arXiv:1303.1435v1 [math.ST] 6 Mar 2013

Nonparametric functionals as generalized

functions

Victoria Zinde-Walsh *

McGill University and CIREQ
victoria.zinde-walsh@mcgill.ca

(514) 398 4834

March 7, 2013

*The support of the Fonds québecois de la recherche sur la société et la culture (FRQSC)
is gratefully acknowledged.


http://arxiv.org/abs/1303.1435v1

Running head: Nonparametric functionals
Victoria Zinde-Walsh

Department of Economics, McGill University
855 Sherbrooke Street West,

Montreal, Quebec, Canada

H3A 2T7

Abstract

The paper considers probability distribution, density, conditional distri-
bution and density and conditional moments as well as their kernel estimators
in spaces of generalized functions. This approach does not require restrictions
on classes of distributions common in nonparametric estimation. Density
in usual function spaces is not well-posed; this paper establishes existence
and well-posedness of the generalized density function. It also demonstrates
root-n convergence of the kernel density estimator in the space of general-
ized functions. It is shown that the usual kernel estimator of the conditional
distribution converges at a parametric rate as a random process in the space
of generalized functions to a limit Gaussian process regardless of pointwise
existence of the conditional distribution. Conditional moments such as condi-
tional mean are also be characterized via generalized functions. Convergence
of the kernel estimators to the limit Gaussian process is shown to hold as

long as the appropriate moments exist.



1 Introduction

A probability distribution function, F, that corresponds to a Borel measure
on a Euclidean space R* (or its subspace) is always defined in the space of
bounded functions. It can be viewed as the right-hand side of an integral
equation:

I(f) = F; (1)

where the density represents the solution to the inverse problem

f=0F. (2)

Here I represents an integration operator for R*: I (f) (z) = [*1 ... [** f (w) dw...dwy,

—00

and 0% = 2 the inverse differentiation operator.
o0xy...0xy

When does the solution to the inverse problem exist?

In the usual approach the integral operator [ is assumed to operate on
the space of integrable functions, e.g. L; (absolutely integrable functions)
or Ly (square integrable functions), - see e.g. Devroye and Gyorfi (1985),
Carrasco, Florens, Renault (2007). The operator I maps density functions
in Ly into the space of absolutely continuous distribution functions. In this
case the inverse operator 0* is defined and the inverse problem has a unique
solution.

The property of well-posedness requires that the solution continuously

depend on the right-hand side function, in other words, if distribution func-



tions are close, the corresponding densities should be close as well. However,
in spaces of integrable functions the inverse problem is not well-posed: while
the operator [ is continuous on L, (or another L, space) the inverse operator
OF is not. The example below (from Zinde-Walsh, 2011) illustrates lack of
well-posedness.

Example. Consider the space D ([0,1]) of univariate absolutely continu-
ous distribution functions on the interval [0, 1] in the uniform metric: the dis-
tance between two distributions, Fy, Fyis d(Fy, Fy) = xrg[%?a |Fi(z) — Fy(x)|;
this is the image space of the operator 1(-) defined on Ly (]0,1]).

Denote by [v] the integer part of v, that is the largest integer that is < v.

Let I (x € A) denote the indicator function of set A, that equals 1 if x is in

A, zero otherwise. With € = 5 define densities
=3
filz) = 2 I(z € 2me,(2m+1)¢));
m=0
Sop
fo(z) = 2 I(ze[2m+1)e (2m+2)¢)).
m=0

The densities fi1 and fs have supports that do not intersect, it is easily
seen that at each point they differ by 2: |fi1 (x) — fo (x)| = 2; it follows that
the Ly ([0,1]) difference between them is 2. The corresponding distributions
are Fy = 1(f1) and Fy = I(fy). It is easy to establish by integration that

max |Fy (z) — Fy (2) | < 2e =g,
z€[0,1]



and thus the inverse operator is not continuous.

Thus although a solution to the inverse problem in the L; space exists
for absolutely continuous distributions, the problem is not well-posed.

By contrast, in the appropriate space of generalized functions the solution
to the density problem exists without any restrictions on the distribution
function and is well-posed; as proved in section 2 below this follows from
the known properties of generalized functions. The fact that generalized
functions can be useful when non-differentiability prevents the use of Taylor
expansions was discussed e.g. in Phillips (1991) for LAD estimation, and
continued in some econometric literature that followed.

The statistical inverse problem is solved often with a kernel density es-
timator. Consider a random sample of observations from a distribution F),
{2}, #; € R*. With a chosen kernel function, K and bandwidth (vector)
h the estimator is

— 1

f({l?) = nH’?Zlhj

SR, 3)

1=1

where h has components Ay, ...h; and K (#-=) is a multivariate function with

the argument (%) = ((%) - (%)) We shall proceed with the
following assumption on the kernel.
Assumption 1 (kernel).

(a). K(w) is an ordinary bounded function on R*; [ K(w)dw = 1;

(b). Support of K belongs to [—1,1];



(c). K(w) is an l—th order kernel: for w = (wy,...wy) the integral

- =0 Af ot < L
/w{l...wi’“K(w)dwl...dwk I & T

<oo if iA=L

The finite support and boundedness assumptions can be relaxed and are
introduced to simplify assumptions and derivations; K is not restricted to be
symmetric or non-negative.

