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Abstract: This study examines a nonparametric inference on a stationary
Lévy-driven Ornstein-Uhlenbeck (OU) process X = (X¢)¢>0 with a com-
pound Poisson subordinator. We propose a new spectral estimator for the
Lévy measure of the Lévy-driven OU process X under macroscopic observa-
tions. We also derive, for the estimator, multivariate central limit theorems
over a finite number of design points, and high-dimensional central limit
theorems in the case wherein the number of design points increases with an
increase in the sample size. Built on these asymptotic results, we develop
methods to construct confidence bands for the Lévy measure and propose
a practical method for bandwidth selection.
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1. Introduction

Given a positive number A and an increasing Lévy process J = (J;)¢>o without
drift component, an Ornstein-Uhlenbeck (OU) process X = (X;);>0 driven by
J is defined by a solution to the following stochastic differential equation (SDE)

dX, = —\X,dt + dJy, t > 0. (1.1)
We refer to [70] and [8] as standard references on Lévy processes. In this study,

we consider a nonparametric inference on the Lévy measure v of the back-driving
Lévy process J in (1.1) from discrete observations of X. The Lévy measure v is
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defined as a Borel measure on [0, 00) such that

/00(1 A 2?)v(dr) < oo.
0

We assume that X is stationary. If f( log xv(dx) < oo, then the unique sta-

2,00)
tionary solution of (1.1) exists (see Theorem 17.5 and Corollary 17.9 in [70]), and

the stationary distribution 7 of X is self-decomposable with the characteristic

function
o(t) = /Reimw(d:r) = exp </Ooo(eim - 1)@d$>, (1.2)

X

where k(z) = v((,00))1[0,00)-
This study focuses on the case wherein the Lévy process J in (1.1) is a
compound Poisson process. In other words, J is of the form

Ny
Jo=>_Uj, t>0,
j=1

where N = (N;);>0 is a Poisson process with intensity o > 0 and {U;};>1 is a
sequence of independent and identically distributed (i.i.d.) positive-valued ran-
dom variables with common distribution F'. In this case, J; has a characteristic
function of the form

o0, (1) = B[] = exp (ta /O (e 1)F(dx))

and the Lévy measure is given by v(dz) = oF (dz). We also work with the macro-
scopic observation set up, that is, we have discrete observations Xa, Xoa, ...,
Xna at frequency 1/A > 0 with A = A, — oo and A, /n — 0 as n — oco. This
is a technical condition to make the dependence among observations { X;a}7_;
asymptotically negligible.

This study aims to develop a nonparametric inference on the Lévy measure
of a Lévy-driven OU process. Therefore, we first propose a spectral (or Fourier-
based) estimator for the k-function and derive a multivariate central limit theo-
rem for the estimator over finite design points. As an extension of the result, we
also derive high-dimensional central limit theorems for the estimator in the case
wherein design points over a compact interval included in (0, c0) increases as the
sample size n goes to infinity. Second, built on those limit theorems, we develop
methods for implementing confidence bands for the k-function. Similar methods
to construct “asymptotic” uniform confidence bands are also proposed in [44].
Since confidence bands provide a simple graphical description of the accuracy
of a nonparametric curve estimator, quantifying uncertainties of the estimator
simultaneously over design points, they are practically important in statistical
analysis. Third, we propose a practical method for bandwidth selection inspired
by the idea developed by [9] on bandwidth selection in density deconvolution.
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To the best of our knowledge, this is the first paper to establish limit theorems
for nonparametric estimators for the Lévy measure of compound Poisson-driven
OU processes.

Lévy-driven OU processes are widely used in modeling phenomena where
random events occur at random discrete times. For example, refer to [1], [54],
and [67] for applications of these processes to insurance, dam theory, and rain-
fall models. Several authors investigate the parametric inference on Lévy-driven
OU processes driven by subordinators. We refer to [45], [61], and [56] under the
high-frequency set up (i.e., A = A,, — 0 and nA,, — o0 as n — 00) and [10] un-
der the low-frequency set up (i.e., A > 0 is fixed and n — o0). There are several
studies on parametric and nonparametric estimations and inferences on Lévy
processes. We refer to recent contributions by [77], [52, 53], and [11] on paramet-
ric inference on Lévy processes. We also find an overview of recent developments
on the parametric inference on Lévy processes in [62]. Some authors have studied
statistical inference on Lévy process under macroscopic observations. [29] inves-
tigates statistical inference on a compound Poisson process under three kinds of
time scales—high-frequency, low-frequency, and macroscopic. [31] studies statis-
tical inference on compound Poisson processes under macroscopic observations.
[32] is another recent study on nonparametric estimation on compound Pois-
son processes under macroscopic observations. [22] discusses the robustness of
spectral estimation of Lévy measures of compound Poisson processes to A,
and it includes the consistency of the estimator under the macroscopic set up.
Concerning recent contributions to nonparametric inference on Lévy measures
(or densities) under the high-frequency set up, we refer to [36, 38, 39], [76],
[55], [66], and [50]. Recent studies on nonparametric estimation of Lévy densi-
ties under the high-frequency scale are [71], [33], [23, 24, 25], [37], [40, 41], [64],
[49], [3, 4], [30], [48], [5], and [6]. Concerning literature on the low-frequency
set up, we refer to [65] for inference on Lévy measures, and [68], [14], and [21]
for nonparametric inference on compound Poisson processes. Further, [15] and
[75] investigate nonparametric estimation of a class of Lévy processes under the
low-frequency set up. [7] studies nonparametric estimation of Lévy measures of
the moving average Lévy processes under low-frequency observations. [13], [12],
and [43] study nonparametic inference on Lévy measures of Itd semimartingales
with Lévy jumps under high-frequency observations. [47] and [46] investigate
nonparametric estimation of the Lévy-driven OU processes. [47] derive consis-
tency of their estimator for a class of Lévy-driven OU processes, which include
compound Poisson-driven OU processes. [46] establish consistency of their es-
timator of the Lévy density of (1.1) with compound Poisson subordinator in
uniform norm at a polynomial rate. However, they do not derive limit distribu-
tions of their estimators.

The analysis of the present study is related to deconvolution problems for
mixing sequence. [57, 58, 59] investigate the probability density deconvolution
problems for a-mixing sequences and derive convergence rates and asymptotic
distributions of deconvolution estimators. Since the Lévy-driven OU process
(1.1) is B-mixing under some conditions (see [60] for details), our analysis can
be interpreted as a deconvolution problem for a S-mixing sequence. However,
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we need a non-trivial analysis since we are considering additional structures
emerging from the properties of the compound Poisson-driven OU process. To
be more precise, [59] assumes that, for a mixing sequence {X;};>0, the joint
densities p(z1,z;4+1) of X, and )Zjﬂ are uniformly bounded for any 7 > 1 and
z1,Zj4+1 € R to show the asymptotic independence of their estimators at dif-
ferent design points. Although we also observe a -mixing sequence {X;a} (see
Remark 3.1 for details on the S-mixing property of {X;a}), we cannot assume
such a condition directly in this study’s context. Indeed, since the transition
probability P;(x,dy) of X has a point mass at y = ez, P(x,-) does not
have a transition density function ([78], Corollary 2). Therefore, to avoid such
a problem, we consider the macroscopic regimes in this study.

The estimation problem of Lévy measures is generally ill-posed in the sense of
inverse problems, and the ill-posedness is induced by a decay of the characteris-
tic function of a Lévy process. We refer to [64] as the seminal work in which such
an explanation is given for the first time. In our case, the ill-posedness is induced
by the decay of the characteristic function of the stationary distribution 7 of
the Lévy-driven OU (1.1). In this sense, the problem in this study is a (nonlin-
ear) inverse problem. [73] investigates conditions wherein a self-decomposable
distribution is nearly ordinary smooth, that is, the characteristic function of
the self-decomposable distribution decays polynomially at infinity up to a log-
arithmic factor. [74] applies those results to the nonparametric calibration of
self-decomposable Lévy option pricing models. Refining the result for a special
case in [73], we will show that the characteristic function of a self-decomposable
distribution is regularly varying at infinity with some index o > 0. This enables
us to derive asymptotic distributions of the spectral estimator proposed in this
study.

Our analysis is also related to [51] and [50]. [51] is a recent contribution to the
literature on the construction of uniform confidence bands in probability density
deconvolution problems for i.i.d. observations. The study formulates methods
for constructing uniform confidence bands built on applications of intermediate
Gaussian approximation theorems developed in [17, 18, 19, 20] and provides mul-
tiplier bootstrap methods for implementing uniform confidence bands. [50] also
develops confidence bands for Lévy densities based on intermediate Gaussian
and multiplier bootstrap approximation theorems. However, we adopt different
methods for the construction of confidence bands. We derive high-dimensional
central limit theorems based on intermediate Gaussian approximation for f-
mixing process. Additionally, we can show that the variance-covariance matrix
of the Gaussian random vector appearing in multivariate and high-dimensional
central limit theorems is the identity matrix. Therefore, we do not need boot-
strap methods to compute critical values of confidence bands.

The rest of the paper is organized as follows. In Section 2, we define a spectral
estimator for the k-function. We give a multivariate central limit theorem of the
spectral estimator in Section 3. In Section 4, we describe high-dimensional cen-
tral limit theorems for the estimator and procedures for implementing confidence
bands. In Section 5, we propose a practical method for bandwidth selection and
report simulation results to study the finite sample performance of the spec-
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tral estimator. Discussions on our results and proposed confidence bands are
presented in Section 6. All proofs are collated in Appendices A and B.

