(z,px) —m(z,0))T. Then by Assumption 1,
Elv(z)] = Elp(xi)ao(x:)],

so that hy, = > icr, V(zi)/Tie is an unbiased estimator of E[p(z;)ag(w;)]. A series estimator of
ap(x) is then
dg(l‘) = p(l.)TgZau g@a = SZ;LECH if Zp xz 'Tz
ZGI@

Here 4y, is an estimator of the coefficients of the population regression of ap(x) on p(zx), but dta
is not obtained from a linear regression. This type of estimator of ag(z) was used to construct
standard errors for functionals of series estimators in Newey (1994).

Now that we have specified the form of the estimators 4, and &, we can give a complete
description of the estimators in each of the examples. For the expected conditional covariance

recall that m(z,v) = aly — v(z)]. Therefore the CF plug-in estimator will be

B= =33y — Al (35)

(=1 i€l
Also, as discussed above, for the expected conditional covariance og(z) = —Fla;|x; = x| and
v(z;) = —a;p(x;), so that ay(z) = —Fu(x) where ,(z) = p(x)Ti; Zidep(xi)ai/m is the

regression of a; on p(z;) for the observations indexed by I, ¢. Then the DCDR estimator is

B = % > lai + au(a)] [y — Aela)] Z S {ai — Elaglei]ys — Fela:), (3.6)

(=1 iGIg é 1 ’LG][

where Ela;|x;] = —éy(x;) is the predicted value from the regression of a; on p(x;). This estimator
is the average of the product of two nonparametric regression residuals, where the average and
each of the nonparametric estimators can be constructed from different samples.

For the missing data example the estimators are based on series estimation of Ely;|a; = 1, w;].
Let g(w) denote a K x 1 vector of splines, x = (a, w?)T, and p(z) = (ag(w)?, (1—a)q(w)T)T. The
predicted value 4(1, w) will be the same as from a linear regression of y; on g(w;) for observations
with a; = 1. That is, 4(1,w) = ¢(w)"d, where

A e & 1 - 1
0o =7 e, S == aiq(w)g(w)’, he == " aiq(w;)y:

The CF plug-in estimator is



The DCDR. estimator is based on an estimator of the inverse propensity score mg(w;)™! =

1/mo(w;) given by

~ 1
1 _ T T «
7 (w; W; 6,6 —Eh,Z a;q(w;)q(w;)*, hy = — w;),
(wi)g = q(w;)” o7, 4 0= WZ Ja(w;) ¢ WZQ( )
i€l €l
where 7i, is the number of observation indices in I,. This estimator of the inverse propensity

score is a version of one discussed in Robins et al.(2007). The DCDR estimator is

j= %ZZ{ e+ a0 s — )8 |

This has the usual form for a doubly robust estimator of the mean with data missing at random.
It differs from previous estimators in having the full CF form where the nonparametric estimators
are based on distinct subsamples of the data.

For the average derivative example m(z,v) = [ w(x)y(z)dz does not depend on z so we can

use all the data in the construction of the plug-in estimator. That estimator is given by

b= / w(@)i(@)de = 76, v = / (@), d =[S pledp(e) |3 pla ()

As shown in equation (3.4), ag(z) = fo(x)‘w(z), where fo(x) is the pdf of z. Also here v(z) = v
so the estimator of ag(z) is p(x)”S, v. The DCDR, estimator is then

5:%22{ [ wlalite)dn + [pa?S70] = sutwo (3.8)

Both the plug-in and the DCDR estimators depend on the integral v = [ w(z)p(z)dz. Generally
this vector of integrals will not exist in closed form so that construction of these estimators will
require numerical computation or estimation of v, such as by simulation.

We now impose some specific conditions on p(z).

ASSUMPTION 3: p(z) = aq(w) where i) the support of w; is [0,1]", w; is continuously
distributed with bounded pdf that is bounded away from zero; ii) q(w) are tensor product b-
splines of order r with knot spacing approzimately proportional to the number of knots; iii)
q(w) is normalized so that Amin(E[q(w;)q(w;)"]) > C >0 and sup,ep - [|g(w)]| < CVEK; iv) a;

is bounded and Ela?|w;] is bounded away from zero.

Under condition i) it is known that there is a normalization such that condition iii) is
satisfied, e.g. as in Newey (1997). To control the bias of the estimator we require that the

true regression function ~g(x) and the auxiliary function ag(x) each be in a Holder class of
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functions. We define a function g(x) to be Holder of order s if there is a constant C' such that
g(x) is continuously differentiable of order 5 = int[s] and each of its s partial derivatives V*g(z)
satisfies |V3g(3) — Vg(x)| < C||7 — 2||"~°.

ASSUMPTION 4: 7o(z) and ao(z) are Holder of order s, and s, respectively.

This condition implies that the population least squares approximations to yo(x) and ()
converge at certain rates. Let ¢, = min{1+k, s,}/r, (, = min{l+k, s, }/r, ¥ = E[p(z;)p(z;)"],
0 = X Elp(xi)yo(2:)], v&(x) = p(2)70, 00 = X Elp(xi)ao(w:)], ax(2) = p(x)"d.. Then stan-
dard approximation theory for splines gives

El{no(a:) = v (2:)}?] = O(K™*9), sup |yo(@) — yxe(x)| = O(K~),

z€[0,1]"

El{oo(w:) — ax(z:)}] = O(K 7).

We will use these results to derive the rates at which certain remainders converge to zero.

We also impose the following condition:
AssumPTION 5: Var(y;|x;) < C, K — o0, and K In(K)/n — 0.

These are standard conditions for series estimators of conditional expectations. A bounded
conditional variance for y; helps bound the variance of series estimators. The upper bound on
the rate at which K grows is slightly stronger than K/n — 0. This upper bound on K allows
us to apply the Rudelson (1999) law of large numbers for symmetric matrices to show that the
various second moment matrices of p(z) converge in probability. Another condition we impose

ASSUMPTION 6: Apmax(E[v(2:)v(2:)1]) < Cdg and {E[{m(z;,vx) — m(zl-,%)}2]}1/2 = O(K ).

The first condition will be satisfied with dx = 1 in the examples under specific regularity
conditions detailed below. The second condition gives a rate for the mean square error conver-
gence of m(z,vx) —m(z,7) as K grows. In all of the examples this rate will be (,, = ¢,. In
other examples, including those where m(z,v) and v(z) depend on derivatives with respect to
x, we will have dg growing with K and ¢, < (.

