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CHAPTER 1

Introduction

Consider the following problem from physics: A radiation source is placed at
the center of a screen (see Figure[I)). At certain time intervals the source releases
particles. These move around the screen following a path of some known random
process (Y;)>o without interacting with each other and without us being able to
observe their movement until they die after some random time 7. During its
death a particle leaves a mark such that we can measure the distance X = ||Y7||2
it traveled from the source during its lifetime. Based on these observed distances
we wish to infer the life span T of a particle or, in particular, the density fr of T

F1GURE 1. Four particles are released from the source and travel
distances X;, X5, X3, X, before expiring.
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2 1. INTRODUCTION

This statistical problem is inspired by the so-called Skorokhod embedding pro-

blem or Skorokhod stopping problem named after the Ukrainian mathematician
who first stated and solved it in [34] (English translation [35]). Originally it con-
sists of representing a given centered distribution with finite second moment as
the law of Brownian motion at a chosen integrable stopping time. A number of
reformulations and different solutions was presented by several authors since Sko-
rokhod’s publication in 1961 (see [28] for an overview). In [6] Belomestny and
Schoenmakers considered “the so-called statistical Skorokhod embedding problem
of recovering the distribution on an independent random time 7' based on i.i.d.
sample from [a one-dimensional Brownian motion at time 7']”. In [7] Belomestny
and Schoenmakers extended this problem by replacing Brownian motion with a
one-dimensional Lévy process. We profit from their work and firstly generalize
their results concerning Brownian motion to self-similar processes. We particu-
larly focus on Bessel processes. As a consequence, we extend results from [6]
to multi-dimensional Brownian motion. This is accomplished by considering the
two-norm of the multi-dimensional Brownian motion, thus reducing the problem
to the case of a Bessel process which is a one-dimensional process and can be
treated similarly to the case of one-dimensional Brownian motion. Secondly, we
consider the class of so-called Sturm-Liouville processes which will be introduced
properly in Chapter [4l These processes generalize the concept of Bessel processes
and often arise as a norm of other multi-dimensional processes. This makes them
perfect candidates for the role of the process (||Y;||2):>0 from our physics example
above which describes the distance of a particle to the source at time t. Moreover,
they exhibit a similar structure to Lévy processes, so we can build on the results
available for this case.
We classify the inference on 7' as an inverse problem or, more specifically, a pa-
rameter identification problem, which is described by Engl, Hanke and Neubauer
in [16] as “the identification of physical parameters from observations of the evo-
lution of the system”. The authors of [16] warn us that inverse problems often
“do not fulfill Hadamard’s definition of well-posedness, i.e., for [them] one of the
following properties does not hold:

(H1) For all admissible data, a solution exists.
(H2) For all admissible data, the solution is unique.
(H3) The solution depends continuously on the data.”

This definition goes back to [21]. It is not precise and has to be adjusted to a
given situation. While (H1) proves unproblematic for us, (H2) is a major concern
and will require the additional assumption of stochastic independence of Y and T'.
Property (H3) corresponds to the boundedness of an estimator we construct for fr.
For all admissible data boundedness is not guaranteed but it can be installed by a
regularization procedure. This regularization creates a trade-off between accuracy
and stability in our estimation method. More specifically, we can either construct
an estimator with a small bias or with a small variance but not both. A sensible
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compromise will be introduced.

More specifically, inference on f can be classified as a problem of non-parametric
estimation, which according to Tsybakov (see [37]) “consists in estimation, from
observations, of an unknown function belonging to a sufficiently large class of
functions.” Tsybakov sees the focus of non-parametric estimation in the following
four topics:

(1) methods of construction of the estimators,

(2) statistical properties of the estimators (convergence, rates of convergence),
(3) study of optimality of the estimators,

(4) adaptive estimation.

In the preliminary Chapter [2| we introduce the so-called Mellin transform which
is our main tool throughout this thesis. Using this transform we cover topic (1).
See Section for the case of self-similar processes and Section for the case
of Sturm-Liouville processes. Topic (2) for these two cases is discussed in Sections
3.6 and Section [5.2] respectively. See Sections [3.7] and for the particular
case of Bessel processes. Section [3.10| provides two other brief examples for the
self-similar case. Furthermore, we show asymptotic normality of the estimator
constructed in Section for the Bessel case. Topic (3) is content of Chapter [6]
Topic (4) is addressed only briefly within Sections and when we implement
the estimators for the Bessel case based on different approaches with the free
software environment for statistics R.






CHAPTER 2

Preliminaries

2.1. Complex Random Variable: Expected Value, Covariance,
Variance

We expect the reader to be familiar with the notion of expected value, covari-
ance and variance of real random variables on the level of [5] §3]. Here we present
a way to generalize these notions to variables assuming complex values. In this
endeavor we roughly follow the outline in [2] until Lemmas [2.1.8) and [2.1.10 where
two more intricate but well-known (see for instance [6]) facts are shown. The
complex generalization will be needed later, when we construct estimators that
are complex random variables and investigate their properties. Basic concepts
regarding the set of complex numbers are assumed to be known.

DEFINITION 2.1.1. Let (2, A, P) be a probability space. We call X : Q@ — C a
complex random variable, if X = Re(X) +iIm(X), where Re(X) and Im(X) are
real random variables.

We will define the expected value of a complex variable X with an operator on
the complex vector space given by

L% = LL(Q, A, P) := {X|X is a complex random variable with E[|X|*] < oo},
where E denotes the expectation operator of a real random variable. Since
E[|X]’] = E[Re(X)* + Im(X)?],

L2 can be characterized as the vector space of complex random variables with
square-integrable real and imaginary parts.

DEFINITION 2.1.2. The expectation of a complex random variable X is an ope-
rator E : L2 — C defined by

E[X] := E[Re(X)] + ¢ E[Im(X)].
The value of E[X] is called expected value (or mean) of X.

Note that we use E both as the symbol for the expected value operator of a
real and complex random variable. Next we define the covariance of two complex
random variables.
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DEFINITION 2.1.3. Let X and Y be complex random variables. The covariance
operator of X andY, Cov : L2 x L2 — C, is defined by

Cov[X,Y] =E [(X _EX])(Y —E[Y])] .
The value of Cov[X,Y] is called covariance of X and Y (order matters here).

In the special case where X =Y the covariance operator is called the variance
operator. This leads to the following definition.

DEFINITION 2.1.4. Let X be a complex random variable. The variance operator
of X, Var : L2 — R, , is defined by

Var[X| = Cov[X, X]|
=E [(X —E[X])(X —E[X))] .
The value of Var[X] is called variance of X.

Theorems [2.1.5] [2.1.6| and 2.1.7] about expectation, covariance and variance are
immediate consequences of the definitions above or each other.

THEOREM 2.1.5. Let X,Y € L2 and ¢,d € C. Then we have
(i) E[cX +d| = cE[X] + d;
(i1) E[{%— Y] =E[X]+ E[Y];
(ii) E[X]| = E[X].
Theorem means that the expectation operator is a linear operator on L.

THEOREM 2.1.6. Let X,Y,Z € L% and cy,cy,dy,dy € C. Then we have
(i) Cov[X,Y] = E[XY] — E[X|E[Y];

(ii) Cov]X,Y| = Cov]Y, X];

(iii) Cov[X Y + Z] = Cov[X,Y] + Cov[X, Z];

(iv) Covey X + dy, oY + dy] = 163 Cov[ X, Y].

According to the covariance operator is a conjugate bilinear operator on
L2 x L%.
THEOREM 2.1.7. Let X,Y € L2 and ¢,d € C. Then we have

(i) Var[X] = E[XX] — E[X]E[X] = Var[Re(X)] + Var[Im(X)];
(i1) Var[cX + d| = ce Var[X];
(111) Var[X + Y] = Var[X] + Var[Y] + 2 Re(Cov[X, Y]).

Later we will deal with estimators that are complex random variables. In this
context the following lemma will be useful as we will derive error bounds for those
estimators.
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LEMMA 2.1.8. Let a,b € R with a < b and let (X;)ie@p) C L be a family of
complex random variables on a probability space (2, A, P) such that the mappings
X(w):(0,00) = C, t — X(w) are continuous for all w € Q. If, in addition, the

mapping
X :Qx(a,b) > C, (w,t) = Xi(w)

1s bounded, then

o 5] [ vt

REMARK 2.1.9. In this thesis, by dt we always mean integration with respect to
the Lebesque measure on R, where complex integrands are treated by splitting them
in their real and imaginary parts as we have done for the expectation operator.
This means

b b b

Note further that X (w) is continuous and bounded for all w € Q by assumption.
This implies that X (w) is Riemann integrable for all w € Q with respect to t. By
[14], Satz 6.1] we may then interpret f; Xidt as a complex Riemann integral and
compute it by using the Riemann sum

b n
) b—a
2.11) [ Xt = Jim 35N
a k=1

This representation as a sum will be useful in the following proof of Lemma
as it allows an estimation with the Minkowski inequality.

PROOF OF LEMMA 2.1.8 At first let E[X;] = 0 for all ¢ € (a,b). Then by
Fubini’s theorem (which is applicable because X; is bounded) we get

B [/b Xtdt] _ 5 UabRe(Xt)dt] 4B {/ablm(Xt)dt]

b b
_ / E[Re(X,)|dt + i / E[Im(X,)|dt
In combination with Theorem [2.1.7)i) this yields

= 0.
(2.1.2) Var betdt] ~E [ /abXtdt 2] .

Next we write the integral with respect to ¢ in as the Riemann sum (2.1.1])
as announced in the remark before this proof. After domg so we use Fatou’s lemma
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to obtain
b n 2
Var/th —E limE:b_aX
i t oo < n a+(b—a)k/n
—a
< lim E Xt (b—a)k/n
D

Note that \/E[| - [?] is a norm on L. So Minkowski inequality leads to

b n
Var [/a Xtdt} < nll_{go (;

Now let E[X;] € C for all t € (a,b). Then it follows from the already shown case,
that

2

b ; a\/E [IXa+(b_a>k/nl2}> (/b \/mdt)Q .

Var Ub X, — B[X/] dt] < [/b \/ Var[X; — E[Xt]]dt] 2 :

As a consequence, the claim is shown considering the linearity of the integral and

the fact Var[Y — ¢] = Var[Y] for all Y € L2, ¢ € C (see Theorem [2.1.7((ii)). O

The next lemma will reappear in Section [3.8| as we will compute the variance
of a complex random variable (that is itself an integral) by Definition [2.1.4]

LEMMA 2.1.10. Let a,b,c,d € R with a < b and ¢ < d and let (X¢)ic(ap),
(Ye)seay C Lg be families of complex random variables on a probability space
(Q, A, P) such that the mappings X(w) : (a,b) — C, t — Xy(w) and Y (w) :
(c,d) = C, s+ Yy(w) are continuous for all w € Q. If, in addition, the mappings
X :Qx(a,b) = C, (w,t) = Xy(w) and Y :Qx (¢,d) = C, (w,s)+— Ys(w)

are bounded, then

b d b pd
Cov {/ Xtdt,/ Y;ds} :/ / Cov [Xy, Y] dtds.

PROOF. Denote I(Y) := fcd Yids and consider the special case where E[X;] = 0
and E[Y;] =0 for all ¢t € (a,b) and s € (¢,d). Firstly, extract the integral with
respect to t from the covariance. This is possible by Definition linearity of
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the expectation operator and Fubini’s theorem. In fact,

Cov [/abXtdt, /CdYSds] = :(/:Xtdt) m}
= (/b Re(X,)dt + i /ab Im(Xt)dt) ﬁ]

E / b Re(Xt)mdt} +iB { / ’ Im(Xt)mdt]
- / bE[XtW] dt

= /b Cov [Xt,m] dt.

Secondly, the integral with respect to s is extracted from the covariance in the
analogous way (taking into consideration Theorem [2.1.5[(iii)).
Now turn to the general case where we may have E[X;] # 0 or E[Y}] # 0 for some

€ (a,b) or s € (¢,d). Here, according to the already shown special case and
Theorem [2.1.6(iv), we have

b d d
Cov {/ Xtdt,/ sts] = Cov {/ Xdt — Xtdt / Yids — E[/ sts]]

cov{ b E[X,])dt, /Cd( E[Y;}ds)}

b

Cov [X; — E[X}], Y — E[Y}]] dtds

/b/d
//C [ Xy, Ys] dtds,

which concludes the proof. 0

2.2. Mellin Transform

In this section we introduce the Mellin transform and list some of its properties.
This integral transform will be our main tool in estimation procedures of the next
chapters. We roughly follow the outline in [12], which is our general reference for
Mellin transforms.

DEFINITION 2.2.1. For ¢ € R define the space

/OOO 1 (2)[2° dz < oo} |

EJJIC::{f:[I?Jr—)C
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The associated norm on M, is given by

1l = [ £l
0
Moreover, for a,b € R, a < b define the spaces
Mgy == (] Mo Mgy = [ Me.
) ]

c€(a,b

c€la,b

If f is the density function of an R -valued random variable, then we have at
least f € M. If X is an Ry-valued random variable with density f € 9,4, then
we shall also write X € 9(q).

The following lemma gives an easy to check sufficient condition for f € M, ).

LEMMA 2.2.2. Let a,b € R with a < b. If f : Ry — R s locally integrable on
O(x=), forx —0
flw) = { O(x™?), forx — oo ’
then f € Mqp) holds.

PROOF. Elementary calculus; see [40, page 203]. O
DEFINITION 2.2.3. For f € M), s € C with Re(s) € (a,b) define

M(f)(s) == / f @)zt

the Mellin transform of f in s.
If f is the density function of a random variable X, then we call
MIX](s) == E[X*"] = M[f](s)
the Mellin transform of X.
If f € 9M(ap) holds, then M|[f](s) is well defined and holomorphic on the strip
{s € C|Re(s) € (a,b)} according to [12]. The following facts hold for the Mellin
transform. See for example [12] again for the proof.
THEOREM 2.2.4. Let a,b € R with a <b and f,g € Map). Then we have
(i) f+g€ m(mb) and
MIf + gl(s) = M(f](s) + Mlg](s)
for all s € C with Re(s) € (a,b);
(ZZ) )\f S gﬁ(a’b) and
MAf](s) = AMf](s)
for all X € C, s € C with Re(s) € (a,b);
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(iii) Define fi(z) := f(Ax) for x, A > 0. Then f € M) and

MIf(s) = A7 M[f](s)
for all s € C with Re(s) € (a,b);
(i) Define fr(z) = z*f(x) for A € C, x > 0. Then fr € Mu_Re(r)p—Re(\)

and

Mf(s) = Mf](s + A)
for all s € C with Re(s) € (a — Re(A),b— Re(N));
(v) Define fr(z) = f(z*) for \,x > 0. Then fr € Mparp and
MAI(s) = AT MIfI(A's)
for all s € C with Re(s) € (Aa, Ab);
(vi) Define fr(z) := f(z™) for \,x > 0. Then fy € M_rp,—ra) and
Mf](s) = A IMIfI(=A71s)
for all s € C with Re(s) € (—Aa, —Ab).

Let us now look at some examples of Mellin transforms.

EXAMPLE 2.2.5. (i) Consider f : Ry — R, f(x) = e *. The Mellin
transform M(f] of f is given by the Gamma function:
['(s) = /e‘x:vs_ldx for s € C with Re(s) > 0.
0

See Section 2.4 for further discussion of the Gamma function.
(i1) Consider gamma densities

flz) = ml’gflew
for x,o,r > 0. We have
M(f(s) = I‘(:)F(S +o0—1).

for all s € C with Re(s —o 4+ 1) > 0.
PROOF. The change of variables y = rx gives

g

MIfl(s) = /000 x51rza)xalemdm

pstl /Oo +o—2
= y e dy
L(o) Jo

1-—s

= [*(U)F<S+U_1>

for all s € C with Re(s —o + 1) > 0. O
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(1i1) Consider fort >0, d > 1 the densities

1—4d,_4d 5
o 2 2t 2 d—1

ft(x)—r(d/z)x e2, x>0,

The associated distributions will reappear in the next chapter as marginal
densities of a Bessel process. Fort = d~' [23] refers to these distributions
as the d-dimensional Rayleigh distributions. For Re(s) > 1 — d we have

]. S + d - ]_ s—1
= r 272,
PRrROOF. This follows easily from Theorem In fact,

MIAI(s) = M | hate | ()

['(d/2)
1 1—4 _a?
= @ 2/\/1[@ 2](s+d—1)
1 1_1 _z S+d—1
“sr? M ()

]. S + d - 1 s—1
— T 9%+
['(d/2) ( 2 )
for Re(s) > 1 —d. O

REMARK 2.2.6. There is a close connection between the Mellin transform and
the Fourier transform

Firlw = [ " Fy)edy, ueR

of an integrable function f : R — C. Setting s = o + it and applying the change of
variables x = e¥ yield

Mf)(s) = / " f)eedy = Flgl(t),

FIf)(u) = / " Fllog(a))a™dr = M) (i),

where g(xz) = e’ f(e*) for x € R and h(z) = f(log(x)) for x > 0. Hence, the
Mellin transform allows a representation as a Fourier transform, and vice versa.

Similar to the multiplicative behavior of the classical Fourier transform with
respect to sums of independent random variables, the Mellin transform behaves
multiplicatively with respect to products of independent random variables. More
precisely we have:
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THEOREM 2.2.7. Let X andY be independent R, -valued random variables with
densities fx € Mp) and fy € M q), and Mellin transforms M[X]| and M[Y]
fora <b, c<d, (a,b)N(c,d) # 0.

Then the density fxy of XY satisfies fxy € M p)n(e,a), and

M[XY](s) = M[X](s) M[Y](s)
for all s € C with Re(s) € (a,b) N (c,d).

Proor. This follows from independence of X and Y, and the definition of
Mellin transform. ([l

In the setting of Theorem [2.2.7]it is easy to see that fxy is identical to

(2.2.1) (xo i) = [ 1x (2) frio)da

for all s € C with Re(s) € (a,b) N (¢,d). The function fx ®@ fy is called Mellin
convolution of fx and fy. Theorem [2.2.7| implies

Mfx © fr](s) = M[fx](s)M[fr](s)

for all s € C with Re(s) € (a,b) N (c,d).

For a,b € R with a < b denote by H(a,b) the space of holomorphic functions
on {s € C|Re(s) € (a,b)}. The mapping M : M, — H(a,b), f — M[f] is
injective (see [12|, Corollary 5]). Given the Mellin transform of a function f we
can reconstruct f via the following theorem.

THEOREM 2.2.8. For a,b e R witha <b let f € M. If

/fLMuwwmmuv<m

for all v € (a,b), then the inversion formula
17 o
fl@) =5 [ MU+ i) e

holds almost everywhere for x € Ry and all v € (a,b). If f is continuous on Ry,
then this equation is true for all x € R,.

PROOF. See [12]. O

Another important result in the theory of Mellin transforms is the Parseval
formula for Mellin tranforms. It goes as follows:

THEOREM 2.2.9. Suppose that f : Ry — R and g : Ry — R are measurable
functions such that

Awﬂ@mww
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exists. Suppose further that M[f](1 — ) and M|[g|(-) are holomorphic on some
vertical strip S := {z € Cla < Re(z) < b} for a,b € R. If there is a vy € (a,b) such
that - -
/ IM[f](1 =~ —is)|ds < oo and / 7 Hg(z)|dz < oo,
—00 0
then this v satisfies
1 Y+100

[ s = o= [ Mina - omiges

270 )y
PROOF. See [9, page 108]. O

Let us now discuss the Mellin transform from the statistical point of view. Gi-
ven i.i.d. samples of a random variable, its Mellin transform can be approximated
by its so-called empirical Mellin transform.

DEFINITION 2.2.10. For a,b € R with a < b let Y € My and Xy, ..., X, be
i.i.d. samples of Y. We call

MoY](s) = -3 X

where a < Re(s) < b, the empirical Mellin transform of Y.

We have the following fact about the complex conjugate of an (empirical) Mellin
transform.

LEMMA 2.2.11. For a,b with a < b let Y € My a random wvariable and
X1, .., X, be i.i.d. samples of Y. We have

(i) M[Y](s) = M[Y](5) and
(i) Mn[Y](s) = Mn[Y](5)
for all s € C with a < Re(s) < b.

PRrROOF. Claim (i) follows immediately from Definition and Theorem
2.1.5(iii). Claim (ii) is obvious with Definition [2.2.10} O

The facts in Lemma [2.2.12] about the empirical Mellin transform follow from
linearity of the expected value and calculation rules for the variance (Theorems
2.1.5 and [2.1.7)).

LEMMA 2.2.12. For a,b € R with a <bletY € M) and X, ..., X, be i.i.d.
samples of Y. Then the empirical Mellin transform M,[Y] of Y satisfies
(1) E[M[Y](s)] = M[Y](s) and
(i1) Var [M,[Y](s)] = L Var [Y*7!]
for alln € N and all s € C with a < Re(s) < b.
Lemma [2.2.12] shows that M,,[Y](s) is an unbiased estimator for M[Y](s) and
its variance converges to 0 for n — oo, if Var [Y*7!] < oo is assumed. So M,,[Y](s)
is also weakly consistent for M[Y](s) in this case.
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2.3. Notation for Asymptotic Analysis

Let f and g be either sequences of real numbers or complex-valued functions of
real numbers, and a € RU{oo}. For the sake of brevity we introduce the notation

(2.3.1) f(z) < g(x) for z — a,

if f = O(g) in the Landau notation, that is

(2.3.2) lim sup&gg)| < 00
wa |9(@)]

If f and g are functions of real numbers and a € R, then (2.3.2)) is equivalent to
the statement

3C > 0 Je > 0 such that Vo € R with [z —a| <e : |f(z)| < C|g(x)].
And if a = oo, then ([2.3.2)) is equivalent to
3C > 0 Jx¢ € R such that Vo > zy : |f(z)] < Clg(x)|.

We write
f(z) ~ g(x) for z — a,
if f(x) < g(z) and g(z) < f(z) for x — a.
Using the notation from ({2.3.1)) allows us to omit constants and lower order terms
that are often irrelevant when we investigate the asymptotic behavior of a function.

2.4. Gamma Function

As we have seen from Example the Gamma function often appears in the
Mellin transform of a function that has an exponential expression in it. Thus, it
deserves closer attention. We will see in Lemma [3.5.2] from Section 3.3 that the
asymptotic behavior of a Mellin transform determines the quality of the estimators
we consider there. Hence, the asymptotic behavior of the Gamma function is of
a special interest to us. We refer the reader to [3] for a thorough study on this
subject. Here we only state some facts that are relevant to us.

We define the Gamma function by

(2.4.1) [(s) := /000 t e tdt

for all s € C with Re(s) > 0. According to the remark below Definition [2.2.3] as
the Mellin transform of the exponential function, Gamma function is holomorphic
for all s € C with Re(s) > 0.

