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1 Introduction

Deconvolution density estimation has become a widely studied topic. Lots of articles (Devroye
(1989), Fan (1991), Fan (1993), Hesse (1999), Liu and Taylor (1990), Stefanski and Carroll (1990))
were published. The basic problem is the estimation of a probability density f based on con-
tamined observations Y7, ...,Y,. Mathematically spoken, identically distributed random variables
Xi,..., X, with probability density f and also identically distributed random variables €1, ..., ¢,
with probability density g which represent the error or the contamination are given. Furthermore,
the random variables X1,¢e1,..., X,, &, are independent. The random variables X1, ..., X, whose
density f shall be estimated cannot be observed directly, but only the contamined data Y7,...,Y},
defined by

Y, = X, + ¢, Vie{l,...,n}

can be used for the construction of the estimator. So the density h of Y; equals h = f * g,

i.e. the convolution of the densities f and ¢g. Now it is aimed to find an estimator fn of the
density f based on the observations Y7,...,Y,. Deterministic stipulations of nonparametric char-
acter like conditions refering to the asymptotic behaviour of the Fourier-transform for the density
f are made. These can be expressed by the definition of a density class F and the stipulation
f € F. In the classical approach of deconvolution estimation , the error density g is supposed to
be exactly known and therefore it may be used for the construction of the estimator. An essential
condition is a non-vanishing Fourier-transform of the error density ¢,4(t) # 0 for all t € R (see
Devroye (1989)). Commonly, the error density g is assumed to be a normal distribution density or
a commonly smooth density with a polynomial asymptotic behaviour of the Fourier-transform. In
the literaure described above, consistent estimators are constructed in the case of a known error
density. That means the MISE (= mean integrated square error) converges to zero if the number
of observations n tends to infinity. The rates of convergence of the MISE has intensively been
studied. In the case of a normal distributed error, the rates which are achieved by the constructed
estimators are very slow (logarithmic rates), but they are optimal as it is proved in Fan (1993).
However, in lots of practical work, the assumption of a perfectly known error density g is not
always realistic. So, there are papers of Efromovich (1997) and Neumann (1997), in which the
error distribution is assumed to be unknown but can be estimated based on additional empirical
data which directly hail from the error distribution.
In this paper, we consider the situation of an unknown error density without any further observa-
tions. In Hesse (1999), it is mentioned that lots of work is left to do for this situation. So several
densities can occure as the error density. We introduce the set G of all densities that can possibly
be the error density. In section 2, We give theorem 1 that answers the question how the MISE will
asymptotically behave if the used error density is misspecified. In section 3, we will investigate
some useful properties of the distance d which is important in theorem 1. In section 4, we focus
on the consequences of theorem 1 and will give some examples. Even a surprisingly fatal result
is derived about the effects a misspecification may cause. In section 5, we derive some important
rules for everybody using deconvolution estimation from the theory of the previous sections. These
rules shall avoid the disasters caused by a misspecification. In section 6, we give the proofs of the
lemmas and theorems of this paper.

2 Asymptotic behaviour

The most general shape of the deconvolution density estimator may be
2

fule) = 5 [ exploita) L)1 3 explit) /i, (0) di (2.1)

as it is mentioned in Neumann (1997), for example. 1, denotes the Fourier-transform of a
function y. Omne has to stipulate that 1), vanishes nowhere and that L, /¢, € La(R), the set of



all absolute square integrable functions. By this, we can be sure that the estimator (2.1) is in
L2(R), otherwise we cannot consider the MISE of this estimator. The usual selection of L,, is
Vi (- /wyn) with a kernel function K and a bandwidth sequence (wy,),, which is chosen with respect

sm(w)

to the error density. A widely used kernel is the sync kernel K (z) := with Fourier-transform

Y (t) = 1j_111(t). In this case, the estimator (2.1) is

wn
A 1

fn(z) = Py exp(—itx) ZeXp itY;) /e (t) dt (2.2)