1.1. Notation

For any non-empty set T and any (complex-valued) function f on 7', let || f|lr =
sup,er | f()], and, for T = R, let ||f|lLr = (fg |f(z)Pdz)'/? for p > 0. For
any positive sequence a,,b,, we write a, < b, if there is a constant C' > 0
independent of n such that a,, < Cb, for all n, a,, ~ b, if a, < b, and b, < ay,
and a, < by, if a,/b, — 0 as n — co. For a,b € R, let a V b = max(a,b). For
a € R and b > 0, we use the shorthand notation [a £ b] = [a — b,a + b]. The
transpose of a vector x is denoted by 2 7. We use the notation 4 as convergence

in the distribution. For random variables X and Y, we write X Ly if they have
the same distribution. N (u, 3) denotes a (multivariate) normal distribution with
a mean u and a variance(-covariance matrix) .

2. Estimation of the k-function

In this section, we introduce a spectral estimator for the Lévy measure (k-
function) of the Lévy-driven OU process (1.1). First, we consider a symmetrized
version of the k-function, that is,

k() ifxz>0,
hylw) = {k(—x) if © <0,

A simple calculation yields

ﬁ — exp (/_Om(em - 1)“;”6) dm).

Therefore, we have

Let

-~ 1 iuX; PN i = uX
P(u) = — Ze Xin G (u) = - ZX;'AG Xia1{| X a] < 6}
j=1 j=1
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Here, 0,, is a sequence of constants such that 6,, — oo as n — oo (in the rest of
this study, we set 6, ~ n'/2(logn)~3). Let W : R — R be an integrable (kernel)
function such that fR W (z)dx = 1, and its Fourier transform ¢y is supported
in [-1,1] (i-e., ow (u) = 0 for all |u| > 1). Then, the spectral estimator for k at
x > 0 is defined by

N 10
i) = o7 [ S e emat,

where h = h,, is a sequence of positive constants (bandwidths) such that h,, — 0
as n — oo, and

w@=7;y%®=a%w%@+%£§ﬂw

In the following sections, we develop central limit theorems for k.

Remark 2.1. We need the truncation in @gn to show Lemma A.2 in Appendix A
by applying an exponential inequality for bounded mixing sequences. Addition-
ally, refer to Remark 3.2 and the proof of Proposition 9.4 in [2].

Remark 2.2. For a complex value a, let @ be the complex conjugate of a. We
observe that ky is real-valued. In fact, since @;(t) = —@}(—t) and @4 (t) = @4(—1),
by a change of variables, we have

TN _ L eitasﬁi _ __7’ eitw @é(_t) o _ T

Additionally, refer to Section 6 for detailed comments on the construction of the
estimator k3 and an alternative estimator.

3. Multivariate central limit theorem

In this section, we present a multivariate central limit theorem for Eﬁ-
Assumption 3.1. We assume the following conditions.

(i) [;°(LV |z[*T)k(z)dz < oo for some € > 0.
(i) k(0) = v((0,00)) = @ and 2 < a < 0.
(iii) Letr > 1/2, and let p be the integer such that p < r < p+1. The function

ky is p-times differentiable, and kép) is (r — p)-Holder continuous, that is,

|k (z) — kg (y)]
sup = < o0.
z,yER,z £y |z —y|"=P

(iv) loe(w)] S (1+ [u)™ and |0} (w)| V [e{(@)] S (1 + |ul) 72, where or(=
@' /(ip)) is the Fourier transform of k.
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(v) Let W : R — R be an integrable function such that

JeW(z)de =1, [ |z[PHH W (z)|dz < oo,

Jr EW (x)dx =0, £=1,...,p,

ew (u) =0, V|u| > 1,

pw 1is three-times continuously differentiable,

where oy is the Fourier transform of W.

(UZ) A= A > mlogn, n/A—>oo, and

((log n)5)1/(2+2a6)

n

1/(142r+2a—05)
< hk ( )
nlogn

for some positive constant Cy and 6 € (0,1/12) as n — oo. Here, By is
a positive constant. It appears in the mizing coefficient of X = (X¢)i>o0
(Conditions (i) and (i) imply that X is exponentially S-mizing with (-
mizing coefficient Bx (t) = O(e P1t) for some By > 0. Refer to the follow-
ing remark).

Remark 3.1. Conditions (i) and (ii) imply that the stationary distribution 7
has a bounded continuous density (we also denote the density by ) such that
7|z $ 1 and [;|z|r(dz) < oo (see Lemma A.1). In this case, the stationary
Lévy-driven OU process defined by (1.1) is exponentially S-mixing (Theorem
4.3 in [60]), that is, the S-mixing coefficients for the stationary continuous-time

Markov process X

/||Pt 7(-)|lrvm(de), t >0

(this representation follows from Proposition 1 in [26]) satisfy Sx (t) = O(e="1t)
for some 1 > 0. Here, P;(x,-) is the transition probability of the Lévy-driven
OU (1.1), and || - ||7v is the total variation norm.

Condition (iii) is concerned with the smoothness of k4, and this condition
is used to obtain a suitable bound of the deterministic bias of the estimator
|[ks * (R~ W (-/R))] — ky||r. See Section 6 for details.

Condition (iv) is satisfied if k is two-times continuously differentiable on
(0,00) and [ {|k(z)| + |2k’ ()| + |#*k" (x)|}dz < oo. Indeed, by Condition (i),
we have |p®) (u)| < 1 for p = 0,1,2. Additionally, by integration-by-parts and
the Riemann-Lebesgue theorem, we also have that

1 [e )

outal = [ etorta| =[50 - Z [ eweran <
/ 1 zuz / 1! ]'
ekl = | Ser() + o [ ) + ok (0] o,

" 2 1 > ux / 2.1 1
Pl < Slonw] + 2 | [7 e e ) + 220w §

as |u| — oo.
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Condition (v) is concerned with the kernel function W. We assume that
W is a (p + 1)-th order kernel. However, we allow for the possibility that
fR 2PTIW (z)dx = 0. It must be noted that since the Fourier transform of W has
compact support, the support of the kernel function W is necessarily unbounded
(see Theorem 4.1 in [72]).

Condition (vi) is concerned with the sampling frequency, bandwidth, and the
sample size. The condition A = logn implies that we work with macroscopic
observation scheme; this is a technical condition for the inference on k. We
assume this condition to guarantee that the dependence among { X;a }}_; can be
ignored asymptotically. We note that, to estimate k uniformly on an interval I C
(0,00), we do not need the condition and we can work with the low-frequency
set up (i.e., A > 0 is fixed). From a practical viewpoint, our methods could
be applied to low-frequency data; additionally, it would work effectively if we
suitably rescale the time scale of the data and if the sample size n is sufficiently
large. In our simulation study, we consider the case when (n, A) = (500, 1), and
our method functions effectively in this case. We also need Condition (vi) to
derive the lower bound of h for the uniform consistency of Eu(x) for x = wxy,
j=1,...,NwithO0O <z <--- <zy < oco. We need the upper bound of h for
the undersmoothing condition. Refer to Remark 3.4 of this study for comments
on the condition on h.

To state a multivariate central limit theorem for Eﬁ, we introduce the notion
of regularly varying functions.

Definition 3.1 (Regularly varying function). A measurable function
Up : [0,00) — [0,00) is regularly varying at oo with index p (written as
Uy € RV,) if for > 0,

im Uo(t:E) o

We say that a function U is slowly varying if Uy € RV). We refer to [69] for
details of regularly varying functions. The following lemma plays an important
role in the proof of Theorem 3.1.

Lemma 3.1. Assume Condition (i) in Assumption 3.1. There exists a function
L: (1,00) — [0,00), which slowly varies at 0o, and a constant B > 0 such that

el g
[t|—oo  L(]t])
Remark 3.2. In Assumption 3.1, Condition (ii) is concerned with the smooth-
ness of the stationary distribution 7 of the Lévy-driven OU process. Condition
(i) implies that the stationary distribution 7 is nearly ordinary smooth, that is,
the characteristic function (1.2) decays polynomially fast as |u| — oo (Lemma
3.1), up to a slowly varying function. Since k(x) = v((x, o)), the finiteness of
k(0) is equivalent to the finiteness of the total mass of the Lévy measure of the
Lévy process J. This means that the Lévy process J has finite activity, that is,
it has only finitely many jumps in any bounded time interval. It is known that
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a Lévy process with a finite Lévy measure is a compound Poisson process. If
k(0) = oo, then the Lévy process J has infinite activity, that is, it has infinitely
many jumps in any bounded time interval. In this case, the characteristic func-
tion (1.2) decays faster than polynomials. Particularly, it decays exponentially
fast as |u| — oo if the Blumenthal-Getoor index of J is positive, that is, if

ppc = inf {p>0:/ |z[Pv(dx) <oo} > 0.
lz]<1

For example, this case includes inverse Gaussian, tempered stable, and normal
inverse Gaussian processes. Condition (ii) rules out these examples since we
could not construct confidence bands based on Gaussian approximation under
our observation scheme (see the comments after Assumption 10 in [51]). [51]
develops some methods to construct uniform confidence bands for the density
deconvolution problem by using the intermediate Gaussian approximation. In
their study, when the density of a measurement error is super smooth (this case
corresponds to the case in our framework wherein the BG-index is positive),
they assume that the effect of the estimation of the characteristic function of
the measurement error based on m = m,, auxiliary independent observations
is asymptotically negligible, that is, m, /n — oo as n — co. However, we can
use n observations to estimate ¢ (this function corresponds to the characteristic
function of a measurement error in deconvolution problems). Hence, in our situ-
ation, m = n. In this case, we can apply the results of the intermediate Gaussian
approximation in [16] to the case wherein the density of a measurement error
is ordinary smooth (or BG-index is 0). However, to the best of our knowledge,
such a result has not been achieved in the literature on deconvolution problems
when the density of a measurement error is super smooth (or BG-index is posi-
tive). Therefore, we assume nearly ordinary smoothness of 7 in our situation to
obtain practical asymptotic theorems for the inference on k.