Denote by K the integral of the kernel function, then

o) =5 RS ()

is an estimator of the distribution function, F'(x). The properties of these
estimators depend on K and h and are well established (Azzalini, 1981).
Generally for h — 0 as n — oo with nh — oo, 1*{(;) is a root-n consistent
and asymptotically Gaussian estimator of F'(x) at any point of continuity;
the uniform norm of the difference, sup }7(;) — F(z)|, converges to zero.
Known convergence properties of ﬂ;) are more complicated; they rely
on assumptions about the existence and smoothness of the density, f(z);
the convergence rate is slower than root-n and depends on the order of the
kernel and the rate of the bandwidth h — 0 (Pagan and Ullah, 1999). As
shown in Examples 3-5 in Zinde-Walsh (2008), the estimator f/(;) fails to

converge pointwise if the distribution is not absolutely continuous (e.g. at a

mass point or for a fractal measure); of course, in those cases density itself



cannot be defined pointwise and exists only as the solution, f in (2] to the
inverse problem in the space of generalized functions.

When considered in the space of generalized functions the estimators,
j?, are viewed as random continuous linear functionals on spaces of well-
behaved functions where convergence to generalized derivatives of distribu-
tion functions (solutions to the inverse problem) can be established without
any assumptions on the underlying distribution. Moreover, convergence of
kernel estimators can be faster and even at parametric rates. This result
has features common to other results on convergence of random functionals
of density as discussed, e.g. in Anderson et al (2012) and is derived here in
section 3. This result relies on the derivation of the rate of bias in generalized
functions that was provided in Zinde-Walsh (2008) but gives the derivation
of the covariance functional that corrects the one in that paper.

Conditioning is somewhat awkward and there are many different ways to
streamline the representation of conditional measures and distribution func-
tions (Chiang and Pollard, 1997, Pfanzagl, 1979 among others). Here we
focus on the distribution function F (z,y) on R% x R% and distribution
of y € R% conditional on # € R%. In this case typically the conditional
distribution Fy, function is represented via a fraction ad%(%’y), where the
differentiation operator is applied to the x argument of F' (x,y) and f, (x)
represents the density of the marginal distribution. Of course such a repre-

sentation makes stringent requirements on the smoothness of the appropriate

functions. Here the case of an arbitrary continuous conditioning distribution



is considered without requiring differentiability; it is shown that for this case
the conditional distribution and conditional density have a straightforward
representation as generalized functions on appropriate spaces. The repre-
sentation is in terms of functionals involving the conditioning distribution
(rather than the conditioning variable) as an argument; this representation
avoids the nonlinearity introduced by the denominator. When the usual rep-
resentation holds, a simple correspondence between the two representations
is established. Conditional density, f,, is defiend as a generalized derivative
of the conditional distribution generalized function.

The convergence of the usual kernel estimator of the conditional distribu-
tion is known under smoothness assumptions (Pagan and Ullah, 1999, Li and
Racine, 2007) and utilizes the properties of the kernel density estimator; the
density appears in the denominator of the statistic requiring some support
assumptions and possibly regularization to converge. Here the root-n con-
vergence of the kernel estimator to a limit Gaussian process in generalized
function space is established without any extra restrictions on the distribu-
tion.

An interpretation of a conditional moment function is provided here in
the space of generalized functions, thus again without any restriction beyond
continuity of conditioning distribution. For estimators, such as for condi-
tional mean kernel estimator the asymptotic properties are established, the
result is then that root-n convergence in generalized functions obtains for

the kernel estimator without any restrictions on smoothness of distribution



functions.

The theoretical results of this paper extend the usual representation of
the density, conditional distribution and density and conditional moments to
situations where these may not exist in an ordinary sense. The advantage
that this approach provides is its generality. On the other hand, the topology
in the spaces of generalized functions is weak and well-posedness does not
imply convergence in norm.

The asymptotic results provide a general approach, so that when the
usual assumptions may fail there is still a sense in which consistency holds.
Moreover a root-n convergence rate obtains, again as a consequence of the
weak topology with no guarantee of good convergence in norm. The practical
advantage is in the possibility of utilizing the generalized random process
and its limit process for inference without making any restrictions on the

distribution.

2 Density as solution to a well-posed inverse
problem in the space of generalized func-
tions

For the definitions and results pertaining to spaces of generalized functions
the main references are to books by Schwartz (1966) Gel'fand and Shilov

(1964). A useful summary is in Zinde-Walsh (2008, 2012); the main defini-



tions follow.

Consider a space of well-behaved ”test” functions, D, (Rk) of infinitely
differentiable functions with bounded support, or any of the spaces D,, (Rk)
of m times continuously differentiable functions (with bounded support);
sometimes the domain of definition can be an open subset W of R¥, typically
here W = (0, 1)k . Denote the generic space by D (W) ; convergence in D (W)
is defined as follows: a sequence v, € D (W) converges to zero if all ¥, are
defined on a common bounded support in W and ¢,, as well as all the [ —th
order derivatives (with [ < m for D,, or all [ < oo for D) converge pointwise
to zero. The space of generalized functions is the dual space, D*, the space of
linear continuous functionals on D (W) with the weak topology: a sequence of
elements of D* converges if the sequence of values of the functionals converges
for any test function from D (W). The usual notation is to write the value
of the functional f applied to a test function ¢» € D (W) as (f,%); then a
sequence f, converges to f if for any ¢ convergence (f,, %) — (f,%) holds.

Assume that functions in D (W); W C R* are suitably differentiable,
e.g. at least k times continuously differentiable. Then for any ¢» € D (W),
and F' € D* define a generalized derivative f € D*; f = 9" _F as the

0xy...0T)

functional with values given by:

k
(f, ) = (—1k(F 22

’ 8x1...8:ck)' (5)

If the right-hand side is expressed via a regular locally summable function

10



as is the case when F' is a probability distribution function, then it can be

computed by integration:

0FY 8’%@1,... k)
<F oz, Oz)sk) / / (21, .., T) 0,00, — 2 dx;...dxy.