For the statement of the results to follow it is convenient to work with the remainder term

_ K
Af = /nK 9 4 K9 4 K 4y [—.
n

This remainder coincides with the fast remainder A* when the spline order is high enough with
k > max{s,, So} — 1. The only cases where it would not be possible to choose such a  are for

the Haar basis where x = 0.
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4 The Plug-in Estimator

In this Section we derive bounds on the size of remainders for the plug-in estimator. Some
bounds are given for general plug-in estimators, some for plug-ins that are series regression with
Haar splines, and some for other splines. We begin with a result that applies to all plug-ins. We
drop the CF designation because all the estimators from this point on will use cross-fitting.
The cross-fit form of the plug-in estimator allows us to partly characterize its properties
under weak conditions on a general plug-in estimator that need not be a series regression. This
characterization relies on independence of 4, from the observations in I, to obtain relatively
simple stochastic equicontinuity remainders. Also, this result accounts for the overlap across
groups in observations used to form 4,. Let A, denote an event that occurs with probability
approaching one. For example, A, could include the set of data points where Sy is nonsingular

for each /.

LEMMA 1: If Assumptions 1 and 2 are satisfied and there is A} such that

1(An) {/[m(z,%) - m(zavo)]QFo(dZ)}m =0p(A), (6=1,.., L),

then for m(y) = [ m(z,v)Fo(dz),

~

V(B — Bo) = Z 2:70) = Bol + v/ D m(3e) = Bol + Op(A7).
If in addition there is A? such that for each ({ =1,....L),
V/ie[m(%e)
z%[

then for §(z) = m(z, Bo) — Bo + ao(z)[y — Yo(x)]

—Y0(z:)] + Op(A7),

V(B = f) = sz ) + Op(AT + AL + 1Y),

This result gives a decomposition of remainder bounds into two kinds. The first A" is a
stochastic equicontinuity bound that has the simple mean-square form given here because of
the sample splitting. The second A? is a bound that comes from the asymptotically linear
expansion of the linear functional estimator m(9,). For general b-splines we can apply Ichimura
and Newey (2017) to obtain A?. For zero order splines we give here sharper remainder bounds.

For series estimators the stochastic equicontinuity remainder bound A" will be
K
AT =\ [(dg +1)— + K,
n
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where di and (,, are as given in Assumption 6. As mentioned above, in the examples in this
paper dxg < C and (,, = (,. Here we can take A} < CA, so the stochastic equicontinuity
remainder bound is the same size as A.

Our next result gives remainder bounds for the Haar basis.

THEOREM 2: If Assumptions 1-6 are satisfied, k = 0, and K[In(n)]>/n — 0 then
V(B = o) = szerO(A*JrAerKCVIn( ).

If in addition dy is bounded as a function of K and (,, = ¢, then A™ < CAr.

Here we see that for a Haar basis the order of the remainder term for the plug-in estimator
is a sum of the stochastic equicontinuity term A™ and A%, with K% In(n) being the size of
the fast remainder up to In(n). In the examples and other settings where dy is bounded and
Cm = ¢, the A™ remainder will just be of order A¥. The following result states conditions for

the examples.

COROLLARY 3: Suppose that Assumptions 1-3 and 5 are satisfied, k = 0, K[In(n)]?/n — 0,
and ~yo(x) is Holder of order s.. If either i) B 18 the expected conditional covariance estimator,
Ela;|z; = z] is Holder of order s., Ela2|z;] is bounded, or ii) [ is the missing data mean
estimator, Pr(a; = 1|z;) is bounded away from zero and is Holder of order s,, or iii) B is the
average derivative estimator, w(x) and fo(x) are Holder of order s,, and fo(x) is bounded away

from zero on the set where w(x) > 0, then

VA — o) = \sz%+0@y+K@w>>

The remainder bound means that the plug-in estimator can attain root-n consistency under
minimal conditions, when the dimension r is small enough. There will exist K such that A%

goes to zero if an only if

min{1, s, } + min{1, s, }

1/2 <6+ G = !

This condition can be satisfied for r < 4 but not for » > 4. For r = 1 this condition will be

(4.1)

satisfied if and only if

1
87+8a>§,

which is the minimal condition of Robins et al.(2009) for existence of a semiparametric efficient
estimator for the expected conditional covariance and missing data parameters when r = 1. For

r = 2 we note that

min{1, s,} + min{1, s, } > 1 if and only if s, + s, > 1.
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For r = 2 equation (4.1) is min{1, s, } + min{1, s, } > 1, which requires both s, > 0 and s, > 0
and so is slightly stronger than the Robins et al.(2009) condition s, + s, > 1. For r = 3
the situation is more complicated. Equation (4.1) is stronger than the corresponding condition
Sy + 8 > 3/2 of Robins et al.(2009), although it is the same for the set of (s, s,) where s, <1
and s, < 1. Along the diagonal where s, = s, the two conditions coincide as s, > 3/4.

The limited nature of these results is associated with the Haar basis, which limits the de-
gree to which smoothness of the underlying function results in a faster approximation rate. If
Theorem 2 and Corollary 3 could be extended to other, higher order b-splines, this limitation
could be avoided. For the present we are only able to do this for the doubly robust estimator of
a partially linear projection, as discussed in the next Section.

There is a key result that allows us to obtain the remainder bound A* in Theorem 2. Let
ha = 300y p(w) o(ws) — vic(@i)]/m, £ = iy p(wi)p(i)” /n, and 5 = Elp(;)p(w:)". We show
in the Appendix that for the Haar basis

A (EI(E = £y hohZ (8 — £y7)) < 2 (C—K) . (12)

n n
If b-spline bases other than Haar also satisfied this condition then we could obtain results
analogous to Theorem 2 and Corollary 3 for these bases. We do not yet know if other bases
satisfy this condition. The Haar basis is convenient in p(x)Tp(x) being piecewise constant.
Cattaneo and Farrell (2013) exploited other special properties of the Haar basis to obtain sharp
uniform nonparametric rates.
For b-splines of any order we can obtain remainder rates by combining Lemma 1 with The-

orem 8 of Ichimura and Newey (2017).

THEOREM 4: If Assumptions 1-6 are satisfied then

n 1/2
V(= fo) = % > (z) + Op(AL + AT + A A, = (K In K€ ) KOG
i=1

n
If in addition dy is bounded as a function of K and (,, = ¢, then A™ < CAr.

Here we see that the remainder bound for splines with x > 0 has an additional term A,,.
When ¢, is large enough, i.e. yo(x) is smooth enough and the order of the spline is big enough,
so that ¢, > 1/2, the additional A,, will be no larger than A%. Also, when ¢, > 1/2 the condition
of Robins et al.(2009) for semiparametric efficient estimation is met for the expected conditional
covariance and missing data examples for any (,. Thus, when ~,(z) is smooth enough to meet the
Robins et al.(2009) condition without imposing any smoothness on g (z) the plug-in estimator
will have the remainder bound A*.