Remark 3.3. Lemma 3.1 implies that |¢(u)| is a regularly varying function at
oo with index a. A slowly varying function L(u) may go to co as u — oo but it
does not grow faster than any power function, that is,
L
lim ﬂ =0

u—oo ud

for any ¢ > 0. In fact, if £(0) = a > 0, from Proposition 1 in [73], we have
(L+[ul)™ <l < (1 + ful) o+

for any § > 0. Such a tail behavior of ¢ is related to Condition (vi) in Assumption
3.1. If the stationary distribution 7 is ordinary smooth, that is, ¢ satisfies the
relation

(4 Ju)™ Sle(w)] < (4 fu)™

for some o > 0, then we can set § = 0 in Condition (vi). However, we must
introduce 6 > 0 to consider the effect of the slowly varying function L.
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Remark 3.4. Asshown in (A.7) and the comments below, if we do not assume
the condition

i

1/(142r4+2a—4)
1
nlogn

we have

ma [Ry(w2) — ky(e)| = Op(nh?*+175) /2 /logm) + O(h") as m — oo
where the second term of the right-hand side comes from the deterministic bias.
For central limit theorems to hold and for constructing the confidence bands,
we have to choose a bandwidth to ensure that the bias term is asymptotically
negligible relative to the first term or “variance” term. The right-hand side is
optimized if we take h ~ (logn/n)t/(1+2r+2a=0)

Under Assumption 3.1, we can show that Eﬁ(:c) — ky(z) has the following
asymptotically linear representation:

Eﬁ(m‘) - k’ﬁ(.’ﬂ) = ;—;/}Re_im (W) ww(th>dﬁ

+ op((nh?*t1 =% 1ogn)~1/?), (3.1)

where ¢p (t) = E[@) (t)]. By a change of variables, we may rewrite the first
term in (3.1) as

1 & r—Xja
Zui) = > { st < 0, (02
j=1

—E {X11{|X1| <0, 1K, (‘T thﬂ } : (3.2)

where K, is a function defined by

_ 1 —itx @W(t)
K, (z) = Py /Re go(t/h)dt'

It must be noted that K, is well-defined and real-valued. To construct a
confidence interval for k(z), we estimate the variance of /nhZ,(x), which is
on(x), by

n

62(x) = %Z {XjA1{|XjA| < 0} K, (%) }2

j=1
2

1 & ~ (2—X.
B E ZXjA1{|XjA‘ < an}Kn <TJA> s (33)

j=1

7> _ 1 —itx @W(t)
Rate) = g [ g

where
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Remark 3.5. We use Conditions (ii), (iv), and (v) in Assumption 3.1 to show
that

he (| K (@)] + hlo K, (z)]) < min(1,1/22). (3.4)

Refer to the proof of Lemma A.5 in Appendix A for details. Combining this
bound on K, and Condition (vi) in Assumption 3.1, we can show that the
asymptotic variance-covariance matrix appearing in Theorem 3.1 is diagonal.

Remark 3.6. Propositions A.1 and A.2 and Lemma A.6 (see Appendix A)
yield
o2 (z) = Var(v/nhZ,(x)) ~ Var(Z, 1(z)) 2 h~2e+1=0

uniformly in # € I C (0,00) where I is a compact set and Z, ;(x) =

Xial{|Xjal < 001K, (m_fm). Then, we can estimate o2(x) by 72(x) (see

Lemma 4.1 and the proof in Appendix A for details).
Now, we present the next multivariate central limit theorem.

Theorem 3.1. Assume Assumption 3.1. Then, for any 0 < 21 < ... < zny <
oo, we have

~ o~

JAh <kﬂ(a:1{; ku(xl),“" ky(zn) — ku(fEN)>T 4 N(0, Iy),

(z1) o(xn)

where Iy is the N by N identity matriz and o,(x) = \/02(x).

n

4. High-dimensional central limit theorems

In Section 3, we present a multivariate (or finite-dimensional) central limit theo-
rem for Eﬁ. In this section, we present a high-dimensional central limit theorems
as a refinement of Theorem 3.1. Moreover, we propose some methods for con-
structing confidence bands for the k-function in Section 4.2 as an application of
those results.

4.1. High-dimensional central limit theorems for Eﬁ

For1<j<mnand1</{¢<N,let

Tp— X
Zuglon) = Xial{1Xal < 016, (552,

Wo(zg) = leﬁ S (Zni(ee) = Blzna@o)) = 0=
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and let I C (0,00) be an interval with finite Lebesgue measure |I|, 0 < 27 <
e<ay<oo,z; €l £=1,...,N. We assume that

. - 1-25
i |z — ] > h 7%, (4.1)

and this implies that N < h2%~!. Therefore, N is allowed to go to infinity as
n — 0o.

Lemma 4.1. Under Assumption 3.1 and (4.1), we have

5[ 1| = orttosn™)
Remark 4.1. Since
32@) | |Gu@) ||Gul@) Gula)
o2(2) “ () 1‘ on<x>“’> () 1‘

for any 0 < & < co, Lemma 4.1 implies

On(g)
on(xp)

= -1
mi 1‘ op((logn) ™).

Theorem 4.1. Under Assumption 3.1 and (4.1), we have

sup
teR

P( max |Wy(z/)| <t> —P( max |Yy] <t>‘ — 0, as n — oo,
I<USN 1<U<N

where Y = (Y1,...,YN)" is the standard normal random vector in RY.

Remark 4.2. Theorem 4.1 can be shown in two steps. In the first step, we ap-
proximate the distribution of maxi<s<n |W,(z,)| by that of maxj<e<n |Yn,g|.
Here, Y, = (Yn,la ceey Ym ~) ' is a centered normal random vector with covari-
ance matrix E[Y,Y,'] = ¢~ 'E[W;, W/ ] where ¢ = g, is a sequence of integers

with g, — oo and g, = o(n) as n — oo, and

WIF(zq: (ka(xl) — E[Zn’l(xl)]),--.,zq: (Zn’k(IN) - E[Zn,1(:vN)])> T

k=1 Un(xl) 1 O'n(IN)

In the second step, we approximate the distribution of maxj<,<n |Yn,z| by
that of maxj<y<n |Ye|. For this, we compare the variance-covariance matrices
E[Y,Y,]] and E[YY "] = Iy of two Gaussian random vectors Y, and Y to
establish

sup
teR

P( max |Yy,(z¢)] §t> P( max |Yy] §t>‘ — 0, as n — oo.
1<(<N 1<<N

Refer to proofs of Theorem A.1 and Proposition A.4 in Appendix A.
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The well-known result in the extreme value theory shows that
maxi<¢<n |Ye| = Op(y/Iog N), for independent standard normal random vari-
ables Yy, £ = 1,..., N (see Example 1.1.7 in [27]). Then, Theorem 4.1 implies
that max;<¢<n |Wy(2¢)| = Op(y/logn) since log N < log(h?°~1) < logn under
Assumption 3.1. We can also show that

Vih(ky(xe) — ky(z0))

o (20) = Wi (z¢) + op((logn)~'/?) (4.2)
uniformly in 2 € {x1,...,2x}. Therefore, together with Lemma 4.1 and (4.2),
we have
Vih(ky(z) — ky(x))
on(T)
_ 9ul2) Vih(ky(x) = ky(2))
= Zzgg{wn(m) + op((logn) ™)} (from (4.2))

{1+ op((logn) " YHW,(z) + op((logn)~*/?)} (from Lemma 4.1)
= Wy (z) + op((logn)~'/?) (from max Wy (z0)| = Op(+/logn))

uniformly in « € {z1,...,zy}. This yields the following theorem.

Theorem 4.2. Under Assumption 3.1 and (4.1), we have

h(ky(xe) — k
sup |P ( max Vi ﬂﬁxé) p(@e)) < t> -P < max |Yy| < t) — 0,
teR 1<¢<N on(xe) 1<¢<N
asn — 0o, where Y = (Y1,...,YN) " is the standard normal random vector in

RN,

4.2. Confidence bands for the k-function

In this section, we discuss methods for constructing confidence bands for the
k-function over I = [a,b] C (0,00). Let &1,...,&n be ii.d. standard normal
random variables, and, for 7 € (0,1), let ¢, satisfy

P( max || >qT> =T.

1<j<N

Then,

~ ~ on(x)
Cr_r () = |Fylae) £ =1, N
1-+(2e) { t(z0) NG }
are joint asymptotic 100(1 — 7)% confidence intervals for ky(z1), ..., ky(zn).
Theorem 4.2 implies that we can construct confidence bands by hnear interpo-
lation of simultaneous confidence intervals {C’1 +(ze) 1. If the sample size n
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is sufficiently large, we can take a sufficiently large number of design points N.
Therefore, proposed confidence bands can be arbitrary close to uniform con-
fidence bands in such cases. We comment on the asymptotic validity of the
confidence bands in Section 6.

5. Simulations
5.1. Simulation framework

In this section, we present simulation results to see the finite-sample performance
of the central limit theorems and the proposed confidence bands in Sections 3
and 4. We consider the following data generating process.

dX, = —A\X;dt + dJy, (5.1)

where J; = Z;V:tl ; is a compound Poisson process with intensity o and
Gamma jump distribution with shape parameter 2 and rate parameter 1. Partic-
ularly, we consider three models, that is, (o, \) = (2.1,0.5), (3,0.5), and (3,0.75).

As a kernel function, we use a flat-top kernel, which is defined by its Fourier
transform

1 if lu| <e¢
ow(u) = { exp { 7bCXp((|;|b_/§|;§‘7C) )} ife<|ul <1 (5.2)
0 if 1< |ul

where 0 < ¢ < 1 and b > 0. It must be noted that ¢y is infinitely differentiable
with <P§/€) (0) = 0 for all £ > 1. This ensures that its inverse Fourier transform
W is of infinite order, that is, [, ‘W (z)dz = 0 for all integers £ > 1 (cf. [63]).
In our simulation study, we set b = 1 and ¢ = 0.05. We also set the sample size
n and the time span A as n = 500 and A = 1.