—Wn

Now, we consider the situation of a misspecified error density. This means, a false error density
g is used instead of the real error density g. However, a misspecification may occure so that the
false error density g is not even a density. This can theoretically be avoided, but if numerical
effects are included, an arbitrarily small perturbation of g in the L;-sense can push g out of the
sets of all densities: Just imagine we have g = g+ n - 1|9 1) with some small » > 0. Then g is no
density because it does not integrate to one. Therefore, we introduce a function ¢ : R — C with

nf R]|§ (t)] > 0 for all R > 0 which replaces the error density’s Fourier-transform. So we have

the deconvolution estimator (2.1) with misspecified error density

fn(x) = % /exp(fztx Zexp (itY5)/&(t) dt (2.3)

The density class F which the density f should be a member of can be chosen respecting the
only condition that F is a subset of Ly(R). Then we can state

Lemma 1 Let f,, be the estimator defined in (2.3) and let [inlg R]|§(t)| > 0 for all R > 0 and
te[-R,

Ln/€ € Ly(R) hold. Then for the real error density g, the supreme MISE of f, equals

sup Efg || fn — fll1,®)
fer

1 1 / ‘Ln(t)
27 feF f(t)
So lower bounds of the MISE are

1 2|y o a®)
aoe [ 0 |0

£(t)
and an upper bound is
Q/Jf( )7/}9( )

s [ 5 2 0

If £ is the Fourier-transform of a density then it suffices to stipulate that £ vanishes nowhere.

21— g (O

(t)

2
dt and —sup /
2T peF

2

Ln(t) ==~

1 — [t rag(t)]? 1
W?];g( ) dt + 2—sup/ —Ps(t)

T feF

Lemma 2 We assume: The selected function & is the Fourier-transform of a density, the Fourier-
transforms of all densities in G vanish nowhere, in the case of a correct specification of the error
density, i.e. £ =1y, the supremum of the MISE converges to zero (uniform consistency). Then

sup / [0 ()2 Ln(t) — 12 dt =30 (2.4)
fer

and



2
[ @) dt =" 0 (2.5)

R
Sylt) 1)
?EE/R ’L”(” TORE0

hold for all R > 0 and for all possible g and

/’5—’ =0. (2.6)

Let us return to the MISE in the case of misspecification. If £ is not the Fourier-transform of a
density in G, then there is no correct specification. However, as we want to continue to study the
general case, we will stipulate (2.5) or (2.6) if necessary. In order to state the theorem we need
another lemma

Lemma 3 The law

) R
—sup/ THOIE
sy | 1)

. . . R—oo . .
is valid. The tending —> is meant as convergence if

1 2[00

and as divergence to infinity otherwise.

(1)
§(t)

¥y(t)

-t 0

-1 dt.

2
872 Lo [1os0r

2

— 1] dt < +0

Now we can formulate the theorem

Theorem 1 Let f,, be the estimator defined by (2.3) and \i&fTK(t)' >0and L,/§ € Lo(R) n €N
t<

hold for every T > 0 and for all n € N. Condition (2.5) holds. Then
(a) The estimator sequence (sup Ergllfn— f||%2(R))nEN possesses no accumulation point which is

smaller than —sup I | (t) dgit) - 1’ dt.

(b) If in addmon (24), (2.6) and |L,(t)] <1, Vt € R, Vn € N hold, then
(;up Etrgllfn— f||2L2(R)>n€N converges or diverges to

T

(An undefined integral is to be taken over the whole real line.) The additional condition
|L,(t)] < 1,Vt € RVn € N seems to be realistic. It is fulfilled if L,, = 9k (-/w,) with K being a
density or the sync kernel.

Whenever one wants to keep the consistency of the deconvolution estimator in the case of correct
error density selection, the supremum of the MISE tends to the distance

1 2 | ¥o(t)
Lo o |2

So the theorem makes all attempts to improve the asymptotic quality of the estimator by
changing the bandwidth sequence or the kernel function fail. Even if a deterioration of the conver-
gence rate in the case of correct specification is accepted while the pure consistency is kept, one is
not able to change something about the convergence or divergence of the MISE. So this distance
decides about the robustness of the deconvolution estimator. Because of its importance, we will
illustrate the distance in the following section.

2
— 1| dt.