For the function F' (B]) the functional on the right-hand side defines the

oFF
oxy...0TyE "

generalized derivative: f =
First consider density as a generalized function on the space D, (W).
Theorem 1. The inverse problem () for any cumulative probability
distribution function F has the solution f defined by (Bl) in the space of gen-
eralized functions D* for Dy, (W). The problem is well-posed. When density
exists as an integrable function, f(x), it provides the generalized function f

via the value of the corresponding functional:

(f, ) :/.../f(:L’l,...,:L’k)’l/f(l'l,...,:L’k)dl’l...dl’k. (6)

Proof.

Any distribution function F on R¥ is a monotone bounded function and as
such is locally integrable on any bounded set; a function like that represents a
regular element in the space of generalized functions, D*, for D, (W) defined
above. Then (Bl defines f as the generalized derivative of F), the generalized
density function.

The differentiation operator OF = e o* gz, On the space of generalized func-

tions D* is defined for any regular function and is a continuous operator

11



(Schwartz, p.80). Thus the solution f continuously depends on F' in these
spaces providing well-posedness.

If density f exists as a regular integrable function, its integral coincides
with the function F' and integration by parts of (6) provides (B). Thus f,
the solution to the inverse problem in the space D* is consistent with the
solution when it exists as an ordinary function.ll

Corollary. The result of the Theorem applies in the space of generalized
functions on Dy, (W), m > k.

Proof.

Indeed, consider the space Dy, (W) C Dy (W). By the theorem the in-
verse problem provides the density function f defined as a linear continuous
functional on Dy (W) via ({). We can extend the functional f to Dy (W)
as a linear continuous functional. First note that since F' is a regular locally
integrable function it represents an element in Dj; then define the functional
in D; by (@) for any ¢ € Gy, denote it f to distinguish from f defined on
D, (W) . This f represents a linear continuous functional, so an element in
Dy. There is an injective mapping of linear topological spaces D; — D}
(Sobolev, 1992 ; in notation there C"# — C(°#) thus by this mapping f
maps into f and the inverse problem is solved in D} and is well-posed there

12



3 Gaussian limit process for the kernel den-
sity estimator in the space of generalized
functions

We now describe the limit process for the kernel estimator (B) as h =
1rgjagxk hj — 0 with n — oo, as a generalized random process. Such a de-
scription was in Zinde-Walsh (2008), but there was an error in the variance
computation that is corrected here. The main result here is that in the gen-
eralized functions space convergence of the kernel density estimator can be
at a parametric rate for a suitable selection of the kernel and bandwidth;
unlike the usual case in the literature this selection alone provides the result
independently of any properties (smoothness) of the distribution.

Recall that convergence of generalized random functions is defined (see,
e.g. Gel'fand and Vilenkin, 1964 or summary in Zinde-Walsh, 2008) as weak
convergence of random linear continuous functionals on the space D. (for
any of the Dy, D, etc. spaces here) that are indexed by the functions in D.:
stochastic convergence of random functionals, f , follows from stochastic con-
vergence of random vectors of values of the functional (( f , wl) s ( f , @Dm) )/
for any finite set (¢, ..., 1,,) with ¢, € D.. Thus we need to consider the be-
havior of such random vectors.

Theorem 2 in Zinde-Walsh (2008) gives the convergence rate O(h!) for the

generalized bias function of the kernel estimator based on a random sample

13



and the expression for the bias for ¢ € D, and kernel K of order [ :
~ —

more specifically for any 1 the bias functional provides (Ej?, w> —(f,v) =

k .
m ~ al+k¢ m
/H m mli+1...ax?ki+l /K ki d’ﬁ)

Xm

+R(h),

where R(h) = o(R'); if ¢ € Dyyprs then R(h) = O(R™ ). Note that (f, ) =
E(v) where expectation is with respect to the measure given by F.

Denote the expression

h /h mz . 8l+k¢ o m s
Sl B e ety
1 see k

Ym;=l

by (B(h, K),1) as it represents the value of a linear continuous functional
B(h, K) applied to ©. The B(h, K) is the leading term in the generalized

bias function for the kernel estimator:

Bias <f) — Ef— f=T'B(h K)+ o), 8)
where for any ¢ € Djigyi

(EF.w) = (£.0) = H(B(hK).¥)+o(R).

14



The following Theorem gives the limit process for the kernel estimator of
density.

Theorem 2. For a kernel function K satisfying Assumption A, if h — 0
and h¥n = O(1) as n — oo the sequence of generalized random processes
n2 (J?— f — h'B(h, K)) converges to a generalized Gaussian process with
mean functional zero and covariance functional C' which for any ¥,,v, €

Dy provides

(C, (1, 09)) = E([¢1(2) = EYy (2)] [g(x) — Eyx)]) = cov (1) . (9)

If nh® — 0, then f—f converges at the parametric rate \/n to a generalized
zero mean Gaussian process with covariance functional C in ().

Proof. See appendix.

The condition on the bandwidth that makes it possible to eliminate the
bias asymptotically is less stringent than in the usual topologies and also
than that originally stated in Zinde-Walsh (2008). Under this requirement
on the bandwidth convergence is actually at a parametric rate and the limit

covariance does not involve the kernel function.

4 Distribution function conditional on some

15



variables and conditional density in the space
of generalized functions

Conditioning is an awkward operation as discussed e.g. in Chang and Pollard
(1997). Here the question posed is limited to conditioning on a variable
or vector in a joint distribution, that is given a joint distribution function
F,,(.,.) on R% x R% define a (generalized) function Fy,(.,.) that represents
the conditional distribution of y given x. A problem associated with such
conditioning is that the conditional distribution function may not exist for
every point z.

