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1 Hilbert Space

1.1 Definition

We will focus primarily on the Hilbert space whose elements are random vectors with mean zero and finite
variance. For random variable Z, it is equipped with an underlying probability space (%, A, P), where % is
the sample space, A is the corresponding o-algebra, and P is the probability measure.

Consider the space consisting of ¢g-dimensional mean-zero random functions of Z,

h:% —R?
where h(Z) is measurable and also satisfies

() E{h2)} =0
(i) E{rT(2)h(2)} <

In the same way that we consider points in Euclidean space as vectors from the origin, here we will consider
the g-dimensional random functions as points in a space. Therefore, we define the origin of this space as

nZ) = 07!

A Hilbert space, denoted by #, is a complete normed linear vector space equipped with an inner product. As
well as being a linear space, a Hilbert space also allows us to consider distance between elements and angles
and orthogonality between vectors in the space. This is accomplished by defining an inner product.

Definition 1.1. (Inner product)
Corresponding to each pair of elements hy, hy belonging to a linear vector space H, an inner product, defined by
(h1, ha), is a function that maps to the real line. That is, (hi1, h2) is a scalar that satisfies

. (h1,hg) = (ha, hq)

~

2. (hy + hg, h3> = <h1,h3> + <h2,h3>, with hl,hg,h3 cH

-
3. (M1, he) = A{hq, ha)
4. (hyi,h1) > 0 with equality if and only if hy = 0
Definition 1.2. (Inner product for g-dimensional measurable random functions)
(h1,h2) = E (h{ h2)
Definitions that follows
1. equivalence: hy = hsy if hy = hs a.e.
2. norm/length: ||h|| = (h, h)}/?
3. orthogonality: hy L ho if (hi,ha) =0



Definition 1.3. (linear subspace)
A space U C H is a linear subspace if uy,us € U implies auy + bus € U, VYa, b € R. A linear subspace must contain
the origin. This is clear by letting the scalars be a = b =0

Theorem 1.4. (Cauchy-Schwartz inequality)
Vhihy € H
[(h, ha) [P < ||| |||

with equality holds if and only if hy = chs for some ¢ € R

1.2 Projection theory

Theorem 1.5. (projection of h onto U/)
Let H be a Hilbert space and U a linear subspace that is closed (i.e., contains all its limit points). Corresponding to
any h € H, , there exists a unique ug € U that is closest (in terms of the distance defined above) to h; that is

[h = ol < lh —ull, Yuel,
in addition, (h — ug) L U, that is
(h—wug,u) =0, VYuel.

Geometrically

L (If we shift this to the origin
we get (h —wu,))

(h—u,)
linear subspace ¥

origin

Figure 1: Projection onto a linear subspace

Theorem 1.6. (Pythagorean Theorem)
lfhhhg € H and hl L h2 then
71+ hal|* = ([ |* + || o)

Example 1. (One-Dimensional Random Functions)
Consider the Hilbert space H of one-dimensional random functions, h(Z), with mean zero and finite variance. Let
w1 (Z),...,ur(Z) € H, then U is the linear subspace spanned by {u1,--- ,ux}.

uy
U={a"u; for aeRF}, =
U
w is the basis.
To derive the projection of Vh € H, let’s go through the following steps
<h —alu, aTu> =0, Va=(a,.. .,ak)T e RF

E (hu™) — ol E (uu™) = 0047P

al = E (") {E (uwu")} ™'

Uy = agu =F (huT) {E (uuT)}71 Uu.
The norm-squared of this projection is equal to

E (hi") {E (uu™)} " E(uh")



since
Haa—,uHQ =E|E (") {E (uuT)}71 wu” {E (uuT)}71 E(uh™)

E (hu™) {E (wu™)} " E(uh”)

2 The Geometry of Influence Functions

Problem setup: Z1,..., Z, are i.i.d random vectors with the density belongs to {pz(z; ), 0eQ}. 6 = (57, nT)T,
where 39%1 is the parameterof interest and 7 is the nuisance parameter, may be finite- or infinite-dimensional.
An estimator /3, of 3 is a g-dimensional measurable random function of Z, . . ., Z,. Most reasonable estimators
for 8 are asymptotically linear; that is, there exists a random vector (i.e., a ¢-dimensional measurable random
function) ?*1(Z) s.t. E{p(Z)} = 09%1,

nl/z(ﬂ 50)‘” I/QZ@ ) +op(1

It follows that by the CLT

_1/22@ —>N Oq><1 E(QOQOT))7

and

/2 (B = 50) BN (0,E (p¢")).

Remark 1. The function ¢(Z) is defined with respect to the true distribution p (z,6). Consequently, we sometimes
may write p(Z,0). Therefore,
EOU {QO (Z7 90)}

The class of influence functions for estimators belongs to the Hilbert space of all mean-zero ¢-dimensional
random functions with finite variance.

Theorem 2.1. (Uniqueness of influence function)
An asymptotically linear estimator has a unique (a.s.) influence function.
Example 2. For Z; ~ N(u,02), i =1,-n, fin, =n 'S0, Zi, and 62 = n~ ' S0 (Z; — fin)’.

n

0! (fin = po) =02 " (Zi = po)

W2 (52— o) = n 2 (o) — o} 42 )

Remark 2. (Asymptotically efficient)

We know that the variance of any unbiased estimator must be greater than or equal to the Cramer-Rao lower
bound; see, for example, Casella and Berger (2002, Section 7.3). When considering asymptotic theory, where we
let the sample size n go to infinity, most reasonable estimators are asymptotically unbiased. Thus, we might expect
the asymptotic variance of such asymptotically unbiased estimators also to be greater than the Cramer-Rao lower
bound. This indeed is the case for the most part, and estimators whose asymptotic variance equals the Cramer-Rao
lower bound are referred to as asymptotically efficient.