With Lemmas [2.4.1] and [2.4.2] we present versions of the well-known Stirling for-
mula for the Gamma function of real arguments,

D(z) ~ V22 2e® for £ € R, 2 — 0.

Lemma 2.4.7] describes the behavior of the Gamma function when the absolute
value of its complex argument is large.
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LEMMA 2.4.1. For § > 0 and |arg(s)| <7 — 9,
I'(s) ~ V2rs* /2

for |s| — oco. Complex power is defined by s°~1/% := e(s=1/2198(s) and the value of
log(s) is the branch with log(s) real when s is real and positive.

PROOF. See [3], Corollary 1.4.3]. O

Lemma[2.4.2] describes the behavior of the Gamma function when the real part
of its argument is fixed and the imaginary part is large.

LEMMA 2.4.2. Let a,b € R with 0 < a < b. For all o € [a,b] we have
(o +i8)| = Var|ge V2 W/2(1 1 0(1/3])
for |B| — oo. The constant implied by O depends only on a and b.
PROOF. See [3|, Corollary 1.4.4]. O
The following lemma is an immediate consequence of Lemma [2.4.2
LEMMA 2.4.3. For all o € R there are Cy,Cy > 0 such that
Co| o272 < |D(a +i)| < Gl gl 2712
for all |5| > 2.

From Lemma [2.4.3] we can derive the behavior of integrals of the Gamma
function with respect to its imaginary part. In fact, we have

LEMMA 2.4.4. (i) For all o € (0,1/2),0 > 0 and U > 2 there is a
C(a,0) > 0 such that
’ 1
dv < 5 (1/2—a)s ,UnS/2
/|F(a+iv)|5 vs Ola,0)U ‘
“u

(ii) For all o > 1/2, 6 > 0 and U > 2 there are Cy(a,d) and Cy(a,0) > 0
such that

U
1
/ mdv < Cy(a, 8) 4 Cyla, §)eV™/?
-U

PRrROOF. (i) By Lemma there is a C\, > 0 such that for all [v| > 2 we have

Ca|v|(a71/2)6€f\v|7r6/2 < ]F(a—l—iv)\‘;.
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Define C : f 2 T +w ot v (which is finite, because I'(a + iv) is nonzero and
continuous in v). Hence,

U

/ d Ci + / ! d

v = ——dv
['(a+ )] ! IT(a + 0)|°
{2<|v|<U}
< Ol + Ca / |U|(1/2—a)6€\v|7r6/2dv
{2<|v|<U}

U
<Ci+ ZC’QU(l/Q_O‘)‘S/ "™ 2 dy

2
_ Cl + 4001(71.6)71U(1/27a)6<€U7r5/2 . 671'6)

< C(a, 6)U(1/2—o¢)56U7r5/2

for C(a, d) := max{2C},8C,(md)~1}.
(ii) By Lemma there is a C, > 0 such that for all |v| > 2 we have

C., |,U|(o<—1/2)6€—|v|7r6/2 < |F(a+iv)|5.
Define C(«, 0) f ) mdv (which is finite). Hence,

1 1
/ Tla+wp? = Ol + / Tt )™
“u

{2<|v|<U}
<Cilad)+Co [ ol

{2<|v|<U}

U
Cila8)+2C, [ ™o
2

= 01(04, 5) + 4Ca(7r5)—1(eU7r6/2 _ 671-6)
Ci(a,d) + Cy(a, §)eV™/?
with Cy(a, §) := 4C,(7d) L. -






CHAPTER 3

Estimation for Self-Similar Processes

Self-similar processes are stochastic processes that are invariant in distribution
under suitable scaling of time and space. These processes also arise naturally in
the analysis of random phenomena (in time) exhibiting certain forms of long-range
dependence (see [15]). Applications are found in statistical physics (see [33]). See
[24] for a study of general self-similar processes from a probabilistic point of view.
An important example of such processes is the fractional Brownian motion which
is a Gaussian self-similar process. See for instance [8] for a thorough study of
these processes. Non-Gaussian self-similar processes include Bessel processes (see
Section (3.7, one-dimensional Dunkl processes (see [13]), the Rosenblatt process,
SaS Lévy motion, linear fractional stable motion, log-fractional stable motion and
the Telecom prosess (see [29] and [36]).

DEFINITION 3.0.1. A real-valued stochastic process (Y;)i>o is called self-similar
with scaling parameter H, if

(3.0.1) (Yat)iso = (a™Y)i=0  for all a > 0.

Here, 2 denotes wdentity of all finite dimensional distributions.
The following properties of self-similar processes are well-known.

THEOREM 3.0.2. Let (Y;)i>0 be self-similar with scaling parameter H. Then
we have

(1) Yo =0 almost surely;
(11) H is unique. Moreover, if (Yi)i>o0 is a stochastic process such that for all

a > 0 there is by, > 0 with (Yat)e>0 4 (baY7)t>0, then necessarily b, = af
for a unique H > 0;
(11i) For all a > 0,t >0,

(3.0.2) Yo £ ay,.

Here, 2 denotes identity in law of two random variables.

See for example [24] or [I5] for proofs of these facts.

3.1. The Setting

Let Y = (Y;)i>0 be a known self-similar process with a scaling parameter H
and cadlag paths. Let T > 0 be a stopping time with density fr independent

19
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of Y. When we talk about stopping times in this thesis, we refer to a random
variable. The name “stopping time” is motivated by our interpretation of T" as the
time where Y “stops”, it is not related to any particular filtration. The aim of this
chapter is to estimate fr non-parametrically based on i.i.d. samples X, ..., X, of
Yr.

This was done by Belomestny and Schoenmakers in [6] for the case where Y is a
one-dimensional Brownian motion. We modify their approach in order to present
a consistent estimate for the case where Y is a general self-similar process.
Before we begin to tackle this problem, let us specify our setting with a remark
about the underlying probability space. It will remain valid throughout the thesis,
not only for the self-similar case.

REMARK 3.1.1. Let Y and T be realized on a canonical product space, mea-
ning that Yy : 3 — R fort € Ry and T : Q9 — Ry are random variables living
on probability spaces (1, Ay, P1) and (Qq, As, Py), respectively. Then Y; and T
can also be interpreted as variables on the product of the two probability spaces,
denoted by (Q, A, P) := (1 X Qo, A1 ® Az, P, ® P), via (w1, ws) — Yi(wy) and
(wi,ws2) = T'(wa), respectively. The mapping Yr : @ = R, (w1, ws) = Yy, (wi) is
measurable, because Y has cadlag paths (cf. |5, Lemma 49.11] ).

The estimation procedure is based on the fact that the property (3.0.2)) still
holds for a self-similar process, if we replace numbers ¢ > 0 with stopping times
T > 0 independent of Y. In fact:

LEMMA 3.1.2. Let Y = (Y;)i>0 be a real valued self-similar process with scaling
parameter H and cadlag paths. If T'> 0 is a stopping time independent of Y, then

THY, Ly,

Proor. We show the identity in law by comparing the Fourier transforms of
the two variables. Using Fubini’s theorem and self-similarity of ¥ we get

E[eisYT] _ / (/ eisYT<wQ)(w1)dP1(w1)) dPy(w2)
:/</eisT(wz)Hyl(Wl)dpl(wl)) dPQ(CUQ)

_ E[ eisTH Yl]
for all s € R and thereby the claim. 0

The density of the random variable Yr can be calculated via the following
lemma.

LEMMA 3.1.3. Let (Y;)i>0 be a real-valued random process with cadlag paths
and marginal densities g, t > 0. Suppose that t — g,(x) is continuous for all
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x € R. IfT > 0 is a stopping time with density fr and independent of (Y:)i>o,
then the density of Y is given by

pr(y) = / T ) fr()de. yeR

ProoF. Using the notation introduced in Remark and Fubini’s theorem
we can write

P(Yr € 4) = [ 1a(@)iPy @)
B // 1a(Y7 (g (w1))dP1 (wi)d Py (w2)
= /0 N / 14(Y)97(w2) (¥)dyd Po(w2)

_ /A / " () fr(2)dzdy

for any Borel set A, which implies the claim. U

3.2. Construction of an Estimator for Self-Similar Processes

Given the setting presented in Section [3.1| we can now proceed to construct an
estimator for the density of a stopping time 7" > 0 based on samples X7, ..., X,,
of Yr, where Y = (Y})i>0 is a known self-similar process with scaling parameter
H > 0 and cadlag paths.

Due to Lemma [3.1.2l we have
(3.2.1) THY, L v,

We take the absolute value on both sides and assume that T' € 9,5 with

0<a<band Y] € M), so we can apply the Mellin transform on both si-
des of (3.2.1)). These assumptions yield

M(Y7]](s) = M[T"](s) M[|1]] (5)
= M[T|(Hs — H+ 1) M[|Y1]](s)
for max{0, 221} < Re(s) < 2=L . Setting 2 := Hs — H + 1 we conclude that
for max{1 — H,a} < Re(z) < b we have
MYrl|()
M)

Provided that the Mellin inversion formula (Lemma [2.2.8)) is applicable to T, we
may write

(3.2.2) MIT)(z) =

(3.2.3) fT(x):% / M[T](z)a:zdz:% / MIT(y + iv)e"do
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for a < v < b. Combining 1' and (3.2.3) we obtain the representation

|Y| ’7+H 1+w>

271- M ’}/| ’Y+H 1+w> ™ dy

(3.2.4) fr(z)

for max{1 — H,a} < < b. In order to obtain an estimator of fr based on (3.2.4))
we would like to substitute M[|Y7|| by its empirical counterpart

(3.2.5) M, [[Y2|)( Z Xk,

where a < Re(s) < b and X, ..., X, are i.i.d. samples of Y7 (see Definition [2.2.10)).
However, this substitution may prevent the integral in from converging.
Thus, we introduce a sequence (h,)nen with h, € Ry for all n € N and h,, — 0 in
order to regularize our estimator. In view of and define

: 1 / Ma[[Yr|] ()

(326) fn<x) =5z M[|Y'1|]('y+H71+iv)

77" du

for £ > 0 and max{1— H,a} < v < b as an estimator for fr. In contrast to (3.2.4)),
the definition in - depends on ~. That is, for each admissible v we obtaln a
different estimator. The appropriate choice of v will become apparent at the end
of Section

The right hand side of can be rewritten as

S M)
ful) = / K () T v,

i V] ()

where K(v) := $1[_15j(v) is called rectangular kernel and h,, is called bandwidth

of fn A simple generalization of can be obtained by considering a general
kernel, that is any integrable function K : R — R satisfying [ K (u)du = 1. Some
classical examples of kernels are given in [37, page 3]. In this thesis we will only
consider the rectangular kernel, because it already leads to a rate-optimal estimator
(see Chapter @ among other properties discussed below.

REMARK 3.2.1. Despite the presence of a complex integral in (3.2.6) fu(x) can
only assume real values. That is because the integration interval is symmetrical
and so Lemma |2.2.11) implies

1

h

_ rF M, (Y, y+H—-1—iv
fn(x) :% / H TH( H . )x—’}/-‘rw dv = fn( )

MV (H=)

hn
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Consistency and other desirable properties of the estimator (3.2.6) are not
obvious and will be the subject of our study for the following sections in this
chapter.

3.3. Convergence Analysis

According to [37, page 4] the mean squared risk is a basic measure of the

accuracy of an estimator f,(z) for a function fr : Ry — R. It (the risk) is defined
for a fixed point = € R by

(3.3.1) MSE := MSE(z) := E[|fu(x) — fr(z)]?].
For estimators considered in this thesis we will obtain error bounds of the form
(3.3.2) MSE(z) < 272,

for some sequences (1, )pen with ¢, — 0 for n — oo and where v € R, is a constant
appearing in (3.2.6) and may be chosen freely from some interval depending on
the setting. We define the (weighted) mean squared risk via

(3.3.3) MSE, := MSE, (z) := *' MSE(z).

Using this quantity (3.3.2)) is equivalent to

MSE, (z) < 9.
Upper bounds on MSE, (z) that we may find do not provide upper bounds on
MSE(z) for x € (0,1). Nevertheless, since MSE(z) < MSE,(x) for x > 1, an
upper bound on MSE, is also an upper bound on MSE in this case. In fact,
simulations in Section [3.9| indicate that our estimation method performs poorly

for small z. This issue could be a subject for further studies, but we will not
address it further in this thesis.

DEFINITION 3.3.1. We call an estimator fn of a function f: R, — R consis-
tent, if its MSE(z) converges to 0 for n — oo and all x > 0.

The mean squared error of an estimator fn can be decomposed in the following
way. By Theorem [2.1.7(1),
(3.3.4) MSE, = |b,(2)]* + 03(90)
for all x € R, , where
by(x) =" (fr(x) — Elfu(@)),
which we call (weighted) bias of f, and

o2 (z) := ¥ Var[f, ()],

~

which we call (weighted) variance of fn During a convergence analysis it is often
useful to consider the bias and the variance of an estimator separately.
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3.4. Classes C and D

In non-parametric estimation it is usual to assume that fr belongs to some
“massive” class of densities (see [37, page 1]), for example the class of all continuous
functions or all square integrable functions. Here, we consider the following two
classes suggested in [6].

DEFINITION 3.4.1. For B,L > 0 and v € R with a < v < b define classes of
functions

(i) C(B,L,7) :== {f € M, | [ e’ |M[f](v + iv)|dv < L} and

(ii) D(B, L,~) = { € M, [[(1+ |olf) IMIF)( + iv)] do < L}.
For a random variable X with density f € C(8,L,v) or f € D(B,L,v) we will
also write X € C(B, L,~y) or X € D(5, L,~), respectively.

REMARK 3.4.2. Since x+1 < e” for all z € R, we have C(B, L,v) C D(B, L,~)
forall B, L >0 and v € R.

It turns out that classes C(3, L,~) and D(8, L,~) are quite large and contain
functions with different degrees of smoothness (see [7]). We will make this state-
ment precise in Corollary [3.4.6] But first let us describe the connection between
the degree of smoothness of a function and the rate of decay of its Mellin trans-
form.

Recall the notation

Map) = {f Ry =R
from Definition B.2.11

LEMMA 3.4.3. Let a,b € R with a < b.
(1) If f € My is locally integrable, then
M[f](y+iv) = o(1) for v — +oo

uniformly with respect to v in every closed subinterval of (a,b).

(1) If [ € My is B times continuously differentiable (8 € N) with -th
derivative f¥) € Map), then

Mf](v + i) = o(|v| ") for v — Foo

uniformly with respect to v in every closed subinterval of (a,b).

(111) Let f : C — C be analytical on the cone

Spi={2€C:0<|z] <oo, |arg(z)| < B} with0 < <7

and further suppose that the restriction flg, of f to Ry is real-valued. If
f(x) = O(x™®) for x — 0 in Sz and f(z) = O(z7?) for |x| — oo in S,
then

/OO |f(t)t*"!dt < oo for all Re(z) € (a, b)}
0

Mflr (v +iv) = O(e Py for v — +oo
uniformly with respect to vy in every closed subinterval of (a,b).
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PRroOOF. For claims (i) and (ii) see [19, Proposition 3 and 5]. The proof is
based on the representation of the Mellin transform as a Fourier transform (see
Remark [2.2.6) and the Lemma of Riemann-Lebesgue. Additionally, for (ii) the

rule

M DY(s) = (=1)"s" M[f](s)
is used.
For (iii) we roughly follow the sketch of the proof in [19, Proposition 5]. Note that
flr, € Mp) by Theorem Since f is analytical on S, we can compute the
Mellin trasform of f|g, using Cauchy’s integral theorem in the following way:

Re?
(3.4.1) M(f|r, (= / f@®)t1dt = lim fertdt+ | fe)rld,

R—o0 0 Kg
where Kp denotes the arc between Re? and R parametrized by t — Re %,
€ (—4,0). By denoting z = v + iv we obtain

‘tzfly ‘t’ 1’t"yefvarg(t) < 67r|7\/2’t"y 1 _ C ‘t"y 1

for Re(t) > 0. Let R be so large that |f(Re”)| < R™" almost everywhere. It then
holds at Ky that
(3.4.2) |Ig| :=

f(t)tz‘ldt =R / : F(Re™)(Re™) ' at| < C.BR.

So Ir converges to 0 as R — 00 because v < b. Thus, and ( - 3.4.2)) yield

Mflg.)(2) = / ’ oof<t)tz‘1dt-

By applying the change of variables t = pe*® we obtain

Mfls,](2) = ¢ / F(pe®)o*dp,
0
which yields
MUfle)(y +iv)| < e / F(pe®)o ™ dp,

where the integral converges by f(z) = O(z~?) for  — 0 in S and f(z) = O(x~?)
for |z| — oo in Sp. O

Next, let us establish a connection between elements of C(f, L,~) and the rate
of decay of their Mellin transform.

LEMMA 3.4.4. For a,b € R with a <b let f € Mp) and v € (a,b).
(1) If f € C(B, L,7y) for some L > 0, then

MIf)(y + iv) = O(e™)

almost everywhere for v — oo for all § > 0;
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(ii) If
M[f](y +iv) = O(e P

almost everywhere for v — +oo and some 3 > 0, then f € C(3', L,~) for
all 8 < B and some L > 0.

Moreover, if f € C(B,L,7) or M[f](y + iv) = O(e ?I*) almost everywhere for
v — Fo0o, then we also have

(3.4.3) /OO |IM[f](y + v)|dv < oo,

i.e. the Mellin inversion formula (Theorem 1s valid for f.
PROOF. Let 3,L > 0 with [ e®!l|M[f](y + iv)|dv < L. Then
PN M f]( + iv)| — 0 almost everywhere for v — o0,

and thus (i) is shown.
Now let M[f](y +iv) = O(e?I"l) almost everywhere for v — 4o00. This means,
there are C, vy > 0 such that for all |v| > vy we have

IMf](y + )| < Ce PP,

Vg
Choose any 8 with 0 < 8’ < 3 and define I := [ eAll| M[f](v + iv)| dv. Note

v
that 0 < I < oo, since M[f](y + iv) is continuous in v for all v € (a,b). So we
can conclude

/ & MLF)(y + i) dv = T + / 1 M)y + i) do

{lv[>vo}
<I+C / e =Bl gy
{lv|>vo}
=]+ ¢ (e(ﬁ’—,@)vo + e(ﬁ—ﬁ’)m) — L.
B—p

Finally we have ([3.4.3]), because by defining
v
I':'= [ |IM[f](y+iv)|dv < co we obtain

/!M[f](v +iv)|dv < I'+C / ey
{lv|>vo}

which is finite and thus yields the desired result. 0

The analogous statement to Lemma for the class D(8, L, ) goes as fol-
lows.

LEMMA 3.4.5. For a,b € R witha <b let f € M,y and v € (a,b).
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(1) If f € D(B, L,) for some L > 0, then
Mf](y +iv) = O(Jv| ™)
almost everywhere for v — +oo and [~ |M[f](y + w)|dv < oo;
(1i) If there is a > 1 and a vy € (a,b) with
M(f](y + i) = O(|jv|~")

almost everywhere for v — Foo and [*_|M[f](y + iv)|dv < oo, then
f €Dy, L) forall B € (0,5 — 1) and some L > 0.

PROOF. Let B, L > 0 with [(1+ |o|?) |M[f](y + iv)| dv < L. Then
(1+ |[v]?) IM[f](v + iv)| — 0 for v — oo,

and thus (i) is shown.

Now let M[f](y + iv) = O(|v|7?) almost everywhere for v — +o0o and

J = [ |IM[f](y + )| dv. This means, there are C, vy > 0 such that for all |v] > vy
we have

IMf)(y +iv)] < Clo| ™.
Choose any 3’ with 0 < 8’ < f—1 and define I := fo(l + |v]?) IM[f](y + iv)| dv.

o
Note that 0 < I < oo, since M[f](y+ iv) is continuous in v for all v € (a,b).
Hence,

/u+hMUMﬂﬂW+devg/ﬁMMmemuw+l+c /)hﬁ‘%v

{lv|=vo}

:J+1+20/@“%m
20)

20 5'—ﬂ+1

% =: L,

b—p +1

which concludes our proof. O

—J4+ 1+

Summing up all lemmas of this section we obtain simple sufficient criteria
which imply that a density belongs to the class C(3, L,v) or D(S, L,~) without
computing the Mellin transform.

COROLLARY 3.4.6. Let a,b,y € R with a <y <b.

(i) Let f € Map. If [ is B times continuously differentiable (8 € N\ {1})
with @ e Map), then
feDB, 1)
forall B < 8 —1 and some L > 0.
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(ii) Let f : C — C be analytical on the sector
Sp={2€C:0<|z|] <oo, |arg(z)| < B} withO< B <
and further suppose that the restriction flg, of f to Ry is real-valued. If
f()=0(@") asx — 0 in Sz and f(z) = O(x™°) as |z| — oo in Sy for
some a < b, then
f’[R+ € C(ﬁla L,'}/)
forall B" < B, all v € (a,b) and some L > 0.

PRrROOF. Claim (i) follows from Lemmas [3.4.3(ii) and [3.4.5(ii). To show (ii)
apply Lemmas [3.4.3|(iii) and |3.4.4{(ii). O
With the help of Corollary it is easy to see that the class C(5, L, ) is fairly
large and includes such well-known families of distributions as Gamma, Weibull,

Beta, log-normal, inverse Gaussian and F' for suitable 5, L,~. By Remark
the class D(5, L, ) also contains these distributions.

EXAMPLE 3.4.7. Consider the Gamma density

o—1_—x

i €

o—1,—z

with parameter o > 0 and define f, : {z € C|Re(z) > 0} = C, z — 2 o)

Then f, is analytical in its domain. We have f,(z) = O(z7%) as z — 0 for all
a > max{0,1 — o} and further f(z) = O(27°) as |z|] — oo in {z € C|Re(z) > 0}
for all b > 0. Moreover, f,|g . = fo. Corollary implies f, € C(8, L,~) for all
g€ (0,7/2), all ¥ > max{0,1 — ¢} and some L > 0.

3.5. Upper Bounds on the Bias

In this section we show upper bounds on the bias of the previously constructed
estimator (3.2.6)). Together with a bound on the variance we use it in Sections

and to show consistency of the estimator (3.2.6|) for the classes discussed in
the previous section.

LEMMA 3.5.1. Let Y = (Y})i>0 be a self-similar process with scaling parameter
H and cadlag paths. Let T > 0 be a stopping time with density fr independent of
Y. Suppose T € M,y with 0 < a < b and |Y1| € Mo,00) and consider

: L[ My [| Y]] ()

fn(x) = % _}%ﬂ MHYiH(’Y—i_H}_Il—Hv)

from (3.2.6)) for x > 0 and max{l — H,a} <~y < b as an estimator for fr. For
all n € N we have

z7 77 dv
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1

(351) @) ~ElL@) < o / IMIT)(y + ) do.
(o>}

for all x > 0.