Denote by F;, F,, the marginal distribution functions of z, y, correspond-
ingly.

Consider limits of ratios to define conditioning:

. Foy(x+Ay) — Foy(,y)
F,, = lim ~** ’ ALY 1
e = A Fy(z+ A) — By () (10)

As discussed is numerous papers there is a problem defining such a limit
(e.g. Pfazagle, 1979); here it will be demonstrated that the limit exists in
a particular space of generalized functions. Assume that the distribution
function F), is continuous; continuity of this distribution of course does not
preclude singularity.

Assumption 2. The marginal distribution function F, (z) is continuous

on R,

16



Note that although support of the random y belongs to R% it could be a
discrete set of points, thus we do not restrict y to be continuously distributed.
Consider the copula function (Sklar, 1973): CF, r,(a,b) on W = (0, 1)?
that is identical to the joint distribution function, that is for the mapping M :
R x R% — W defined by {z,y} — {F.(z), F,(y)} we get the corresponding

mapping M*(F. (2,9)) = Cri(ay) (M(2,y)) with
C1M(m,y) (M(ZL', y)) = CFx,Fy (Fx(x)a Fy (y)) = F:LHZ/ (l’, y) .
Thus (I0) is equivalent to

Fyp = tim Crets B2+ 8). B)) = Or i (Fa(@). Fy (1),

A0 F,(z+A)—F,,(z) ’

denote F,(z + A) — F,(z) by A, then by Assumption 2, continuity of Fj,
A — 0 implies A — 0 thus the limit is equivalent to
CFI,Fy (a + A, b) — CFbe (a, b)

lim =
A—0 A

Since with respect to its second argument the copula function and the
limit are ordinary functions we concentrate on being able to define the gen-
eralized derivative with respect to the first argument. In particular, for
any ¥ € D (W), given the second argument the value of the functional

((C’F%Fy)ll ,w> = — (C’F%Fy,w') . This implies that we can define the value

17



of the functional F,, on D (W) by

(Fyo:¥) = = (Crop,, ¥') = —/Fx,y(%y)@b’ (Fe () dFy (). (11)

Thus we can define the conditional distribution F, as a generalized function
in the space D* (W).

When d, = 1 this is an exhaustive representation. When d, > 1 it may
be advantageous to consider a derivative with respect to a d,—dimensional
argument. Consider the conditioning vector, x, component-wise, and con-
sider the multivariate copula function, Cr,,, ., F, (Fyys ooy Fiy, Fy) 5 to sim-
plify notation we drop the subscript to denote it simply by C. Then by

a similar argument for any ¢ € D (W) where W = (0,1)* we obtain
(Fy\xa¢) = (_:[)dz (Ca adzw) =

(—l)d’” / / vay(x,y)ad’”@b (Fgc1 (1), ..y Fy,. (xdx))del (x1) LAy, (rq,)-
(12)
Remark 1. Similarly to Corollary 1, the generalized function F, can be
extended as a linear continuous functional from being defined on the space
D (W) of infinitely differentiable functions to a linear continuous functional
defined by (I]) on any space Dy (W) with k£ > 1 and for (??) to Dy (W) for
the corresponding W and k > d,.
Remark 2. If the function C' were suitably differentiable the functional

(Fy‘x, @D) would be defined for any continuous 1 with bounded support, that

18



is on the space Dy (W) by (8%C (...,.),v) :

Fyjz, ¥ / /adw wis o Py s FYO(Fyy, oo Fyy YAF, . dF,, . (13)

In the y argument the conditional distribution is an ordinary function so
here y is considered just as a parameter of the generalized function. However,
the definition of Fy, in (II)) can be extended to a functional for functions
defined on the product space; for any v, , = ¥, (21,...24,)0, (Y1, .-, Ya,) €
D((0,1)*) x D(R%) define the value of the functional by (Fyios Vay) =

/ / (2,9) 0% (Fyy, o Foy V0, (1, ooy Y, )AFy, .. dFy, dyy...dya, .

To define conditional density f,, as a generalized function one would have

(fy|r’ ¢wy) -

dz+dy/ / vy (T, ) V0% ) (Fy,, ... F,, )0 yw Y1, s Ya, ) dFy, (21) .. dFy, (74,)dy:...dyq,.

(14)

In general, the conditional distribution and conditional density depend on

the conditioning variables, z, via the marginals, F}; considering generalized
functions makes this explicit.

There are cases when the conditional distribution and conditional density

are defined on the Euclidean space R%. This is possible if the distribution

function F}, is strictly monotone in each argument; then the corresponding

generalized density function is positive, moreover, since a monotone function
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is a.e. differentiable, 0% F, ,(z,y) and f.(r) = 9% F,(z) exist a.e. and
fz(x) > 0. When the density f, is a continuous function the conditional
distribution can be represented as a functional on a function space on R%
that can be derived from the general representation above in D* (W) .
Indeed, any distribution function, F'(x,y), where we focus on the ar-
gument x, via the copula representation can be considered as a functional
on D (W). Let ® denote the class of such distribution functions, then ® C
D* (W) . Moreover the representation (I2)) demonstrated that any conditional
distribution Fj, (x,y) also defines a linear continuous functional on D (W) .
Denoting by @, the class of conditional distributions we thus have shown
that ®, C D* (W). By the remark, we can relax the differentiability condi-
tions and consider ®, C Dy (W); when the distribution function is differ-
entiable in x, we set £ = 0. On the other hand, then a continuous density
function, f, > 0 exists and the conditional distribution can be represented
adxi“iw; denote by @, the class of distributions

that are continuously differentiable in  with f, > 0 on R%, and by @, the

by an ordinary function

class of corresponding conditional distributions. Then ®, C Dg(R%) and as
well @, C Dg (Rd””) , where the space Dy (Rd”) is the space of continuous
functions with bounded support in R%. Since @, C P, any conditional
distribution that exists in the ordinary sense and thus is in @, has two

representations: one as a functional on Dy (W) defined above and the second

20



as a functional on Dy (RdZ) that provides for any ¢ € Dy (Rdl‘)

da [
y\ﬂca / /8 aall 5(7 y ( )dl’ldl'dx (15)

The following lemma shows that the two representations are compatible and
each can be easily obtained from the other.