2.1 Super-Efficiency

Example 3. (Hodges’s example)
XXX

Definition 2.2. (Regular)
Consider a local data generating process (LDGP), where, for each n, the data are distributed according to 6,,, where
n'/2 (0, — 0*) — ¢, for some c € R. That is

Zln, ZQna B Znn ~iid p(z, en) 5

T R
where 6, = (8L, nTTL)T , 0F = (,B*T,n*T> . An estimator 3,(Z1n, - - -, Znn) , is said to be regular if, for each 6*,
nl/? (Bn - Bn) has a limiting distribution that does not depend on the LDGP.



Definition 2.3. (Score vector)
For Z ~pz(z,0),0 = (BTmT)T,

Sp (2,60) = 8loggg(z,9)
9=0,
S9(Z,00) = {ST (2,00), ST (2,00)}"
where
Ologpz(z,0) x1
Sﬁ (2,90) = T o
dlogpz(z,0) el
Sy (2,60) = o
=bo

Theorem 2.4. Let the parameter of interest 3(0) be a q-dimensional function of the p-dimensional parameter 0,
q < p, such that T7?(0) = 03(6) /007, the q x p-dimensional matrix of partial derivatives, exists, has rank g,
and is continuous in 6 in a neighborhood of the truth 6. Also let /3, nbe an asymptotically linear estimator with
influence function ¢(Z) such that Ey (" ¢) exists and is continuous in 6 in a neighborhood of 6. Then if B, is
regular, this will imply that

E{¢(2)S5 (Z,60)} =T (o).

In the special case where 6 can be partitioned as (BT, nT)T, we have
E{p(Z)S5 (Z,00)} = 191
E{¢(Z)S; (Z,60)} = 07",

where 1774 is the q X q identity matrix and 07" is the q x r matrix of zeros.

2.2 Geometry of Influence Functions for Parametric Models

Consider the Hilbert space H of all g-dimensional measurable functions of Z with mean zero and finite variance
equipped with the inner product (hy, ho) = E (h{ ha).

Definition 2.5. (Tangent space)

We first note that the score vector Sy (Z, 6), under suitable regularity conditions, has mean zero (E {Sy (Z,6p)} =
0P*1). We can define the finite-dimensional linear subspace .7 C H spanned by the p-dimensional score vector
So (Z,6y) as the set of all g-dimensional mean-zero random vectors consisting of

BY¥*?Sy(Z,00), VBI*P.

The linear subspace .7 is referred to as the tangent space.

Definition 2.6. (Nuisance tangent space)

In the case where 6 = (57, nT)T, consider the linear subspace spanned by the nuisance score vector S, (Z,0y),
BY*"S, (Z,00), YBY".

This space is referred to as the nuisance tangent space and will be denoted by A.

Note that Theorem 2.4 states that the ¢-dimensional influence function ¢; (Z) for $, is orthogonal to the
nuisance tangent space A.

2.3 Constructing Estimators

Influence functions of RAL estimators for 5 must satisfy conditions of Theorem 2.4, , a natural question is
whether the converse is true; that is, for any element of the Hilbert space satisfying conditions of Theorem 2.4,
does there exist an RAL estimator for 8 with that influence function? Let ¢(Z) be a ¢-dimensional measurable
function with zero mean and finite variance that satisfies conditions of Theorem 2.4. Define

m(Z,6,n) = ¢(Z) = Eg.n{p(Z)}.

Assume that we can find a root-n consistent estimator for the nuisance parameter 7,, (n'/? (7}, — 10) is bounded
in probability). In many cases the estimator #,, will be 3-dependent (#,,(53)). For example, we might use the
MLE for 7, or the restricted MLE for 7, fixing the value of 5. We argue that the solution to the equation

S mi{Z;, B,in(8)} =0
=1

which we denote by 3,, will be an asymptotically linear estimator with influence function ¢(Z).


https://statisticaloddsandends.wordpress.com/2019/06/14/consistency-and-root-n-consistency/

Proof. By construction, we have
E,BOK’I {m (Zv /807 77)} = 07
or equivalently,

/m(z,ﬂo,n)p(zyﬁo,n) dv(z) = 0.

Consequently,

MJm%’Z%)“

:/8771(2’77@07770) (Z 603770 dl/ /m ﬁOano (Z 607,’70) (27607770) dU(Z) =0.

By definition, E {¢(Z)S} (Z,6y)} = 0. Consequently,

0
E{a T (Z 5077’0)} 0.
Similarly, we can show that
0
E {WW(Z ﬂo,no)} = 1771
A standard expansion yields,

" {70 (5)

i=1

S {2 ot (51)}

i=1

0

Z 8BT Ziaﬁ;kw ﬁn (Bn) (Bn - BO) ) B;; € (an 50)
———
Notice that this term is held fixed

Therefore,

n'/? (Bn - »30)

:iAZW,@ﬁm@Mlkmgﬂﬁ%M@ﬂ

I

i 5 3
E{@ﬂT (Zﬁo,no)H — _Jaxa

For the second term,

n

n~l/? Zm {Zi,ﬁmf]n (Bn)}

i=1

= n_l/Qim(Zmﬁoﬂ?O) + {n_l i %W} [ 12 {77” (ﬁ”) B WOH '
i=1

i=1

bounded in probability
:>pE{ aﬂ%m(z,ﬁo,ng)}:()

Therefore,

112 (B = o) =023 m(Zi, o) + 0,(1)

i=1

=n I/QZ@ +Op
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