More generally there will exist a K such that A, + A* goes to zero if and only if

2min{x +1,s,} + min{x + 1,s,} > r. (4.3)
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This condition is slightly stronger than that of Robins et al.(2009) which is 2s, + 2s, > r. Also,
the remainder may go to zero when when K is chosen to maximize the rate at which the mean
square error of 4o(z) goes to zero. Setting K ~2¢ proportional to K /n is such a choice of K. Here
the remainder term goes to zero for min{x +1,s,} > r/[2(1 4+ r)] and min{x + 1,5,} > /2, a
stronger condition for s, and the same condition for s,, as would hold if the remainder were A% .

5 Partially Linear Projection

In this Section we consider a series estimator of partially linear projection coefficients. We give
this example special attention because the DCDR estimator will have a remainder bound that
is only A*. The remainder bounds we find for other doubly robust estimators may be larger.
What appears to make the partially linear projection special in this respect is that ag(x) is a
conditional expectation of an observed variable. In other cases where ag(z) is not a conditional
expectation we do not know if the remainder bound will be A* for bases other than Haar.

The parameter vector of interest in this Section is
-1
Bo = (El{ai — Elailwil}ai]) " El{a; — Ela;Jwi}yil.

This vector 5y can be thought of as the coefficients of a; in a projection of y; on the set of
functions of the form a3 + A(z;) that have finite mean square. Note that this definition of S,
places no substantive restrictions on the distribution of data, unlike the conditional expectation
partially linear model where E[y;|a;, w;] = al By + &o(;).

The object [ is of interest in a treatment effects model where a; is a binary treatment, y; is
the observed response, x; are covariates, and outcomes with and without treatment are assumed
to be mean independent of a; conditional on w;. Under an ignorability condition that the
outcome is mean independent of treatment conditional on covariates, Ely;|a; = 1, z;| — Elyi|a; =

0, x;] is the average treatment effect conditional on z;. Also for m; = Pr(a; = 1]x;),

Elmi(1 — m){Elyilai = 1, 23] — Ely;la; = O,l'z']}]‘

fo = E[m(1 = )]

Here we have the known interpretation of [, as a weighted average of conditional average
treatment effects, with weights m;(1 — ;) /E[m;(1 — m;)].

It is straightforward to construct a DCDR estimator of 5y. Let vo(z;) = Ely;|z;] and ap(x;) =
—Ela;|x;] as before, except that a; may now be a vector. Also let I, denote the index set for the
¢t group, and I, and I, the index sets for the observations used to obtain ~¢ and &y respectively.

For any function g(z) let

Flo(e)} = = S (). Flo()} = - (). Flo()} = = 320,

i€ly iel, iel,
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These represent sample averages over each of the groups of observations. Let 4,(x), dy(z), and

ay(x) be series estimators of vy(z) and ap(z) given by

%(x)Z(M, o(x) = p(x)
=5 }} bo =X ha, = F{p(z)p(x)"}, = F{p(x)p(z)"},

S
I

M>
3»
O'w

The estimator we consider is

3 = (Z Z[ai — ()i — du(a;)) > Z Z — ()] [yi — Fe(s)]. (5.1)

=1 iely (=1 i€l

This estimator can be thought of as an instrumental variables estimator with left hand sides
variable y; — g;(x;), right hand side variables a; — &;(z;), and instruments a; — &;(z;). Here
the instrumental variables form is used to implement the cross-fitting and not to correct for
endogeneity. This form means that every element of the matrix that is inverted and of the
vector it is multiplying is a DCDR estimator of an expected conditional covariance like that
described earlier.

THEOREM 5: If Assumptions 1 - 3 and 5 are satisfied, \o(x) = Ely; —al fo|r; = x] is Holder
of order s, and each component of Ela;|x; = x| is Holder of order s,, H = E[Var(a;|x;)| exists
and is nonsingular, and Q = E[{a; — ao(x;) Ha; — ap(z;)} 2] exists then for e; = y; — al By —
No(z;) and ¥ (z) = H Y (a; — Ela;|x;))e;,

Vi — o) = z¢ %)+ 0,(B}).

The regularity conditions here are somewhat stronger than those of Donald and Newey
(1994), who do not require any restrictions on the marginal distribution of x; nor use any
sample splitting. This strengthening is useful to achieve the fast remainder for partially linear
projections rather than for the coefficients fy in the conditional mean model E[y;|a;, x;] =
al By + Xo(x;) of Donald in Newey (1994). The upper bound on the rate at which K can grow
is slightly stricter than in Donald and Newey (1994) due to the presence of the In(K) term in
Assumption 5. Thus, under somewhat stronger conditions than those of Donald and Newey
(1994) the DCDR estimator of a partially linear projection has a fast remainder just as in
Donald and Newey (1994). Consequently, the estimator will be root-n consistent under minimal
conditions.

When the Robins et al. (2009) minimal condition (s, + s,)/r > 1/2 holds, consider a spline
with £ > max{s,, sa} — 1, so that ¢, + (o = (sy + 54)/r > 1/2. Then there will exist a K
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such that A* — 0 and hence /3 will be semiparametric efficient. Thus we see that the DCDR
estimator 3 of equation (5.1) will be semiparametric efficient under nearly minimal conditions

and has a fast remainder term.

6 The Doubly Robust Estimator

In this Section we show that the DCDR estimator has improved properties relative to the plug-in
estimator, in the sense that the remainder bounds are smaller for the DCDR robust estimator.
We have not yet been able to obtain the fast remainder for the doubly robust estimator for
general splines, for the same reasons as for plug-in estimators.

Before giving results for series estimators we give a result that applies to any doubly robust
estimator of a linear functional. Let A, denote an event that occurs with probability approaching

one. For example, A, could include the set of data points where 3, is nonsingular.

LEMMA 6: If Assumptions 1 and 2 are satisfied, 7,(x) and &(x) do not use observations in
Iy, Var(yi|z;) is bounded, and there are AI*, A) . and A%, such that for each (¢ =1,...,L),

1(AL) { Jimz.0 - m<mo>12Fo<dz>}l/2 —0,(Am),
1(AL) { [ aate ) - 70(95)]2F0(d2)}1/2 —0,(A)),
1(AL) { [t - ao<x>J2Fo<dz>}l/2 — 0,(A2),

then

V(B — o) = Zlﬁ zi) ZZ — (@) ][Fe(w:) —0(zs)] + Op (A7 + AT + AT).

f 1 'LGI@

This result does not require that 9,(x) and &,(x) be computed from different samples. It
only uses the sample splitting in averaging over different observations that are used to construct
A¢ and @y. Also, it is known from Newey, Hsieh, and Robins (1998, 2004) and Chernozhukov et.
al. (2016) that adding the adjustment term to the plug-in estimator makes the remainder second
order. The conclusion of Lemma 6 gives an explicit form of that result. Under weak conditions
that only involve mean-square convergence the doubly robust estimator has a remainder that is
the sum of three stochastic equicontinuity remainders and the quadratic, split sample remainder
involving the product of the estimation remainders for the two nonparametric estimators 4 and

Q.
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For series estimators the DCDR, estimator will have A’ as its primary remainder for the

Haar basis

THEOREM 7: If Assumptions 1-6 are satisfied, k = 0, and K[In(n)]*>/n — 0 then
V(B = Bo) = \FZ¢ ) + Op(A7 + AT).