Lemma. Suppose that F,, € ®.. Then the value of the functional given
by ([@3) for ¥ € Dy (0, 1)d”” is the same as the value of the functional given
by @) for ¢ (x) = fo(x)¢ (F(x)) € Dy (R™) ; and vice versa: given (I5)
the value of (I3) for @D( R xdx) = Wlixd’;) where x; is uniquely
determined by the value of Fy,: x; = F, ' (Fy, (x;)), is the same.

Proof. For any ¢ € D (0,1)* define ¢ on R% by ) (z) = fu(x)y (F(z)),
then (Fy|m, w) defined by (12)) by differentiability of F,, in z is equal to

dz [
y\wa / /‘8 ./ QU y ( )dl’ldl’dz

Denote by z; the value F,, (x), i =1, ...,d,; then (for clarity we subscript the

operator 0 by the variable(s) with respect to which we differentiate):

O Fry (F 1), o Bt (20,) ) o () = 0 Py )

21



The r.h.s. of ([I2)) provides

_1)@/.../@,@, (o) o F (20) ) 080 oty 20,
_ /.../aszw,y F (1), o Bt () ) (e, 20, Moz,
o F,
B / / y & y U (Fpy (1), o0y Foy (a,)) fo (@) dy..dayg,

and writing thls in more concise notation

(O EE) e [P R
- [ F e ne = [ T .

Since f, is continuous, then ¢(z) = ¢ (F(z))f(x) is continuous on R

For an arbitrary {b € Dy (Rd”) consider

<Fy|x,1~ﬂ> :/%@(@dml...dwdz.

Do the transformation, then

(Fet) = [ OuFuntrs >ﬁ<z<»”

Define a continuous function ¢ (F,,, ..., Fy, ) = Wlixf;) on (0,1)* | then

this equals (3] .

[

Suppose now that F), is absolutely continuous with continuous density
function, fy,; then the support of the density function is an open set in R

Syje- The Lemma applies by considering 1 (z) = f.(2)1 (F(z)) € Dy (Syjz)

22



in place of Dy (Rdl‘) .

5 Limit properties of kernel estimators of con-
ditional distribution in generalized functions

Consider the usual kernel estimator of conditional distribution; typically its
limit properties are available under smoothness conditions on the distribution
(see, e.g. Li and Racine, 2007). Here the estimator is examined in the space
of generalized functions without any restrictions placed on the distribution
beyond Assumption 2 (continuity of F).

Recall the usual kernel estimator of conditional distribution:

b ey — e (;i();h(()h) o
R () s K (552) -
N fm(x) ’

where G is the integral of a kernel function G similar to K that satisfies
Assumption 1 on R% and K satisfies Assumption 1 on R%. Sometimes G is
assumed to be the indicator function I(w > 0).

To simplify exposition we assume that each component of vector x is
associated with the same (scalar) bandwidth parameter h; it is not difficult
to generalize to the case of distinct bandwidths.

Theorem 3. Suppose that Assumption 1 on the kernel K and either

23



a similar assumption for G holds, or G is the indicator function, the band-
width parameter h = cn™%, where a < i and Assumption 2 holds. Then for a
random sample {(x;,y;)}_, the estimator Fy‘w (z,y) as a generalized random
function on D (W) converges to the conditional distribution generalized func-
tion Fy, defined by (1)) at the rate n~z; the limit process for Vi(Eye—Fy.)
on D (W) is given by a v € D (W) indexed random functional, @y, with
(lexv¢) =

(—1)* | / Fopy (0 0% ) (o) U, d ot / Fo (0 ) () dU, + / (0%) (Fy)UnydF),

where Uy, Uy, are Brownian bridge processes with dimension di,d, + d,
correspondingly; as a generalized random process the limit process Qy. of
\/ﬁ(ﬁy‘x — F;) is Gaussian with mean functional zero and covariance bilin-

ear functional C, given for any ¥,y by

(C, (1, 42)) = cov[(Qyjz, 1), (Qylas P2)-

Proof. See Appendix.

This result is general in that the root-n convergence holds here regardless
of whether the marginal density exists. If it does exist the result could be
restated for conditional distribution as a generalized function on D, (Rd”)
by ([I3)).

Remark 3. Sometimes for a singular distribution the kernel estimator

fo (x) diverges at a specific rate, as e.g. in Lu (1999) where at points
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in support of density f, (z) = h% b + o, (h=') with some b > 0 and d =
1n2 < 1. In the univariate case this is discussed in Example 5 in Zinde-Walsh
(2008), where for the Cantor distribution it is noted that though fx(:)s) may
diverge, h'=?f, () is bounded and bounded away from zero. Then, even
though the limit density does not exist by rescaling it is possible to establish
the convergence rate of the estimator of the conditional distribution as a

functional on D, (Rd””) ; the rate is n=2h'=4 and is faster than the root-n

rate.

6 Conditional moments

Consider now a conditional moment of a function g (y), of y € R% : E,,g(y) =
m (x), with m (z) measurable with respect to F.