PRrROOF. Let x > 0. By definition (3.2.6)),

A LR M|V (R
E (2)] = E | = H—-1+w
[Fn(@)] [m s M)

77" du

The integrand here is a continuous function in v, so its absolute value is bounded
on the integration interval. This allows us to interchange the order of integration
with Fubini’s theorem to get

. .
X 1 [ E[M,[|Yy||(EE1Ew .
- [ B
T M)
Considering Lemma [2.2.12 and (3.2.2)) we see that
. 1 in MIIY- ~+H—1+iv .
E[fn<x)] _ 1 R H T|](7+HHl+iv)x—~y—zv dv
2 ) MIN(F)
1 (7 |
(3.5.2) - = " MIT)(y + iv)z ™ dw.
We combine Theorem [2.2.8 with (3.5.2]) to get
~ 1 )
653 Sl -Elh@I= gy [ MIZIG e

{lol> )

and after taking the absolute value on the right hand side of (3.5.3) and ap-
plying the triangle inequality we see

fr) -Eh@I <5 [ Mo+ i)

{ol> )

which is our claim. [l

Assuming now that fr belongs to one of the two classes introduced in Section
we can give a further bound on the bias of f,.
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LEMMA 3.5.2. (i) If T € C(B, L,) for some 5,L >0 and ~y € (a,b) with
v>1—H, then
; L s
(354 P Elfr(e) — fola)] < e
for all z > 0.

(i) If T € D(B, L,v) for some B,L >0 and v € (a,b) with v >1— H, then

(355) B[ fr() — fula)] < b

for all x > 0.
PROOF. (i) Lemma implies

P(fr) Bl <52 [ IMEI + i) do
(o> )
o B/hn

2T

/ M | M(T)(y + iv)| dv

{Iol> 73

/ A0 | MIT] (v + i) do
{lol> -}
e_ﬂ/hn

2T

2m

for all z > 0.

(ii) We have

- 1

2 (fr(z) — Elfu()) < / IMIT)(y + iv)] dv

{lol> 2}

_ / B8 |MIT)(y + iv)| do

< — / [v|? |M[T](y + iv)| dv

{lol> 2}
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for all x > 0, which is our claim. O

It turns out that the bound in Lemma [3.5.2] depends on the rate of decay of the
Mellin transform of 7', which in turn is tied to the smoothness of fr (cf. Section
3.4): The more smoothness we impose on fr, the faster M[T] decays and the
better the performance of the estimator (3.2.6).

3.6. Upper Bounds on the Variance

Having established an upper bound on the bias of fn, we now shall do the same
for the variance of our estimator.

LEMMA 3.6.1. Let Y = (Y})i>0 be a self-similar process with scaling parameter
H and cadlag paths. Let T > 0 be a stopping time independent of Y with density
fr. Suppose T' € M,y with 0 < a < b and |Y1| € Mpo0). Consider

z7 77 dov

oy L[ MY ()
- /M[IEI](L?””)

from (3.2.6)) for z > 0 and max{1 — H,a} <~ < b as an estimator for fr. We

have

< MMy = 2)/H + YM[T](2y — 1)

Var[x”fn(x)] < 1
1/hn 2
X / L d
—1+iv v
)

for alln € N and all x > 0.

PrOOF. Let x > 0, n € N. Then we have
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Var[z? f,(x)] = Var | —

1 /”MHMW) g

7
o ) MY ()
" hn
2
1/hn — 1+
1 o [Mallyel sy T
=2 ar MY, (= x v
™ (Y[l (F=)
—1/hy,
2
1/hn )
1 7 \/Var A1Y7|] ('YJFHH1+ )}
- v
Am? / | M|y [ ()]
—1/hn

o) o 7“1 \/Var [|YT|7 1+w:|

—1+iv dv
Amn (M)

—~1/hn

Here we used Lemma for the “<”-sign, Lemma for the second
“="-sign and Lemma [2.2.12| for the last “="-sign. In order to get a bound on

Var [|YT|LH+W] we apply Fubini’s theorem and the self-similarity of Y to get
Var [[¥¢ 5] < B[(vel)*12/")
= [ B2
0
= B[N [T

0

= MIW[[((2y = 2)/H + DM[T](2y - 1),
which (together with (3.6.1)) gives the desired bound on Var[z? f,(z)]. O

3.7. Application to Bessel Processes

To make further statements we need to specify Y in the general setting of
section [3.I] where Y was only supposed to be a known self-similar process with
cadlag paths. In this section we choose Y to be a Bessel process BES = (BES;)i>0
starting in 0 with dimension d > 1. Throughout this thesis non-integer d are
allowed. Note that the case d = 1 leads to the absolute value of the one-dimensional
Brownian motion and was already considered in [6]. We refer the reader to [31] for
detailed information about Bessel processes. Here we shall only state some basic
properties.
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DEFINITION 3.7.1. A Bessel process with dimension d > 1 started in x > 0 is
a Markov process with the semi-group (P;)i>0 of Markov kernels on Ry defined by

P,(x,B) := / pe(x,y)dy for all B € B(R:),z € Ry, t >0,
B

where

1 d/2—1 x2 + 12 T
(3.7.1) pe(z,y) = i (%) Y exp (— Qty ) Ig/2-1 (Ty) forx,t >0
and

s 1 T 2k4v
I = — > —1
() ;k!r(u+k+1)(2> forvz-lz>0

is a modified Bessel function.

See for instance [31] for the proof of the fact that (P;);>¢ indeed constitutes a
semi-group. The following well-known properties of Bessel processes allow us to
construct the estimator ((3.2.6)).

THEOREM 3.7.2. Let BES = (BES;)i>0 be a Bessel process with dimension
d > 1 started in 0.

(i) The density of BES; is given by:

_d,_d
o 21 Qt 2 d—1 C’J2

ft(y)_r(d/Q)y e 2,
(This follows from (3.7.1) with x — 0, see [31], page 446])
(i) BES s self-similar with scaling parameter H = % (see [31], page 446) ).

(111)) BES is a Feller process with continuous paths (see [31], page 446]).
(iv) In Example we calculated for Re(s) > 1 —d:

y > 0.

MI[BES|(s) = F(;/2)r (”‘21_ 1) 2%,

(v) BES can be realized as the Euclidean norm of a d-dimensional Brownian
motion, if d € N (see [31], page 446]).

Looking at (3.2.6)) we use Theorem and obtain

ﬁ 1/2—1+7v
f L MnHBEsTH(”*QTf)x_W_m "
o M[IBESHI](M)

1/2

d) 1 5™ 2(y—1+iv)
(3.7.2) — / I () ZZk:l Xk |
2m r (7 +5—-1+ w) v—14iv

777" do
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as an estimator for the density fr(x) of a stopping time 7" > 0 for > 0 and
max{1/2,a} < v < b, where a,b are such that 7" € M) and Xi,..., X, are
independent samples of BESy. With our major result Theorem [3.7.3] we shall
derive the convergence rates for . Recall the weighted mean squared risk

MSE, (z) = 2® E[| fr(z) — fu()[]

from the introduction to Section 3.3l

THEOREM 3.7.3. Let BES = (BES;)i>0 be a Bessel process with dimension
deR,d>1. Let T > 0 be a stopping time with density fr independent of BES.
Suppose T' € Mgy with 0 < a < b and consider

1

hn n 2(y—1+iv
3 i/ F(%l)%z:k:lxk(ﬂY o
2

n(r) = 7T oy
f() F(’y—}—g—1+’iv)2’yfl+w

1

hn

for x>0 and max{1/2,a} <y <b from (3.7.2) as an estimator for fr.
(i) If T € C(8, L,v) for some B,L >0 and v € (a,b) with 2y—1 € (a,b) and
v > (4—d)/4, then

1
(3.7.3) MSE. () < Cya, <ﬁeﬂ/hn N €2ﬁ/hn)

holds for all x > 0 and some positive constant Cp, 4 (given by (3.7.11)) in
the proof) depending only on L,~,d as well as T. Moreover, taking

T+ 20
logn
in (3.7.3), one has the polynomial convergence rate

n —

MSE, (z) < nﬁgﬂ, n — 00

for all x > 0.
(i) If T € D(B, L,7) for some ,L > 0 and v € (a,b) with 2y — 1 € (a,b)
and v > (4 — d)/4, then for all z > 0:

1
(3.7.4) MSE, (z) < Cp.a- (ﬁe”/h" + hff)

with the same constant Cp 4~ as in (i). Choosing

h ™

n logn — 208 loglogn
in (3.7.3)) yields the logarithmic convergence rate

MSE, (7) < (logn)™?, n — oo

for all x > 0.
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PRrROOF. Let x > 0. By ,
(375  MSE,(x) = Varle" ()] + (27 E[(fr(2) — fule))])

For the variance we can achieve the same bound in parts (i) and (ii) of the claim.
The bias needs to be treated separately.
We use the upper bound on variance obtained in Lemma with H = 1/2 to
get

2

1/hn
~ CO(77 d) / 1
. . ’y <
(3.7.6)  Varl?"fu(w)] < = 5= MBES|(2y — 1+ 20)] " |
—1/hn

where
Co(vy,d) := M[BES|(4y — 3)M[T](2y — 1).

Since we already calculated

1 S + d - 1 s—1
. BE = r 272
377 MIBESI(S) = 1t (5
for Re(s) > 0 in Example [2.2.5, we can write
1

Co(y,d) = 5 (d/z)r (g + 2 — 2) 2272 MT)(2y — 1)

and see that is Cy(7, d) finite by the assumption v > (4 —d)/4 and 2y —1 € (a, b).

We continue inequality (3.7.6)) by firstly plugging in (3.7.7)) and secondly applying
Lemma [2.4.4(ii) (with 6 =1, U = 1/h,, and o =y — 1 + £ there):

1/hn

2

d
Var[z? f,(z)] < Coly,d) / L(5) dv
" ~ 4rn T (v — 1+ 4+ dv) 201+
—1/hn
e [ 2
< CQ(’Y, d)F (5) / 1 dv
- w222 / T (y—1+%+idv)]
—1/hn

- w2221
for some positive constants C4(d, ) and Cy obtainable from the proof of Lemma
2 44ii).

Now we prove part (i) of the claim. Let T" € C(8, L,v). We plug in (3.7.8) and
(3.5.4) from Lemma |3.5.2(i) into (3.7.5)) to obtain

Co(7,d)T (%)2 I 26_25/’%
w2227 (Cl (dv IY) + Cge%n) + L 4—71—2

(3.7.8) ) (C1(d, ) + Caein )’

(3.7.9) MSE, (z) <
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Inequality (3.7.9) can be simplified via following technical Lemma.

LEMMA 3.7.4. Let a,b,c,d > 0 and (x,)nen, (Yn)nen Sequences of positive
numbers. If x, — oo for n — oo, then we have

2(b + cxn)? + dy, < max{a(b+ c)?, d} (22 /n + yn)
n
for all n > ng for some nyg € N.
Proor. Choose ng such that x, > 1 for all n > ng. Then we have

(b/z, + c)zwi + dy,

g(b + cxn)? + dy, = 2
n n
a(b + c)’22 /n + dy,

max{a(b+ c)?, d} (22 /n + y,)

for all n > ny. O

<
<

Continuing with the proof of Theorem we choose x,, = eﬁ, Yy = e 28/hn.

d)? )
= %, b= C(d,y), c=Cyand d = in Lemma [3.7.4] Recall that

hn, — 0 so that x,, = oo for n — oo. Then (3.7.9) implies

1
(3.7.10) MSE, (z) < Cra~ (Eew/hn + 6—25/%)

for all n greater than some ny € N and

o[G0 AT () (Cidy) + ) L
Ly == A% 222 " 42

(3.7.11)

_ maX{QZT;lF (g) r (27 + g - 2) MIT](2y — 1)(C(d, ) + Co)?, 4L—;} .

Looking at ([3.7.10)) choose h,, in such a way that %e“/h” — ¢~ 28/M  This is accom-
plished by the choice h, = =28 which yields

logn ?

1 _ 1 mlogn —23logn
C = m/hn 28/hn — C -
L,d,y (ne +e L,d,y n exp T 26 —+ exp . QB

T _q =28
= OL,d,w n 28 + n7+2B

__28
— QCL,d,’Yn 7r+2B,

and allows us to conclude that for n — oo:

\/MSE, (z) <4/ 2C’L,d,7n_% < N,

This concludes the proof of part (i) of the claim. We next turn to (ii).
For T' € D(B, L,~) we obtain the same bound on the variance as previously. For
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the bias we take the bound obtained in Lemma m(n) Plugging these bounds
into (3.7.5)) gives
C’0 (77 d)2_d_’y

2
w2l (g) n

1
S CL,d7»y (Eeﬂ/hn + hiﬁ)

MSE, (z) <

2
(Culd) + Caee + (04

with the same constant Cp 4. as in (i) and Lemma as justification for the
second inequality sign. Next choose h, such that %e’r/ hn = A28 that is to say

- . . .
h, = s T ToaTonn which gives

. o5 _ exp(logn — 2Bloglogn) 728
n n (logn — 25 1oglogn)

28

—log ?’ n 4 7% (logn — 26 loglogn)~
Hence, we conclude that

\/MSE, (z) < \/CL’M (log*% n + w28 (logn — 20 1loglog n)—2ﬁ>

< (logn)™”

for n — oo. O

In Section we showed that the class C(8, L,v) (and therefore D(f, L, 7))
includes such well-known families of distributions as Gamma, Weibull, Beta, log-
normal, inverse Gaussian, F for all 5 € (0,7/2). So, if T" belongs to one of those
families, we have (a,b) = (0,00) in Theorem and the statement is true for
any v > max{1/2, (4 —d)/4}. If d > 2, then we only require v > 1/2.

The influence of the choice parameter ~ in inequalities and is am-
biguous. Note that MSE,(z) is decreasing in « for x € (0,1) and increasing in
~v for x > 1. Based on this fact alone, we would choose a small 7 whenever we
want to estimate fr near the origin, and we would choose a large v whenever we
want to estimate fr for arguments greater 1. This observation about v does not
depend on the setting of this section and can be made whenever we consider error
bounds with respect to MSE,. The influence of v on the constant Cy 4. is not
determinable because the latter depends on the unknown stopping time 7' (see

B-T11).
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3.8. Asymptotic Normality, Unbiasedness and Variance in Context of
Bessel Processes

Note that estimator (3.7.2) can be written as

R 1 <
(381) fn('x> = - Z Zn,k;
n k=1
with
T (gl) y2(v—1+iv) '
3.8.2 T g = —2 k _ 7 g
(382) A / T(y+d/2—1+v)2mn" v

forx >0, d>1, h, >0 with h, — 0 and v € (a,b), where a,b € R are such that
T € My and Xy, ..., X, are independent samples of BESy. Since fn is a sum
of independent identically distributed random variables, we can show that (under
mild assumptions on fr) fn is asymptotically normal, that is for some positive
sequence (Vp)nen

\/ﬁyglﬂ(fn(x) - E[fn(x)])

converges in distribution to the standard normal distribution for all x > 0.
We begin by investigating the absolute moments of Z, ;.

LEMMA 3.8.1. Let fr € My for some 0 < a < b and (hyp)new C Ry with
hp, — 0 as n — oo. If there is a y € (a,b) such that 2y — 1 € (a,b), v > (4 —d)/4
and (y —1)j + 1 € (a,b), then the j-th absolute moment of Z,1 (see (3.8.2)) is
asymptotically bounded by

RYHd/2=3/2 i/ (2hn)

‘ Y . ify+d/2—-3/2<0
(3.8.3) E[|Zn1l'] S {em‘/(zhn)7

ifvy+d/2—-3/2>0
asn — oo for all j € Ry. The constant implied by < may depend on j,d and ~.

Note that Z, 1 depends on h,,d and vy. In particular, we claim that all absolute
moments of Z, 1 exist for all n € N greater than some ny € N.

For the special case (a,b) = (0,1) and d = j = 1 this result is mentioned in [6],
Proof of Proposition 4.1] but without an extensive proof, which we provide here.

PRrROOF. Case 1: v+ d/2 —3/2 > 0. Using Jensen inequality for the first
inequality sign, Lemma [2.4.4(ii) for the second and the fact

M[Xa](s) = MIT]((s + 1)/2) MIBES|(s)
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(cf. (3.2.2) with H =1/2, Y = BES) for the last equality sign we estimate

J

i
' gl 2(7 14iv) ‘
B[|Z,, 1] = () / T gy
T

I'(y+ d/2 — 1 +idv) 27+

1

j hn
NCIp v 1 "
= (2w ! P (y+d/2=1+iv)f

hn

r(2) .
— 2/ — 1)+ . o3/ (2hn)
< G M0 = 1) 4+ 1)(Cay + G/ )

d\J

_ ')
(277T5L"Y)j
X (C%dJ' + Cjeﬁj/@h")),

where C, 4; and C; are some positive constants from Lemma [2.4.4] This implies
the claim since the appearing Mellin transforms are finite by assumptions on ~.
Case 2: v+ d/2 —3/2 < 0. We obtain

r ()’
(2vmx)d
% th;yl+d/273/2€7rj/(2hn)

MITI((y = 1)j + DM[BES|(2(y = 1)j + 1)

E[|Za1] < MITI((v = 1)j + DM[BES|(2(y = 1)j + 1)

with the same arguments as in case 1. The only difference is that we apply Lemma
2.4.4(i) instead of Lemma M(u) Hence, (3.8.11]) holds in this case as well. [

Suppose d > 2 in Lemma [3.8.1] Then the assumption v > (4 — d)/4 is re-
dundant. Moreover, v + d/2 — 3/2 > 0 holds and we always have the smaller
bound

(3.8.4) E[|Z,.17] < ™/ ),

for n — oo.
The following lemma is only an auxiliary result used in the proof of Theorem (3.8.3]
which will the main result of this section.

LeEmMMA 3.8.2. Let h, — 0 for n — oo and p, = h,®, where 0 < a < 1/2.
Then

(1/h, — s)log(1/h, — s) — (1/h, — 1) log(1/h, — 1) — (r — s) = (r — s)log(1/h,)
+ O(pihn)

for all0 < r;s < p, and n — oo.
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PRroOOF. In the Taylor expansion
1 2 Y (x—1)?
xlog(z) = alog(a) + (log(a) + 1)(x —a) + —(z — a)” — dt
2a . 6t?
for ,a > 0 choose a = 1/h,,, and © = 1/h,, — s or & = 1/h,, — r respectively. For

both choices the remainder is of order O(hZp3) and we get

(1/h, — s)log(1/h, —s) — (1/h, — r)log(1/h, — 1) — (1 — 5)
= (r — s)log(1/hy) + hns®/2 — hor? /2 + O(h2p3)
= (r — s)log(1/h,) + O(pphn).

This concludes the proof. 0

We are now ready to prove the main result of this section.

THEOREM 3.8.3. Let fr € My for some 0 < a < b. Suppose there is a
v € (a,b) such that 2y —1 € (a,b), v > (4—d)/4 and (6 +2)y— 9 — 1 € (a,b) for
some § > 0 and

(3.8.5) / IM[T](2y — 1 +iv)|dv < oco.

If we choose h,, ~log™'(n) in then we have
(3.8.6) Vi P (fu(e) = Blfu(@)]) 5 N0, 1)

for all x > 0, where

(3.8.7) Vp = %ﬁlh?‘d”eﬁ log 2(1/hy)(1 4 o(1))
with
(3.8.8) c=(n/2T(2y + (d —4)/2)M[T](2y — 1) > 0.

Let us make a few remarks before we present the proof. As we mentioned in
the end of Section we can often assume (a,b) = (0, 00) so that the choice of v
is only restricted by v > max{1/2, (4 — d)/4}. If (a,b) = (0,00), then a suitable
d can always be found, for instance, any 6 > 2v/(1 — ~) is valid. If additionally
d > 2, then the statement is true for all v > 1/2.

The choice h,, ~ log™*(n) may not be the only possible one. Other choices may
also yield (perhaps even with a better convergence rate (see Theorem [3.8.5]),

but we are not aware of them.

PRrROOF OF THEOREM [3.8.3 We roughly imitate the proof of an analogous
result for the special case d = 1, (a,b) = (0,1) found in [6]. In distinction from [6]
we do not restrict ourselves to the case x = 1 in the proof and provide the specific
form of v, for all x > 0.
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Throughout this proof we use brief notations like {u > r} and {|u —v| < r}
for the respective sets {u € Rlu > r} and {(u,v) € R?*||lu —v| < r} (r € R), and
similar ones. Symbols 1,>, and 1},_,<, denote the indicator functions of such sets.

The sequence (Z,, )ren is square-integrable (see Lemma [3.8.1)) and i.i.d. for
all n € N. So it suffices to show the Lyapunov condition, i.e. for a 6 > 0:

E[|Z, . — E[Z, ][>
(3.8.9) lim [ Zn1 = E[Za]I™]

= 0.
N 00 n5/2(Var[Zn71])1+5/2

By [5], page 239] the claim (3.8.6) follows from (3.8.9) with v, = Var[Z,,,].

Let £ > 0. Note that
ElZ.1] = fr(z), n— o0

by monotone convergence and ([3.2.4)) (if we choose H = 1/2 and Y = BES there).
So, (3.8.9) holds if we can prove, that Var[Z,, ;] — oo and

(3.8.10) lim — U2 ]

= 0.
n—00 nd/2(Var[Zy, 1])1+9/2

In any case of Lemma (for j = 0 + 2) we have

(3.8.11) E[| Zn1[210] < b cem2+0)/(hn)

as n — oo for all 6 € Ry and some ¢ > 0.
Now we investigate the asymptotic behavior of Var[Z, ;]. Looking at (3.8.2]) we
use Definition [2.1.4] pull out constants and integral signs using Lemmas [2.1.6| and

2.1.10[and then calculate the covariance by the rule Cov[X, Y] = E[XY]| — E[X|E[Y]
(Lemma [2.1.6)) to obtain
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Var[Zn,l] = COV[Zn,h Zn,l]

r (%l)2 A Cov[X; P G X27 1+w]dvdu
T [ : (2z)2+ilv=w (v + d/2 —14+w)(y+d/2—1—iu)
Fn T
T B0 g g
-2 /1 /1 (2z)2r =D (v +d/2 — 1+ i) T (y +d/2 — 1 —iu)
R  hn
L2
%l —2y—i(v— u)E[XQ'y 2+2w] E[Xf%%zm]dvdu
w2 / / (v+d/2—=1+w)T(y+d/2—1—1iu)
h h

g / / MIX](4y + 2i(v — u) — 3)dvdu
(2z) =Wl (y+d/2 =1 +w) T (y+d/2 — 1 —iu)

2

VLT MIX(2y =1+ 2i0) B
t/n(2x)*“”F(7—Fd/2——1~+iv)dv —

By Example [2.2.5(iii) we can estimate

B 2

1
O /|M[T](7+iv)|dv < C<oo

~ T

for some C > 0 and further

i
T on2 xQV /
o

;U“’ W (y+d/2—1+ww) T (y+d/2—1—iu)

i
1(2y —1 —u)l'(2y—24+d/2+i(v—
/ 211t ilo )l @12+ 24— )
i
Our strategy now is to decompose the double integral defining R; into pieces
that are easy to estimate. To that end let p, := h,®, where 0 < a < 1/2 and

n
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define
1 MIT)(2y =1 +i(v —u))l (27 =2+ § +i(v — u))
Lip = Ho s T B ) D+ 5 — )
_% _hi y 5 v 2

By Lemma there are C;, Cy > 0 such that

’F (’)/ + d/2 -1+ ZU)’ > Cljl|v|§2 + OQ]I‘U|>2|U|7_1+(d_1)/26_ﬂ|vl/2
T (y+d/2 — 1 —iu)| > Ciljy<z + Colljysgu| @D/ 2emmlul/2

and K4, Ky > 0 such that
D2y —=24+d/2+i(v—u)) < KiLjy_y<2 + Koljy_ys2|v — u|2<7_1)+%6_”‘”_”‘/2.