3 Distance df

If numerical aspects are not considered £ can be seen as a density’s Fourier-transform & = 15 as
explained in section 2. Then we derive the distance dr defined by

dr : GxG — RU{+oc0}
(3.1)

~ 1 bg (t) -1 2 t th
(9,9) — o ]Sclelgf ) |7/}f( )

with G being the set defined in section 1. Theorem 1 says that the supremum of the MISE with
f € F tends to dz(g, g) if g is used in the construction of the estimator instead of the real error
density g. Notice that this distance of two densities can also be +o00. Furthermore the distance is
not symmetric, i.e. in general we have dx(g,g) # dx(g,9). So dx is no metric. However common
properties of the intuitive expression distance can be derived:

e dr is positive semidefinite, i.e.

The first law follows from the non negative integrand in (3.1), the
second one is elementary.

e This leads to the question whether dz is positive definite. As the integrand is non negative,
we have

2
dr(g,5) =0 < w;ggq‘ [7(t)[2 = 0 for almost all ¢ € R Vf € F

As the integrand is continuous:

=

2
v - 1} )2 =0 VteRVfeF

< Yt) =g(t) V() =0 VteRVfeF

Hence, dr is positive definite if and only if

Pg(t) = hg(t) Vpy(t) =0 VEERVfeF — g=4g.

This is a very weak condition. The membership of at least one f with a non-vanishing
Fourier-transform (normal distribution density or double exponential density, for example)
in F suffices to ensure positive definiteness because the identity of the Fourier-transforms
(g = 1) implies the identity of the densities (¢ = §) by a famous result of probability
theory. If dr is positive definite then any misspecification of the error density destroys the
consistency of the deconvolution estimator i.e. the supremum of the MISE will not tend to
Zero.

e Assume g,§ € G with |g(t)] > |¢5(t)] ¥t € R. Then we receive



Proof:

ar(9,) =2 sup [ [543 - 1| s )2 a
2
1 a(®) (t) ’lb 2 dt
27 teF NG g(t) | f( )|
>1,v¢
> dsup [ [1- 28] o 0Pa
— 27 feF g (t)

(3.2) is important for the discussion in the next section.

4 Selection of the error density

In order to calculate a deconvolution estimator (2.3) we have to choose an error density § and
& = 1. The set G consists of more than one density, so a misspecification is possible. We assume
that there is no a priori weight of the error densities but every density in G is equal before the
empirical data become known. (3.2) may help if one Fourier-transform |t4(t)| is larger or equal
to another [¢g(t)| for all t € R. Then density g should be prefered. But all densities cannot be
compared by the stipulation of (3.2). This is the case in the following very important example:

Assume G consists of two densities, the normal density gy with Fourier-transform g, (t) =
exp(—x%/2) and the double exponential density gr(z) = % exp(—|z|) with Fourier-transform
Vg, () = # These are the usual examples for supersmooth and smooth densities. The only
stipulations made refering to the density class F are the membership of the Laplace density in F

and the uniform Lo(R)-boundedness of F, i.e. there is a constant ¢ > 0 with sup [|f(¢)|*dt < c.
fer

e We assume that the real error density is gy, but gy is mistakenly used in the deconvolution
estimator. For the asymptotic bias we have

o Yo (1) ’ )2
d]:(gLagN) 27 JSCIGJ'?__ f ’%N(t 1 | dt
- 1 (1+t2)71 1 2 ¢ 2
2 5x m - WJQL( )|
_ 1 exp(t?/2) _ 4 | dt
=5 f 1tz T 1412
_ 1 exp(t?/2)—1-t ’ dt
o J |7 aremz

The integrand is a fraction with the numerator tending to infinity with a exponential rate
while the denominator diverges to infinity in 8th power. So the integrand itself diverges to
infinity. Therefore the integral does not exist as a finite number and we get

d]:(gag) = +o0.

That is a disaster! The supremum of the MISE tends to infinity. The more observations are
used the worse the result of the estimation becomes. Even an estimator which is based on



ignoring the contamination has got a better asymptotic quality than the deconvolution esti-
mator. As huge sample sizes are commonly used in density estimation, the misspecification
like this can cause a totally false result.

e Now we consider the opposite situation. gy is the real error density and g, is misspecified.

We receive
"ng(t 2 2
dr(gn,gL) = Supf’ Doy (0 *1‘ |oby (£)|° dt
241 2
= su _— t)|? dt
w5 x0(2/2) )

— 1 for |t| — oo and continuous
= upper bounded to § < oo

I /\

sup [ lr(@))* dt

Ssup|[f1|7, &) dt
feF

< +o00.