When the conditional density function exists in L; we write m (x) =
[ 9(y) fyz(x, y)dy (assuming that the integral exists). As a generalized func-
tion (in ) m (z) can be presented on the space D (W): W = (0,1)* by the

value of the functional for v :

0= [m@erere - [ [ / g(y)fyu(x,y)dy] Y(F())dF ().

To give meaning to (m, ) regardless of the existence of the conditional
density as a function, [ ¢(y)fy.(,y)dy needs to be characterized as a gener-

alized function on D (W) . To make this possible for an arbitrary distribution
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on (z,y) that satisfies Assumption 2 the class of functions ¢ is restricted.

Assumption 3. The function g is continuously differentiable with respect
to the differentiation operator 0% .

Any polynomial function satisfies Assumption 3, and thus conditional
mean of y, or conditional variance (if they exist) can be considered. If the
function were not to satisfy the differentiability assumption, the class of
distributions would need to be correspondingly restricted.

Consider D (Rdy) and a locally finite partition of unity on R% by a set
of suitable functions, "bump” functions from D (Rdy) Ay, }, where ¥, €
D (Rdy) , ¥ >0and X,¢, (y) = 1; also any y can belong to support of only
a finite number of v,. See e.g. Gel'fand and Shilov, 1964, v.1, p.142 for a
construction.

Then define (gfyz,¥,) = [ 9(y)fy(z,y),(y)dy; under Assumption 3

this expression is (as usual integrating by parts and using boundedness of

support of ¥,):

/ 9(9) Fyelrs )by () dy = (—1)% / Fypo (2,9)0% (9 (9) ¥, () dy. (18)

This expression represents a generalized function on D (W) given for any

26



¢ € D(W) by

( / 9(9) e, y)u () dy, )
= (0% [ [ B o) (9 0) 6, ) dy(F@)F ()
= (—1yht / / Fyy (2.9) 0% (g (4) 0 (4)) dy(8% ) (F())dF ().

Because the supports of 1, and of ¢ are bounded and the function being
integrated is bounded, the integral exists.
Assumption 4. (Existence of conditional moment). For a partition of

unity, {¢,}, the sum

S / 9(9) fye (@, y)bu (9)dy, ) (19)

converges.

Then (I9) represents (m (z),1) for the generalized function, m (z) =

Yo [ 9W) fye(@, 9)0, (y)dy, on D (W).
Thus

m (l’) = /g(y)fy|m(x>y)dy = Zv (g.fy\xawy) )

where the sum converges.
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Then

S [ s e n)e )y = [ o) ele) S, () dy
/

g fylm z,y dy,

in other words interchanging the order of integration and summation is per-
mitted for the terms on the left-hand side of (I8) under Assumption 4. How-

ever, this is not the case for terms on the right-hand side of (IS)) . For example,

if g (y) = y, we have 0% (g (y) ¥, (y)) = y¥,+¢,, and B, (3% (9 (y) ¥, (v))) =
1, but [ F, ylz (,y) dy may not exist.

Thus (gfy\xa ¢7vbu) =

dz+dy/ / €,y ZZI' y 8dz ( ( ))ady[ ( )¢v(y17 7ydy)]dFm(x)dy1dydy
(20)
Then the conditional moment m as a generalized function on D (W) is

given by (m, ) =

S [ [ Fy o) (B )01 v IO 0 s,
(21)
with any {t,} representing a partition of unity on R% by functions from

D (RW) |
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7 Limit properties of kernel estimators of con-

ditional mean function.

Suppose that with d,, = 1 the conditional mean function m (z) = E,,y exists;

by (2I)) it then can be represented as

(m, ¢

Consider the usual kernel estimator

_ gk ()

TR ()

that can also be represented as

Jyley(@9)dy _ So [ yfoyey)¢,(0)dy
fe(2) fe(2)

Then for any continuously differentiable ()

29
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Consider v and {p = wf ; by the Lemma (m,¢),) =

0 [ [ By 0o (Bul)) L wld (B@) dy - (23)
= 0 [ [ Ry w00 (@) il + 6, Wl (B dy

Assumption 5. The conditional variance o® (x) = E,,y* defines a
generalized function on D (W).

Assumption 5 implies that for any ¢» € D (W) the value of the func-
tional ( = [o? (z)) dF,(z) is always bounded; this is reqired

to bound the variance for the limit process. By (21) for a partition of unity,

{v.}

(00) = 50 (0 [ [ Foylop) ol o)) (70, ) 4P )

Theorem 4. Suppose that Assumptions 1-5 hold, the bandwidth param-

eter h = cn™®

, where a < i. Then the estimator m(x) for a random sample
{(xi,y:)}i_, as a generalized random function on D (W) converges at the rate
n=2 to the generalized function m that provides (22)); the limit process for

Vn(m —m) on D (W) is given by a 1 € D (W) indexed random functional
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S0 [ [ U@ (B @), ()

+ [ Fay (2,y) (%) 0(Fe (2))Und P, (2)

+/Fg$ymW((»ﬂ”WM)+%@W%J%v

where U,,U,, are Brownian bridge processes with dimension dy, d, + 1,
correspondingly; as a generalized random process the limit process @, of
Vn(m —m) is Gaussian with mean functional zero and covariance bilinear

functional C, given for any 1,10y by

(C7 (1% ¢2)) = COU[(Qma ¢1)7 (QTYM ¢2)

Proof. See Appendix.