With the help of these inequalities we deduce

e Bl | MIT) (27 — 14 i(v — u))|dvdu

2 e 2

1

hn
/ Ljo—ujzpn [V — u[*7Y
| (Qpj<z + Do o] 77 e 300 (Lo + Tupsaful 77 €73 )
hn

hn  hn
< p1= 5 o / / IM[T)(2y — 1+ i(v — u))|
1 _ 1
hn hn
el 4yl g |vu|‘7_l|+%e%(‘”‘+|ul)> dvdu

X (1—1— u| T es

1|—%e,ﬂpn/2(1 n Qh;h—ll—%eﬂ/(zhn) 4 2l /iy

—D|y—
< h, Iy

1
h

« f/|M[T](27—1+iv)|dvdu

1

el
< ol dt2 o =) == (3d5) /27 (7 — )
~Y

for n — oo. (Note ({3.8.5) for the last <-sign. Also note that appearing additive
constants are negligible, because the last expression diverges to infinity.) Similarly,

we estimate
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44
R
hn hn . de
M[T)(2y —1+i(v—u))T (27 + T + i (v —u))
11 7T v+
hn  hn
a-1 Rn [Fn
< hnzhuze—mm/ 1 1 ]l‘u|< L IMIT](2y = 1 +i(v — u))|
T hn YT hn
(1 + |u|lv—1|+%e7r\ul/2 + |U‘|v—1|+%e7r\u|/z + |,Uu||'y—1|+d%1e7r(|v|+\u|)/2> dvdu
< h 2|7 1| _an/Q(]_ + h;w_l‘_dg 6 /2hn h h/ 1| /(2hn_Pn)

1
+ h;m—l\—(d—l)eﬂ/hn) /h" / IM[T]|(2y — 1 +iv)|dvdu
_i R

< pShll=dt2en(ain =) | p=3h—ll=d+2omigin—en) 4 p—dh—1l=(3d=5)/2,7 (5~ %)

(3.8.12)
< h*leﬂ'(ﬁ*f’n)

for some [ > 0. By interchanging the roles of v and w in the last inequality chain,

hn hn
MIT)(2y — 1 +i(v — )T (27 + G2 +i(v — u))
]l|u|<ifp ]l‘v,uppn - 72 - 3 dvdu
Sk, TP = zilv—u)T (fy + 5+ zv) r (

Combine ((3.8.12)) and (| m ) to obtain

) R [T MIT)(2y =1 +i(v—u)T (27 + G2 +i(v — u))
]n Pn = ) ]]-|U—u|§/)n i(v—u)l“ d—2 T 2 dvdu
—m i & (v + 4+ )T (v+ 5 —iu)

hn
Loz 2 —pn Lz o —p Lv—ul<pn

AN

__1 1
hn ¥ hn

M[T)(2y =1 +i(v —u))T (2y + S +i(v — )
TGy =1+ il =)L 2y + 5" +i0 =) )y ogtentism)
=0T (y + 2 + ) T (v + 52 — i)
— 3 4+ O(h; e ),

n,Pn
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Next, we examine the asymptotic behavior of the integral Ig’ pn- L0 this end, we
take advantage of Stirling’s formula (Lemma [2.4.1))

d—2 d—2 T
r (’y t—— z’v) N (7 t— i“) e 21+ 0@
for v — oo. Consider the integrand of Ig’ pn- 10 the denominator it holds by means
of the identity log(iv) = log(v) + Z that

D(y+d/2 — 1+ )D(y+d/2 — 1 — iu)

= 2mexp(ivlogv — iulogu — i(v — u))
X exp (—g(u + ) + ('y + %) (log(v) + log(u))) 1+0@ ) +0@™)

for u,v — co. On the set

1 1
{z =iz £ -pfntv-d <pintzouz0)

we define u =1/h,, —r, v =1/h, —s with 0 < r,s < py, |r — s| < p, to obtain

C(y+d/2—1+w)(y+d/2—1—1iu)
= 2mwexp(i(1/h, — s)log(1/h, —s) —i(1/h, —r)log(1/h, —r) —i(r —s))
« hr—LQq/—d+3e—7r/hne7r(r+s)/2(1 + O(hn))(l + O(pnhn) + O(ﬂihn))7+(d_3)/2-

Note that due to the choice of p,, we have p,h, — 0 and p>h,, — 0. Using Lemma

[3.8.2] we derive

D(y+d/2—1+iv)T (y+d/2—1—iu) = 2rh, 2" exp(i(r — s)log(1/h,))
X e_”/h"e”(r+s)/2(1 + O(p2hy)).

Analogously, on the set

1 1
fz i =mfa{blz -l -uspinesouso

we define u = —1/h, +r,v=—1/h, +s with 0 <r,s < p,, |r — s| < p, to obtain

D(y+d/2—1+iv)T (y+d/2 —1—iu) =2rh, 23 exp(—i(r — s)log(1/hy))
< e—w/hneﬂ(r-i-s)/Q(l + O(Pihn))
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Hence, I3 can be decomposed as follows:

7 TN,pn

2v+
hn

5 d—3 Pn Pn i )
In,Pn = 27T eXp(ﬂ'/hn) /0 /0 :ﬂ‘{‘T_SEPn}xZ .
x exp(—m(r+s)/2)T(2y+ (d—4)/2 +i(r — s))

x M[T)(2y — 1 +i(r — s)) exp(i(s — 7) log(1/h,))(1 + O(p2h,)) ‘drds
h2’y+d—3

= n2ﬂ_ eXp(ﬂ/hn){Re[Ii,pn] + O(pihn)]},

where

e [ [ S ssp eplontr+ /2000 + @ = 0)/2+ i - )

X M[T](2y — 14 i(r — s)) exp(i(s — r)log(1/hy )"~ drds

Pn
= / e ™R, (v)dv
0

Ra(v) = / e~ 2g D (9 (d—4) 2+ i) MIT] (25— 1+ itt) exp (i log(1 /) ).

The Fourier type integral in (3.8.14)) allows a series representation via the following
lemma:

LEMMA 3.84. Let o < . If f: (a, B) — C is N times continuously differen-
tiable (N € N), then we have the expansion

B
/ Flu)e™ du = By(x) — An(z) + o(z=™)

for x — oo, where

N-1
AN(.I') _ Z Zn—lf(n) (a)x—n—leixa
n=0
N-1
BN<CC) _ Zn—lf(n) (ﬁ)m—n—leixﬁ.
n=0
PROOF. Repeated integration by parts, see [17), page 47]. O

Coming back to ((3.8.14]), we choose

f(u) == e ™2 (2 + (d — 4) /2 + i) M[T](2y — 1 + i)
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and N = 2 in Lemma [3.8.4] to get
Ro(v) = if(0)log™" (1/hy) + f'(0) log™*(1/hn) + O(log™(1/hn))

=4l (27 + %) M(T)(2y — 1) log™ " (1/hy,)

, —4
— di[e_m/gx“‘l’ (27 + dT + zu> M[T](2y —1+iu)]|  log 2(1/hy)
U u=0
+O(log™*(1/hn))
uniformly in v. Note that
M[T)(2v — 1+ iu)

and

d ) . .

S MITN(2y = 1+ i) = iMllog() fr())(2y — 1 +du)

vanish for u — oo by Lemma [3.4.3] Likewise do
L2y+(d—4)/2+iu) and L2y + (d—4)/2+ iu)

for u — oo by Lemma So, the term B in Lemma is at most of order
O(e~™Pn=v)/2) and is negligible compared to O(log™*(1/h,,)). Thus,

Re[l, 1= (clog *(1/hy) + O(log*(1/hy)))(1 /7 — ™" /)
- % log~%(1/hy) + O(log*(1/hy))

holds with

c:= —Re die_”/in"F(Qv +(d—4)/2 + iu)
u

.

= — Re[-7/20'(2y + (d — 4)/2 + iu) M[T](2y — 1)
+ iz T(2y + (d — 4)/2) M[T](2y — 1)
+il'(2y + (d — 4)/2)Y (27 + (d — 4)/2)M[T](2y — 1)
+il'(2y + (d — 4)/2)M[log(-) fr(-)](2y — 1)]

= STy + (d - 9)/2M[T](2y - 1),

where ¢(s) = I"(s)/I'(s) for Re(s) > 0 is the digamma-function. So, we have
c >0, if M[T](2y—1) is positive, which is true for all nonnegative stopping times
except for T'= 0 or T' = oo almost surely, which is not allowed, because T has a
Lebesgue density.
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Summing up the auxiliary quantities introduced above we get

Var[Zm] = Rl — R2

_ L) (I, +12,.) +0(1)

r (4) 3 —1_m(&—pn)
B 271'2;27 (Impn + O(h, e™ ")) + O(1)
r (%l) 2y—d+3 7 4 2 —_m(+——pn)
= (2 (ReL, ] + O(gh)} + O(h7eT ) + O()
_ F(%) 2y—d+3 ZCq 2 -3 2
— 2 [T (S log ™ (1/hy) + O(log ™ (1/ha)) + O(p2ha)}
222y L T "

+ O(h;’e“ﬁ"’"))] +0(1)

and thus,
cl (%) 2y—d+3 A 1 =2
for n — co. Combining ([3.8.15)) and (3.8.11)) we finally get
EHZn 1 |2+6] h;cew(2+6)/(2hn)
o2 (Var[Z, ) 072 ™ pd/2(hi 2 log™(1/hy,) exp(r/hy)) 1 +0/2

_ h©
- na/z(hgﬁd—:a log 2(1/hy,))+0/2
— 0

for n — oo, if we choose h, ~ log~'(n). So the Lyapunov condition is satisfied

and the claim follows using (|3.8.15]). 0J
Incidentally, we proved that under assumptions of Theorem [3.8.3]
; 1 _ (g 2y—d+3 7 1 2 1

Recall that in the proof of Theorem we only showed (see (3.7.8))

d
Vanlf (o)) < 2T

for some constants Cy, C', Cy. With we now have an even better bound
on the variance of f,(z).
Since all moments of Z, ; exist by Lemma [3.8.1] it is possible to give a Berry-
Esseen type error estimate for the convergence in (3.8.6). This is a new result
even for dimension d = 1.

2
a5 1
) (Ci(d,7) + Cae7n )? o
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THEOREM 3.8.5. Let fr € Mqp) for some 0 < a < b. Suppose there is a
v € (a,b) such that 2y — 1 € (a,b), v > (4 —d)/4, 3y — 2 € (a,b) and

(3.8.17) / IM[T](2y — 1 +iv)|dv < 0.

Fix some © > 0. Denote by F,, the distribution function of
\/ﬁygl/Q(fn(x) - E[fn(l')])
(where f,(x) is defined by (3.7.2) and v, = n Var|f,(x)] is given by [3.8.7)) and by

D the distribution function of the standard normal distribution. Define the distance

pn = sup |F,(y) — @(y)|.
yeR

If we choose h,, ~ log™! m - ) then we have

_1/2(10,5.); n)* =43 1og”(log(n)), ify+d/2—3/2<0

n
3.8.18)  pn <
GBS s {”” *(log n)*® =492 1og*(log(n)),  if v +d/2-3/2>0

forn — oo.

PROOF. Let z > 0 and n € N. Consider the representation (3 of fu(x) as
mean of independently identically distributed variables Z,, 1, ... an Berry—Esseen
Theorem (see [20, Korollar 4.2.15]) states

6 E[|Zna — E[Z0na]]
(Var[Z,,1])3/?n1/?

First, apply Minkowski inequality, then triangle inequality and finally Lyapunov
inequality to obtain

E[|Zn1 — E[Zpa]l]

(3.8.19) pn <

IN

(E[Zu1 )Y + | E[Zaa]))?
(E[Zn1 ") + E[| Zna]))?
(2(E[|Zaa[D?)?

E[|Zna %]

for n — co. Then we choose j = 3 in Lemma [3.8.1] to get

Y+d/2-3/2 37 /(2hy,) it 9 _ 9
(3.8.20) E[|Zn,1 — E[Z,1]%] < han . € ; 1 y+d/2—-3/2<0
) ) 6371'/(2 n)7 1f7+d/2—3/220

IN

AN IN

for n — oo. During the proof of Theorem we already showed that under
assumptions on 7y above,

I
(3.8.21) nVar(Z, | = v, = ;T EEQ)‘Y h2 =3 ehn log™2(1/hy,) (1 4 0(1))
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for some ¢ > 0. Now plug (3.8.20) and (3.8.21)) in (3.8.19). Then choose
Py ~ log_l(n)

. This leads to two cases:
Case 1: v+ d/2 —3/2 < 0. We have

h%+d/2*3/2637r/(2hn)
(e log™(1/hn) (1 + o(1)))?/2n1/2
(lOg n)7+d/2—3/2n37r/2
(log n)3(=27+d=3)/2p3m/2 log_3(log(n))(1 + 0(1))3/2n1/2
< n”2(logn) ™ log® (log(n))

pn S

for n — oo.
Case 2: 7+ d/2—3/2 > 0. We have

¢/ (2hn)
e 0 (L )1+ o(1))) o
37/
(log n)3(=27+d=3)/237/2 Jog =3 (log(n) ) (1 + 0(1))3/2n1/2
< 2 (log n)** 92 1og? (log (n))

for n — oo. This concludes the proof. 0

Pn S

We do not know if the rates in (3.8.18]) are optimal. Different choices of h,, and
different estimates in the proof may yield smaller bounds. Note that the signs of
the powers 4y — d + 3 and 3(2y — d + 3)/2 in are ambiguous and depend
on the relative positions of v and d. However, if d > 2 then we only have the case
v+ d/2 —3/2 > 0 and the power of the logarithm is positive.

In order to achieve a high convergence rate we would choose v as small as possible
(under the given restrictions in Theorem . However, a small v may result in

a large variance of fn because the influence of v is ambiguous there (see (3.8.7)).

3.9. Simulation Study

In this Section we test our estimator (3.7.2)) with some simulated data. Consi-
der a Bessel process with dimension d = 5 and a Gamma(2, 1) distributed stopping
time T, i.e. T has the density

flz) =2z, x>0.
We write the estimator (3.7.2) as a function of 1/h,,:

1

hn

fwmm:;@:i/

21

hn

F(g) 320, X

—y—iv
I'(v+4¢—-1+1v) oot v
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Next we choose v = 0.7. The question of the appropriate choice for the cut-off
parameter 1/h, arises here. From Theorem we know

(3.9.1) 1/hy, =log(n)/(m+ 2p)
to be the optimal choice for densities from class C(f3, L,~). But § is unknown in

practice. Corollary [3.4.6(ii) suggests that often 8 € (0,7). Thus, we can guess
from (3.9.1)) that some 1/h,, € (0.7,2.2) would be a good choice for n = 1000.

Next, we compute f[1/hy](z) for n = 1000 and different values of the cut-off
parameter 1/h,. On the left-hand side of Figure [2| we can see the loss
(3.9.2) sup {| f[1/ha)(x) — fr(x)[}

zeRL

approximated by
sup {|/[1/Pa] () = fr(x)[}

2€{0.1,0.11,...,9.99,10}

as a function of 1/h,, with minimum at 1/h} ~ 2.7. Denote

fulz) = f[1/h)(2).

Since f¢ contains information about the unknown fr, it is not an estimator. We
call it an oracle for fr. “This is the “best forecast” of [fr], which is, howe-
ver, inaccessible: in order to construct it, we would need an “oracle” that knows
[fr]” ([37, page 60]). We call 1/h} the oracle choice of 1/h,,.

Figure [2| demonstrates that an appropriate choice of 1/h,, is crucial for the per-
formance of fn, but for practical reasons we wish to assume as little as possible
about the unknown density fr. Hence, we propose a data driven choice of 1/h,
based on the quasi-optimality approach proposed in [4]. The same was done in [6]
for the case d = 1. We will show that it leads to reasonable results in our model
as well. The implementation goes as follows.

Firstly, we choose a sequence of bandwidths 1/h%, ..., 1/hY and calculate estima-

tors f[1/h](x), ..., f[1/hY](x). Secondly, we determine [* = arg lir?inN d(l) with

-----

d(l) - = / /R () = f1L/ ] ()| de
a0
~ > [ fIL/RE(0.1 4+ 0.014) — f[1/hL)(0.1+ 0.013)].
=0
Denote the adaptive estimator constructed in this way by
fn = f[l/hf:]
Note that we avoid the evaluation of f,(z) for z € (0,0.1) since the calculation is

very unstable there. We also forego evaluation for x > 10 which is reasonable in
the case of a Gamma-distributed stopping time. (We have f,(z) ~ 0 for > 10.)
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Loss
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FIGURE 2. Left: the loss supxem+{|f[1/hn] (x)— fr(z)|} as a function of the cut-off
parameter 1/h,,. Right: objective function d(I) as a function of 1/h!.

This needs to be adjusted if T" is known to likely assume values greater 10. Other
loss functions may also be considered instead of and d(1).

Based on our guess 1/h, € (0.7,2.2) from above, we take 1/hl = 0.1 x [ for
[ =1,...,50 for our simulation study. Right-hand side of Figure [2| shows the ob-
jective function d(I) to assume its minimum at 1/hl ~ 2.5.

In order to test the performance of f, we let it compete against the oracle 1
associated with the oracle choice 1/h} of 1/h,. We compute each estimate based
on 100 independent samples of BESy of size n € {1000, 5000, 10000, 50000}. On
the left-hand side of Figure [3| we see the box-plot of the loss

sup {|f;/(x) — fr(z)[} = sup {I17(x) = fr(z)[}

z€R, 2€{0.1,0.11,...,9.99,10}

produced by f2 and on the right-hand side the corresponding loss

sup {| fu(2) — fr(2)|} ~ sup {|fa(x) = fr(x)[}

zER, 2€{0.1,0.11,...,9.99,10}

associated with the adaptive estimator. A comparison of the two suggests that
the performance of f, is acceptable in this setting.
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FIGURE 3. Left: box plots of the loss sup,cg, {|f(z) — f

T
sizes. Right: box plots of the loss sup,cg, {| fu(2) = fr(x)|} for different sample
sizes.

(x)|} for different sample

Let us now demonstrate the performance of our adaptive estimator for diffe-
rent distributions of T'. As examples we consider Exponential, Gamma, Inverse-
Gaussian, Weibull, Log-Normal, and F distributions. To construct the estimate
(3.7.2) we choose d = 5, v = 0.7, and 1/h,, = 1/hL. Figure 4| shows the densities
of the six distributions and their 50 respective estimates based on 50 independent
samples of BEST of size n = 500.

We can see that the error is particularly large in the neighborhood of 0. That is
because our estimator is not defined in 0 and 9101_% ful(a) does not exist for fixed n.

Note also that the variance of our estimator is large for small x (see (3.8.21))).

3.10. Some Other Self-Similar Processes

After we have extensively discussed the properties of the estimator constructed
in Section in the context of Bessel processes, we now turn to other examples
of processes that allow the estimation procedure of Section [3.2]

3.10.1. Normally Distributed Processes. Let Y = (Y;):>0 be a self-similar
process with scaling parameter H > 0, cadlag paths and Y; standard normally
distributed. As an example consider a fractional Brownian motion mentioned in
the beginning of Chapter [3l By [8], this is a self-similar Gaussian process that
admits a version whose sample paths are cadlag. Let T" > 0 be a stopping time
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Exp(1) Gamma(2,1)

) =7 )= e
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) = 1 Aocexp(- 2 () =155 Pexp(-x' %)
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F5.5)  fix)=—————c*(1 +x)( 27

fix) = 2/ (2= exp(-2(10g(x))?) : T(25)r(25)

06

00 02 04 0B D8 10

00 02 04

FIGURE 4. Estimated densities (red) and their 50 respective esti-
mates (grey) for the sample size n = 1000

with density fr independent of Y. We wish to estimate fr non-parametrically
based on i.i.d. samples Xi,..., X, of Y .

REMARK 3.10.1. We can easily generalize the setting above to the case where
Y) ~ N(0,02%) with 0 > 0 by considering the process (Yi)i>o0 = (Y;/0)i>0 (that
is again self-similar with scaling parameter H ) and modifying our observations to
X, = X, /o with the result X, 4 Yy fori=1,..,n.

Taking d = 1 in Example gives

M([Yi|)(s) = %r (g) 25 Re(s) > 0.

Thus, estimator (3.2.6)) assumes the form

1
P )
. 1 1 ZZ—l XIE’Y—l-'rw)/H .
(3.10.1) folz) = / n =" —— " dv
+H—1+iv ~Y+2H—1+1iv
2ﬁ_i r (AYT) 27 e
hn

for > 0 and max{l — H,a} < vy < b. We can prove a convergence result for
this estimator, similar to Theorem [3.7.3] Recall that in this thesis we consider
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convergence with respect to the weighted mean squared risk
MSE, (z) = 2% E[| fr() — fu(@)]?
from the introduction to Section B.3

THEOREM 3.10.2. Let fr € My for some 0 < a < b.
(i) If T € C(, L,v) for some 3,L >0 and v € (max{a,1 — H,3/4},b), then

{leﬂ/@th) 1 e28/hn. ify>1

< n
(3.10.2) MSE, () LpO=D/H or/(2Hh) 4 o=28/hn iy < |

~J

forn — oo and all x > 0. If

m+4HB .
(3 10 3) h, = 2H logn’ Zf’yZ 1
1U. n — m+4Hp f <1 s
2H log n—2(y—1) loglogn’ o

then we obtain the polynomial convergence rate

2HpB

BEE=vir Fy>1
(3.10.4) MSE, (1) < 4" o e 172
n~ 748 (logn) =5 | if v < 1

forn — oo and all x > 0.
(i) If T € D(B, L,7) for some B,L >0 and vy € (max{a,1 — H,3/4},b), then

{%e“/@“") + B’ ify =1

<
(3.10.5) MSE, (z) Ly D/ gn/2Hihn) 4 126 if oy < 1

~Y

forn — oo and all x > 0. If

_ m/@H) .
logn—@Fr(O—1)/Mglogn: 4 7 <1

then we obtain the logarithmic convergence rate
(3.10.7) MSE, (z) < (logn)™”
forn — oo and all x > 0.