If in addition dy is bounded as a function of K and ¢, = ¢, then A™ < CA?.

One improvement of the DCDR estimator over the plug-in estimator is that the remainder
no longer contains the K% In(n) term. The elimination of this term is the direct result of the
DCDR estimator having a smaller remainder than the plug-in estimator.

For splines of order x > 0 we can obtain a result for the DCDR estimator that improves on

the plug-in remainder bound.

THEOREM 8: If Assumptions 1-6 are satisfied then

K? [1H<K)]2 (14 dK)K(l/2)—c7
n3

V(B = Bo) = \szzz )+ Op(A%L + AT+ A,) A, = \/

If in addition d is bounded as a function of K and ¢, = ¢, then A™ < CA?.

Here we see that the remainder bound for the DCDR estimator will generally be smaller
than the remainder bound for the plug-in estimator because the term K In(K')/n is raised to
the 3/2 power rather than the 1/2 power. Here it turns out that there will exist a K such that

all of the remainder terms go to zero if
4¢, + 3¢, > 2.

For example, if s, = s, and £ > max{s,, s} — 1, this requires s, > 2r/7, which is only slightly
stronger than the s, > r/4 condition of Robins et al.(2009) that is required for existence of a
semiparametric efficient estimator. Also, existence of K such that the remainder will be of size
no larger than A* requires

20, +Ca > 1.

For example, if (, = (, this requires ¢, > 1/3, which is weaker than the condition (, > 1/2 for
the remainder for the plug-in estimator. In these ways the DCDR estimator improves on the

plug-in estimator.
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7 Appendix

This Appendix gives the proofs of the results in the body of the paper. We begin with the proofs

of Lemma 1 and Lemma 6 because they are not restricted to series estimators.

Proof of Lemma 1: Define A;, = m(zi,5) —m(zi, v0) — m(5e) + Bo for i € I, and let Z(1,)°
denote the set of observations z; for i ¢ I,. Note that E[Ay|Z(I;)?] = 0 by construction for
i € I,. Also by 1ndependence of the observations, [ ZgAj1g|Z (I,)¢] = 0 for i,j € I,. Furthermore,

E[A2|Z(1)] < [Tm(z,4) — m(z,70))*Fo(dz) = O,((A™)?) for i € I,. Then we have

(\/—Zﬁw> Z(I)] <ZAM> Z (1) I—E[A 1Z(1)°] = Op((A7)?)-

i€l S

Therefore, by the Markov inequality we have } 7, Air//m = O,(A™). The first conclusion then

follows from

ﬁ(ﬁ_ﬂﬂ)zz\/—ZA%"i_\/—Z (2i,70) — Bol +\/_2an — Bol-

i€ly

For the second conclusion note by the subsamples being as close to equal size as possible,

ﬁg_ﬁg/n_ 1/L 1y 1 1
A 1 A A R
Then by
W - — - ne 1 2 ¢
fz m(30) — ol = mzlm\ff = R T k) 4 0
B(2) + Op(A? +n71)
Z Z¢ ) = 30 6(a)) + 0,88 +n7)

\/_Z¢ z) + Op( A% +17Y).
The conclusion then follows by the triangle inequality. Q.E.D.

Proof of Lemma 6: By adding and subtracting terms it follows that for &; = y; — yo(x;)
and ¢(2;) = ao(w:)[y: — Yo(73)]

Qp(wi) [y — Ye(w:)] = d(2:) — ao(@:)[F(xi) — yo(w:)] + [Ge(xi) — co(zi)]es

— [au(@:) = ao(a)][3(:) = y0(:)]-
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The first conclusion of Lemma 1 with m(z,v) = ag(x)y(z) gives

fzzaoxz (@) — () \FZW [ @) ()] Faldo) +0,(a7).

=1 i€l,

Assumption 1 and the first conclusion of Lemma 1 also give

VIS [ et — il Fi(ar) = fzg 6ol

Z Z m(zi, Ye) — m(z;,70)] + Op(ATY).

f 1 i€l

3 |

In addition, if we take v = o and m(z, @) = a(x)e then [ m(z, a)Fy(dz) = 0, so that by Lemma
L,
\/— Z Z xz l)] g =0 (Aa)
(=1 i€ly

Then collecting terms we have

\/7(5 50 \/— Z Zz; ’YO 60]

Z S0z 4) = mizi70) + el — e}

Z 1 i€l

N % Zw(»’% Z > ao(@i) Felw:) = vo(a:)] + Op(AT + A])

ZZl i€ly

%I

% Z Z{_ao@i)w(fﬂi) — Yo(zi)] + [@e(x;) — ao(;)]es}

(=1 i€l

- % 3> laula) — aolw)] () — vo(w:)]

(=1 i€l

— % Z@b(zl) 7 Z Z[ o(x;) — ao(z)][5(xi) — vo(z5)]

/=1 'LGI@

+ O, (AT + A + AY).Q.E.D.

We now turn to proofs of the results involving series estimators. Let ¥ = E[p(z;)p(x;)T]. Tt
follows from Assumption 3 that ¥ is nonsingular, so we can replace p(z) by ¥~'/?p(x) and so
normalize > = [ without changing the assumptions. We impose this normalization throughout.

Also, throughout the Appendix C' will denote a generic constant not depending on n or K.
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We next prove the key result in eq. (4.2) for a zero order spline. Let r(z) = vo(z) — vk ()
and hy = S p(x;)r(x;)/n as in the body of the paper. Also let | All,, denote the operator
norm of a symmetric matrix A, being the largest absolute value of eigenvalues.