So in this case the supremum of the MISE is no sequence tending to zero but it possesses at
least a finite upper bound.

So if one has to choose if the normal density or the double exponential density has to be used
in deconvolution estimation without any a priori knowledge refering to the error density, then the
double exponential density should be selected. Another aspect emphasizes this choice: In the case
of correct selection the MISE converges to zero with an algebraic rate with a double exponential
error density while the MISE converges to zero with a logarithmic rate with a normal error density,
see Fan (1993).

Now, a further example

(a) The stipulations to F are the same as in the previous context, G consists of normal distri-
bution densities with an exactly known variance o2 but an unknown mean p € R. So #G is
infinity. For the asymptotic quality we receive

explipt — (1/2)-0%2) [ .
explti — (1/2) o2z) 1| vr(t)ldt

. 1
S

=§g/M>um%HWMﬁ

<4

IN

4-sup||fl17, )
fer

So the supremum of the MISE is upper bounded and cannot tend to infinity. If the |1 ¢| with
f € F are uniformly upper bounded to a square integrable function ¢, we can derive that
small distance between p and i causes a small asymptotic bias using dominated convergence
here.

10



(b) Now, we assume p is exactly known but the variance of the normal density is misspecified.
So we have

exp(iut — (1/2) - o%t?)

= 24
explipt — (1/2) - 0262) [y (6) |t

-1

. 1
dr(g,9) = —sup/

27 feF

= —sup/’exp (1/2)(0? — 6)t?) 71’ [0 (t)|*dt.
2T feF

- - 2
In the case 02 > o2, ‘exp((1/2)(a2 —o2)t?) — 1‘ diverges to inﬁnity with an exponential

rate for |t| — oco. It suffices that a density like gy, with vy, (t) = =5z is in F and we have

1+t
- - 2

dr(g,§) = co. Now, if 02 < 02 | then ’exp((l/?)(o2 —a?)t?) — 1’ possesses the upper
bound 1. So the uniform boundedness of the density class F in Lo-sense suffices to prove
that dz(g,d) < co. So we see that a too large selected variance is more dangerous than a
too small one.

We also notice in this example that dz is not Li(R)-continuous, this means [ |g,(t) —
g(t)|dt — 0 does not imply dz(g,g,) — 0, in general. Assume g, to be the normal density
with mean 0 and variance o2 and g the normal density with mean 0 and variance o and
02 | 0. Then we have [ |g,(t) — g(t)|dt — 0, dx(g, gn) = oo for each n € N under realistic
conditions to F as seen before and dz(g,g9) = 0. So dz(g,gn) 7~ dx(g,g). Hence, even an
arbitrarily small difference between g and g can cause a completely wrong result.

5 Consequences

We summarize and derive the following rules from the previous sections. They are interesting for
any user of deconvolution density estimation.

e A supersmooth error density (for example normal density) causes more trouble than a smooth
density (for example double exponential density) if a misspecification can possibly occure.

e If the error density is a normal density the variance should be chosen rather too small than
too large.

11



6 Proofs

Proof of lemma 1:
Consider the risk

sup Ey.g || fn — f||%2(R)
fer

= sup By, s [ exp(—it)L <>%§ pitY) /() dt — 112, m,

(Parseval identity)

2

= gesup By [ |Lo(t)E 3 exp(ityy)/€(2)di - vs()
fer j=1
(Fubini’s theorem)

2

)} 32 explit);)/€(0) dt — (1)

= —;up [ Erq|L

= geomp Jf {vars (Lalt)} 35 explt1)/6(0)

2

}dt

+ [Lale) 225580 — g0 ) a

+ [Braln(®)k X explity;)/6(0) — 50

RSO
n

£(t)

Proof of lemma 2:
It follows from lemma 1 using the uniform Ls-consistency on the one hand

= Supf|’t/1f O |La(t) =17 dt "=% 0, s0 (2.4)

(R > 0 arbitrary)

n—oo 0

= Supflwf (B |Ln(t) = 1 dt

As |i‘nf |€(1)]2 > 0 and £(t) # 0,Vt € R is valid because of the stipulations (¢ is a density in
tI<R

G) and the continuity of £, we conclude

() |
£(t)

1
inf |£(¢)|2
)

< oQ.

sup
[tI<R

12



Hence

R
Asup [ sup \—\ (&) [La(t) — 11 dt "= 0
feEF —R|T|I<R
1 Wy (1) 2 2
> g | \L 0 g (0)2 dt
>0

So we receive (2.5)

2
[ ()2 dt =30

pr OO

27 fer
R

1 7‘ ) (0
Loty tett) _ Yo

for all R > 0.