PrOOF. (i) Let T" € C(B,L,v). The upper bound on variance from Lemma
[3.6.1] leads to

1/hn i
V7 (o) < Colr. H) ! v
(3.10.8) Var[z" f,(x)] < 1% _14 IM[[Yi[](v+H -1 —i—z’v)/H)|d ;
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where
Co(v, H) == M[Y1]](4y = 3IM[T](2y - 1)

— %r (47—2_3) 22 MT)(2y — 1)

is finite by the assumption v > 3/4.
From (3.10.8) and Lemma it follows that

1/hn

Var[z" f,(z)] < Colr, H) /

I Yy+2H -1
2_7

r P | — 2H
( 2H +Z2H)

A
‘3H

dv

—1/hn,

1/(2Hhn) 2

< CO<7> H)H2 / 1

d
(T i) |

~Y+2H -1
T2 N
—1/(2Hhn)

< Coly, H)H? {<01<%H>+0264H%)2, ify > 1

= o, U C2QHR)T emm, ity <1’

Combining this bound on the variance with the bound on the bias from Lemma
3.5.2|(i) we obtain (3.10.2)). Plugging into gives the rate (3.10.4)).
(ii) For T' € D(pB, L,~) we obtain the same bound on the variance as in (i). For
the bias we take the bound obtained in Lemma[3.5.2{ii). Adding bias and variance

gives (13.10.5)). Plugging (13.10.6)) into (3.10.5) gives the rate (3.10.7)). O

Taking H = 1/2 in Theorem [3.10.2] we obtain the same rates as for Bessel
processes (see Theorem [3.7.3]). For smaller H the rate is worse and for greater H
it is better. Note that we work with observations of |Y7| rather than Yr. In Chapter
[6] we will show that the rates (3.10.4) and (3.10.7) are optimal for H € (0,2) in
a sense to be specified there, but only if |Y7| is observed. We do not know if the
rates can be improved by observing Y7 directly or for H > 2.

3.10.2. Gamma Distributed Processes. Let Y = (Y});>0 be a self-similar
process with scaling parameter H > 0, cadlag paths and Y; Gamma-distributed
with shape parameter ¢ > 0 and rate parameter r = 1, i.e Y] has Lebesgue density

(3.10.9) P P
.10. r)=——7, < .
1 F(U) ) el
Let T > 0 be a stopping time with density fr independent of Y. Again, the aim
is to estimate fr non-parametrically based on i.i.d. samples Xi,..., X, of Y.

REMARK 3.10.3. We can easily generalize the setting above to the case, where
Y1 is Gamma-distributed with shape parameter o > 0 and rate parameter r > 0,
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i.e. Yy has density

3.10.10 =_—a" e > 0.

( ) fl('x) F(O’)x € y X2

We can reduce this model to the previous case r = 1 by considering the process
(Yy)i>0 := (rYy)i>0 and modifying our observations to X; = rX; with the result

that X; 2 Yy fori=1,..,n.

As an example consider the so-called square of a Bessel process with dimension
d starting at 0. This is a self-similar R -valued process with scaling parameter
H =1 and continuous paths. It is equal in distribution to the square of a Bessel
process with dimension d starting at 0. See [31], Chapter XI, §1] for further details
about these processes. If we choose r = 1/2 and 0 = d/2 for d > 1, then the
density of a squared Bessel process with dimension d at time ¢ = 1 is given by

(3.10.10)).

Let us present the estimation procedure. From Example [2.2.5 we have

r -1
M) = 5 Rl >0 - 1
Thus, estimator (3.2.6]) takes the form
1
hn .
N NGO D D
3.10.11 n = n = i y—1iv d
3.1011) O R e
“hn

for # > 0 and max{1 — oH,a} < v < b. We can prove a convergence result for
this estimator, that is similar to Theorems [3.7.3] and [3.10.2]

THEOREM 3.10.4. Let fr € My for some 0 < a < b.
(i) If T '€ C(B,L,7) for some B,L >0 and v € (max{a,1 —cH,1 —0/4},b)
with 2y — 1 € (a,b), then
Lo 4 e=28/mn ify>1—cH+H/2

(3.10.12) MSEV((E) S " 20vtoH=1) 4 .
Lph, # efhn 4 e 28/ yfy <1 —oH + H/2

n

forn — oo and all x > 0. We choose

( ) {ﬂ/@fﬁ’ ify>1—0H+ H/2
3.10.13 h, = s . -
logn— (1- 2072710 1oz 161 ify<1l—oH+ H/2

to obtain the rate
(3.10.14)

8
———  (n e, ify>1—oH+ H/2
MSE‘W(‘%) 5 B B (2(7+0H71)_1) f’Y /

n~ =/H+28 (log n)~ =/H+25 H ifvy<1l—oH+ HJ/2

Y
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forn — oo and all x > 0.
(i) If T € D(B, L,~v) for some 5,L >0 and v € (max{a,1 —cH,1—0c/4},b)
with 2y — 1 € (a,b), then
Lot 4+ p2P, ify>1—0cH+ H/2
(3.10.15) MSE,Y(x) < " 2toH-1) |
Lp, ™ efhn + 028 ify<1—0oH+ H/2

n

forn — oo and all x > 0. Choosing

m/H ify>1—0cH+ H/2

(31016)  h, = { Per2sloslen’ .
Togn—@FT1-30 to—T)/Moglogn: UV <1—0H +H/2

yields the rate
(3.10.17) MSE, (z) < (logn)~”
forn — oo and all z > 0.

PRrooF. (i) Let T € C(5, L,v). The upper bound on variance from Lemmas
13.6.1] and [2.4.4] give

2

1/hn,
P Co(’}/, H7 U)F2(0> / 1
Var[z” f,, < A d
ar[x” fn ()] < T N — v
—1/hn
2
1/(Hhy)
CO(/V; H7 U)H2F2(0> 1
= 2 o1 |
dmen L (H5— +iv)
—1/(Hhn)
Lewin, if v >1—oH+ H/2
S 2teH-1) | :
Lhy, 7 efn, ify<1l—ocH+H/2
where
I'dy+o0—4
Co(v,H,0) == (T))M[T](% - 1)

is finite by the assumption v > 1 —0/4 and 2y — 1 € (a,b).

Combining this bound on the variance with the bound on the bias from Lemma
3.5.2i) we obtain ([3.10.12). And plugging into gives the rate
B10.17).

(ii) For T" € D(pB, L,~) we obtain the same bound on the variance as in (i). For
the bias we take the bound obtained in Lemma|3.5.2(ii). Adding bias and variance
gives (3.10.15). And plugging into (3.10.15) gives the rate (3.10.17). O

In Chapter [6] we will discuss optimality of the rates (3.10.14) and (3.10.17).
As in Theorem |3.10.2| we see again that greater scaling parameters H yield better
convergence rates (at least for stopping times in C(f3, L,7)). Comparing the rate
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B ___B
n ~/H+26 in (3.10.14) with n =/@D+28 which is our result for norms of normally
distributed processes in an analogous setting (see Theorem [3.10.2|) we observe that
the rate achieved for norms of Gaussian processes is the better one.






CHAPTER 4

Processes Associated with a Convolution Semi-group

In this chapter we generalize the problem of estimating a stopping time ba-
sed on observations of a stopped random process to the case of Lévy processes on
noncompact Sturm-Liouville hypergroups. These processes include the already dis-
cussed Bessel processes, but do not coincide with classical Lévy processes. Instead,
all of the above are special cases of so-called Lévy processes on commutative hy-
pergroups. A classical Lévy process with state space R? (d € N) is characterized
by its stationary independent increments. If we try to generalize this notion to
processes on a hypergroup K as their state space, we encounter a problem. As
the difference of two elements of K is generally not defined, it is unclear how to
interpret an increment X; — X for s < t of a random process X = (X})i>0 with
state space K. To overcome this problem we use the characterization of a Lévy
process via its associated convolution semi-group (with respect to the convolution
“x” associated with K), i.e. we describe X as a time-homogeneous Markov process
with transition probabilities

(4.0.1) P(X; € AlXs = x) = (pe—s * 0)(A)

for t < s, x € K, Borel sets A C K and some family of probability measures
(11¢)e>0 on K.

Throughout this chapter we roughly follow the outlines in [10] and [30] to provide
a basic understanding of hypergroups and the processes associated with them.

4.1. Introduction to Hypergroups

We refer the reader to [10] or [22] for a thorough introduction into the topic

of this section. Here we only summarize definitions and facts necessary for our
purposes.
A hypergroup (K, *) consists of a locally compact Hausdorff space K and a map
% o My(K) x My(K) — M,(K) that is bilinear and associative on the Banach
space M,(K) of all bounded regular Borel measures on K satisfying the following
conditions

(i) For all z,y € K we have §, * 9, € M'(K) and supp(d, * d,) is compact;
(ii) The mapping K x K — M'(K), (x,y) + d,*0, is continuous with respect
to the weak topology on M*(K);

61
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(iii) The mapping (x,y) — supp(d, * d,) is continuous from K x K into the
space of compact subsets of K with respect to the Michael topology (cf.
[10, Section 1.1] and [26]);

(iv) There exists a (necessarily unique) neutral element e € K such that
0¢ % 0 = 0y x 0, = 0, for all z € K

(v) There exists a (necessarily unique) involution (a homeomorphism = — ™~
of K onto itself with the property (x~)~ = z for all x € K) such that
(05 % 0y)” = - x 6, for all z,y € K where p~ denotes the image of 4
under involution;

(vi) For z,y € K, e € supp(d, * ) if and only if z = y~.

Once the convolution of two point measures is established the convolution of ar-

bitrary measures p, v € M,(K) is necessarily given by
(4.1.1) (5 V) / / / 14(2) (6, * 6,)(=)dp(x)dv (y)
for A € B(K) and integration with respect to p * v is determined as
/ 1) dps)e) = [[[ 16 6,8, dutwravty)
for f € C.(K). We call (K,*) commutative, if * is commutative. (K, x) is called

hermitian, 1f x~ =z for all z € K. We often denote a hypergroup (K, x*) briefly
by K.
DEFINITION 4.1.1. Let (K, *) be a commutative hypergroup.

(i) A nontrivial measure w on K is called Haar measure if 6, xw = w for all
r e K. R
(ii) The dual space K of K is defined by

K:={aeC(K)|a#0, a(zxy ) =a(@)aly) for al z,y € K},

where Cy(K) is the class of continuous bounded functions K — C, a(y)
denotes the complex conjugate of a(y) and

alrxy )= / a(2)d(6, * 6y-)(2).
K
(111) The Foum'er tmnsforms off € LYK, ,w) and p € My(K) are given by

= [ (@) f(z)dw(z) and i) := [, adp
for a € K. If a mndom vamable X has distribution p, we will denote its
Fourier transform by F.[X] := fi.

K is endowed with the topology of uniform convergence on compact sets and
it is a locally compact Hausdorff space with respect to this topology. There is a
unique measure 7 on K such that the Fourier transform on £}(K,w) N L3(K,w)
extends uniquely to an isometric isomorphism between £2(K,w) and £2(K, 7).
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In particular, the Fourier transform is unique for bounded measures. We call 7

Plancherel measure. Notice that supp(m) is sometimes a proper subset of K. See
[10] for proofs of the facts in this paragraph.

THEOREM 4.1.2. If (K, %) is a commutative hypergroup, then
(i v)(@) = (@) (a)
for all p,v € My(K) and a € K.
PROOF. Let o € K. For pi,v € My(K)

—

<w><a>:/ a(2) d(u *v) ()

/ / / d(0g * 0,) (2)dp(z)dv (y)
= [ ate) duta) [ ) doty)

= fi(a)o(e),

which shows that the Fourier transform is multiplicative. 0
Let us consider some examples of hypergroups.

EXAMPLE 4.1.3. FEvery locally compact group (G,-) is a hypergroup where the
convolution is defined by

(15 1) //ﬂAxydu 2)du(y)

for p,v € M°(G) and any Borel set A.

EXAMPLE 4.1.4. Consider the group (Ry,-) with the canonical topology of open
sets on Ry and multiplication of real numbers as group operation. Define the

convolution x := © by
- / / 14(wy)dp()dv(y)

for p,v € My(Ry), A € B(Ry). The operation ® is called Mellin convolution (cf.
[12]). The pair (Ry,®) constitutes a commutative hypergroup with the following
(easy to check) properties:

(i) The Haar measure is given by w := %dt, where dt represents the Lebesgue
measure on Ry ;

(11) The dual space is identifiable with

Ry = {pa]a € iR},
where v : Ry — C, po(z) = 27%;
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(iti) The Fourier transforms of f € L*(Ry, 3dt) and p € My(Ry) are given by
their Mellm transforms

f[R T and f[R v dp(x
See Sectwn -for further details about Mellm tmnsforms.

We are now ready to introduce the notion of a Lévy process that is associated
with a convolution semi-group on a hypergroup.

4.2. Lévy Processes on Commutative Hypergroups

Lévy processes on commutative hypergroups constitute a large class of proces-
ses including classical Lévy processes as described for example in [32] as well as
Bessel processes.

DEFINITION 4.2.1. Let (ut)i>0 be a family of probability measures on a hyper-
group K.

(1) ()0 is called a convolution semi-group on K, if pis % iy = pisie for all
s,t >0 with puy = 6., and if uy — 6. weakly as t — 0.

(i) K-valued Markov process Y = (Yi)i>o is called a Lévy process on K asso-
ciated with (ui)i>o, if its transition probabilities satisfy

P(X; € AlXs =12) = (jy—s % 0,)(A)
forall0<s<t xz€ K and A € B(K).

By Lemma and the uniqueness of the Fourier transform, the condition
s * [y = Jsye 1S equivalent to figfi; = fisyy for all s, > 0.
In the following we use the term classical Lévy process for processes associated
with a classical convolution semi-group on R? (in the sense of [32]). By Léuvy
processes we always mean the general concept of Definition m By [30] such
processes are Feller processes and admit an equivalent cadlag version. Thus, in the
following we can assume without loss of generality that a Lévy process Y = (Y}):>0
on a hypergroup (K, ) has cadlag paths. And so it is feasible to consider Y7 for a
random time 7" as a random variable and do statistics based on observations of it.
A convolution semi-group (and the associated Lévy process) on a given hypergroup
can be characterized by its negative definite function. There are various definitions
of this concept (cf. [I11]) of which we will provide two.

DEFINITION 4.2.2. A locally bounded measurable function 1 : K — C is cal-
led strongly negative definite, if 1(1x) > 0 and if there is a p € My(K) with
exp(—ty) = i for allt > 0. We denote the class of these functions by NS)(K).

For the second definition denote the class of compactly supported measures on
K by M (K) and the class of compactly supported continuous functions on K by
C.(K).
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DEFINITION 4.2.3. Let Ty := {cb1, + g € M (K)|c € C, g € C.(K)}. A
continuous function v : K — C is called weakly negative definite, if
(i) For all jp € Ty with fi > 0 and fi(e) = 0 we have [z pdp < 0;

(11) Y(1g) > 0 and Y(&) = P(«a) hold for all a € K.
We denote the class of these functions by N};U)(IA()

By [11I] we have N ](38)([? ) C N}Z))(IA( ) but the two classes coincide if their
elements are restricted to supp(m). That is to say the following:

THEOREM 4.2.4. If (it)e>0 is a convolution semi-group on (K, ), then there
1S a unique VY € Nl(;)(f(\') with iy = e for all t > 0. Conwersely, if we have a
(UNS Ng")([?), then there is a unique convolution semi-group (ut)i>o on (K, *) with
fLe =e | - for allt > 0.

supp()

Theorem is called Schoenberg correspondence (cf. [10] and [11]). It shows
a one-to-one correspondence between negative definite functions and a convolution
semi-groups. It was first established by [38], Theorem 3.7].

supp

4.3. Noncompact Sturm-Liouville Hypergroups

In this section we consider Lévy processes that are associated with a hypergroup
structure on K = R,. All known examples of commutative hypergroups on R,
allow a representation as a so-called Sturm-Liouville hypergroup (see [10, page
201]). We will refer to Lévy processes associated to these hypergroups as Sturm-
Liouville processes. FEvery Sturm-Liouville hypergroup is characterized by a so-
called Sturm-Liouville function, that is a continuous mapping A : R, — R which
is differentiable and strictly positive on (0, c0).

For a Sturm-Liouville function A we define the Sturm-Liouville operator L on
C2((0,50)) by
Al

Lf=1Laf:=~f"~ Zf/'

Using these notations we adopt the following definition from [41]:
DEFINITION 4.3.1. Let (R, *) be a hypergroup with
supp(dy * 6y) = [|[z —yl,x +y] forz,y € R;.
It will be called Sturm-Liouville hypergroup if for every f € C*(Ry) the function
ur € C*(Ry x Ry) defined by

up(x,y) = ] fd(6, %0,) z,y€eRy
+

1s two times differentiable and satisfies the partial differential equation

Lfo(x,y) = Lyuf(x7y>7 uw<oay> =0 fOT xz,y >0,
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where the indexes refer to parital derivatives with respect to the respective indexes.

For the following suppose that A allows the representation
A/
A

for all z in a neighborhood of 0, where ay € Ry and a; : R, — R are such that

(4.3.1) (z) = % + o (@)

(SL1) one of the following statements is true:
(SL1.1) ap > 0 and a; € C*(R), where oy is an odd function (this implies
A(0) = 0);
(SL1.2) ap =0 and a; € C'(R,) (this implies A(0) > 0).
We assume further that A is such that
(SL2) there is a 8 € C'(Ry) such that 3(0) > 0, AXI — [ is nonnegative and
decreasing on (0,00), and ¢ := %B’ — %52 + %ﬁ is decreasing on (0, 00).
If 4(©2) < 1 for a measure p on a measurable space (£2,.4), then we call p
subprobability measure. The following properties of Sturm-Liouville hypergroups
are well-known, for example from [10].

THEOREM 4.3.2. Let (Ry,*(A)) be a noncompact Sturm-Liouville hypergroup.
Assume additionally and (SL2). Then
(i) The limit
1 A
pi= g Jim 2 (x)
exists and is a nonnegative real number. p is called index of (Ry,*(A));
(ii) AK, > 0 holds on (0,00);
(111) The dual space of (Ry,*(A)) consists of real-valued functions
(A € Ry U [0, p]), where p) is the unique solution of the initial value pro-
blem
Lapx= (N +p*)or, 0a(0) =1, ¢}(0) = 0;
This implies that the Fourier transform associated with (R, x(A)) is given
by

i) = [ (o) duo)
R+
for 11 € My(R,);
(iv) For all A € Ry Ui(0, p] we have ||px]|oo < 1;
(v) (Ry,*(A)) allows a Laplace representation, i.e. for all x € Ry there is a
subprobability measure T, on |[—x, x| such that for all A € C

x

ox(2) = / cos(M) dr(1).

—T

If p =0, then 7, is a probability measure.
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If a random variable X has distribution u, then we denote the Fourier transform
of X by F.[X] = .
Before we give some examples of noncompact Sturm-Liouville hypergroups, we
need to introduce some special functions.

DEFINITION 4.3.3. Let aw > 1/2. Denote by J, the Bessel function of the first
kind, defined by

B s (—1)k T\ 2k+a
Jalw) = kz:; kD(k+a+ 1) (5) , 2>0.

The modified Bessel function A, : Ry — R is defined by

2T+ )z Ja(x), forz >0
Aa(z) = 1 (= ylﬁig(1]/\a(93)), forx=0"

(4.3.2)

Both functions J, and A, are well-known in the literature. See, for example,
[1, Chapter 9] or [18] for their analytical properties.

Let us now list some examples of noncompact Sturm-Liouville hypergroups.

EXAMPLE 4.3.4. (i) Bessel-Kingman hypergroups (see [10] and [23]) with
Az) =271, 1Ry
for some a > —1/2.
For point measures 0, and 0, with x,y € Ry convolution is defined by

(0 *q 0y)(A) == \/7_;‘((0;:11)/2) /07r Ta(\/22 + 92 — 22y cos(t)) sin®*(t)dt

for A € B(Ry). For p,v € My(R+) convolution is defined by (4.1.1)).

The dual space is given by {px|A > 0}, where py(z) = Ao (Ax) for x > 0.
The Fourier transform on a Bessel-Kingman hypergroup of p € My(R,)
s given by

i) = [ Aa(adu(o)
R+
(i1) Jacobi hypergroups, where
A(z) = sinh®**™ () cosh® ™ (z)

for all x € Ry and some a > 3 > —%.
(11i) Square hypergroup, where

Az) == (14 x)?
for all x € Ry.
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(iv) Two point support hypergroups, where
A(zr) := acosh®(bx)
for all z € Ry and some a >0, b > 0.

The next Theorem is an analogue to the Lévy-Khinchin formula for classical
convolution groups.

THEOREM 4.3.5. Let (1t)i>0 a convolution semi-group on a noncompact Sturm-
Liouwville hypergroup. Then the Fourier transform of p, is given for allt > 0, u > 0

by

(133 ) = exp(~t(w)

where

@38 =0+ )+ [ (1)
R+ \{0}

with a unique constant ¢ > 0 and a Lévy measure v (i.e. v is a measure on Ry
which satisfies v({0}) = 0 and f[RJr max{1,z*}dv(z) < o). We call the couple

(c,v) the characteristic of (1t)r>0 (or of a Lévy process associated with (iit)i>o).
PROOF. By Theorem @ is the unique strongly negative definite function
associated with (u)¢>0. And by [11] ¢ allows the representation above. 0

REMARK 4.3.6. If p = 0, then we have 1(0) = 0. That is because Theorem
(z'z'z') implies ¢;, =1 (cf. [10l page 223]) and therefore,

exp(—1(0)) = fn (0) = / do(x)dpn(z) = m(Ry) = 1,

which implies the claim.