Now, we discuss bandwidth selection. We use a method that is similar to
that proposed in [50]. They adopt an idea of [9] on bandwidth selection in den-
sity deconvolution. From a theoretical perspective, for our confidence bands to
work, we have to choose bandwidths that are of a smaller order than the op-
timal rate for estimation under the loss function (or a “discretized version” of
L*>-distance) maxi</<n ‘Eu(a?[) — ky(x()|. At the same time, choosing a very
small bandwidth results in an extremely wide confidence band. Therefore, we
should choose a bandwidth “slightly” smaller than the optimal one that mini-
mizes maxi<¢<n |ks(z¢) — ky(z¢)|. We employ the following rule for bandwidth

selection. Let kj be the spectral estimate with bandwidth h.
1. Set a pilot bandwidth h” > 0 and make a list of candidate bandwidths
hj=jht/J for j=1,...,J.
2. Choose the smallest bandwidth h; (j > 2) such that the adjacent value
Maxi<¢<n |7<:\hj (J?g)—i@‘\hj71 (x¢)| is smaller than k£ xmin{maxj <<y |Ehk (z¢)—
/lghk,l(xzﬂ tk=2,...,J} for some k > 1.
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Fic 1. Discrete L°-distance between the true k-function and estimates Eﬁ (left) and between
estimates of ky (right) for different bandwidth values when (o, A) = (2.1,0.5). We set (n,A) =
(500,1), I =[1,3], and xy =1+02(( —1), £=1,...,11.
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F1G 2. Normalized empirical distributions of estimates at x = 1.5 (left), © = 2 (center), and
x = 2.5 (right) when (a, \) = (2.1,0.5). The red line is the density of the standard normal
distribution. We set (n, A) = (500, 1).

In our simulation study, we set A = 1,.J = 20, and x = 1.5. This rule would
choose a bandwidth “slightly” smaller than one that is intuitively the optimal
bandwidth for the estimation of k (as long as the threshold value k is reasonably
chosen).

Figure 1 shows five realizations of the discretized L>°-distance between the
true k-function and estimates ky for different bandwidth values (left) and be-
tween the estimates of k with adjacent bandwidth values (right) when (a, A) =
(2.1,0.5). We find that the discretized L*°-distance between the estimates of k
with adjacent bandwidth values behave similarly to that between the true k-
function and estimates ky for different bandwidth values. Hence, we can expect
that, by using the proposed method for bandwidth selection, we can choose a
“good” bandwidth for the construction of confidence bands.

Remark 5.1. In practice, it is also recommended to use visual information to
find out on how maxi<¢<n |kn; (z¢) — kn,_, (2¢)| behaves as j increases when
determining the bandwidth.

Figure 2 shows the normalized empirical distributions of Eﬁ(x) at v = 1.5
(left), © = 2 (center), and = = 2.5 (right) when (a, A) = (2.1,0.5). The number
of Monte Carlo iteration is 1,000 for each case. As seen from these figures, the
central limit theorem implied by Theorem 3.1 holds true.
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TABLE 1
Empirical coverage probabilities of the confidence bands on I = [1.5,3.5] with
g =15+02(0{—1) and Iz = [2,4] withxy =2+ 02(({ —1), £=1,...,11, based on 250
Monte Carlo repetitions

Cov. Prob. Model
1-7) (a,A)  (2.1,0.5) (3,0.5) (3,0.75)
0.85 I 0.768 0.892 0.848
I 0.808 0.904 0.888
0.95 I 0.896 0.976 0.964
I 0.908 0.972 0.980
0.99 I 0.952 0.988 0.992
I 0.956 0.984 0.996
o

1.0 15

08
1

Fic 3. Estimates of k with 85% (dark gray), 95% (gray), and 99% (light gray) confidence
bands. The solid line corresponds to the true k-function. We set (n, A) = (500,1), I = [1, 3],
and g =14+0200—-1),¢=1,...,11.

Table 1 presents simulation results of the cases when (a,\) = (2.1,0.5),
(3,0.5), and (3,0.75). We find that more accurate results are achieved when
a = 3 than when a = 2.1. In general, the empirical coverage probabilities
could be more accurate as the intensity of the Poisson process increases (see the
comments on Figure 3). Overall, we can also find that the empirical coverage
probabilities are reasonably close to the nominal coverage probabilities.

Figure 3 shows the 85% (dark gray), 95% (gray), and 99% (light gray) con-
fidence bands for the k-function when (a,A) = (2.1,0.5). We find that the
proposed confidence bands capture the monotonicity of the k-function and the
width of confidence bands tend to increase as the design point becomes distant
from the origin. The latter point can be partially attributed to the property
of the Lévy measure v since the k-function is given by k(x) = v((z,00)): For
any (Borel) set A C [0,00), v(A) coincides with the expected number of jumps
falling in A in the unit time, that is, v(A) = E[Y (_,.; 1(J; — Ji— € A)], where
Ji— = limgys J5. Therefore, jumps of a larger size are less frequently observed
since v(]0,00)) < o0, in our simulation study. Further, the results also cor-
respond to a well-known fact in nonparametric density estimation. Since few
observations fall in the tail regions, the nonparametric estimation of a given
density function tends to be less accurate in the tail area than in regions where
the probability mass is concentrated.
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6. Discussions

In this section, we discuss (1) the regularity condition on the k-function (Con-
dition (iii) in Assumption 3.1) and its relationship with the construction of our
estimator, and (2) asymptotic properties of the proposed confidence bands.

6.1. Discussion on Condition (iii) in Assumption 3.1

We considered a symmetrized version of the k-function k4 and presented asymp-

totic properties of its estimator %ﬁ. We also assumed a “global” regularity con-
dition of k4 (Condition (iii) in Assumption 3.1) to obtain a suitable bound of
the deterministic bias of Eﬁ. It must be noted that ky is continuous at the origin,
and if k4 has bounded rth derivative on R for some r > 0, then the determin-
istic bias of Eﬁ, which is given by ||[ks * (AW (-/h))] — ks||r, is O(h") (Lemma
A.9 in Appendix A). However, if we restrict the class of kernel functions, which
satisfy Condition (v) in Assumption 3.1, then we can relax the “global” Holder
continuity.

(i) When 1/2 < r < 2, we can use the symmetric second-order kernel func-
tions. In this case, we can replace Condition (iii) in Assumption 3.1 with a
“local” Holder continuity of k on I = {y € R : |z — y| < €, Va € I}, which
does not include the origin. In fact, by taking a symmetric second-order kernel
function Ws, we have, for any x € I,

[t~ m - kﬁ(x)}Wz(y)dy‘

- | | K{i(fj —yh) — k() } W2 (y)dy| + | b{ﬁ(}I — yh) — k(z)}Wa(y)dy
" kO (z
= /y§60h1 [{k(x ~yh) — k(=) - ; g!( )(_yh)é}] Wa(y)dy

2t [ Watw)ldy
lyl>eoh—?
. 22|k ,
< ot [ o walay+ 2L [ el s o
0

where Ho 1= SUp, ,creo ooty % < 00, 2221 =0 and 0! = 1 by con-
vention. We note that ky = k on I°. Hence, we can bound ||[ky* (h~'W(-/h))]—
Kelly = Ik * (=" Wa(-/h)] — | 1

(ii) When r > 2, it would be difficult to weaken the global Holder conti-
nuity assumption on ky since symmetric “finite order” kernel functions do not
satisfy higher-order properties. However, we can use the flat-top kernel func-
tion W, which is of “infinite order,” defined by its Fourier transform ¢y
to relax Condition (iii) in Assumption 3.1. Refer to (5.2) for the definition. In-
deed, @, is infinitely differentiable and supported in [—1, 1]; this implies that
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[Weo(z)| = o(|z|~%) as |z| — oo for all £ > 1 (this follows from changes of
variables) and |z|"|W ()] is integrable. Then, we have

/R {hy( — yh) — ku<x>}woo<y>dy]

bS]
=
—~
~
=
—
8
N2

<

/|< - l{k(fﬂ —yh) — k(z) - i (—yh)f}] W (y)dy

+ 2|kl / W ()l dy
|ly|>eoh—1

2h" ||k .
<t [ ol Wy + 2502 [y iwoiay < v
0

It is also shown that ||[[k * (W™ 'W(-/h))] — k|1 S h™ for 1/2 <r < 2.

Based on the discussion above, if we set the kernel function as the flat-top
kernel W, then we can replace the global Holder continuity (Condition (iii) in
Assumption 3.1) with the following local Holder continuity.

Condition (iii)’ Let r > 1/2, and let p be the integer such that p < r <p-+1.
The function k is p-times differentiable on I°°, which does not include the origin.
Additionally, k®) is (r — p)-Holder continuous, that is,

[k®) (2) — k@ (y)|

Hy := sup < 00
r—p
z,yelco x#y ‘x y\

Now, we set the kernel function W = W,. In this case, we can use another
natural (and simple) estimator for k at > 0, which is given by

~ —i Py (1)
k = — e Ton th)dt.
O(x) ot ‘/]R e @(t) PWoo ( )

Additionally, Theorems 3.1 and 4.2 hold by replacing /Igﬁ with %0~ We summarize

the discussion so far as the following theorem.