Similarly to the kernel estimator for the conditional distribution the con-
ditional mean estimator converges at parametric rate as a functional on
D (W) for any distribution. When a positive conditioning density exists
it is possible to represent the conditional mean as a functional on D (Rd“) ,
by the same arguments as in the Lemma. In the case of Remark 3 a similar
rescaling provides a faster convergence rate for the estimator considered as

a functional on D (R%) .
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8 Conclusion and further questions

The approach employed here makes it possible to avoid any restrictions when
defining density, conditional distribution and conditional density as well as
conditional moments for a smooth function (e.g. conditional expectation or
second moment).

The usual kernel estimators converge to the limit generalized functions
at a parametric rate; the limit process is provided by a Gaussian process
in the space of generalized functions, that is a Gaussian process indexed by
well-behaved functions from the appropriate spaces.

The results here were based on a random sample of observations to sim-
plify exposition; extension to stationary ergodic or mixing processes can be
obtained. Further extensions to relax homogeneity and independence are a
subject of future research.

The limit results imply that with a judicial selection of indexing functions
one could use the kernel estimators for inference in very general situations;

this investigation is mostly left for future research.

9 Appendix.

Proof of Theorem 2.

Define a generalized function e,; such that the value of the functional
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for Y € G is

I—Ij

(e ) = [ i K20~ (£.0)

and consider e, = %sz:l enhj; this generalized function provides j?— f.
The expectation functional Fey, gives the generalized bias of the estima-
tor f, Bias <f) , see ().
Next to derive the variance functional consider 1;; = E(enni; 1) (€nnj, V2))-

For | # j by independence

Ty = E(enn, ¥1)(ennj, ¥s) = E(ennt, V1) E(enns, Vo)

= (Bias (f),v1) (Bias (1) ).

Forl=j

Ty = E(enn;i(x),¥1)(enn;(x), )

- [ e rE D - ()
U thiK(?)%(x)dﬂf —(f, ¢2)] dF (z;)

_ 1 2
= T

Jj’

where

1= [ ([ i St ) ([ g K tads ) ar (o)
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2 _
andej—

- [ g K )daldr ) x (7.0

~ 1] i KD wdeld () x (£,
+(f 1) X (f1ha).

For every vector h and s = 1,2

/ thiK (933' }; !L") by ()dr = /K (w) g (x; — hw) dw.

It follows by substituting into 77; and expanding v, that T7; = —Ev, (x) Ev, (x)+

hRs.

Similarly,

5+ ([ (52 ) (o (52 st
_ /(/K(w)@bl(x-—hw)dw/K w) :Ej—hw)dw) dF(z;) =
_ /(/K Vdwib, (z,) /K {Zflgwl —hw)w,}”dw)
(/K )dwipo () /K {Zf 12% —hw)w/;] dw) dF(z;)
= By, ()¢, () + hRy;

where after the change of variable 1, (x; — hw) is expanded around the point

xj. Next we establish that |R;| < oo, |R2| < o0.
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Indeed,

9, (x — hw) wi%, s=1,2, (24)

W, (o — hw) =, (v) — hE;

=1 0:)3,

where 1 = aw for some 0 < o < 1 and since h; < h and |w| < 1 on support

of K

=1 825‘2

h;

(x — h) wj

=1 8@

<

(x — h)
holds and the right-hand side is uniformly bounded by some B, < oo since
’ws € Dl—i—k (U) . Thus

|Ry| < By, sup, + By, sup ¢y + hBy, By,.

Similarly, |Rs| < oo.
Combining we get that Tj; = cov (1, 1,) + O(h) as h — 0.

Consider now

D=

Nong = N2[ennj — E(ennj)l;

1
NMnh = Eznnh]" (25>

Note that here n,,;,; = nz (enn;— Bias ( f) ). This generalized random function
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has expectation zero. In the covariance the terms where [ # j are zero and

”_1E(77nhja ¢1)(77nhja Vy)

= 15+ O(h),

and thus converges to cov(i, ¥,).
Next (similarly to Zinde-Walsh, 2008) we show that for any set of linearly
independent functions 1, ...,1,, € D with E(¢]) > 0 the joint distribution

of the vector

ﬁnh = ((nnhv ¢1>"‘7 (nnhv wm»/

converges to a multivariate Gaussian. Define similarly the vector ﬁnhj with
components (1,:,%;). Denote by S the m x m matrix with ¢s component
{5}, = (C, (¢, 4,)) where the functional C' is given by (9). Denote by S,
the covariance matrix of ﬁnhj. By the convergence results for 7j;, Sn — 2.
Since the functions 1y, ...,1,, are linearly independent and E(¢7) > 0 the

matrix S and thus S, for large enough n is invertible. Define £, . to equal

5’51/27%)», then S’rjlpﬁnhj — 5_1/277””' —>p 0.

Next, consider an m x 1 vector A with M\ = 1. The random variables

nhj

anhj are independent with expectation 0, var > anhj = 1; they satisfy the
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Liapunov condition: Y  E ‘X&nhj‘ — 0 for § > 0 since the kernel function

is bounded with finite support. Thus

> Ny —a N(0,1)
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and by the Cramer-Wold theorem convergence to a limit Gaussian process
for gﬁl/zﬁnh and thus for S~1/277,,, follows. W

Proof of Theorem 3.