LEMMA Al: If Assumptions 1-6 are satisfied, k = 0, K[In(n)]%/n — 0, then for U =
Z‘;:_OI(I — )by, W =571 = £)hy, J = int[In(n)] and any constant A > 0,

n o~ K261 2 .
op

Proof: Let Q; = p(z;)p(z;)*, A; = I — Q;, and h; = p(x;)r(x;). Note that E[A;] = 0 and
E[h;] = 0. For each j let L = 2j + 2. Let U; = (I — £)7hy. Then we have

n

~A A 1 .
E[U,UT] = — .Z BE[(T_ A,) by hE L (T,

41" 542

Consider any (i1, ...,7z) such that ;41 # i;42. Let i* = 7,41 and let Z5 denote the vector of
observations other than z;«. Note that

E[(T_ A) hi o hE L (T 50,)] = EIE[(TH_,Ay,) he-hi (T 50,) | ZE]).

i+1""5 42 1542

We proceed to show that
E[(TH_,A,) hihl, (T 50,) | Z5] = 0

Note that conditional on Z{. we can treat all terms where i, # i* as constant. Also, because

ij+1 7 142 all terms where i, = ¢* depend only on p(x;+). Therefore for the scalar r(z) =

Yo(x) — i (z) we have
E[<Hz=1Ai ) B h;‘FH (HKL:J'+3A:‘[) |Zf] = E[Al(p(xz))p(xz)T(Iz)Az(p(%))] = E[A(p(l“z))T(Iz)],

where A;(p) and As(p) are K x K and 1 x K matrices of functions of p and A(p) = A;(p)pAa(p).
Let X}, denote the interval where py () is nonzero. Note that py(x) = 1(z € Xj )¢, for a constant

¢k, and hence

K
A(p(xl*)) = ZAkl(xl* S Xk:)aAk - A((O7 o 0, ¢, 0, aO)T>
k=1

Therefore by orthogonality of each pg(z;) with r(x;) in the population,

K
E[(TH_,Ay,) hih?
k=1

27

42 (HEL:j+3AZ-Z) |Z5] = ZAkE[l(CL'Z* € Xi)r(zy)] ZAka [pr (i )r(x)] = 0.



Therefore by iterated expectations, if i;,1 # ;12 we have

E[(HZ:lAié) hij+1hz1;+z (HZL:jJrSAiz)] = 0.
It then follows that for ¥ = E[h;;,,h] | = E[r(z;)*p(z;)p(x;)"] and Aml = hi, b, =0,

n

. 1 ,
E[U;Uf] = RIS > E[(IG_,A;,) R
(ST Z N IR VI OO =1

. 1 -
T) = porr i Z | E[(HizlAiZ) v (Hé::j+3Ai4>]’

WE (g = T) + T3,

L4141

. 1 i . -
= e > BT, Ad) Ay, (T 4540,)]-
11,005 41,85 4300, i, =1
Consider first TJ. Note that A; and A; are diagonal matrices, so that F [(HZZIAi ) Ai]. o (T4 5A,)]
is a diagonal matrix, with k' diagonal element given by F [(nglAk,iZ) A;”] o (T 3A,)]
where

Api = pr(:)® = Elpr(:)’], Ay, = r(2:) pr(z:)” — Blr(2:)pe(z:)?).

The largest absolute value of the eigenvalues of a diagonal matrix is the maximum of the absolute
values of the diagonal elements, so it suffices to show that the conclusion holds for these diagonal
elements. We will consider the &' diagonal element but for notational convenience drop the k
subscript in what follows.

Note that py(x;)? < BK for some B that does not vary with &k or j. Also, for any random
variable Y; and p = E[Y}], note that by Jensen’s inequality, |u|” < E[|Y;|] for s > 1. Then for

any positive s,
B()Y; — p’] < E[(IYi] + |ul)’] < B2 (Vi + [])] < 227 B[V + [ul*)] < 2°E[]Y;]]

Then for any positive integer s, by the triangle inequality and the definitions of A;,

|E[A7]] < 2°Blpi(:)*] < 2°(BK)" ™ Elpy(2:)’] < (4BK)*™ < (CK)*™. (7.1)
Also, by 7(z;)> < DK 2% we have

‘E[(Ai)sﬁi] < BIA (r(z:)*pr(@:)* + Elr (i) pr(z:)?])] (7.2)

< Bl(pr(2:)* + Elpg(2:)?])* DK
< 2T Elpy(2,)*PPIDK ¢ < 2°"Y(BK)* DK~
< (4D +1)BK)*K™% < (CK) K.
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Next consider

] 1 n . ~
T3 = n2i+2 Z E[(HézlAie) Aij (HKL:J'%AW)]'

11500y 8j 41,8543+ y02542=1

The only terms in this sum that are nonzero are those where every index 7, is equal to at
least one other index i,, i.e. where each index is "matched" with at least one other. Let
7 = (i1, .y%j41,013..-,G2j12)" denote the 2j + 1 dimensional vector of indices where each i,
is an integer in [1,n]|. Let T, denote a set of all such 7 with specified indices that are equal
to each other, but those matched indices are not equal to any other indices. For example,
one Ty is the set of ¢ with 41 = i;11 = ¢j43 = -+ = i2742 and another is the set of 7 with
i1 = ig,13 = +++ = i9j19,19 # i3. For each d each group of index coordinates that are equal to
each other can be thought of as a group of matching indices that we index by g¢4. Let m,, denote

the number of indices in group g4; and GG; denote the total number of groups. Note that the

total number of indices is 2j + 1 = 25%:1 myg,. Also, by egs. (7.1) and (7.2) for each 7 € T; we
have
Ga
[BII_A) Ay (T s,)]| < K20 [T (CR)™ = K720 (OK)Y 0
94a=1

Also, the number of indices in Y, is less than or equal to n%¢ since each match can be regarded

as a single index. Therefore,

1 : " 1 : "
n2it2 Z E[(Hz:IAif) Aijﬂ (Hl%—jJrSAie)]‘ < n2i+2 Z )E[(H%:IAZ‘E) Aijﬂ (H£Zj+3Aiz)]‘
€Yy €Yy

1 _ -G

< (n2j+2> K% (CK)ZJH ¢

2j+1-G
p— lK‘QC'y C_K ’ .
n n

By hypothesis K/n — 0 so that for large enough n we have CK/n < 1. For such n we have
(CK/ n)2j +1-Ga decreasing in G,4. Also, the largest G, is j, because each group must contain at

least two elements. Therefore, for large enough n we have

1 — : .
n2i+2 Z E[(HLIAW) Ay (HZL:j+3Aie)]

€Yy

j+1
S lK_2C’Y (C_K)j .

n n

Note that the bound on the right does not depend on d. Let D denote the total number of
possible Y. Then since E[(I)_,A;,) A, (TE..5A;,)] = 0 if 7 ¢ UD, Ty we have

=j+3=
j+1
S 2K*2Cv (C_K) .

n n

Tj41

D

B<>

d=1

1 " . -
n2i+2 Z E[(HLlAiE) Aij iy (H€L=j+3Ai£)]

€Ty
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Note that there are exactly %! ways of forming 2j + 1 indices into j groups. Ignoring the fact

that we can exclude ways where any group has only one index we have the bound D < j%/+1,

Plugging in this bound into the above inequality and maximizing over diagonal elements gives

2]+1K 2y (OK J+1
j
I, < ——(55)
Arguing similarly for le gives
2]K 2%y (OK J
7, < = (55)

where we take 0° = 1.
Next note that by K In(n)?/n — 0 we have CK/n < 1/[21n(n)?] for large enough n. Also,
j/In(n) <1 for all j < J. Then for n large enough

() £ () <) (O£ £ -

J J

Similarly it follows that for large enough n,

JZ o (CK)j+l 21r11(n) J._l <ln{n))2j+l (%)] . 1ngn)‘

=0

IN

Then we have for large enough n,

-1 J-1 J-1
> E (71 +13) (i1, + 1731,,)
7=0 o l5=0 =
K% 1 CK%
< 2 1 <
n ( ln(n)> n

PN A ~\T A A
Also by the Cauchy Schwartz inequality, UUT = (Z‘.]_l Uj) (Zj:—ol Uj) < J? Z}']:_ol U,UT.