Theorem 6.1. Suppose Conditions (i), (i), (iv), (v), and (vi) in Assumption
3.1, and Condition (iii) hold true. Set the kernel function W = W.
(i) Then, for any 0 < z1 < ... < zy < 00, we have

~

Vnh (k\o(xl) - k(wl),..., ko(zn) — k(xN)>T 5 N(0, In),

o(x1) o(zN)

where Iy is the N by N identity matriz and o,(x) = \/02(x).
(ii) Additionally, suppose that (4.1) holds. Then, we have

1<U<N 1<U<N

on(x)
as n — 0o, where Y = (Y1,...,YN)" is the standard normal random
vector in RV,

sup
teR

— 0,




Inference on compound Poisson-driven OU process 2539

We omit the proofs of Theorem 6.1 (i) and (ii) since the proofs are special-
izations of the proofs of Theorems 3.1 and 4.2.

6.2. Discussion on the confidence bands

Our method can be seen as an alternative method for constructing confidence
bands based on a functional central limit theorem (FCLT) if the FCLT for the
Lévy measure v is available (but to the best of our knowledge, such a result has
not been achieved in the literature on nonparametric inference of Lévy-driven
SDEs). Moreover, the proofs clarify that if we strengthen the condition

e |
nlogn

in Assumption 3.1 (vi) to h"y/nh?*+t1=9(logn) = o(n~°) for some (sufficiently
small) constant ¢ > 0, then there would exist a positive constant ¢’ such that
the approximation of the high-dimensional central limit theorem holds at the
rate n~=¢ . This shows an advantage of our method to construct confidence bands
based on the intermediate Gaussian approximation when compared to a method
based on the Gumbel approximation. The coverage error of the latter is known
to be logarithmically slow because of the slow convergence of normal extrema;
refer to [42]. The proposed method is inspired by the idea developed in [44].
If we take 2, € I, £ = 1,..., N to satisfy minj<jro<n |2 — 20| = O(RY/?) (in
this case, the condition (4.1) is satisfied), then |zy — 24—1| — 0 uniformly for
{ =2 ...,N. Therefore, for x in I,

cr(x) < k() < cv(z)

> 1/(142r4+2a—46)

where

eu(o) = (%(w) — Fy(we-1) — (Gulee) - 3n($£))qf/\/ﬁh> (o — 2e2)

Ty — Ty

~ On(To_
+ ky(zo—1) — %qn

(kalwe) —ke(wer) + Gulwe) = Gulwe))a-/V/ah\
cy(r) = (x —xp—1)

Ty — Ty

-~ n(Te-1)
ky(xo— —q
+ ky(ze—1) + Jnh q

(ifxp_1 <z <xp ({=2,...,N)) can be interpreted as an “asymptotic” 100(1 —
7)% uniform confidence band for k on I. In fact, we can show that, as n — oo,

» ( e | Ve (e) = k() | qT> .
1<¢<N

on(x)
The same comments apply even if we replace Eﬂ with EO. See Appendix B for
the asymptotic validity of the proposed confidence bands.
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Appendix A: Proofs
A.1. Proofs for Section 3
Proof of Lemma 3.1. Observe that
)] = (-] = exp ([ (costua) - )" )

For = > 1, define

T 1/x 1 P
LL((A@) ~ e ( / NCE k(y))dyy> — exp ( / XS k(z/x))‘i) =)

as x — o0o. Therefore, L is a slowly varying function at co. Consider the following
decomposition of I(u) := [, (cos(uz) — 1)k(z)z ™ dx.

(/Uu //u /1 ) cos(ux) —1)k( )d

=: Ih(u) + Ia(u) + I3(u).

I(u)

Now we evaluate three terms I;(u), j = 1,2,3. First, by Riemann-Lebesgue
theorem,

I3(u) — —/ @dw, as u — 00.
1

Moreover,

I(u) = /0 (cos(y) — 1)k(yT/u)dy — a/o (cos(y) — 1)%, as u — 0o.
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We also have that

1

k
Ir(u) + alogu —log L(u) = / cos(uz) SC) da
1/u

= /u cos(y)—k(y/u) dy =: L(u).
1 Y

Since flu cos(y)y~tdy is convergent as u — oo and k is monotone decreasing
function, we have that

lim sup |5 (u)| S

~
U—r 00

(oo}
/ cos(y) dy‘ < 00.
1 Y

So, we complete the proof. O
For the proof of Theorem 3.1, we prepare some auxiliary results.

Lemma A.1. Assume Conditions (i), (ii) and (iv) in Assumption 3.1. Then
we have that the measure © and x3w(dx) has a bounded Lebesgue density on R.

Proof. By Theorem 28.4 in [70], = has a bounded continuous Lebesgue density
on R. Also from the relation

" (1) = p(u)pi (u) + p(u)p),(u),
’”(U) o(u) g (u) + 3p(w)or (u) @y (u) + o(u) gy (u)
= (p(uw)pi(u)) r(u) + 3 (o(u)e,(w) er(u) + e(u)@ (u),

we see that
2 = (kxm)*k+ (zk) *,
x3ﬂ' ((2®7) — (xk) ) * k + 3((zk) * ) x k 4+ (22k) * 7
Therefore 227 has a Lebesgue density z2m(z) with
lz*7llz < NElRllkllze + k]l < 1.

Here, || f|lr = (Jp \f(sc)|pdm)1/p. Moreover, 237 has a Lebesgue density x37(z)
with

lz°7llz S (el + okl L)1l + Sllkllza [kl + ll2%klle S 1. O

Lemma A.2. Assume Conditions (i) and (vi) in Assumption 3.1. Then we
have

If1 = fallimn-1p-1) = Op(n~%logn)
fOT’ (fla f2) = (;55 @)’ (()/0\/9”, (,Olgn) where gplen (u) = E[@len (u)] and

b, — &l _n-1.n-1] = o(n~?logn),

185, = & ll—n-1.n-1] = op(n~/*logn).
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Proof. The first result follows from Proposition 9.4 in [3]. For the second result,
we have that

|6, (1) — ¢ (u)] < B[IX1[1{|X1] > 6,,}]
< BlIX1[(1X11/6.)°] S 6,2 < n”?logn.

We can also evaluate [|¢) — &'[|[—p-1,,-1] in a similar way. O

Lemma A.3. Assume Condition (ii) in Assumption 3.1. Then we have
infjy<p-1 [p(u)| Z A

Proof. This result immediately follows from Remark 3.3. O
If we take h sufficiently small, then Lemmas A.2 and A.3 imply that

18] = inf | fo()| - 0p(h”) 2 A"~ 0p ("),

so that with probability approaching one, inf|,|<,-1 [@(u)| 2 h®.

Lemma A.4. Assume Conditions (i), (iv) and (v) in Assumption 3.1. Then
we have that

‘Kﬂ_f@_@%_%n
I @

Proof. (Step 1): First, we show that

20 () e
2T (=)@
H(w P4 o1 (@5 1)

Consider the following decomposition.

= Op(h™2*n"Y(logn)? + h*=*n~"1/2logn).
[-h=1h71]

’ = Op(h~2*n"(logn)2+h'~*n"2logn).
[-h=1h7Y]

Hw) ) 1 IAu— . 1 L )
Pi(u)  op(u) (cpu(u)) () — eu( )H—( >(9"u @) + Ry(u),

where

We have that

H (%ﬁ)l(@u —¢y)

<

~

(=)
hay AP

128 — @elli—n-1,n-1)
[—h=1 1]
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and
[ B ll(—n-1,n—1)
“ H@u = @tll—n-1,n-1)
—h=1h—
X(aj%lﬁﬁﬂ R I %%whlh;—wwHﬂﬁﬂ)
In the rest of the proof, we write || - ||(—-1,,-1) as || - || for simplicity. Observe
that

a = Op(1) and < htTe. (A1)

== [z
2

)

In fact, since we have that

1

2

ALH 13—l + ‘% — &HH%II

S Op <h_an_1/2 1ogn>—|—1 = Op(1),

we obtain the second inequality. By Lemma A.2, we also have that

12s — eull S

H 12—l = Op (h‘“n‘”2 logn) :
(A.2)

= WW o+ |

Now we evaluate ||} — ¢ .

18 — 4ll < 1185 — Syl + 185 — il

where

1 _ B 0(=1) + ¢ (-0B()
A= 201) |

We observe that

I%—¢M<\ < (16—l + 125, — &'l
@I _Qpl ‘ 90/ ‘) ~ ~ /
S+ l=——=Il) x (&=l + @, — ¢
( 2 | lze)) <o o =l

=0Op (h 2ap=logn)? 4+ h'=*n~2log n) .
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_ 1 - ¢' (=) ~
/ _ / < - / _ / _
oy — el S x || so||+H x| — el
12 =il H@(— ) | (=)
=Op (h_an_l/2 log n) .
Then we have that
18— @l = Op (h=n""210gn) (A.3)

Together with (A.1), (A.2), and (A.3), we have that
1
H( > ( ) (@ — WB)H = Op(h™2*n"Y(logn)? + h*=*n=/2logn).
T Pt
(Step 2): Next we show that

1) @ - - (3) @ - sb)

Observe that

(@ﬁtu)) @1 - () = (o5 ) @ (0) = ()
- %’E fff) (200 1) oo (%(—u)@(u) £Cetn)

Moreover, we have that
BtERIEE
4

p(=) (%J')@ <p’(~)<p>H < Hl

12

%3 =gl = 0p (' -*n"210gn),  (A4)

and

P
=0Op (hl_o‘n_l/2 logn) . (A.5)

o Ry <%, =+ Hw

Together with (A.4) and (A.5), we have that

H () @-en-(3) @n-9

Since ||(gy, —¢)/ell Sh™%6,? < h'=*n=1/2logn, we can replace ¢’ with ¢,
in (A.6) and this completes the proof. O

= Op(h*=*n~12logn). (A.6)

With almost the same arguments in the proof of Lemma A.4, we can show
that

I
9

/

_ﬁ')_%n_%n
¢ ¢

= Op(h™2*n"Y(logn)? + h'~*n~12logn).
[-h=1h 7]
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Therefore, together with the result of Lemma A.4, we have that

H< )—( — )H = Op(h™2*n"Y(logn)? + h*~*n~"1/2logn).
ﬁ ﬁ h lh 1]

Lemma A.5. We have that h®(|K,(z)| + hlzK,(z)|) < min(1,1/z?).