LEMMA 4.3.7. Let p=0. If [~ zdv(z) < oo, then 1 is continuously differen-
tiable and the derivative is given by

v =2 [ ) dvla)
R4\{0}

PrROOF. The claim follows from by interchanging differentiation with
integration. This interchange is valid by dominated convergence (see [14], page
148]). In order to apply that, note that the derivative gp,\ exists by Theorem
4.3.2on R;. Moreover, it follows (considering Theorem that

%(1 —@A(I))‘ = %/COS(At)de(t) = /tsin()\t)de(t) < {

—x T

2%, <1

r, x>1

for all A,z € R, , where 7, is some probability measure. This gives us an integrable
bound with respect to v. O
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4.4. Lévy Processes with Spherical Symmetry

In this section we discuss the class of multi-dimensional spherically symmetric
Lévy processes. These processes are particularly suitable to describe the movement
of particles in the experiment described in the introduction. Particles in that ex-
periment move around “freely”, that is without any preference for direction, since
there is no external force (like gravitation) driving them to one side. This property
can be made mathematically precise by the concept of spherical symmetry. Let
us first discuss the spherical symmetry of a random vector. For this we follow the
outlines in [23] and [25].

For the following definition denote by SO(d) the set of orthogonal R¥-matrices
with determinant 1 (that is the set of matrices that act as a rotation).

DEFINITION 4.4.1. Let p € MY(R?), d € N. We call ju spherically symmetric
(or say p has spherical symmetry or p is rotationally invariant), if we have

pu(A) = p(0(A))
for all A € B(RY) and O € SO(d). A random vector X = (Xi, ..., Xq) is called

spherically symmetric, if its distribution is spherically symmetric.

The distribution of a spherically symmetric vector X = (X7, ..., X) is deter-

mined by that of its length
J 1/2
x-(X)
i=1

In particular the characteristic function of X is given by
(4.4.1) FIX](t) = E[e=""7] = E[Aa (X)),

where t = (t1,...,tq) € R%, o = d/2 — 1 and A, is defined by (4.3.2). The proof
of this fact can be found in [25]. In view of Lord points out in [25] that
while investigating spherically symmetric random vectors it is often sufficient to
work with their lengths.
Let us now transfer the concept of spherical symmetry to classical Lévy processes.
We call a classical d-dimensional Lévy process Y = (Y;);>0 with the associated
convolution semi-group (i)¢>o spherically symmetric, if u; has spherical symmetry
for each ¢t > 0. By , such a process satisfies
(4.4.2)

Bl ([7][Yasd)] = FIYarel (r) = FIIFIVIE) = B (rI1Ya) Aallr] Vi)

for all s,¢ > 0, r € R? and o = d/2 — 1. Denote by |u| the image measure of y,
under the Euclidean norm (¢ > 0). Identity (4.4.2)) implies

|arel(r) = sl () el (), s, 8,7 € Ry,
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where |u|(r) = f[h A (rz)d|p|(z) is the Fourier transform of || associated
with the Bessel-Kingman hypergroup (see Example [£.3.4(1)), i.e. (Ju|)iz0 is a
convolution semi-group on the Bessel-Kingman hypergroup. Hence, the process
1Yl2 := (]|Y¢]]2)e>0 is a Lévy process on the Bessel-Kingmann hypergroup asso-
ciated with (|u])i>0. Thus, in order to perform statistical inference for classical
d-dimensional spherically symmetric Lévy processes it is sufficient to work with
their lengths. This provides us the key to solving multi-dimensional problems like
the one described in the introduction.



CHAPTER 5

Estimation for Lévy Processes on Sturm-Liouville
Hypergroups

Let (pt)i>0 be a convolution semi-group associated with a strongly negative

definite function ¢» € N ](; )([A( ) on a noncompact Sturm-Liouville hypergroup with
index p = 0. Consider the Lévy process Y = (Y} )i~0 associated with (p)¢>o in the
sense of Definition . We assume that ¢ (and consequently the distribution
of V) is known explicitly by its characterizing parameters ¢ and v (cf. Theorem
4.3.5)). Our goal is to estimate the density fr of a nonnegative stopping time
T independent of Y based on i.i.d. observations Xy, ..., X,, of Y. This can be
achieved in a similar way to the case of classical Lévy processes described in [7].

5.1. Construction of the Estimator

Our approach is based on the following basic fact which connects the Fourier
transform F, of a random variable X with its classical Laplace transform

L[X](t) :==E[e™™], teR.
LEMMA 5.1.1. Given the setting above we have
Fo[Yr](A) = LIT](v(N))
forall A € R,.

PROOF. Let T be a random variable on a probability space (£21,.4;, P;) and Y
a process on (§22, Az, P»). (cf. Remark [3.1.1). Denote by P the product measure
of P and P,. Then Theorem [4.2.4] and Fubini’s theorem imply

FVil(\) = /K or(2)dPY" (1)

_ / | / (Voo ()P (1))

Fr YT ()] (N)dPa(w2)

Qo

LTI O)

71
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for all A € Ry, where ¢, are the functions which constitute the dual space of R,
(see Theorem [4.3.2[(iii)). O

In order to construct an estimator for fr we consider the Mellin transform of
the Laplace transform M[L[T]] of T. The following lemma describes how this
object is related to the Mellin transform of 7. This relation is well-known (see,
for instance, [27], page 3]).

LEMMA 5.1.2. Let fr € M1). Then we have
MIL[T]](z) = M[T](1 = 2) - I'(2)
for all 0 < Re(z) < 1.

PROOF. Let 0 < Re(z) < 1. By fr € M(p,1) we have
E /|uz_le_“T| du| = E[|T(1_Z)_1|] / |27 e ™| do < oo,
0 0

which allows us to interchange the order of integration in (5.1.1)) by Fubini’s the-
orem. With the change of variables x := «T" in (5.1.2)) it follows that

[e.9]

MILIT)(z) = /u21 Ele 7] du

0

(5.1.1) =E /uz_le_“T du
L0
1 7 z—1
(5.1.2) —E ?/(%) e~ dx
L0

which is our claim.

Another representation of M[L[T]] is given by

THEOREM b5.1.3. Let (Y;)i>0 be a Sturm-Liouville process associated with a
strongly negative definite function v and characteristic (c,v). If floo zdv(zr) < 00
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and lim ¢ (u) = oo, then

U—00

/ SOVUF YR ) () d

for 0 <Re(z) <1

PROOF. The function v*~'£[T](u) is continuous in u on (0, c0) and v is conti-
nuously differentiable on (0, co) by Lemma . Hence, by the change of variables
u =1 (A), we have

o0

MIL[T]|(2) = / W LT () du

(5.1.3) - / SOVLLITIGA)Y () dA.

Note that ¢(co) = oo by assumption and ¢(0) = 0 by Remark [4.3.6] (So the
integration interval does not change after the change of variables.) The identity
implies the assertion considering L[T](¢)(\)) = F.[Yr](A) for all A > 0 by
Lemma [5.1.71 O

The assumption lim 1(u) = oo in Theorem [5.1.3|is satisfied if we have ¢ > 0.
U—00

Provided the requirements of Lemmas [5.1.2] and |5 1.3 are met, we have

MILITN(A —2) _ Jy v *FEVl(N$'(A) dA
I'1l—z2) I'(1—2)

for 0 < Re(z) < 1. By Mellin inversion this implies

/ Jo v)TTF [YT](AW (A) dA
T or ['(1l—~v—iv)

(5.1.4) MT)(z) =

(5.1.5) fr(x 7 do.

Using the approximation
Fr[Yr](A) = Elpa(Yr)] Z Pa(Xk)

we define for % <y<l:

AR Un [ ()70 (W)L S 0y (Xi) dA
(5.16)  ful@) = o ; T(1—~—iv)

as an estimator for the densrcy of a stopping time T" > 0 based on samples
X,y Xy of Yo (Up)nen and (A, )nen are regularizing sequences to be chosen
later such that A, U, — oo for n — oo. They (the sequences) make sure that the

77 dv
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integrals defining fn(x) converge. The real-valued functions ¢, which define the
dual space of the underlying Sturm-Liouville hypergroup are determined by the
initial value problem in Theorem [4.3.2](iii). We assume that they are either known
explicitly (like in our example in Section or can be calculated numerically.

5.2. Convergence

The goal of this section is to show consistency of estimator (5.1.6)), and to
derive its convergence rate. The main result will be presented in Theorem [5.2.6
Before we can prove that, we need a number of auxiliary results.

We begin by showing an asymptotic bound on the Fourier transform of a Sturm-
Liouville process stopped at a random time.

LEMMA 5.2.1. Let (Y3)i>0 be a Sturm-Liouville process with associated strongly
negative definite function ¢ and characteristic (c,v), ¢ > 0. If fr is essentially
bounded, then

F Y] (D S A
holds for A — oo.

PrROOF. Lemma [5.1.1{ implies

[ Yr] (V] = [L[T]( (M) =

/ e YVt fT(t)dt‘ .
0

Let B > 0 such that fr < B almost everywhere. By Lemma [5.2.2] we have
(X)) 2 A2 for A — oo. Hence, we conclude that

/ e_“’(”tdt‘ = BN <A2
0

for A — oo. O

[ F[Yrl(M)] < B

Next, we investigate the asymptotic behavior of the strongly negative definite
function of a given Sturm-Liouville process.

LEMMA 5.2.2. Let (Y;)i>0 be a Sturm-Liouville process with associated strongly
negative definite function v and characteristic (c,v). Suppose fooo 2? dv(x) < oo
and ¢ > 0. Then it follows that

(i) Y(N) = 2 and |[¢'(N)] S\ for X — oo,
(11) (X)) 2 A and |['(N)] S A for A — 0.

PROOF. Theorem (4.3.5)) yields

(5.2.1) P(A) = cA? + / (1 —r(z)) dv(z) = N2

(0,00)
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for A = oo and A — 0, because the value of the integral in ([5.2.1]) is positive.
For the derivative we use the Laplace representation (see Theorem [4.3.2(v))

(5.2.2) oa(z) = /x cos(At) dr,(t).

A

with some probability measure 7,. Lemma [4.3.7/ and (5.2.2)) imply

W= per= [ e ivte)

<o+ / / £ sin(A)| dra(8)du(z)
(0,00)

<26+ A / / 2 dr(t)dv(z)
(07w)

< 2c\ + )\/ x? dv(z).
(0,00)

Thus [¢'(A)] S A for A — oo and A — 0. O

In the next step we consider an integral similar to the inner integral in ((5.1.6)).
It will be used later to derive a bound on the variance of (5.1.6)).

LEMMA 5.2.3. Let (Y:)i>0 be a Sturm-Liouwville process with associated strongly
negative definite function 1 and characteristic (c,v). Suppose fooo r?dv(z) < 0o
and ¢ > 0. If (Ap)nen 18 a sequence with A, — oo for n — oo, then we have

An
[ o) i s 420
1
forn — oo for all v € (1/2,1).
PROOF. By Lemma [5.2.2(ii) there are C' > 0, Ay < 1 such that

[T (V)] < OX
for all A < A\g. Hence,

1 Ao 1
/0 B ()] dA = / ) )] dA + / B (V)] dA

<c / N2 A1 (1 20) sup (o))}

Ao AE[0,M\0]
C _
T AT+ A=) S OO
(5.2.3) <
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holds for some C; > 0.
By Lemma m(1) there are K > 0, A\; > 1 such that for all A > \; we have:

[T (V)] < KA.
Choose ny € N such that A,, > A, for all n > ny. Then we have

/1 O] dA = / )] dA / ")) dA

< (v —1) sup (OO +E [ A2 da

AE[1,M1] A1

1
< A?L(l—q/) . )\2(1—7)
(5.2.4) < A20-7)
for n — oo and 7y € (1/2,1). A combination of (5.2.3) and (5.2.4]) yields the
claim. ]

Next, denote the inner integral of (5.1.6)) without the ¥-sign and 1/n by

Doz X)) = / OV oA (X! (V) dA

with z=1—~v—4v and k£ = 1,...,n. In the following lemma we consider the mean
and the variance of these random variables.

LEMMA 5.2.4. If (Ap)nen is a sequence satisfying A,, — oo for n — oo, then
(i) B(®a(z, X)) = [ O F X)) dA and

(i) /Var [@,(z, X7)] < [ [ (N)[FE[g (\)]/Var[e3X] dx
for all n € N and Re(z) € (0,1).

PROOF. Let n € N and Re(z) € (0, 1).
(i) Fubini’s theorem and Lemma [5.1.1] yield

E[0,(, X1)] = E [ [ B e ax
- / [ON Elpa(X0)JY (V)

- / "ONIE XA d
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(ii) By means of Lemmas [2.1.8 and [2.1.7| we have

v/ Var [@,(z, X1)] = \/Var UO T (X () dA

An
S/0 V/ Var [ (A)]7Lox (Xi )0 (A)] dA
:/0 n|77/1()\)|Re(z)—1|¢’()\)| Var[px(X1)] dA.

Thus both claims are shown. O

For the final lemma before our main result we consider an object which is
associated with the bias of estimator (5.1.6). Denote it by

1 U [ IRV () dA

= T dy.
2 )y, (1 —~—iv) * !

I, :

The following lemma provides an upper bound on this expression.

LEMMA 5.2.5. Let (Y3)i>0 be a Sturm-Liouwville process with associated strongly
negative definite function 1 and characteristic (c,v). Suppose that [, cox*dv(x) <
oo and c > 0. Let (Up)nen and (Ap)nen be sequences with A, U, — oo forn — oo.
If fr is essentially bounded, then for all x > 0 we have

I, < :16_7U,Tl/QeU’"”rﬂA;Q7
as n — oo.
PRrooOF. Triangle inequality implies:
a0 (U [ [ITIFE YR (V][ (V)] dA 0

I, < — y
[l < 2 J_y, IT(1 —~ —iv)|

According to Lemma we have |¢(\)| 2 A% and [¢'(A\)] < A for A — oo. Thus
U [, AR Y] ()] dA

I, < x™7 - v, — 00
—Un IT(1 — v —iv)|
Un 1 0 _
5.2.5 = xV/ - dv/ AN FEAY R (A)] dA.
( ) U |F(1—’)/—Z1))| § ‘ [ T]( )‘

Lemma provides an estimate for the first integral in (5.2.5) and Lemmal[5.2.1]
for the second one. Overall,

< Y712 Unm/2 OO —2y-1 — YTV 1/2,UnT/2 A—27
I, Sa7'U) e A d\N=a2""U]"""e AT
An

is true for v € (1/2,1) and n — oo. This concludes the proof. O
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Now we have all the auxiliary results that we need in order to give some con-
vergence rates of estimator (5.1.6)). Recall the classes of functions

o,z ={r em| [ IMifl +iv)|ao < 2
and
D(3 L) = { £ €3, [+ ) IMIAIG + il do < L
for 8, L > 0 and v € R from Section and the weighted mean squared risk
MSE, () = 2 B fr(z) — fu(a) ).

If the density of the estimated stopping time is in the class C(3, L, ) for suitable
B, L,~, then we have the following convergence result.

THEOREM 5.2.6. Let (Yi)i>0 be a Sturm-Liouwville process with characteristic
(c,v). Suppose that [ oox*dv(z) < oo and ¢ > 0. Let T > 0 be a stopping
time independent of (Yi)i>0 with an essentially bounded density fr. Moreover let
fr € C(B,L,~) for some~ € (1/2,1), >0 and L > 0. If we choose

2y
An: 1/4 d Un:—,y l —
nean 2B+ 8" T 254 q

in (5.1.6), then we get the convergence rate
gL

(5.2.6) MSE, () < n~ 257 (logn)? 2=

log logn

forallz >0 and n — .

PROOF. Let x > 0. For the bias of fn we have

. Ul o T ! .
\E[f(2)] = fo(2)] = % b Jo W)(A)]F(l _Jf;[f Z] i)w R
- o [ M+ e
1| ST B A

2 —Un F(l -y — ZU)

IM[T] (v + iv)|dv

27 Jol>v)
= ()1 + (%)2
by Lemma [5.2.4] the Mellin inversion formula and (5.1.4). In Lemma we

already showed
(*)1 S $77U371/2€Unw/214;2’y
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for n — oo. And from fr € C(B, L,) we get

"L
() = e / MG + iv)]e o < T = e
{[vI>Un}

2

For the variance of estimator we conclude by means of Lemma [2.1.§ - 8| that

U D, (1 — v —iv, Xy) W
2mn Z/ (1 —~—1v) : dv]

1 Op(1— —iv, X1) .
— 3 Var {/ ( V=W 1>a: v ”’dv}
Un

Var|f,(z)] = Var

(2m)%n Tl —~ —iv) 2
<t [ P

(2m)%n ~Us, D1 = —iv)|

L, [/U J/Var [<1>n(1—7—w,X1)]dvr

Lemmas [5.2.4{ and [2.4.4) imply (Note that /Var[ps(X;)] < 1 because ||@xlloo = 1)

Varlfu(a)] < 2 ( AOREONGERI LY )

(2m)2n \ J_y, (1 — v — )]

N 2
x=2

IN

An
(CU3‘1/26U"“/2 AR dA)

m3n

As a consequence of Lemma it follows that
A 1
(5.2.7) 2 Var(f,(z)] < — (Ug_l/QeU””/QAi(l_V))z , M — 00.
n
Combining estimates for the terms (x);, (*)2 and 7) yields

VMSE, (2) = /a2 Var[f,(2)] + (27 (BLfu(x)] — fr(z)))?

< a2 Varlfu(@)] + (0 (91 + (92)°

<xu/Var[fn( )]+ 27((%)1 + (%)2)

U 1/2 Un7r/2A2(1 v) +e ﬂUn_'_Uy 1/2 Un7r/2A 27

N \/_ n

By choosing
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we get
MSE, (z) < Uy~ 1/2eUnm/2 ( A0 A;27> 4 ¢ FUn
\/_
/2
< (o)™ (wis= ogm) 752 ) " (30073 1 b)
- -8
+ (nw%(log n)éﬁil>

= n2617r %7%(10g n) 21B~$3772T+’y 2 —+ niﬁ(log n)ﬁggi;lf

S n7T (log n) 55,
which is the claimed order of convergence. 0

REMARK 5.2.7. By letting v — 1 in (5.2.6) we obtain the convergence rate

B B . G :
n~ 26+ log26+7 n. This is the same rate (up to a logarithmic factor) we derived
for Bessel processes in Theorem[3.7.(i). In Chapter[6| we show that this rate is
optimal for Bessel processes. Since the class of Sturm-Liouville processes contains

B
Bessel processes (see Section , it follows that n~25+= is the optimal rate here
as well.

Next, let the density of the estimated stopping time be in the class D(3, L, )
for suitable 3, L,v. Then the following convergence result holds.

THEOREM 5.2.8. Let (Yi)i>0 be a Sturm-Liouwville process with characteristic
(c,v). Suppose that [ oox*dv(z) < oo and ¢ > 0. Let T > 0 be a stopping
time independent of (Y:)i>0 with an essentially bounded density fr. Moreover let
fr € D(B, L,~) for some~y € (1/2,1), B> 0 and L > 0. If we choose

2 2y —1
A, =n'* and U, 7 1og M—W log logn
T
in ((5.1.6)), then we get the convergence rate
(5.2.8) MSE, (z) < (logn)™”

forallz >0 and n — oo.

ProOF. Let z > 0. This proof is analogue to the one of Theorem |5.2.6| save
for the estimation of the term (x),. Here, from fr € D(5, L,~) it follows that

7L
om(1+US)

x)y < L v BIEAY
e < 5 om /{M} IMIT)(y + )| (1 + [o])do
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For the error term in question this leads to

MSE, (z) < 27 Var[f,(z)] + 27((%)1 + (%)2)
1

S Ug_1/26U7L7r/2 (_

Ai(l—v) + A;QW) + Un—ﬁ
n

The choices

A, =n'* and U, = %logn — 26—{—$10glogn
yield
MSE, (z) < (logn)?~1/2 (n%(log n)lzizvyr/2 n=2 + (logn) ™
< (logn) ™,
which is the claimed order of convergence in this case. O

Again, we were able to recover the rate (logn)~” that we also had for Bessel
processes in an analogous setting (see Theorem [3.7.3|(ii)). Whether this rate is
optimal for D(3, L,~) remains an open question due to reasons described in the
end of Chapter [6]

5.3. Application to a Bessel Process

As a comparison to Section |3.9| consider again a Gamma(2, 1) distributed stop-
ping time 7', i.e. T" has the density

fx) =ze® x>0.

As mentioned in [10], [23] and [18], every Bessel process with dimension d has a
representation as a Lévy process on a Bessel-Kingman hypergroup (R4, *,) with
index & = d/2 — 1 > —1/2 (cf. Example [4.3.4(i)). To be more precise consider the
Rayleigh convolution semi-group (fu)i>0 on a Bessel-Kingman hypergroup defined
by p; = P for all t > 0, where p, are given for all b > 0 by their Lebesgue

densities
2b2a+2x2a+2 b2

fo(z) = F(Q—‘H)e_ !

for all x € Ry..

A Lévy process on (R, *,) associated with ()¢ is equivalent to a Bessel process
of dimension d := 2a+2 as introduced in Section[3.7) (see [18] page 52] for a proof).
The Fourier transform on a Bessel-Kingman hypergroup of a probability measure
1 is given by

AN = / Ao (A2)dpi(x).

R+
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It is easy to see (using the definition of J,) that the modified Bessel function A,
introduced in Definition [4.3.3| allows the series representation

[e.9]

DT (41 ok
(5.3.1) Au(z) = % 22(%!3(&: . +)1)x 2>

Moreover, by [39, page 48] we also have the representation

(5.32) Aa(z) = 2”“*”) [ eostan =21 dy, 2o

nl(a+1/2
The associated strongly negative definite function ¢ allows the representation
P(A) = cA? +/ (1 —Ao(\2))dv(x), A >0
R

with ¢ > 0 and a Lévy measure v.
Taking ¢ = 1/2, v = 0 yields the strongly negative definite function corresponding
to a Bessel process of dimension d = 2a + 2 (cf. [18] page 58]). Applying these
facts to our estimator ([5.1.6) gives

A, 2\ —Y—Ww
1 /Un L (E) T 2 ax
2y, (11—~ —iv)

with ¢,(A) := 2370 Aa(AX}) and v € (1/2,1) as an estimator for the density of

a stopping time T' > 0 based on samples X1, ..., X,, of BESy. In order to compute
the inner integral numerically we use

x 77" dv,

(5.3.3) ful()

LEMMA 5.3.1. In the setting above we have for v € (0,1) the decomposition
(5.3.4)

An 22 —y—iv Ay A2 —y—iv ,
/0 (7) A (N) d)\:/O (5> AMn(N) — ™A /2) d)

+m] D1 =y — iv) 4+ O(m) e A2,

1 noy2
where my, = 5.5+ Y rey Xi. Moreover,

B[YY]
3. El]————— =2
holds almost surely for n — oo and
(5.3.6) Dn(N) — e N2 = O(XY)

for A = 0.
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Proor. We have

An 22 —y—iw ) ) o0 .
/ (—) e A2 g\ = )T (1 — 4 — dv) — / AT e AN
0 2 A2/2

=m) T (1 — y —iv) + O(m) texp — A2 /2),

which implies (5.3.4). Convergence in ({5.3.5)) follows from the law of large numbers

and Lemma The asymptotic relation ([5.3.6)) is a consequence of ([5.3.1]) and
the exponential series. O]

The asymptotic relation guarantees that the integrand on the right-
hand side of has no singularity in 0 (unlike the left-hand side). This lack
of singularities makes the whole computation much more stable. A similar decom-
position is used in [7] to compute estimates in the case of a classical Lévy process.