As the second condition of consistency one gets

L (t) . 1—\¢f;y(t)|2dt ")

> L ‘ <t>} Al OF gy
eizr S

>0

for an arbitrary 7" > 0 and an arbitrary density f € F. As f x g is a density we get according
to the results of probability theory ¥ .,(t) =1 < t = 0 and |pr.4(t)] < 1,Vt € R Finally, it
follows from the continuity of ¢ ., that linf (1= [¢hfeq(®)]*) > 0. So
t>T

[ (S)\ L WreaOF g e

[t|1>T

>3t (- lorg0P) [ %

n |¢>T

[t|>T
independent of n

>0

n—oo

dt — 0 for each T > 0.

1 La(t)|?
=5 [ ‘ 30
[t|>T
We choose f € F arbitrarily and determine 7' > 0 so that [¢¢(t)| > 4 for all ¢ with [¢| < 7.
This is possible because ¢;(0) =1 and 5 is continuous.

13



sup [ [0p(t))? |Ln(t) — 17 dt "= 0
feF

f|wf )2 |Ln(t) — 1|* dt
>

|Ln(t) — 17 dt

1
2 J

,ﬂ%’ﬂ

That implies the convergence of the functional sequence (L, —1),, in Lo([—T, T]) and hence its
boundedness. As 1 seen as function in this space possesses the (finite) norm V2T, the sequence
(Ly)n is bounded in the Lo([—T, T])-norm.

Notice that the stipulation | ti\ngM (t)] > 0 is valid following from the condition that the Fourier-

transform of densities in G vanishes nowhere. Then (2.6)

n—oo

dt — 0,

hence

Ly, (t
R[]
_ 1 T Ln(t) th 1 Ln(t) dt n—>000
=4/ 30) + 5 30) —

Proof of lemma 3:
We have to consider two cases

1 2 | Pg(t) 2
1st case: ﬁsup [ ()] 9——1‘ dt < +oo

HO)
2
sup f [Y¢ (1) d;g(g) 1| dt
is monotomcally increasing refering to R and bounded by the proposed limit
1 / 2 [ I
—sup Yr(t — dt.
2w el | 1O e
On the other hand
t
—sup/|z/1 ))1 dt

has to be the infimum because for each ¢ > 0 there is a f(e) € F so that

14



2
o 1’ dt + ¢/2

o)
il 1‘ dt < [ 1ost)

sup [ |4 (t)]
fer

_ (f(e) 2
(3R(f(e),¢) > 02) < [ |¢f( E ﬁi—ff))‘l‘ dt + ¢/2 + /2
R(f(e
R(F().0)
<sup [ |t \—4\ dt + ¢
FEF_R(f(e).0)

2
2 [g(t) _
w1 dr =

2nd case: 5-sup [[¢f(t)
feF

There is a sequence of densities (fy), so that
Yy(t)

3= [ o 0F |25

for n — oo tends to infinity. For every f, a positive number R,, can be found so that

—/w

diverge to infinity for n — co. Because of the increasing monotonicity refering to R we get

2
—1| dt

2 2

SUAGR

o)
! £

dt and hence —sup / [r(t

)

R—>+oo

"(t)) - 1‘ dt

R
|t
?35_4 o (1)

Proof of theorem 1:
ad (a): sup Ey 4 | fn — flI3, () can be lower bounded (lemma 1) by
fer

2
L,(t) 1/159(1(51)5) — 1‘ dt. Let us consider a sequence of inequalities for this upper

s=sup [ [P (t)[?
feF
bound

2
Ln(t) %20 — 1‘ dt

asup [ [y (1))
feF

Lo(t) g —1| dt

Y]