Proof. We first show h*|K,,(x)| < min(1,1/2?). We follow the proof of Lemma
3 in [57]. By integration by parts, we have that

We also observe that
<s0vv(t) >" e (t) t)¢'(t/h) 4 pw(®) <s0”(t/h) 2(¢/(t/h))2)

_ or
o(t/h)) " et/ » F2(t/h) 2 \ "2t/ LS
= Il,n( )+ I n(t) + 13 n( )-

Since ¢ is supported in [—1,1] and two-times differentiable, we can show

/|Ijn Jdt < 1

haL(hfl)/ |11 (t)|dt
[-1,-1)u(3 1]

_ [t (1) L(1/h)
_/[17 o TR L= (el /)oY (el /) ™ = /‘” [ (B)]dt S 1,

heL(h ) / Lo (1) dt
[1,-$)U(1

:/ [t/hl|ex(t/h)] L(1/h)
—1— ot [t/ L /B) e (t/h)] L(|t]/h)

< / |t\“*1|so’w<t>|dt517
R
h“L(hil)/ |13m,(t)|dt
[-1,-3Hu(3,1]
§ / ( /B2 02 (t/)| /12104 (/D) )
T -hua

for j = 1,2, 3. Indeed,

[t ooty (8)dt

1
27

t/h> L= ([t /R)p(t/R)]  [¢/h[* L= ([t /h)|e(t/h)]
L(1/h) |\

< / 112w (8)|dt < 1.
R
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Moreover, we have that

. A ,
[, el =ne [ 8RS [0 )l @<

t/h)]
h“/ Intdt:hal/ /P o yja

h (1 + [t/
~Jr W1+ t/h])

< / (h+ 1) gl (8)]dE < 1.

. s GBIt/
h /H’;]ugn( Jdt < b /[]( n )|¢W<t>|dt

low (t)|dt

/R le(t/h)]
(1 + [t/h))*
Wl o (t)]dt

S [t 1t ool 1
R

Since [ 1 n(t) f[ 1] I; o (t)dt for j = 1,2,3, we obtain the desired result.
Next we show ha+1|xK ( )| < min(1,1/22). Observe that

~

st [ (358

and
ow®\” Gt 3OS ) () ()
(so(t/h)> S/h) R Ry < RO so3<t/h>)
) [ SR SRR ()
0 (‘ Aum T w7 O 504(15/’1))

= T (t) + Ion(t) + s (t) + Tpn(t).

We can show that hL [, [I;,(t)]dt <1, j =1,2,3 and

hetIL(1/h) / | Ly (1)t
[-1,-Hu(3,1]
<[ < O N R U R A
S oty NERELA (el Yo/ e/ hI L3 e] R To(t/B)]
AR N T s
T AR <|t|/h>|so<t/h>|)L<|t|/h>t' fow (£)ldt

< / 11 ow (8)]dt < 1,
R
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po-tl / Tun ()] dt
-3,3]

a=2 [k @/ len/Mlek(t/h)] | ler(/h)]
= /[—%,é] ( p(t/m] lo(t/h)] o0t/m) ) low (£)]dt

< / (h+ 1) ow (D)t < 1
R

Therefore, we have the desired result. O

Since

« r—=1Yy _ _pa+l r—Yy r—Yy « r—y
hyKn< o >— h ( o )Kn( 3 )+thn(—h ),

Lemma A.5 implies that each term on the right hand side is bounded (as a
function of y) uniformly in n and = € {z1,...,zn}.

Lemma A.6. Assume Conditions (i), (ii), (i) and (v) in Assumption 3.1. For
any compact set I such that I C (0,00), we have that

/ K%(z)dx > h=29%9,
R

Proof. Let L(x) = L(z)1{z > 1/2} + 1{0 < z < 1/2}. By Plancherel’s theorem,
we have that

1
/Kﬁ(m)dw = —
R 2m Jr

ow (t) 2
w(t/h)’ a

Now observe that

2

e 38
_ 12« @W(t) 2
=" /[;,;] AAt/h)

+/ [t |ow ()12 L2(1/h)
1, Hu [E/R) L/ R)e(E/h) [ L2([t)/h)

dt.

Since [t]2“|ow (t)]? is integrable and

po B/ R

im0 L(t/h) 0 ka0 L([t|/h)

for any |t| > 0, by dominated convergence theorem we have the desired result.
|

Lemma A.7. Let Z, ;(z) = X;al{|X;a] < 0,}Kn((x — Xja)/h). Then

,

maxi<¢<n | E[Zn1(2)]| S h



2548 D. Kurisu

Proof. Let Zn,j (x) = X;aK,((x — X;a)/h). By Fubini’s theorem, we have that

E <h
B2 B0l < b o

< hllk]g / W (y)|dy < h,

< 1/2 1/2
nax E(|Zn1(x0) = Zna(20)]] mgagng[Z 1 (@) 7P Xq ] > 6n)

S (W22 < B[(1X1]/6,)%?
— h1/27a9;3/2 S h.

/ k(xe — hz)W(z)dz
R

Therefore, we have that

< S h.
max [E(Zo(@0)]| < max |[B[Zn1(2)]| + max BllZna () = Zna(we)l] S B
O

Lemmas A.6 and A.7 yield the following result on the lower bound of the
variance of Z,, 1(z).

Proposition A.1. Foranyd € (0,1/12), miny<¢<n Var(Z, 1(z)) 2 h=2e+0+L,
Proof. Let Z;, () = X;al{|X;a] > 00} Kpn((x — X;a)/h). Observe that

< p—2a 1 < p—2ap-1 —2a+5+1
i Bl(Z,,2 0] § R0 BIXGP) S b0t < b .

Since minj</<y E[Zn (xg)] 2 h=20F9+! by Lemma A.6, we have that

min E[Z} (z)] = min B[(Zu,(ze) = Z),1(20))*] ~ min E[Z} (x0))-

1<U<N 1<e<N 1<U<N
O
Lemma A.8. maxi<k o<n | Cov(Zn1(2k), Zn ji1(0))| S e IAB/3p2/3-2a,

Proof. Since x3m has a bounded Lebesgue density on R by Lemma A.1 and
h2*|K,|? is integrable by Lemma A.5, we first observe that
max E[|Z,1>(z,)] < max / ly|® | K.

3
LTy —
1<U<N 1<U<N ( )

< hllyPallz| Kplloe < hlly alle | Knlell K7 2 < B2

m(y)dy

Therefore, by Proposition 2.5 in [35], we obtain

max | Cov(Zu(an), Zajn (2)]

< —jAB1/3 1/3 1/3
e max Bl|Z,1 (o) PV max Bl|Z 541w )

< o—IABL/3p2/3-2a

Then we have the desired result. O
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Proposition A.2. Let S, (z) = Z?:l Zy,j(x). Then for any § € (0,1/12), we
have that

1r<nezixN<% Var(S,,(z¢)) — Var(Zn,1($z))) = o(h~20F0+1y,

Proof. 1t is easy to show that

n—1

%Var(gn(a:)) = Var(Z,1(x)) + 2 Z(l —j/n) Cov(Z,1(2), Zp j+1(x)).

Jj=1

By Lemma A.8, we have that

o]
2a0—1—0
h o 1212353\’ . 1COV(Zn,l(.Ig),Zn7j+1(l’£))|
j=
00
2a—1-46
SR max 3 IOV Zua (1) Zun (x0)
j=

oo
< pRo—1-6  p2/3-2a Ze—jA61/3
j=1
< p01/3,—AB/3 < e%log(l/h)fAﬂl/i%.

Since log(1/h) < % log n for sufficiently large n and cha_é) logn < A,
we have that 5

3 log(1/h) — AB1/3 = —cplogn
for some positive constant c¢y. Therefore, we have the desired result. O

Proposition A.2 implies that the dependence between Z,, ;(x) and Z, ;11(z)
is negligible. This enables us to estimate

o2(x) = n~' Var(S,(z)) = Var(v/nhZ,(z))

by the sample variance (3.3). Moreover Propositions A.1 and A.2, and Lemma
A6 yield that min;< <y 02 (x,) = h™20+0+L,
Observe that

Fa(2) — k() = — / ) uh)du — k()

2m g (u)
+ b [ emiun %(z) — iﬁEg) ew (uh)du

= I, +II,. (A.7)
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For the first term, we have that ||I,||g < A" (by Lemma A.9). For the second
term I1[,,, Lemma A.4 yields that

+ Op(h=2*"'n"Y(logn)? + h~*n"/%logn)
_ T it Do, (t) — ¢y, ()
2m o(t)

uniformly in z € {z1,...,zx}. Therefore, since miny<y<n oy, (z¢) = Vh=20+0+1
(see the comment after Propomtlon A.2), we have that

Vih(ky(x) — ky())

on ()

II, =

> ow (th)dt + c)p((nhzo‘“*‘s log n)*l/Q)

= Wy (x) + op((logn)~/?) (A.8)

uniformly in x € {z1,...,zN}.
Lemma A.9. Assume Conditions (i), (v), and (vi) in Assumption 3.1. Then
we have that

1Tk 5 (R WC/R)] = kelle S A7 = o((nh**+ =" logn) ~/2).