Since for a smooth kernel [ (x,y) € . by the Lemma the value of the

functional for ¢» € D (0,1)% (Fyjz, ©) is the same as (F}|;, 1), with the latter

defined by (I3) where ¢ = fotb <Fx> . Thus for any ¢ € D (0,1) :

- R () (2 o () (5

A

More concisely it is (Fy,, ¥) =

0" [ Fy o) 0 (B@) d (F()

Here "hat” indicates empirical distribution function and ”tilde” the kernel
estimated distribution function. By standard arguments the smooth kernel
introduces a bias; by the usual expansions using differentiability of ¢ we get

that for the second order kernel

0 [ Foy 000 (Bl0)) d (Ba@) = [ Fuy (0) 00 (Fula)) dEao)
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Represent (—1)* [ F,, (z,y) 9% <13’x(:c)) d (Fm(x)> as

(=)™ { / Fy 0% (Fy) d (F,) + / Fyy[(8% 0% ) (F,) (F — F) +r (F — Fx)2]d (F,)
+ / F, 0% (F,) d (F . F) + / Fy (8% 0% 4)) <F> (F _ F) d (F _ F)
+ / (Fyy — Fy)0% 0 (F,) dF, + / (Fy _ Fx,y) &) (F,) d (F _ F)

+ [y~ @) () (
(

) £y - Fx> dF,
Uy @t () (7 - 1)

where F, represents an intermediate value and takes values in (0, 1)d’” ; by

E,
F,

properties of 1 € D (W) the function (9% 3%1)) (Fx) is bounded. Then

A

Vn (Fy‘x — Fypa, ID) can be expressed as

Qu (ValEs = ), v (Foy = Fry ) )+n 5 R (Vi = o) Vit (B = Fy))

where

Qw (ﬂ(px - Fx)a \/H (ny - ny))
= [ Pal@ ) (R (B = B) + [ VaF, ~ Fayl(@%0) (R)E,
+ [ Bl@=00) (FVa (£~ B d(F)

and R (.,.) is a bounded function.

Since the limit process of \/n (F - F ) is U, a Brownian bridge, and the
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function @y is continuous in its arguments, by Donsker’s theorem we can

A

express the limit process for \/n (Fy|x — Fypa, ¢> as (Qyjz, V) = Qp (Uy, Uyy)
by substituting the limit Browning bridge processes for the arguments of
Qu ().

For any vy, ...,1, € D (W) the joint limit process for

Vvn (Fylr — Fyja, %) SRV (Fy\w = Fyle, wl)

is similarly given by the joint process of Qy, (Uy, Usy) , ..., Qy,(Uz, Uzy). This
is a Gaussian process. The mean is zero since @)y is linear in its argu-
ments and the covariance is given by cov (Qy, (Uy, Usy) , Qu,(Us, Usy)) =
cov ((Qm, 1), (Qyla wz)) . Existence follows from boundedness of the func-
tions in the expressions and bounded support of .

By assumption of the theorem h? = o(n_%), thus the limit process is fully
described by Q.-

|

Proof of Theorem 4.
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For (23]) we obtain

0= [ [ By @) 00 (B) i) + v, W (Ba@)) dy
- o) ] xyxyad Fo(e)) [y, (y) + b0 (9)]d (Fa(2)) dy
/ / o (2.) = Fog (2, )| () + 6y )10 (Fa(2)) d (Fu(2)) dy
/ / vy (2,9) (07) 20 (Ful) [Fy (2) — Ful(@)]lyadh (v) + b, (9)]d (Fa(x)) dy

s [ [ Fo e 80 (B i) + 0, ) (B0~ Fa @) dy
+R},

where R combines the remaining terms. Analogously to the proof of Theorem

3 v/n(m —m,1,) is represented as
Qui, (Vi (B = F) Vi (Foy = By )43 R (VR(E, = BV (B = By ).

The limit process for the first functional is expressed via a value of the func-

tional for Brownian bridges,

Que. (Uy, Usy) // Us gl (y) + by ()]0 (Fa(2)) d (Fa(2)) dy (28)
/ / o (2,9) (%) 0 (Ful)) Unlydl () + 6, (0)]d (Fu()) dy
/ / Ey, (2,y) 8% (Fa(2)) Wy (y) + ¥, ()]d (U) dy.

This process is Gaussian with mean zero; summing over v we get a
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zero mean limit process, (Qm,vV) = X,Quy, (Usz,Usy) . We need to verify
that the bilinear covariance functional cov ((Qm, ¥;), (Qm, ¥5)) is well-defined
(bounded) for any )y, 1.

Since expectation of @), is zero

[NIES

|COU((Qma¢1)a(Qm>w2))| S [E(Qma¢l)2E(Qm>w2)2} )

EQu.¥)* = E(2.Quy, (U, Us))".

Thus it is sufficient to consider variances for some ).
The representation in (28)) involves three terms, it is sufficient to show
that the variance of the sum of each type of term over all v is bounded.
Recall that here cov(U,,,U,,) = F(2) — F (z1) F(z2), where Z = z; A 2.
Start with the first term in (28) and consider its variance.

Evaluate
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B[ v [ UnianUrsonlint 0n) + 0, ) 02) + 0, (02
O (Falwn)) d (Fa(wn)) 00 (Fu(zz)) d (Fu(z2)))
— By — Eyy with
Br = (e [ Flormlintly )+, 0] | [ ) + v ()]
O (Ele) d(Een) [ 00 (Fulm)) d (Brle)
and E1, = BBy where fori = 1,2

B = / / Fai, u) gl () + o (0104 (Fi(22)) d (Fa(:)) dy.

For E; integrating we get (dropping the subsript 1 on variables)

[ [ Pl )60 + 6 ()0 )y - 500 (Fo() dF ()

By construction of the partition of unity |Sv, (y)1,,(y)| as well as X, (y)t,, (v)

are uniformly bounded, say both by some B. We get

[ [ @ 00 + v )0l 30 () aF

B
< =
2

(B (), 0%) + | (Bley: 7))

Note that 1»* € D(W). By Assumption 5 then this contribution to the

covariance is bounded.
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Similarly boundedness of the othe contributions from all the terms into
the covariance can be obtained. By the condition h? = o(n_%) on the band-

width the bias does not affect the limit process.
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