Therefore, for large enough n,

giving the first conclusion.

For the second conclusion note that for any A > 0,

In{n®In(n)]~22+2} — In(n)[A — 2In(In(n))] + 2In(In(n)) — —oo.

30



It follows that [In(n)]"2M+2 = o(n=2) for any A. Also, by K/n = o([1/In(n)]?) we have
K1In(K) /n=o0(1/In(n)), so that

n

(Kln(K)) = o([ln(n)] "2 M)Y = o([In(n)]"2MEN+2) = 5(n=2),

for any A > 0. Then we have

T TTR 2T SN2 7 277 (127 K'726
TWTW < 4hZ(1 - ) h2§4h2h2Hl—Z — 0,

-A
op n )

=o0,(n"7),

Kln(K)] ”)

for any A > 0 by Rudelson’s (1999) law of large numbers for random matrices, giving the second
conclusion. Q.F.D.

In the Appendix we focus on one subset I = I, of observations and let I and I denote the
observations used to compute § and 4, respectively. Let n, n, n denote the number of elements
of I, I, and T respectively and

F{g(z) Zg z), F{g(2) Zg z), F{g(2) Zg z),
iel il iel
denote averages over the respective subsets of observations.

Next we make a few definitions we will use throughout. Let (,, (o, 0, 7k, 04, and ak be as

defined following Assumption 4. Also, let

€ =Y — %(%), i = Yo(xi) — VK(%‘)Jh‘ = U(Zi) - p(%)&o(l“z), = 040(951‘) - O‘K(Iz‘)a
hy = F{p(x)e}, hy = F{p(x)r}, by = F{n},h§ = F{p(zx)r*}, % = F{p(2)p(x)"}, S = F{p(x)p(x)"},
AL =%"h1, Ay =S hy, A =571, A = SRS, S = F{p(x)p(2)T},

One piece of algebra we will use throughout is that, when S and ¥ are nonsingular, by adding
and subtracting S F{p(z)vo(z)} and S F{p(z)ag(z;)} respectively we have

~

0—0=2N7A1 4+ Ay, 04— 04 = AT+ AS. (7.3)

Some properties of these objects will be useful in the proofs to follow. We collect these
properties in the following result. Let 1 and 1 denote the indicator function that the smallest
eigenvalue of 3 or 3 is larger than 1/2 respectively. As in Belloni et al.(2015) Pr(1 = 1) — 1

and Pr(1 = 1) — 1. Also, let ZC, Z¢, Z¢ denote all the other observations other than those
indexed by I, I, or I respectively and X = (X1, ey Tn)-
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LEMMA A2: If Assumptions 1-6 are is satisfied then

NP K\ .. e K
1)1HA1‘ :OP<E);H)1 =0, (K 29%);
T 1 K T K
iif) 1 HA(; -0, <%) iv) 1 HAS =0, (g)
A~ 2 ~ |l ~
v)i(6—16 :Op<§);vi)1 80 — 04 _0 (df;K),

I A . K
vil) TEIAATIX. 2 < 51, vii) 1 [ 3(0) = @) Fafdo) = Oyl + K724,

ix) 1 / (6(x) — ao(@)]2Fo(dz) = O, <M 4 K%) |

Proof: Note that for &; = vy; — Yo(2;), Ele2|a;] = Var(yi|z;) < C. Note that 1572 < 47 in
the positive semi-definite semi-order so that

= Bllp() ) = O

~ 4
Bl A7) < 4mp HQZE p(i) pla)eies) = = Elllp(z:)|*ef] < )

The first conclusion then follows by the Markov inequality. Next, we have sup,, |vx (z) — Yo(z;)| =
O(K~¢) and hence for

~ ~ 4 }(
ElL || A 1J<4Eh% AQZE ) p(a;)rirs) = - Emp@»uﬂom—?@):o(K—%—),

n
1]61

so the second equality also follows by the Markov inequality. Next, note that
E[n{ ;] < 2B[v(z)"0(z)] + 2Elao(x:)? [[p(:)|*]) = O(K (dx + 1)).

Then we have
K(dg +1)
n

Hm | <4E[RTH) = 2ZEm nj = =Bl ] = O( ):

ijel

so the third conclusion follows from the Markov inequality. The fourth conclusion follows exactly
like the second conclusion. the fifth and sixth conclusions follow by eq. (7.3) and the triangle
inequality.

Next, note that by independence of the observations

E[IAAT|X, 2 = 1S B[R X]87 = 18 = Z p(z)p(z;) T Eleig;| X] p 271
z]EI
e 1 Cen 2
= 1% ﬁzp(xz)p(xz) E[gzlxz] E ﬁz n -[7

iel
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giving the seventh conclusion.
Next, note that [ p(z)[yx(z) — vo(x)]Fo(dz) = 0, so that

i/H(I) — (@) Fo(dx) = i/ﬁ(;p) — i (@) + 7K (%) — Y0 (@)]* Fo(d)
_i H5 — 5”2 +1K% =0, (% + K—%) :
giving the eighth conclusion. The last conclusion follows similarly. @Q.E.D.
Next, we give an important intermediate result:

LEMMA A3: If Assumptions 1-6 are satisfied then

1 [nte.) = miewPF() = 0, (5 4 k%)),

n

Proof: By linearity of m(z,7) — m(z,0), we have m(z,4) — m(z,vx) = v(2)T (6 — §). Then by
Lemma, A2,

1 [n(z.9) — mte 0 PF@E) <21 [n(z.9) — e P Rf) +21 [ n(e) - me,)PR:)
21(5 — 6) " Efv(z)v(2:)"](6 — ) + O(K ~2m)

A

~

) 2
2,1 |6 — 5” L OK %) =0, (df;K e 2<m) . Q.E.D.

IN

The proof of the results for the doubly robust estimators will make use of a few Lemmas,

that we now state.