R
wsup [ |1hf(t)[?
fEF —R

2
Gol)  wel) | olt)
La() ey — Fay +ewy — L

R
s=sup [ o (t)?
f€F —R



Ln(t) Pe(t) Pg ()

R
= g=sup { [ [¢(t)
feEF _R

R -
e oo (a0 480~ 342) (1)

R 2
+ 1 %5 -] s

(Cauchy-Schwarz inequality)

R
> sksup { [ Juy(t)
fEF —R

R
-2 (fRWf(f)

R 2
|5 -] P an

Ln(t) Pe(t) Pg ()

g
£(t)

I
E
~
T

R 9 1/2
%SH?( [ 105 ()2 | L (1) %) — Loll) dt)
fe _

1/2
—(ﬂw \———wm>}2

R
> 1 sup ’l/J t 2 ‘Ln t pe(t) _ g (t)
27 <fef—f3| ol (t) 30) £(t)

1/2
pe(t) 1‘2 dt) }2

\%

£(t)

R
- (sup J s (@)
fEF-R

It follows from (2.5) that (sup Ef 4 | fn — f||%2(R))n€N cannot possess any accumulation point
fer

4(t)
£(t)

2
dt for every R > 0. Because of lemma 3 there

R
that is smaller than z—sup [ |1y(t)|?
feF-R

2
2 —1/’59(1(5) — 1‘ dt. So (a) is shown.

can be no accumulation point smaller than %sup [ g (t)
fer

(t)
case everything is shown by (a) because a sequence of real numbers with a lower bound with-
out any finite accumulation points diverges to +oo (theorem of Bolzano-Weierstrass). The risk
(;gg Ergllfn— f||%2(R))nEN can be upper bounded according to Lemma 1 by

1 Y (t)y(t)
dt + o ?22 /

£(t)
Condition (2.6) which can be used in addition now implies that the first part of the sum in the
term above converges to 0. For the second part we have found a lower bound in the proof of (a)
and we can derive an upper bound as well

ad (b): We just have to look at the case s—sup [ [¢f(t)[? 1‘ dt < oo, in the other
feF

2 2

1= [ ()

Ln(t) —¥s(t)

—sup /
27Tfef ’ 5

<1l/n

16



L (t)4eld 1‘ dt

Losup [|is(t
27 f€.7-'f| £(t) ()

Losup [|uws(t
27 f€.7-'f| £(t) ()

Lo(t)% 1 (1) + Ln( 71’ dt

L (t) %) _ Ln(t)]2 ) Re((Ln(t) o) _ g, (1))

50
(L) — 1)) +|La(t) — 1|2)dt

= g sup [P (

IN

2
Ly (1) 4255 — Ln(t)‘ +2

n(6) 55 = La(t)|

ALn(t) = 1] + |[Ln(t) — 1|2)dt

- sup [ 100 (

(Cauchy-Schwarz inequality)

dt

La(t) Ye(t) L,(t)

2
H0) ‘

< 3 sup{ [1or @)
b2 (Ll |Ea 28 — L) ae)” (f lorORILa0 — 12a)
+ s (0P La(t) - 1t |

1/2

27 S0 {(f s (t)

Lo(t)® . (t)\2 dt)

£(t)
(S @RIz - 172a) )

IN

2 1/2
Lo(t)2® 1, (t)‘ dt)

== {5 (T OF |10 %5
+oup (flwf P Ln(t) — 1|2dt)1/2}2

(Because of | Ly, (t)] < 1 we get)

< & {smn (F1wsr 5 1 ae)
rsup (] 007 Lo(0) ~ 1) )

Because of (2.4) one can conclude

sup (i OPIL() — 1%a8)

1/2 00
= (sup J10r@PIEa() — 1Pae) "= 0.

So we have shown the boundedness of the sequence (sup Ey g || - ||%2(R))neN and the fact
fer

that this sequence cannot possess any accumulation points which are larger than

2| |
ﬁgg/hﬂf@” 0] 1
17

dt.




According to (a) the sequence can also possess no accumulation points which are smaller than
this term. So there is exactly one accumulation point and so the sequence converges to this term
according to results of elementary analysis (Bolzano-Weierstrass). |
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