Proof. Observe that by a change of variables, [ky * (bW (-/h))](z) — ky(x) =
Jelks(x — yh) — ky(x)}W (y)dy. If p > 1, then by Taylor’s theorem, for any
z,y € R,

my e kP (2 — Oyh
kg (@ — yh) — ky(x) = Z e( )( yh)! + -——— (p, ! )(*yh)”
2 .

for some 0 € [0, 1], where 22=1 = 0 by convention. Since kép) is (r — p)-Holder
kP (2) -k (v)]
lz—y[T—P

f]R y'W(y)dy =0 for £ =1,...,p, we have that for any = € R,

continuous, we have that H := sup, ,cr 4y < oo. Now, since

[ tste =) - kﬁ<x>}w<y>dy\
(f)

‘ / l{kﬁgﬂ—yh by -y 1W<y>dy

=1

Hh"
<

/ I W (9)dy,
R

where 0! = 1 by convention. This completes the proof. O

Let Qn(z) = 7= 371 Zn j(x) with Z,, ;(z) = X;al{|Xja| < 0} K ((z —
X;an)/h). We use the following result to show that the asymptotic variances
which appear in Theorem 3.1 is a diagonal matrix.



Inference on compound Poisson-driven OU process 2551

Proposition A.3. For any ¢ € (0,1/12), we have that

x| Cov(@u(o). @uln)] = o241

Proof. Since maxi<¢<n |E[Z,1(z¢)]] S h by Lemma A.7, we have that

Cov(Qn(z1), Qn(z2))

= L BlZu (o) Zon(w2)] ~ B[ Zns (@) B[ Zn s (1)
J4=1

n—1 .
= E[Zn’l(xl)Zn,l(xQ)} +2 Z (1 — %) E[Zn,l(.rl)zn)j+1($2>] + O(hQ)

With almost the same arguments in the proof of Proposition A.2 yields that
n—1

1hieN Z_;E[|Zn71(xk)zn,j+1($e)\] = o(h—2F0t),

Hence it is sufficient to show that

1<r}¢1%}<{1\, Bl Zpa(zk) Zna ()] = 0(h720‘+5+1)-

Let 0 < x1 < @y < o0o. Since h®|K,,(z)] < min(1,1/2?) by Lemma A.5,

K2 VOB Zy 1 (1) Zny1 (22)]]
— h2a—1—§/ 2 K’n Ty =Y K’n T2 —Y
LY h h
< h70|2? 7T||]R/|ha | |h* K n<z+x2hxl>‘dz
5 2 h?
gh*/l/\z* <1/\ >dz.
A N e e

If |z] < h~2% and take h sufficiently small, then we have that

h2
1Az (1A d
/zghzs( : >< <zh+<xz—x1>>2> v
h? h?

1A272 dz < —
/|Z|<hzs( )(362 —x1)? ming <gze<n [T — T¢f?

Moreover,

m(y)dy

< < %,

h2
1A272 <1/\ )dy</ 1/\2_2dz§h25.
/z>h—26( ) (zh + (x2 — 21))? \z\>h—25( )

Therefore we have that

2a—1-9 < p—0(p4d 20\ < 1,0
h 1<?;§E§NE[|ZTL1($k)Zn,l(W)|]Nh h*+r°) S <1l O
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Proof of Theorem 3.1. Now we prove Theorem 3.1. Let S,(z) =
Z?=1 Y, i(z) with Y,, ;(z) = (Z, () — E[Z,,1(x)]). First we will show that

Sy ()
on(®)yv/n

for 0 < z < co. We consider the following decomposition of Sy, ().

kn
= Z gnd + Z 777173 + Cn )
j=1

4 N(0,1)

where
Glat(G—1)sn G(lntsn)
&n,j(2) = Z Yok (2), 1nj(x) = Z Yo (),
k=(G—1)(In+sn)+1 k=jlp+(j—1)sn+1

n

@)= Y Yay)

J=kn(ln+sn)

We take I,, = [v/nh/(logn)], s, = [(/n/hlogn)'/®]. Since (logn)* < nh™/3, we

have that

s 1 \%/12
and k, = [n/(l, + sn)] = O(y/n/hlogn). We show the desired result in several
steps.

(Step 1): In this step, we will show that

Sp(2) kn
ou(@/i  on(@)Vn ;gn,j(@ +op(1).

Note that B-mixing coefficients satisfy n®B(n) — 0 as n — oo, we have that
knB(sn) — 0 as n — oo. By the definition of 0, 1(z), we have that

5n02(2) Var(n,,1())

oz Sn

Var(Zn1(x)) ! 3 - = ov T i (z
ST 2w 2w 2(1 ) o) Zusa(a)| 51

Since |1,;(2)|/(s,h~1F9/25,,(2)) is bounded (see the comment after the proof
of Lemma A.5), by Proposition 2.6 in [35],

| Cov (11 (), 1,1 ()] S sih™ a2 (@) B(jlaA).
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Then we have that

kn
. 02 Z\COV N1 (), g1 (2))]
n

< 5, h” (40 Zﬁ(jlnA) < sph” DN Bl A) < 1.

j=1 j=1
Therefore, we have that
1 kn
woz | 2@
Jj=1
kn—1
kn Var(n, 1)
< C n, n,j
~ na%(x) TLO'2 Z | ov 77 1 77 ’J+1(‘r))|
knSn ~
< 2), g1 ()] = 0,

as n — oo. Likewise, we have that

_lntsn 1 e (a U
no?(x) Var(Gn(e)) = n o (ln+sp)o2(z) Var(Gu(@)) = 0, -

since n — k(I + sn) < (In + Sn)
(Step 2): We set T,,(z) = ijl &n,j (). In this step we show that

T.(z) 4
@ — N(0,1).

Define M,, = ’E [exp (thn(x)/\/W)] — exp (—t2/2)‘, where i = /1.

Then it is sufficient to show that for any € > 0, lim,,_,o, M,, < e¢. Note that

M, < |E [exp itT,(x)/\/no?(x } lkjE {exp it n(z /W}
+ lk:n[E {exp(itgn(:c)/\/na%(x))} — exp(—t2/2)

= An,l + An72-
By Lemma 2.4 in [34] and k,5(s,) — 0 as n — oo, we have that A, <
knB(sn) — 0 as n — oo.

Finally we show lim,, ,oc A, 2 = 0. This is equivalent to showing that

%ﬁl(z) <4 N(0,1), (A.9)
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where T, (z) = > £n.; and {&, ;(z)} are independent random variables such

that gn](x) 4 &n,j(x)/on(x). It is easy to show that {&, ;j(z)/on(x)} is a se-
quence of bounded random variables. To show (A.9), it is sufficient to check the
following Lindeberg condition.

kn ~ _
> Bl ()P LG ()] > wv/H = 0, as n > ox
j=1

for any w > 0. By Holder’s inequality, Markov’s inequality and Proposition 2.7
in [35], we have that

E[|&n ;" 1{|€n 5] = wV/n}] < Ell€ns|")*P(lén] > wv/m)'/?

= 3
< (l4/2)1/2E[|£n7j|12]1/2 <1 l’n 1 )
GO S ) e

Therefore, we have that

1O~ o, ko (1o \3 /7 1 \¥?
%ZEHETL,H H[&n i1 > wvn}] S - —3 —0, as n — 00
j=1

since nh®/% — .

(Step 3): In this step, we complete the proof. Considering (A.8), Condition
(vi) in Assumption 3.1 and Lemma A.9 yields that the bias term I, is asymp-
totically negligible since h"+/nh2e+1=%]logn — 0 as n — oco. This implies that

Vih(ky(@) — ky(x))  Su(x)

@ a(myym orllosn ™)

and the asymptotic distribution of \/ﬁ(@ﬁ(a:) — ky(z)) is the same as that of
Sn(z). Moreover, Proposition A.3 implies that asymptotic covariance between
Sp(z1)/+/n and S, (x2)/+/n for different design points 0 < 1 < o < 00 is
asymptotically negligible. Therefore, we finally obtain the desired result. O

A.2. Proofs for Section 4

We note that Lemmas and Propositions in Section A.1 also hold when 0 <
1 < - <ay <oo,xg €l forl =1,...,N, and mini<pro<n |TK — o] >
h'=2%_ In particular, we need to take into account the effect of the separation
between points in the proof of Lemmas 4.1 and A.10, and Theorem A.1. In the
proof of Theorem A.1, we use the lower bound of minj<¢<n 0y, (x¢) to obtain an
intermediate Gaussian approximation result. We also need to take care of the
effect of the discretization of a compact set I to obtain the consistency of 72 (x)

on the discrete points in Lemma 4.1, that is, maxi<¢<n |02 (2¢) /02 (2¢) —1] 5o.
Moreover, in the proof of Lemma A.10, we use the condition mini<pre<n |2k —
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x| > h'~2 to obtain a result that the variance-covariance matrix a random
vector (W,(z1),...,Wy(zy))T can be approximated by the N x N identity

matrix and this yields a Gaussian comparison result (Proposition A.4).

Proof of Lemma 4.1. Since ||K, |z < h™® and we can show ||K,, — K, |z =
Op (if2a7f1/2 log n), we have that

|Rullz < IKalle + 1K = Balle S B+ Op (h=2*n~"2logn) = Op (1)
Therefore, we have that
IK2 = B2llw < I1Kn + Ralle|[ K = Ballz = Op (A0 210gn)

Then we have that

max %ZXJ-AIHXJAI < 6n} {ffn((xz = Xja)/h) — Kn((we — XjA)/h)}
<e< P

1 « . o
< | = XialIXjal <00} | 1Rn = Kalle = Op (=202 logn),
j=1

=0p(1)
and likewise,

1
max |—
1<(<N |n

S X2 XGal < 00} { B2 (w0 — Xj0)/h) = K2((we — X;a)/h)}
= O0p(h=2*n~12logn).