LEMMA Ad4: If Assumptions 1-6 are satisfied then the hypotheses of Lemma 6 are satisfied

with
AT = ek | g Ag:,/5+K—<v,Ag= Il | pca,
n n n

Proof: The first conclusion follows by Lemma A3 and the second and third by parts viii)
and ix) of Lemma A2. Q.E.D.

LEMMA A5: If Assumptions 1-6 are satisfied and 4, and &, are computed from distinct
samples then for & = F{p(z)p(z)T}

ViF{[a(x) — ao(@)][Fe(z) = 0(@)]} = VRATEAT + O,(A], + AT).
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Proof: Let hy = F{p(z)[vx(x) — vo(z)]} and h§ = F{p(z)[ax(x) — ap(x)]}. Note that

F{[6(x) — ao(2)][Fe(x) — 0(2)]}
= F{[p(2)" (3a — da) + ax(z) — ao(@)][p()" (6 — ) + (@) — 0(2)]}
= (6= 0)"E(0a = da) + (6 = 0)"h5 + (0 — 6a) "ho + F{[aK(rC) — ao(@)][ () — 70(2)]}-

By the Markov inequality

ViF{lox(z) = ao(@)][yx(z) = 70(2)]} = Op(v/nK~07%). (7.4)

Note that ) )
E[hg (h§)"] = = Elp(x:)p(a:)" (r8)?] < 1.

n
Therefore by Lemma A2 we have

E[{1(6 - 6)"h5}?|127] = 1(6 — 6)" Elhg (hg)"](6 — 8) <

Then by the Markov inequality it follows that

V(s — 6)7hg = op<\/§>. (7.5)

It follows similarly that

Next, note that

~

(6 —0)"8(00 — 0a) = ATS (64 — 64) + ATSAG + ATSAS.

Let 1 be the event that Ay (2) < 2. Then by conclusion vii) of Lemma A2, and 1, 1,and I all

functions of X we have

E1I{ATS(6a — 6,) 12X, 2] = 111(0s — 02)TSE[AAT|X, 295 (5 —0a)

L - . 2
< c%n(&a 6752 (50— 6.) < o — b
dr K
= OP( TL2 )
Therefore we have
ol K
VRIS (3, — b0) = 0,/ 2, (7.7

Finally, note that by the Cauchy-Schwartz inequality



It follows similarly that 1(Ag)7(Ag) = O,(K~%) so that

VATITALSAG < 2y 1AT Ao\ [T(Ag)7(Ag) = O, (Vi %) (739)

The conclusion then follows by egs. (7.4), (7.5), (7.6), (7.7), (7.8), and the triangle inequality.
QE.D.

Proof of Theorem 2: It follows by Lemma A2 that the first hypothesis of Lemma 1 is
satisfied with A™ = \/dg /n + K= . Let

m(y) = /[m(z,v) —m(z,7)]Fo(dz) = Elao(z:)y(2:)];

where the first equality is a definition and the second follows by Assumption 1. Then the first
conclusion of Lemma 1 holds.

Next let n = ny and 4 = 4, for some ¢ and ¢(z) = ap(x)[y — Yo(z)]. Then it follows as in
Ichimura and Newey (2017), pp. 29 that

Ivn[m(y) = Bo — % Z ¢(z)] =1 (Rl + Ry + ﬁf?,) , Ry = vnEoo(z:) {7 (z:) — vo(z:)},
- (7.9)
A T$—17 £ _Lna ) — ol s — ol
Ry = /nv" X7 hy, Ry = \/ﬁ;[ k(i) — ao(w)][yi — vo(@)].

By vk (x;) — vo(x;) orthogonal to p(x;) in the population and the Cauchy-Schwartz inequality,

= V| Bl{ao(r:) — ax(z:) Hro(w:) = vx (@)} < Vil Bl{ao(r:) — ax (@) PIE{yo(wi) — i (@) ]}
= O(VnK=7%) = O(A;}).

0

Also,
B[R = Bl{ox(x) — a(z) <] < CE{ax () — a(x)}] = O(K %),

so by the Markov inequality,
Ry = O,(K~%) = O,(B}).

Next, note that Ry = Rg + Ray where Ry = v7hy and Ry = /nv? (871 — I)hy. As noted
following Assumption 4, sup, |vx(z) — yo(z)] = O(K~%), so that

B[R] = o Elp(a,)p(x:) 170 < O(K~% )"0 < O(K %) Elao(x,)] = O(K—%7).

Then by the Markov inequality



Finally, note that (3! — I)hy = U 4+ W for U and W defined in the statement of Lemma Al,
so that for any A > 0 we have

122, = 1n - oT(U + W)U +W)o < 2in - (00T + W)
< CK% ()] + Oy(n~2*),

for any C. It then follows by eq. (7.9) and the triangle inequality that
(3 Ly AF 4 G
Vn[m(d) — B = N ; ¢(2) + Op(A;, + K™% In(n)).

The first conclusion then follows from the second conclusion of Lemma 1. The second conclusion
follows by A™ = C\/K/n + K~% = O(A}) when df is bounded and ¢, = (,. Q.E.D.

Proof of Corollary 3: To prove this result it suffices to show that Assumptions 4 and 6
are satisfied in each of the examples with dx bounded and ¢, = ¢,.
For the conditional covariance ag(z) = —E[a;|z; = z|. This being Holder of order s, is a

hypothesis. Also, v(z) = a - p(x), so that
Elv(z)v(z)'] = Elap(zi)p(z:)'] < CE[p(ai)p(x:)'] < CI
by Ela2|z;) bounded. Also ¢,, = ¢, by
El{m(z:, k) = m(zi,%)}"] = Ela} {vi () —0(2:)}?] < CK 2.

For the missing data mean ag(x) = a/m(w) is Holder of order s, by mo(w;) being bounded

away from zero and Holder of order s,. Furthermore v(z) = ¢(w), so that by Assumption 3,
Elv(z)v(2:)"] = Elg(wi)g(w;)"] < CI,
and by a; bounded and 7y(w;) bounded away from zero,
E[{m(zi,vx) — m(zi,7)}"] = E[{a(wi)"8 — Elyila; = 1, wi]}?]
= Bl mew) = ()]
< OBk (i) —yo(z:)}?] < CK 7%,

For the average derivative example ag(x) = w(z)/ fo(x) which is Holder of order s, by each
of w(x) and fo(x) being Holder of order s, and by fo(z) bounded away from zero where w(z) is

non zero. Furthermore v(z) = [w(z)p(x)dz, so that by Cauchy-Schwartz,

Elv(z)v(z)'] = /w(m)p(m)dw/w(m)p(m)de

= Elov(z)p(ai)| Eloo (:)p(x;)"]
< BElog(z;)?| Elp(a;)p(x:)"] < CI.
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Furthermore,

El{m(z, 1) — m(z0)}] = { / w(@) e (&) — 7o(@))da)?