In order to compare the performance of this estimator to the one discussed in
section we choose v = 0.7 and o = 3/2 (which is equivalent to d = 5). Note

that
3sin(z) — 3z cos(z)

Agpo() = p

for x € R;.
Choose A, = n'/* in accordance with Theorem We employ the adaptive
procedure described in Section to find a suitable choice for the cut off para-
meter U,, that is to say we calculate estimators fr(ll), e f7(140) from using the
decomposition and replacing U,, with U! = 0.1 x [ for [ = 1,...,40 and
determine [* = argmin;d(/) with
o 90
d(l) = / [ (@) = £ (@) de = ) 1FD(0.1 4 0.014) — £P(0.1+ 0.014)].
0

i=0
fT(Ll*) is our estimator of fr. We then calculate f,Sl*) one hundred times based on
different samples of size n = 1000 each. Left-hand side of Figure [5| shows the
Gamma(2,1) density and its 100 estimators. Right-hand side of Figure [5 depicts
the box-plot of the loss

sup {| /") () — fr(2)[} = sup {17 (@) = fr(@)]}.

zEeR 2€{0.1,0.11,...,9.99,10}

Note that estimation near 0 is difficult for the same reasons that we mentioned
at the end of Section [3.91

We can now compare the performance of this estimation procedure with the one
based on self-similarity (see Section . When we consider Figure 4| (top right)
and the associated Figure [f it is difficult to see a difference. A comparison of
the box plots of the loss (Figure 3| (right) and Figure [5)) reveals that estimation
based on self-similarity performs better: We have a greater median loss of circa
0.14 from the hypergroup approach against 0.11 from the self-similarity approach
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FIGURE 5. Left: Estimated Gamma density (red) and 100 independent copies
of f,(f*) (grey) for the sample size n = 1000. Right: box plot of the loss

sup,ep, {|fi ) (x) = fr(@)}

with a wider range (loss of up to circa 0.49 against 0.28). This difference can (at
least in part) be explained by the numerical difficulties discussed in this section
and does not devalue the general ideas of Section [5.1



CHAPTER 6
Optimality

So far we only established upper bounds on the risk y/MSE,(z) defined by
(3.3.3). The question arises whether theses bounds can be improved. To answer
this we introduce the notion of optimal rate of convergence roughly following the
outline of [37, Chapter 2]. Application of this theory to our setting reveals that
the upper bounds provided above are optimal in the sense described below. A
similar optimality result was obtained in [6] for the case where a one-dimensional
Brownian motion is observed. We will build on their work to obtain analogous
results for observation types considered in this thesis.

6.1. Minimax Risk

Let © be a non-parametric class of functions containing the function f we wish
to estimate. In this thesis © = C(8,L,7) or © = D(B,L,7) (see Section [3.4).
Consider the distance

(6.1.1) d(f,g) = d.(f,g) :==27|f(z) — g(x)|

for f,g € © and some fixed =,y > 0. The performance of an estimator fn of f is
measured by the maximum risk of this estimator on ©:

r(fn) = sup E[d?(f,, )] = sup MSE, .
JiSS) feo

In Sections and we established upper bounds on ( fn), that is, inequalities
of the form

sup E[d*(f,, f)] < C42
feoe

for different estimators fn, some positive sequences 1, with ¢, — 0 for n — oo
and some constants C' < co. The aim of this section is to complement these upper
bounds by the corresponding lower bounds

sup E[d*(fa, f)] > et
feoe

(for sufficiently large n) for all estimators f, (that is, all measurable functions of
our observations X7, ..., X,,) and some positive constant c¢. To this end, it is useful
to define the minimax risk associated with the distance d:

Ry, := inf sup E[d*(f,., f)],
fn f€EO

85
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where the infimum is over all estimators. The upper bounds established in Sections
and imply that there exists a constant C' < oo such that

(6.1.2) limsup ¢, *R: < C

n—oo

for a sequence 1, with v, — 0 as n — oco. The corresponding lower bounds claim
that there exists a constant ¢ > 0 such that

(6.1.3) liminf ¢, *R} > ¢

n—oo

holds for the same sequence (1,,)nen-

DEFINITION 6.1.1. A positive sequence (y,)nen is called an optimal rate of

convergence of estimators on (©,d) if (6.1.2) and (6.1.3) hold. An estimator f}
satisfying

sup B|d*(f, )] < C'¢y,

feo

where (y)nen 8 the optimal rate of convergence and C' < oo is a constant, is
called a rate optimal estimator on (©,d).

Optimal rates of convergence are defined within a multiplicative constant. In
fact, if ¢, is an optimal rate of convergence, then any sequence 1!, satisfying

0 < lim inf(i,/1) < lim sup(i6n /1) < 00

n—0o0

is also called an optimal rate of convergence.

6.2. Reduction to two Hypotheses

The following argument is useful in obtaining lower bounds on R} . By Markov
inequality,

Bl 2 (fu, ) = Bl ful) = f(2)]7]
> 2 P(|fu(x) = F(@)] = )
for all x > 0. Since 2% > 0 for all 2,7 > 0 and since the optimal rate v, is
unique up to a multiplicative constant, instead of searching for a lower bound

on the minimax risk R}, it is sufficient to find a lower bound on the minimax
probabilities of the form

infsup P(| f(x) = f(2)] > etbn)
fn f€O
for some € > 0.
To find a lower bound on the minimax probabilities note that

(62.1) infsup P(|fu(x) = f(z)| > evpp) > inf max  P(|fulx) = f(x)| > ctby)
fn f€® fn f€{fn0:fn1}

holds for any f,,0, fn1 € ©, n € N, ¢ > 0. Later we will choose f,o and f,; in an
appropriate way and call them hypotheses. We call a test any measurable function
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U (X, .., X,)(92) = {0,1}, where X7, ..., X,, are the observations in the model.
Suppose that f,, o and f,; can be chosen such that for some x,e > 0

(6.2.2) |fro(@) = fun(@)| = 269,
for all n large enough. By the triangle inequality,

(6.2.3) [ fuk(®) = Fog ()] < |Fu@) = fn(@)] + [ falx) = foj(2)]
for j,k = 0,1 and any estimator f,. Using and then (6.2.3) we obtain
P(|fo(x) = fuj(@)] > €)= P2|fal@) = faj(x)] > min |fo () = faj(2)])
> P(|fu() = fus(@)] > mwin | fu(@) = fui()])
= Plarg min | fu(2) = fop(@)| # 5)
for j = 0,1. In other words
(6.2.4) P(|fu(x) = fas(@)] = etb) = P(¥* # ), j=0,1,

where U* = arg ]f%nl | fo(@) = frr(z)| is the minimum distance test. Tt follows from

6.2.1) and (6.2.4]) that if we can construct hypotheses f,o and f,1 satisfying
6.2.2), then

inf sup P(1u(2) = £(2)] = =) 2 inf _max  P(fu(@) = F(2)] = 20) 2 pe
fn f€O fn fE€{fn0:fn,1}

where
Pe 1= 1r$fjni%7>1<P(\If #7)

and infy denotes the infimum over all tests in a model with n observation. For
the sake of brevity we omit that p. depends on n. The quantity p. is called the
minimaz probability of error for the problem of testing two hypotheses f, o and
fn,1. Summing up this section we just proved the following theorem.

THEOREM 6.2.1. Let © be a parameter class of real valued functions, x > 0

and d, as in (6.1.1). Let fn be an estimator for f € © satisfying (6.1.2) for some
sequence (Yn)new- If there are two hypotheses fno, fu1 € © such that for some

e > 0 we have

(625> dm(fn,())fn,l) Z 2€¢n
for all n large enough and if
(6.2.6) P>

holds for some ¢ > 0 independent of n, then (Vn)nen is the optimal rate of con-
vergence for (©,d,).

Tsybakov provides various lower bounds for p. in [37] that can be used to show
(6.2.6)). The following is of interest to us.
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THEOREM 6.2.2. Let © be a parameter class andn € N. Let g, ; be the common
density of n observations associated with parameter f,; € ©, j =0,1. If

(6.2.7) X (Gn 1, Gno) = / (qn’l(xcj)n;(i?()(x))?dx =

for some a < 0o (independent of n), then

0> max{exp(—oz) 1-— \/a/Q}

4 7 2
for all n large enough. (Recall that p. depends on n.)
PROOF. See [37, Theorem 2.2(iii)]. O

In our model of a stopped process Y (see Section we consider a class of
densities of stopping times as ©. For two stopping times Ty and T} the densities
qno and g, ; from Theorem correspond to the distributions of (X7},..., X})
and (X2, ..., X2) respectively, where X7 ~ Y| (j=0,1, i=1,...,n). We already
mentioned at the end of Subsection that we can only show optimality if the
sign of our observations is unknown. This is, of course, not an issue for Bessel and
squared Bessel processes which are nonnegative.

X2(+, ) is called x*-divergence. If p is the density of a product measure P = )", P;
with marginal densities p; and if ¢ is the density of a product measure @ = Q);-_, Q;
with marginal densities ¢;, then
X00) =[O+ (i, @) — 1
i=1
(cf. [37, page 86]). Since we have i.i.d. observations in our models, in order to
check it is sufficient to show

(6.2.8) (1+X*(Prm,Pon))" —1 < a

for some av < oo (independent of n), where p;,, is the density of one of n observa-
tions of |Y7,| (j = 0,1).

6.3. Optimality for the Class C

In order to show that the rates obtained in Theorems [3.7.3(i), [3.10.2{(i) and
3.10.4(i) are optimal in the minimax sense we need to construct hypotheses f, g
and f,1 as in Theorem m For this purpose we can follow the construction in
[7], where optimality is shown for the model, where the absolute value of a one-
dimensional Brownian motion is observed.

Define for v > 1 and M > 0 two auxiliary functions

q(z) =

vsin(n/v) 1
m L+’
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and

1 eflogQ(m)/Q SIH(MIOg(ZL‘))j T 2 0.

The following lemma provides some properties of the functions g and py,.

LEMMA 6.3.1. The function q is a probability density on Ry with the Mellin
transform
sin(m/v)

(6.3.1) Mlg)(z) =

= Sn(re/0)’ 0 < Re(z) <.

The Mellin transform of the function pyr is given by

e(z—1+iM)2/2 _ e(z—l—iM)2/2
(6.3.2) Mpum](2) = 5 , z€C.
ProOOF. The formula for M[q|(z) can be found in [27]. Representation (6.3.2))
follows by the change of variables y = log(x) and completing the square. See also
[7, Lemma 6.2] for more details. O

Set now for any M > 0 and some § > 0,

(6.3.3) for() :=q(2),  fim(@) = q(z) +0(g © par)(2),

for z > 0, where ¢® pj stands for the Mellin convolution of ¢ and py; (see (2.2.1)).
If we choose M appropriately depending on n (see below), then fo as and fi s are
the two hypotheses which we need in order do apply Theorem [6.2.1} The following
lemma will help us verify condition ([6.2.5)).

LEMMA 6.3.2. For any M > 0 and some 6 > 0 not depending on M the
function fia is a probability density satisfying

sup | for (&) = fran(@)| 2 exp(=Mr/v), M = .

x>0

Moreover, foam and fiar are in C(B,L,v) for all0 < f < w/v and v > 0 with L
depending on .

PROOF. See [7, Lemma 6.3]. O

Looking further towards applying Theorem let us consider the densities
pamo and pyy of an observation associated with the hypotheses foa and fi s,
respectively. This step is somewhat different from [7], because we consider a
different model. At this point we have to differentiate between the models we
discussed so far.
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6.3.1. Observation of a Bessel Process. In this subsection we prove that
the rate n7% from Theorem 3.7.3((1) is optimal for (C(S, L,7),d,) in the sense of
Definition for all g € (0,7), v > 0 with L depending on . By Remark
this implies that the rate in Theorem [5.2.6i) is also optimal.

Let Ty ar and T3 s be two random variables with respective densities fo 2 and fi ps
given by . The density of the random variable BEST, ,,, 7 = 0,1 is obtained
via Lemma from the density of BES; (given in Lemma [3.7.2(1)). We have

21-% a1 [T a2
, — - —d/2,-5% . >1,9=0,1.
ponle) = e [N fua @ > 0.4 10 =0,

For the Mellin transform of p; y; we use self-similarity of BES and [3.7.2(iv) to get

Mpiml(s) = MIBES|(s) M[Ti m]((s +1)/2)

(6.3.4) - vt (”‘;_ 1) 2F Mfil (s + 1)/2), i=0,1

for Re(s) > 1 —d and Re(s) € (—1,2v + 1).

LEMMA 6.3.3. The x*-distance between the densities po s and py ar fulfills
X (L o) S MrHd—2o—Mm(1+2/v)

for M — oo and all d > 1, v > 1.

PROOF. This proof is similar to the one of [7, Lemma 6.4], where the special
case d = 1 is treated.

Step 1. We show
(6.3.5) pom(x) 2 LA N

ford>1, v>1.

To this end define ¢, 4 := % Vsmf:r/ Y) and perform the change of variables y = 1/

in the second equality sign of the following calculation and z = y”‘; in the sixth to
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obtain
po,m () = CydId_l//\_d/Qe_;Ci = d\
) ) 1+ )\V
0
= ¢y q1” 1/?/d/2 vz ! Y
y*(l+y)
0
i 2 I/+d/272
— d—1 —yTy d
CudT /e o Y
0
= cpar®! /e Y yrtd/a2 ( v ) dy
) yl/ + 1
0
= ¢y gz (/ s y 24y — R
0
Cu’dl,dfl (2u+d/21x2ud/ezzu+d/22dz - R
0
(6.3.6) = cpa (D(v +dj2 — 1)27T9/2 172041 _ gd71R)

ford > 1, v > 1 with

% (2 y2vtd/2=2
R = /ey2 —dy.
y+1
0

Now we investigate the asymptotic behavior of R. It is easy to see with elementary

calculus that %—- 7 = 1 for all y > 0, v > 1. Thus,
7 v—1/2
yr+1
0

22
< /e—yzyu+d/2—3/2dy
0

= HPT(y 4 d)2 — 1/2)x 2L

This means R = O(z~2~9) for + — oo. Together with (6.3.6) this implies
©33).
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Step 2. We show

[e.e]
2d+a—3

(6.3.7) / o (prau () = po (x))Pda S M2 e M)
0

for M — o0 all d,v > 1, a € {0,2v — 1}.
Due to Theorems [2.2.4]1), [2.2.4ii), (6.3.4)) and (6.3.3) we have

Mpi v — pol(s) = ! )F<8+d_1> 25 M M fim = fom]((s+1)/2)

T (d/2 2
639) ~ () 2 Mi e s /2

for Re(s) € (0,2v + 1). Choose
f(@) =2 (pru(x) —ponr(x)) and  g(x) := prar(x) — po ()
in Theorem - 9, then apply Theorem 4(iv) and - to get

/ (o (z) — pros(2))’da

0
Y4400

" 2mi / Mp1,v — pom)(2)Mp1ae — poul(1 +a — 2)dz
(6.3.9) _ % 7Z:OF (z+c21— 1) Mg © o] (2;1)

T <$) Ml © pu (MT—Z> i

for v € (0,1) in the case a = 0 and for v € (1,2v) in the case a = 2v — 1, where
M(q ® pr] = Mg M]pu]. Due to (6.3.2), we can estimate

w2 p(v + M) + p(v = M)
2

(6.3.10) IMpm](u+iv)| <e 2

U2
with p(v) = e~ 2. Due to (6.3.1) and the simple inequality
|sin(z + iy)| 7t < 2e7 W
for x > 7/6, y € R we have

(6.3.11) IMlq](u + iv)| = |Sln(JTjj;1£W—iV23T|U/V)| < ce~ /Y
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for all v € R and some constant ¢ depending on u and . Next use Lemma in
- to estimate the gamma terms, then plug in and m to obtaln

/OOO " (p1,m () — PO,M(@)de

d — 14 1414

2 2
{lv|=2}

d—n—i 2
XF(a—ir 27 w)/\/l[q@pM](a 7—; zv)

v+ 14w
2

dU+SO

< oo/

~Y

Mg © pu] (

{lv[>2}
a—y+2—1w
2

x [o] 5 el

M[q@pM]< )‘dv+50

< o] 5" e lelm 2ol v (o= (0/20M)2/2 | o= (0/2-M)2/2)2gy, 4 G

{lv[=2}
< |2M|2d+a 3 _|2M|x/2—|2M|x /v 1S,

(6.3.12) < M*ET M2/ 4 g

for M — oo with

d — 1+ 141
So = / ‘F( +72 +W)M[q®pM] <w>

{lvl<2}

y F(a+d—27—w) Mg © pul <a—vz2—w)‘ i

Sp turns out to be asymptotically negligible. To see this note that the gamma

terms are maximal in v = 0. Hence, (6.3.10) and (6.3.11]) imply

2
141 N2
SOS/‘M[QQPM] (M) Mg ® pu] (a 7; w)’ dv
-2

2

2
/(e—(v/2+M)2/2 + e—(v/2—M)2/2>2 dv
-2

4(67(1+M)2/2 +ef(717M)2/2>2

N

IN

a2
€M

N
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for M — oo. Thus, (6.3.12)) implies (6.3.7)).

Step 3. Now we show the claim. By (/6.3.5) there is zy > 0 such that
Po,M(iL’) Z C$72u+1

holds for all x > z and some C' > 0. Since py () > ¢ on [0, xo] for some ¢ > 0,
we can estimate

XQ(pl,M,po,M) = /OOO (Para(2) _pM’O(x))de

PM,O(JF)
< / (par1 () — parola))2dz + C / 2 (para () — paro(2))?de

o oo

< / (par1 () — pasola))2dz + C / 2 (para (2) — paro())Pda.

0
Finally, (6.3.7) implies

X2 (prar,posr) S M

252 o~ Mr(142/v) 4 prtd=2,~Mr(142/v) ,

where Mv+d=2¢=Mr(1+2/v) ig the dominating term for A/ — oco. This completes the
proof. O

Let us now discuss why the rate n7% from Theorem 3.7.3(1) is optimal for the
class C(8, L,v). Lemma[6.3.3 shows that

(L4 (01, pon)) =1 S (L4 M2 MTURAINM 1 < (14 M HY —1 < o
for M — oo, alld > 1, v > 1 and some a < co. So, we have ((6.2.8) and Theorem

implies p. > e */4 > 0. Hence, condition (6.2.6)) from Theorem is

satisfied. Choose

=—1 .
Tt 27 o8
In order to check ([6.2.5)), apply Lemma to get

de(far0s farn) = | faro(w) — fara(z)]
2 exp(—Mm/v)

— exp (—2 i - 10g(n)>

/v

— n_ 27 /v

for some z > 0 and all v > 1. Now set § = /v for v > 1. Theorem implies

that n~ 7% is the optimal rate for C(3, L,v) for all g € (0,7), v > 0 with L
depending on 7.
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6.3.2. Observation of a Self-Similar Gaussian_Process. In this sub-

section we prove that the rate n=#s from Theorem [3.10.2(i) is optimal for
(C(B,7,L),d,) in the sense of Definition for all 8 € (0,7), v > 0 with L
depending on 7. Our strategy here is the same as in Subsection [6.3.1 In fact,
there we considered an arbitrary dimension d > 1 and H = 1/2. Here we consider
a scaling parameter H € (0,2) and d = 1.
Let Ty ar and T4 ps be two random variables with densities fy as and fi s given by
respectively. Let (Y;);>0 be as in Subsection , that is a R-valued self-
similar process with scaling factor H € (0,2), cadlag paths and standard normally
distributed at time 1. Hence, the marginal densities of (|Y;|):>o are given by

2 22
e 22H x> 0.
tH\/27 ’

By Lemma , the density of |Y7, [, i = 0,1 is then given by

fi(x) =

pim(x He 2A2HfM( )dA, = >0,H¢€(0,2),i=0,1.
\/27r/

For the Mellin transform of p; » we get

Mpim](s) = M[Y1|[(s)M[T; m](Hs — H + 1)
s/2 s
(6.3.13) :\2/% <§>M[fz wl(Hs —H+1), i=0,1

for Re(s) > 0 and Re(s) € (£4, £tv).

LEMMA 6.3.4. The x*-distance between the densities poyr and py v fulfills

X (P pon) S M 57 e~ Mn(1/(2H)+2/v)

for M — oo and all H € (0,2), v > 1.

PROOF. This proof is again similar to the one of [7, Lemma 6.4], where the
special case H = 1/2 is treated.

Step 1. We show

1—-v—H

(6.3.14) pom(z) 2 H | x— 00.

