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Introduction.

Finite dimensional Gaussian shift experiments often arise as limiting experiments in
many classical parametric statistical problems. Infinite dimensional Gaussian shift
experiments have been exploited as limit experiments in a variety of nonparametric
problems. See Millar [1979] for examples arising from estimating distribution func-
tions.

Certain pointwise estimation problems arising in density estimation and non-
parametric regression have also been shown to have an infinite dimensional Gaussian
shift experiment as a natural limiting experiment. The two most important cases are
given by

1) dX, = f()dt + dW, 0O <t<oo
f eF < L,;[0,00]

and where W, is Brownian motion

2) dX, = f()dt + dW;, —ee<t< oo
f e Fc Ly(oo,o0)

Wl t20

and W, = W2 t<0

where W/! and W2 are independent Brownian motion. In both
cases the estimation problem is to estimate f(0). This estimation problem is also of
course of interest in its own right. Related problems arising in other nonparametric
situation can be found in work of Brown and Farrell [1987], Donoho and Liu [1988]
and Romano [1989].

This paper takes a new look at the signal estimation problem given by 1). 2) can
be handles entirely analogously. In particular we show how to reduce the problem of
estimating f(0) from n observations to the problem of estimating f(0) from one obser-
vation. As a trivial consequence asymptotic minimax rates for a large class of F’s and
many loss functions can be found. Estimators achieving these rates can be given.
Examples are given in Section 3. They can be compared to Farrell’s rates for density
estimation problems Farrell {1972]. This paper is however not primarily concerned
with rate questions. In fact it is the exact relationship between n observations and one
observation that is important. In Section 2 Theorem 1 gives a precise statement of the
invariance hinted at above. Since the assumptions made on the parameter spaces in
Theorem 1 are somewhat unusual we give some concrete applications in Section 3.
Included in this section we show how Theorem 1 can also yield the functional depen-
dence of the minimax risk over a whole class of parameter spaces F(M). We leave a



proof of Theorem 1 to Section 4.

Section 2.

Our main interest is to compare the problems of one and n observations from the
model given in (1). However if th,th, ..., X{" are independent then

X!+ - +Xn

(1) Y, = .

is a stochastic process satisfying

(3) dY, = f(dt + —1—th [0 <t<eo).
Vn

Hence we may instead just compare the problems of observing one observation
from 3) for different values of n. (3) induces a statistical experiment (for each n)
when we let fe F < L2[0, o),

It will also be convenient to introduce a second sequence of statistical experiments
given by

f(B,t) 1
—dt + Tndw" [0 ct< o]

where 0.2, =n and f ¢ F. We shall sometimes write Y (t) for Y! when the result-
ing expression is easier to read.

) dyp =

Remark: If we take o; = B; = 1 then (3) and (4) are the same for n = 1, but we do
not only restrict to that case.

The importance of this second sequence of experiments will be clear from the
lemma given below and the remarks following it. Its proof is clear and so is left to
the reader.

Lemma: Suppose Y™ (t) has a distribution given by (4). Then

5 Z(t) = o B Y (t/By)
follows a distribution given by
(6) dZ@) = f(ydt + dw,.

Similar if Z (t) has distribution given by (6) then Y™ (t) defined by (5) has distribution
given by (4).

Remark:

The lemma establishes a precise equivalence between every pair of experiments in
the sequence of experiments given in (4). This equivalence can be thought of in terms
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of Le Cam’s theory of experiments or in terms of Blackwells sufficiency of two exper-
iments. Although these points of view put the lemma into context the reader does not
have to be familiar with these ideas to follow this paper.

To connect the lemma with the more interesting sequence of experiments given by
(3) we need to take a more decision theoretic viewpoint and introduce loss functions.
In fact we will allow the loss function to depend on n subject to the following condi-
tion.

Assumption A: We restrict attention to a sequence of loss functions /, and a fixed
loss function / such that
i) [,:L,[0,e]xR — R*
[:L,[0,e] xR — R*
ii)  There is a function g: R — R such that if 0,2 B, = n then

f(B,t) a_

oy o

Now let & be an estimator, 8: /,[0,%) = R. E;‘Ln(f,S(X (t)) is then to be inter-
preted as taking the expectation, under the model

€] dX, = g(dt + TI—rerw‘

of the random function /,(f,3). When g = f and m = n this is the risk of the estimator
O with loss function /,, under model (3).

Iy = gyl (f,a).

f(B, 1)

Theorem: Let (T, f)(t) = where a2, = n and for each estimator &_ let &, be

8,2 y4
defined by ﬂ = 5,,[ (B t)J. Then
o, By
(8) ER ¢, (T,f,8,) = g(o)Ef(£,8)
n —_ 1
9) Sup Ll (Er 8) = () upEf L (f, )
. n _ . 1
(10 1gnf f;l%?F Ef 1, (£, 8) = g(oy) 1181f sf:xl? Ef I (f,d)

Cor 1: If T,F = F and T,f =f for all f  F then

(11) ignfsf:llp EPIL(£8) = g(oy) ixalfsf?l? E} (£, 5)
Cor 2:

12 inf sup E¢ [, (£,8,) = infsup E} I (£, ).
a2 SR 1600 = e Bl (9



Section 3. Applications.
Example 1. Write f*(x) for the k™ derivative of f. Let F(k,M) = {f € L;(0,%):
|f¥(x)| < M Vx} and let

l, = | satisfying I (f,a) = (f(0) — a)9.

Furthermore take o, = n¥Z*! B =n*'%&*1 Then 2B, =n, T,F=F and

f(B,t

P LA S S,
% Oy ol

The assumptions of Cor 1 then clearly hold and yields

inf RE@O) -95)1 =
EN feEFk?M)Ef( ©) =&

1
Alsolet a; =M %+ B, = M¥2+1 Then T, F (k, 1) = F (k, M) and cor 2 yields

inf sup EZ&(f0) - 83 = MVZ+jnf El (f(0) - &)1
) feF(kPM) f(() ) usl fe%l(llgl) f( () )

—_ 1 -84
A 1181f . S(‘::I,’M ) E¢ (f(0) — d)9.

Example 2. As a simple case of an application with a varying /,, take the parameter
space to be

F(LM), [ (fa) = (f(1)-a)? a, = n!? B, = n'?,
and [, (f,a) = (f(n"?) — a)2. Then Cor 1 gives

—13y _ I 82
lgnffg(ulpM Ef(f(n™") -8yt = 25 18 f Sup Ef(f(l) d)

Example 3. Let GM)=(fe L2[0,): J'f'z <M}. Take I,=! such that
[ (f,a) = (f(0) — a)d. Let o, =n"4 B, =n2 Then T,GM)=G (M) and Cor 1
yields

. 1. .
1£1nf fes&J&) Ef(f(0) —a)i= -lﬁ—m-nsxf feSGu&) Ef (f(0) — a)d.

Section 4. Proof of Theorem.
Proof.
The lemma immediately yields
(13) B¢l (T,f,8,(X (1)) = E} 1 (Tof. 8, [LB“O])
By
X B
0By

8, (X (®)
ce ———

=9, (13) is equal to
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8, (X (1)
(14) Ell, [T,,f, T] .
By assumption A
L [Tnf, 3—(;%@] = gl €5, X ).
Hence (14) is equal to
(15) g (o) EL I (£,8,) which is the same as (8).

This establishes (8). (9) follows immediately upon taking sup’s. Likewise (10) fol-
lows on taking inf’s.
Proof (Cor 1 and Cor 2).

Cor 1 is just a rewriting of (10) under the assumption TF =F. Cor 2 is just a
rewriting of (10) for n = 1.
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