= Bloo(w:){vre(2:) —v0(z:)}]
< Eloo(2:)* | E[{yx (2:) = 70(2:)}?] = O(K~*7). Q.E.D.

Proof of Theorem 4: The conclusion follows from Lemma 1 and Theorem 8 of Ichimura
and Newey (2017) similarly to the proof of Theorem 2 above, with the conclusion of Theorem
8 of Ichimura and Newey (2017) replacing the argument following eq. (7.9) in the proof of
Theorem 2. Q.E.D.

Proof of Theorem 5: Let \(z) denote the series regression of u; = y—aZ 8y on p(z;) in the

I, sample. By a standard formula for instrumental variables estimation and series estimation,

\/_<6 60 \/— Z Z xz {yz Ye xz) [ai - df(xi)]TBO} (7'10)

(=1 i€l

— g ZZ z0)] i = ()|

f 1 €ely

Assume for the moment that a; is a scalar and let y; = u;. Then 25:1 > ier, [ai—au ()] [uz — ;\g([L’z)] /n
is the doubly robust estimator with m(z,v) = aly — v(x)], i.e. for the expected conditional co-
variance. It then follows as in the proof of Corollary 3 that max{A™, AY A%} < CA*. Then by
Lemmas 6 and A5, for p(z) = [a; — ag(x;)]e;,

ZZ [ —sz] \/_Zgozz )+ O,(A%) + VAT AL,

Z 1 i€ly

Note that here ap(x;) = —Fla;|x;] so that

= F{u(z) — ao(@)p(2)} = —F{[a — ao(2)]p(x)}.

Then we have

BIACAST|X, 79 = 125 F{p(a)p(a) Var(ai|z; = )}5 1 < 1.

S|Q

n

Therefore it follows by Lemma A2 that

~

EAI(ATSAY? X, 2] = IATE[IASAT|X, Z9)A, < 1

C o
gAgAQ = 0,(K/n?).

37



Then by the Markov inequality
\/ﬁAgEAa =0p < z) = 0p(4A}).
Consequently we have
\/_ ; ; ()] [ — Au()] = % Z o(z) + O, (A%). (7.11)
Next, note that
F{la — d()]la — ée(2)]} = F{la — ao(x) + ao(z) — de(2)][a — ao(z) + ao(x) — de(@)]}
= F{la — ao(2)]* + [a — ao(2)][ag(z) — de(z)]
+ [a — ao(2)]ao(x) — ar(2)] + [ao(z) — au(x)]ao(z) — du(z)]}

Note that by Lemma A3 and E[a?|x;] bounded,

1E[(F{la — ag(z)][ao(x) — e(2)]})?|Z] = ! /[a— ao()]?[a(x) — @(z)]* Fo(dz)
<t / a2|z; = 2llo(x) — Glx)2F(d2)

<c- / ao(x) — a(@)PFoldz) = O, (% (g 4 K%)) |

so that by the Markov inequality it follows that
F{la — ao()][ag(x) — du(2)]} = Op(A}). (7.12)

It follows similarly that

F{la — ao(x)][ao(x) — du(2)]} = Op(A7). (7.13)

Also, by the Cauchy-Schwartz inequality

11| F{fao(z) — au(x)]fao(z) — de(@)]}] < (LTF{lao(w) — Ge(2)*}) V2 (AF{[ao() — de()]})2.

BliF{foo(s) ~ aa)PHZ) =1 [[aala) = o) Falde) = O, (55 + K7 ).

so that 1F{[ag(2)—ay(2)]?} = O,(K/n+K~%). It follows similarly that 1F{[ag(2) —dy(2)]?} =

O,(K/n+ K~%), so that

= F{[oo(2) — de(x)][ao(x) — du(2)]} = O,(A}) (7.14)
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Also, note that by E[||a;]|"] < oo

F{la — a0} = El{a - aole)}] + O, (%) _ Bl{a, — ao(e)}] + Oy(A2)

It then follows by eqs. (7.12), (7.13), (7.14) and the triangle inequality that
F{la — é(x)][a — dqe(2)]} = E[{ai — ao(z:)}] + Op(A7).

Applying this argument to each element of H = S0 37 [a; — é(z;)][a; — d(x;)]” /n and each

i€ly
group of observations I, and summing up gives H = H + O,(A?). It then follows by a standard

argument and nonsingularity of H that
H'=H '+ 0,(AY). (7.15)

Finally, it follows from eqgs. (7.10), (7.11), (7.15) and from > | ¢(2;)//n = O,(1) that

V(B = o) = [H' + Oy(4,, szz +0,(4A7)] = szz )+ O,y(4A}). QE.D.
f f

Proof of Theorem 7: By Lemmas 6 and A5 it suffices to show that 111/nATSAY =
O,(AT"). Note that

A~

1Ay = 1hy + 10 + 1W.
By E[hohl] < Cn'K~%1 and Lemma A2 iii) we have
o 2 . /o~ T _ A A . e /o~ T _ PN _ o~
E[(m\/ﬁhg ZA?) 2] = nll (A?) SE[1hhTSAY < nli (A?) SE[h,hT]SAS

1-2¢,
I~ oan)

e [~ T _ .
< OK~%11 (A‘f) S2AY =0, (
Also, by the first conclusion of Lemma Al and by Lemma A2 iii),
o P 2 A ~ e [~ T _ A _ o~
E[(111\/EUT2A?) 12¢] = nll (AO‘) SEAUUTISAY < nll (A?) SE[UUT|EAS

< CK~% In(n)?T ( ) 22A‘f:0p<(1+dK)Kl%[ln(n)P) _ o ATy,

n n

Also by the second conclusion of Lemma Al and Lemma A2 iii), for A > 0 large enough,
111vnATSAS = 0,(nV2=2/(1 + dk) /n)) = O,(A™).

The conclusion then follows by the Markov and triangle inequalities. Q.FE.D.
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Proof of Theorem 8: By Lemmas 6 and A5 it suffices to show that 111,/nAISAY =
O,(A™ + A,,). Note that

By Lemma A2 iii),
E[TY 27 < TIn(A) SE[h:hZ]SAT < CKOT(AT)TAT = Op(K 7 (A7),
so by the Markov inequality, 77 = O,(A}"). By Lemma A2 ii),
BT Z] < 1vadL (1 - )l (i) 10 - )y < CaxAL(1 - 524,
K2 K In(K) \

n
Note that by the Markov inequality and K In(K)/n — 0 it follows that 7o = O,(A} + A™).
Finally, by the Caucy-Schwartz inequality and Lemma A2,

K3In(K)(1+d B -
Ty = op(\/ ( 725 &) g1/ &) = 0,(A,).

Op((1 + dk)

The conclusion then follows by the triangle inequality. Q.E.D.
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