To this end we perform the change of variables y = A2 in the second equality

sign of the following calculation and 2z = y% in the sixth to obtain



96 6. OPTIMALITY

2 wvsin(n/v) r

22 1
_ A Hemmm )
pon(a) = =222 / T
0

_ 1 wvsin(n/v) /y_;Hle_yz; 1 _ay
H\27m m J 14y 2m

_ 1 vsin(mw/v) y”Eﬁf}*yg i 1 y
H+ 27 T y2a 4 1

1 wvsin(n/v)

:H\/QTI' T

1 wvsin(n/v)

:H\/27r ™

0
o0
1 VSiH’/T 14 v+H—1 —20—2H+2 v+H—1
(/)22Hx 2H z 20 e “dz— R

T HY2r o«

0

(Y gt ),

R::/ yyfglfle*yé :,,yﬁ dy.
y2a + 1

1 wsin(n/v)

H+\/2m T

(6.3.15) =

where

We need to show that R tends to zero faster than 7 for  — oo. Elemen-
tary calculus shows that yﬂ; }i <1lforally>0,H e (0,2), v>1. Hence,

v o1
viH-1 2H H
y 2H e y2 -

Re e
<) s

dy

U2H e yzdy

2H
7 72), & — oo. Together with (6.3.15) this implies

2V+3H IF <I/—{—3H— 1) x—u—leﬂ‘

This means R = O(z"
(6.3.14).
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Step 2. We show

oo

(6.3.16) / 2 (prar(@) — por(z))2dz < MF e Mr/@M+2/0)
0

for M — oo and all v > 1, H € (0,2), aG{O vl 1}
Due to Theorem [2.2.41), (2.2.4))(ii), (6.3.13) and we have

s/2
Mipiar = posrl(s) = =T (3) Mlfiar — foarl (Hs — H +1)

Vor \2
s/2 s
(6.3.17) — ‘ijﬂr (§> Mg ® pal(Hs — H + 1)
for Re(s) € (0,00) N (£, 222

Now choose f(z) := z*(p1.m(z) — pom(x)) and g(x) := p1a(x) — porr(x) in The-
orem [2.2.9) then apply Theorem [2.2.4iv) and (6.3.17) to get

/x pont (2) = pras ()2
0

y+io00
- / Miprat = poar)(DMlpras = poal(1 — = + a)d:
y—ico
52 1 y+ioo
z
(6.3.18) (27r)22' / r (5) Mg ® pa (Hz — H+1)
Y—1%00

1 —
xF(%) Mlg® pu](1+ Ha— Hz)dz

for v € (0,a+ 1) N (Z=, vy 0 (A= 1illa)  where

Mlq © pul = MlgIM|pa].
It is straightforward to check that a suitable v can be found for all parameters as in

(6.3.16)). This is, where we require the constraint H < 2. Otherwise we would get a
problem in the case a = 0, where we require Z=1 < =, which is only true for H < 2.

Next, use Lemma [2.4.3in (6.3.18)) to estimate the gamma terms, then plug in
(6.3.10) and (6.3.11)) to obtain
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/0 T e (i (@) — post(2)d

< / ‘r (%—i—gi)M[q@PM](H’y—H—l—l—Hvi)

{lvl=2}

1—
y F<++a_gi)M[q@pM](Hﬂa—Hv—Hm') dv + Sp

S / o 7 e Mg © par] (1 + iH)|
{lv[>2}
x o] T e M Mg © py] (1 + Ha — H — iHv)| dv + S
5 ‘UlL;{le—\v\ﬂ/2—2H|v|Tr/V(e—(Hv+M)2/2 + e—(Hv—M)2/2)2d,U + S,
{lv[>2}
< |M/H|GT_16—MW/(2H)—2MW/V + 5,
(6.3.19) < M7 e Mr/@H2/Y) 4 g

for M — oo, where

S = / ‘F(Z—FE')M[(]@PM](HW—H—i—l—Hvi)

1—
X F<ﬂ—gi)M[QQ/)M]<1+HCL—H’7—HUZ') dv.

Sp is asymptotically negligible. To see this note that the gamma terms are maximal

in v = 0. Hence, due to (6.3.10) and (6.3.11]),

2
SOS/M/([q@pM] (Hy—H+1—- Hvi) M[q® py| (1 + Ha — Hy — Hvi)| dv
29

2
< /(e(Hv+M)2/2 _i_ef(vaM)Q/z)z dv

—2
< 4(6—(2H+M)2/2 +e—(—2H—M)2/2)2

—M?2
<e

for M — oco. Thus, (6.3.19) implies (6.3.16|).
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Step 3. Now we show the claim. By (6.3.14]) there is 2y > 0 such that

1-v—H

pom(z) > Car

for all z > xy and some C' > 0. Since pg ar(z) > ¢ on [0, zo] for some ¢ > 0,

X2(p1,M7p0,M) _ /Ooo (pMJ(g;)M_O(pA)LO(x)de

<o /<pM,1<> paro(@))?ds + C / (o (@) — paro(@))da
0

o0

<o / (a12(2) = paro(@))’da + C

0

Finally, (6.3.16)) implies

v+H-—1

xr H (val(x)—pM,o(m))de.

0\8

X2(p1 My Por) S M12g=Mn(1/2H)+2/v) M%ewa(l/(2H)+2/u)’

where M 57 e~ Mm(1/2H)+2/v) g the dominating term for M — oo. This com-
pletes the proof. ([l

Hp
Let us now discuss why the rate n— =415 from Theorem 3.10.2((1) is optimal for

the class C(3,, L). Lemma shows that

(L 1o o) =1 S (L4 M3 e MTVEMRINM 1 < (14 )Y —1 < a

for M — oo, alld > 1, H € (0,2) and some o < 00. So, we have ([6.2.8) and
Theorem implies p, > e~*/4 > 0. Hence, condition (6.2.6) from Theorem
[6.2.1] is satisfied. Choose

1 .
T2 1 2 e
In order to check ([6.2.5) apply Lemma to get

do(far0, frrn) = [ faro(®) — fara(z)]
2 exp(—Mm/v)
1

=P (‘u<1/<2H> F30) log“”)

_ _2H7/v
—n wt4Hm/v
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for some > 0 and all v > 1. Now set § = «/v (v > 1). Theorem [6.2.]]

implies that niﬁ is the optimal rate for C(f3,, L) up to a logarithmic factor for
all 8 € (0,7), v > 0 with L depending on .

6.3.3. Observation of a Squared Bessel Process. In this subsection we

prove that the rate n” 7% from Theorem 3.10.4{(i) is optimal for (C(8,~, L), d,)
in the sense of Definition for all 3 € (0,7), v > 0 with L depending on 7.
Our strategy here is the same as in Subsections [6.3.1] and |6.3.2]

Let Tp ps and T4 5y be two random variables with densities fo ps and fi s given by
(6.3-3) respectively. Let (Y;);>0 be as in Subsection [3.10.2] that is a R -valued self-
similar process with scaling factor H € (0, 2), cadlag paths and Gamma-distributed
with shape parameter 0 > max{0,1 — 1/H} and rate parameter r = 1 at time 1.
Hence, the marginal densities of (Y;);>¢ are given by

1

fi(x) = T (o)

By Lemma [3.1.3 the density of Y7, ,,, 7 = 0,1 is then given by

piv () = mx”—l/o A Mo (NdA, a2, Hoo > 0,i=0,1.

For the Mellin transform of p; ,; we get

Mpil(s) = MV |(s)M[T; p|(Hs — H + 1)

(6.3.20) = WM[]%,M](HS ~H+1), i=0,1

)
for Re(s) > 1 — o and Re(s) € (£, L=,

LEMMA 6.3.5. The x*-distance between the densities poar and py ar fulfills
_ v+H—-1 _ . »
X2(p1,MapO,M) S Mo o M (/42 )
Jor M — oo and all H € (0,2) with H < = and v > 1.
Proor. Step 1. We show

(6.3.21) por(w) = a1 oo,

To this end define ¢, g, = ﬁ%ﬂ/y) and perform the change of variables

y = A" in the second equality sign of the following calculation and z = yx in
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the sixth to obtain

=z _

pov () = cypex” / N Hogmxm d\
0

1+

— Cv,Ho o-1 - oc—1-1/H —yx 1 d
N T /0 Y e —1+y_”/H Y

1
—=d
v/H

_ C]/,H,U' o—1 * 07171/H+V/H —Yyx 1_ y d
—H T /0 Yy e —yu/H 1 Y

_ C[/,H7O'xa'—1 </°O yg_1_1/H+u/He—ywdy _ R)
0

c o0

_ YwHo o-1 o—1-1/H+v/H —yx

= ——2 Y e
H 0

H
= C'j’ﬂx(’_l (z_"+1/H_”/H /OO Lo 1=1/H+v/H ~z 4, R)

H 0
(6.3.22) = CV}?U (F (0 —1/H +v/H) PV H-v/H=1 _ xo’—lR) ’
where

o0 v/H
R = 0—1—1/H+1//H€—yg: Y du.
/0 ! ym 1

We need to show that 27 'R tends faster to zero than xY2—v/H-1 for + — 0.

Elementary calculus shows that % <1lforally >0, H € (0,2), v > 1.
Thus,
0o v/H-2/H
R— o-14+1/H+v/H —ye¥Y " 4
/ Y yi 1Y

VAN

0

/ y0—1+1/H+1//H€—y:cdy
0
=TI'(0+1/H+v/H)z o VH-v/H

This means 2°~ 'R = O(z~YH=v/H=1) 5 — co. Together with (6.3.22)) this implies

(6.3.21).
Step 2. We show

(6.3.23) / 2% (pr () —po,M(:E))zdx < Nf2ota—2,~Mn(1/H+2/v)
0

for M - ocoand all v > 1, H € (0,2), 0 > max{0,1 —1/H} and a € {0,—1/H +
v/H+1}.
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Due to Theorem [2.2.4{1), (2.2.4))(ii), (6.3.20)) and (6.3.3)) we have

Mipsas = poarls) = S MU = foad (s~ H 41
(6.3.24) = %M[q ©pum)(Hs — H +1)
for Re(s) € (1 —o,00) N (E, ”*H )
Choose f(x) := z*(p1m(z) — pom(x)) and g(x) := p1y(x) — poar(z) in Theorem
- 9 then apply Theorem u ) and m to get
| () = prat) P
y+ioco
= 2%” o Mpiar = pom)(z)Mp1y — pou(1 — 2 + a)dz
52 Y4100
(6.3.25) :W/y_m (240 —1)Mlg© pul (Hz — H+1)

xI'la+o—2)MlgOpu]|(1+Ha— Hz)dz

for v € (1 — 0,a+ o) N (ZA2, A=) o (Lllazy Hatl) T4 g straightforward to
show that a suitable v exists, provided H < 2 and H < ﬁ If we have o > %,
then H < ﬁ is obsolete.

Next, use Lemma [2.4.3] in (6.3.25) to estimate the gamma terms, then plug in

(6.3.10) and (6.3.11)) to obtain
| @ i) = posrla) s
0

< / T'(y+o—1+iv)M[g® py| (Hy — H + 1+ Hui)
{lv>2}
xI'(a+o0—v—w)MqO pym] (Ha — Hy+ 1 — Hvi)| dv + Sy

< / o[22 Mg © pug) (Hy — H + 1+ Hoi)
(o2}

X |v|“+C’_7_1/2€_|”|7r/2 Mg ® py) (Ha — Hy + 1 — Hoi)|dv + Sy

< |U|20+a—2€—|v|7r—2H|'u|7r/1/(e—(HU+M)2/2 +€_(HU_M)2/2>2d’U+ SO

{lv|=2}
5 ’M/H’20+a7267M7r/H72M7r/u + SO

(6326) S M20'+a—26—M7r(1/H+2/V) +SO
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for M — oo, where

So == / I'(y+o—1+iv) M[g©® py| (Hy — H + 1+ Hui)
{lvl<2}
xT'(a+o—~y—iw)M[qO py] (Ha— Hy+ 1 — Huvi)| dv.

Sp turns out to be asymptotically negligible. To see this note that the gamma

terms are maximal in v = 0. Hence, due to (6.3.10) and (6.3.11]),

SO§/|M[q®pM] (Hy—H + 1+ Hvi) M[q ® py| (Ha — Hy + 1 — Hoi)| dv

2
< /(e—(HU+M)2/2+e—(Hv—M)2/2)2 dv

-2
< 4(6—(2H+M)2/2 +6—(—2H—M)2/2)2

S e
for M — oo. Thus, (6.3.12)) implies (6.3.7)).
Step 3. Now we show the claim. By (|6.3.21f there is x¢ > 0 such that

1-v—H

poy(z) > CaH

for all z > x¢ and some C' > 0. Since pg ar(z) > ¢ on [0, x¢] for some ¢ > 0,

2

X2(p1,M7p0,M) _ /OOO (pM,l(Q;L_OéQJ\;,O(‘T)) dr

Zo

SC/(le( ) — oz d$+0/$y+g 1 (para(z) — pM,o(ﬁ))zdx

v+H-—1

/ pria () = paro(@)?dz + C | 275 (para () — paro())?de.
0

0\8

Finally, (6.3.23]) implies
X (p1M7pOM) < M2a 2 —MTr(l/H+2/y)+M20. 2+u+H 1€_M7T(1/H+2/V)’
v+H-—1
H

where M?27—2+ e~ Mm(1/H+2/v) ig the dominating term for M — oo. This com-
pletes the proof. O
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Let us now discuss why the rate n— #7775 from Theorem 3.10.4(i) is optimal
for the class C(,7, L). Lemma [6.3.4] shows that

_ v+H-1 _ . v
(1 +X2(p1,M7pO,M))M -1 5 (1 +M20 2+ 57 e Mn(1/H+2/ ))M -1
S(A+MHM -1
<«

for M — oo, all d > 1, H € (0,2) and some o < 00. So, we have ([6.2.8) and
Theorem implies p. > e~ */4 > 0. Hence, condition (6.2.6) from Theorem
[6.2.1 is satisfied. Choose

M = T 2) log(n).

In order to check (6.2.5) apply Lemma to get
do(frr0, fra1) = [faro(2) = farn(@)]
> exp(—Mr /)

— oxp (—m log(n))

7/nu

— niﬂ'/H+2Tr/u

for some z > 0 and all v > 1. Now set § = w/v (v > 1). Theorem implies

that n~ FH¥ is the optimal rate for C(5,~, L) up to a logarithmic factor for all
g€ (0,m), v> 0 with L depending on ~.

6.4. Optimality for the Class D

It remains an open question whether the rate (logn)~? appearing in Theorems
13.7.3|(ii), [3.10.2((ii), [3.10.4(ii) and is optimal for the class D(3, L,~). In order
to prove optimality in the same fashion as we did for C(8, L,~) we would need
to find hypotheses g, ¢ and g, 1 in D(5, L,~y) satisfying the conditions of Theorem
6.2.1] For the case of an observed Bessel processes with dimension d = 1 the
authors of [7] suggest the following construct which, even after a thorough con-
templation, we find incomprehensible:

Define for any v > 1 and M > 0,

g(z) =20 (v)] " x {

log" *(1/x), 0<z2<1
r2log" M(z), = >1
e 1w sin(M log(x))
. _logz(m) sin og(x
pu(t) = o xlog(x)
Set now for any M > 0 and some o > 0,

qom(x) = q(z), qu(z) = (1 —0Cu)q(x)+0(q® par)(z),

x> 0.

Y
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where ¢ ® pys is defined by (2.2.1)) and

1 M e
= — e 2 dx.
G \ 27 /M

M and v are later chosen depending on n and ( respectively. For instance, the
following (see [7, Lemma 6.6]) is claimed using these definitions:

LEMMA 6.4.1. For any M > 0 and some § > 0 not depending on M, the
function q ar is a probability density satisfying
(6.4.1) sup g (z)—qra ()| = | cos(mv/2)|M " +O(M™"), M — oo,

z€(l-p,1+0)

where o > 0 is a fized number.

In fact,

g0, (%) — @ (@) = | = 0Cuq(x) + (g © par) ()]
and (¢ ® par)(x) is shown in [7, Proof of Lemma 6.6] to behave like the right hand
side of . But clearly, we have
Cpq(z) > C >0
for some C' > 0, all M > 0 and all = # 1. Thus, is unclear.

The search for other hypotheses and a proof of optimality for D(, L, y) should
be the focus of a further investigation.






APPENDIX

R Source Code

Below we implement the adaptive estimators presented in Sections [3.9) and
using the freeware R version 3.4.2 (2017-09-28). We need the packages “pracma’”,
“sfsmisc” and “SuppDists”.

Estimator for Bessel Processes Based on Self-Similarity

(With Oracle Cut-Off Parameter, See Section |3.9))

sup.dist <- function(xl, x2) {max(abs(x1-x2))}
11.dist<- function(f1,f2){sum(abs(f1-£f2))/0.1}

d <- 5

gamma <- 0.7

h_n <- seq(0.1,4,0.1)

n <- 1000

minloss2<- matrix(10,nrow=100,ncol=4)

arg<- seq(-4,4,0.001)

schaetervonxh<-matrix(0,nrow = 100,ncol = length(h_n))

#Simulate Observations

BeobT <- rgamma(n,shape=2, scale = 1) #Here T Gamma distributed
BeobBES1 <- sqrt(rchisq(n,d))

BeobX<- sqrt(BeobT)*BeobBES1

integrand <- function(v){sum(BeobX” (2*(gamma+lixv-1)))
/gammaz (gamma+d/2-1+1i*v) /2" (gamma+1i*v) }

integrand<-Vectorize(integrand)

integrand.werte<- integrand(arg)

schaetzerspec <- function(x,h){

integrandl <-{Re(integrand.werte*x” (-gamma-li*arg) )}

ans<-gamma(d/2)/(pi*n)* integrate.xy(arg,integrandl,-h,h)

return(ans)

}

#schaetzerspec(x,h) returns the estimated density with cut-off
parameter h in x.

107
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Estimator for Bessel Processes Based on Self-Similarity

(With Adaptive Cut-Off Parameter, See Section

sup.dist <- function(xl, x2) {max(abs(x1-x2))}
11.dist<- function(f1l,f2){sum(abs(f1-£f2))/0.1}
n<-1000

d <- 5

gamma <- 0.7

h_n <- seq(0.1,4,0.1)

minloss2<- matrix(10,nrow=100,ncol=4)

loss2<-rep(10, (length(h_n)-1))

arg<- seq(-4,4,0.001) #arguments for the integrand
schaetervonxh<-matrix(0,nrow = 100,ncol = length(h_n))

#Simulate observations of T
BeobT <- rexp(n,1) #Here T exponentially distributed

#Simulate observations of BES_1 and BES_T
BeobBES1 <- sqrt(rchisq(n,d))
BeobX<- sqrt(BeobT)*BeobBES1

integrand <- function(v) {sum(BeobX" (2x(gamma+lixv-1)))
/gammaz (gamma+d/2-1+1i*v) /2" (gamma+1i*v) }

integrand<-Vectorize (integrand)

integrand.werte<- integrand(arg)

schaetzerspec <- function(x,h){

integrandl <-{Re(integrand.werte*x” (-gamma-li*arg) )3}

ans<-gamma(d/2)/(pi*n)* integrate.xy(arg,integrandl,-h,h)

return(ans)

}

chippy<-Vectorize(schaetzerspec)

for (j in 1:length(h_n)) {

schaetervonxh[, j1<- chippy(0.1%(1:100),h_n[j])

}

for (j in 1:(length(h_n)-1)) {

loss2[jl<- 11.dist(schaetervonxh[, j+1],schaetervonxhl[,j] )

}

#schaetervonxh[,which.min(loss2)] returns the estimated density
evaluated in 0.1%(1:100)
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Estimator for Bessel Processes Based on Hypergroup Theory

(with Adaptive Cut-Off Parameter, See Section

Lambda <- function(x){

return((3*sin(x) - 3*x*cos(x))/x"3)

}

Lambda<-Vectorize(Lambda,vectorize.args = "x")

11.dist<- function(f1l,f2){integrate.xy(x,abs(f1-£f2),0.1,10)}

alpha <- 3/2
gamma <- 0.7
n <- 1000

x<- 0.1%(1:100)

A n <- n"(1/4)

U_n <- seq(0.1,4,0.1)
loss2vonU<-rep(10,length(U_n)-1)
schaetzervonxU<-matrix(0,nrow=100,ncol=length(U_n))
arg<- seq(-4,4,0.01)

for (k in 1:100) {

#Simulate observations of T

BeobT <- rgamma(n,shape=2, scale = 1) #Here T Gamma distributed
BeobBES1 <- sqrt(rchisq(n,d))

BeobX<- sqrt(BeobT)*BeobBES1

m_n<- sum(BeobX"2)/n/(1+alpha)/2 #approximately-equal 2d

inneresintegral <- function(v){

integrandlire <-
function(lambda){Re ((lambda~2/2) "~ (-gamma-1i*v)*lambda*(1/n* sum(
Lambda(lambda*BeobX) ) -exp(-m_n*(lambda~2/2)) ))}

integrandire <- Vectorize( integrandlre,vectorize.args = "lambda")

integrandlim <-
function(lambda){Im((lambda~2/2) "~ (-gamma-1i*v)*lambda*(1/n* sum(
Lambda(lambda*BeobX) ) -exp(-m_n*(lambda~2/2)) ))}

integrandlim <- Vectorize( integrandlim,vectorize.args = "lambda")

ans<-(integrate(integrandire,0,A_n)$value
+lixintegrate(integrandlim,0,A_n)$value +
gammaz (1-gamma-1i*v)*m_n" (gamma-1+1i*v))/gammaz (1-gamma-1i*v)

return(ans)

}

inneresintegral<-Vectorize(inneresintegral) #ingegrand from -4 to 4
outerint.werte<- inneresintegral(arg)
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schaetzerallg <- function(s,U){

integrandre<-Re (outerint.werte*s” (-gamma-1i*arg))
ans<-1/(2*pi)* (integrate.xy(arg,integrandre,-U,U))
return(ans)

}

#schaetzerallg(s,U) returns the estimated density in s for a given
cut-off parameter U
chippy<-Vectorize(schaetzerallg,vectorize.args = "s")

for (j in 1:length(U_n)) {
schaetzervonxU[, j1<- chippy(x,U_n[j])

}
for (1 in 1:(length(U_n)-1)) {
loss2vonU[1]<- 11.dist(schaetzervonxU[,1+1],schaetzervonxU[,1])

3

#schaetzervonxU[,which.min(loss2vonU)] returns the estimated density
evaluated in 0.1%(1:100)




List of Symbols

involution in a hypergroup
complex conjugate

equality in law for random variables; equality of all finite-
dimensional distributions for processes

asymptotically less/greater/equivalent (see Section [2.3)

characteristic function of the set A, i.e. 14(x) := {1’ ved
0, ¢ A

Borel o-algebra on R

Borel o-algebra on the locally compact space K

space of continuous bounded functions f: K — C

space of continuous functions f : K — C with compact sup-
port

space of k-times continuously differentiable functions f: K — C
(ke N)

point measure in x

neutral element of a hypergroup

= [ f(u)e™¥du classical Fourier transform of a function f
:= E[e'*] classical Fourier transform of a random variable X
hypergroup Fourier transform of a measure p

hypergroup Fourier transform of a random variable X
locally compact Hausdorff space

dual space of a commutative hypergroup K, see Definition

417
independently identically distributed

:= E[eX] the Laplace transform of a random variable X.

space of functions f : K — C with finite p-norm with respect
to w

= {X|X is a complex random variable with E[|X[}] < oo}

(see Section

space of probability measures on K
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space of bounded regular Borel measures on K
space of functions with well defined Mellin transform (cf. De-

finition [2.2.1])

:= [ f(z)z* 'dx Mellin transform of a function f
0

:= E[X*"!] Mellin transform of a random variable X

set of natural numbers

=NU{0}

Normal distribution with mean p € R and variance o2 > 0
Haar measure

Plancherel measure

= [0, 00), set of nonnegative real numbers

classes of negative definite functions on K, see Definitions

4.2.2) and 4.2.3]

support of a measure
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