Since (h=2“n~'2logn)?/(h=3*n"/2logn) = h~*n"2logn < 1, we have
that

2

. 1 & 1 « s
o2 (z) = ﬁZZZJ(x) - EZan(x) +0p(h=3n=121ogn)
j=1 j=1

=:52(x)

uniformly z =z, £=1,..., N. Furthermore, since min; <,<y 02 (x,) 2 h~2o+o+1
and
h=3on=1/2]ogn
i eter

=h™ 0172 l0gn < (logn) ™,

it remains to prove that max;<s<n |02(z¢)/0%(z¢) — 1| = op((logn)~1). Since
h*yK, ((x — y)/h) is uniformly bounded in n and z, for £ = 1,..., N (see the
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comment after the proof of Lemma A.5), we have that
o BIX X > 0} Ko — X0)/h)
1<U<N h—a+5/2+1/2

h=*P(|X1] > 0,) —5/2-1/2p—2 ~1/2
S h,a+5/2+1/2 S h’ / / en << (log TL) / k)

BIXPH{|X1| > 00} K7 (20 — X1) /)]

max

1<e<N h7204+5+1
< W2EIX0|1{| X ] > 0, )]
~ h72a+6+1

SEOTENX /0] S 010 < (logn)

Therefore, to complete the proof, it suffices to prove that

ma 1 i (Zg,j(me) - E[Z%,j(ﬂ)]) — op((logn)™ 1), and (A.10)

LSISN | n o 02 (zy)
1I§nea§)§v %Z (Zn,j(xé)an(-fz[)zn,j(xf)}> _ OP((IOgn)il/Q). (A].].)

To prove (A.10), we use Theorem 2.18 in [35] with b = h=9~1 ¢ = [h 972 A
[n/2] < n, and € = ey(logn) ! for any €y > 0 in their notations. Here, [a] is the
integer part of a € R. In this case we have that

n 2 () — 2 (o
P max. %Z (Zn,y( e)oz(g)zw( 15)]> > collogn)~!
N n
<>r ( % (Zz)j(w)y(i)Zij(W)]) > eo(logn)!
/=1 j=1 n

Sh7H2 [exp | — - + 1—’—h_é_l(logmh_‘s_ze_Aﬁ”Lh‘§+2 —0
8(logn)? €0

as n — 0o, and likewise, we can show (A.11). Therefore, we complete the proof.

O

Let ¢ > r be positive integers such that
g+r<n/2, ¢=q, = o0, g, =0(n), r =r, = oo,and r, = 0(g,) as n — oo,

and m = m,, = [n/(q+7)]. Consider a partition {/;}7 ;U {Jj};ﬁ:ﬁl of {1,...,n}
whete I; = {(j—1)(q+7)+1, .., ja+ G- Dr}, Jy = (gt G-1)r+1,...,(g+7)}
and Jy41 = {m(q+r),...,n}. First we show the following result on Gaussian
approximation.
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Theorem A.1. Under Assumption 3.1, we have that

sup

teR | \IS(EN

P ( max |W,(z)| < t) - P ( max |Yy,| < t)‘ — 0, as n — oo,
1<0<N

where, Y, = (anl, o ,)V/m]\/)T is a centered normal random vector with covari-

ance matriz E[Y,Y,'] = (mq) ™" Z;ﬂ:l E [WIJ. Wl—'j =q 'E W, W] | where

T

W= (3 <Zn,k(I1)E[Zn,1(I1)]> 7”.,];‘<Zn,k(IN)E[Zn,l(l'N)])

kel on(21) on(2N)

= (W[j (1‘1), ey W[j (l‘N))T.

Proof. Since h*yK,((z — y)/h) is uniformly bounded in n and x = xy, £ =
1,..., N as a function of y (see the comment after the proof of Lemma A.5) and

miny<e<n on(2e) 2 Vh=20+3+1 we have that
|(Zn 3(we) = ElZn 3(w0)))on(we)| S h™OH/2

and h~1/2(log Nn)®/? <« n'/%. Therefore, if we take ¢, = O(n?) and
rn = O(n™) with 0 < ' < ¢’ < 3/8, we have that g,h~TD/2(log Nn)5/2 <
nt/2= D) (i q,)(log N2 S n~ @70/ and myBx(rp) S mpe P S
n=(d'=m")/2 Moreover, define

7%(q) == max max Var (W > (Zns(xe) - E[Zn,l(:ce)})> :
- = " kel

Y . 1
o*(q) = lg}lgnN mlanar (m ;(Zn,k(mé) - E[an(xé)D) )

where max; and min; are taken over all I C {1,...,n} of the form I = {j +
1,...,7 + ¢}. By the stationarity of {X;a};>0 and Proposition A.2, we have
that

Ez(q) = 52 ~ 12152%XN (Var(Zn,l(xK)/o—n(xZ)) )

o*(q) =c® ~ min (Var(Zn(2e)/on(ee)

Then there exists constants 0 < ¢;,C; < oo such that ¢; < o%(q) < 72(r) V
5%(g) < C1. From the above arguments, the conditions of Theorem B.1 in [16]
are satisfied. So, we have the desired result. O

Next we show that the distribution of max;<y<y |¥;.¢| can be approximated
by that of maxi<,<n |Y;| where Y = (Y1,. .., Yxn) T is a normal random vector
in R™. For this, we prepare two lemmas.
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Lemma A.10. Under Assumption 3.1, we have that

_ 5
15121%%(1\/ |Cov(Wi (2k), Wa(20)) — L{gpesy| = O(R°).

Proof. Since the covariance between Z, j(x¢) and Z, y(x,) for j # k is asymp-

totically negligible with respect to the variances of each term by the proof of
Proposition A.3, it is sufficient to prove

Cov(Zn,1(wr), Zn,1(ze))

op(wk)og (ze)

=0 (n).

max
1<k (<N

= gy =ay)

Since 1/ minj<<y o2 (x) < h?*=9=1 from the same argument of the proof of
Proposition A.3, we have that

Cov(Zp1(zk), Zn,1(x0))

max
1<k <N

Vhe < hd

™ ming<jzp<n (T — 20)?
since miny <gze<n(xr — xg)Q > h27%% Then we have the desired result. O

Lemma A.11. Under Assumption 3.1, we have that

| Jnaxfat Cov (Wi, (), W (20)) = Lag=ary | = OR°)-

Proof. Form the same argument of the proof Propositions A.2 and A.3,

1 z COV(Zn,k(‘Tml)a an("BmQ))

Uy vér, wte O (T )On (T, )

is asymptotically ignorable for 1 < mj,my < N. Therefore, the proof of Lemma
A.10 yields that

max |q~" Cov(Wy, (zx), Wr, (20)) — Lz, —a0}]

1<k, <N
Z, Z,
—0 max COV( n,l(-rk)v 7L,1(33é)) _ 1{xk:w} _ O(hé)
1<k <N o2 (xg)o () ’
This completes the proof. O

Lemma A.11 and Condition (vi) in Assumption 3.1 yield the following result
on Gaussian comparison:
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Proposition A.4. Under Assumption 3.1, we have that

sup
teR

P(max V0.0l <t> —P( max |Yy| <t)‘ — 0, asn — oo,
1<¢<N 1<U<N

where Y = (Y1,...,Yn)" is a standard normal random vector in RY.

Proof. Let A(Yn,Y) ‘= MaXi<k (<N |C0v(Yn7k,Yn’g) — 1{xk:xz}|~ By Lemma
A.11 and Theorem 2 in [19], we have that
sup

P( max |V, | < t) -P ( max |Yy| < t)’
LR 1<<N 1<<N

S AT, Y)YV log(N/A(F, Y)Y 0

as n — oo. Therefore, we obtain the desired result. O

Proof of Theorem 4.1. Theorem 4.1 immediately follows from Theorem A.1
and Proposition A.4. O

Proof of Theorem 4.2. The asymptotic linear representation (A.8) yields
that

_ —1/2
= max [Wn(ze)] + op((logn)="")

U, := max
1<6<N

=V, +op((logn)~1/?).

Vh(ky(ze) — ky(w0)) ‘

Un(.%'g)

This also implies that there exists a sequence of constants ¢, J 0 such that
P <|Un — V| > en(logn)_1/2) <en

(which follows from the fact that convergence in probability is metrized by the
Ky Fan metric; see Theorem 9.2.2 in [28]). Then we have that

P (U <1) < P ({Un < 40 {|Un = Va| < enllogn)/?})
+ P ({Un <} 0 {IUn = Vol > enllogn) ™2} )
<P (Vn < t+en(10gn)_1/2> + €

for any ¢t € R. Theorem 4.1 yields that there exists a sequence of constants €, | 0
such that

P (Vn <t+ en(logn)_1/2> <P (Gn <t+ en(logn)_1/2> +€n

for any ¢ € R where G,, = maxi<¢<n |Yz|. From the anti-concentration inequal-
ity for the maxima of Gaussian random vector (Theorem 3 in [19]), the right
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hand side is bounded from above by P (G, <t) + 8¢,(logn)~Y2E[G,] + &,
Since E[G] < Dlogn for some positive constant D which does not depend on
n, we have that

PU,<t)<P(G, <t)+9De¢, + ¢, =P (G, <t)+o(1) (A.12)
for any t € R. We also have that

P (Vn <t- en(logn)fl/Z)
< P ({Va St = eallogn) ™2} N {|U, = Vil < en(logn)~/?})
4P (1 < 1= eallogn) ™72} 1 {IUy — Val > e (logm) /%))
<PU, <t)+e,
for any t € R. Therefore, we can show that
P(Uy <1) > P (G <t)=9De, —& = P(Gu < 1) +0(1)  (A13)

for any ¢ € R. Combining (A.12) with (A.13), we obtain the desired result. O

Appendix B: On asymptotic validity of confidence bands

We use the notations used in the proof of Theorem 4.2 here. Let ¢U» denotes the
(1 — 7)-quantile of U,,. Theorem 4.2 implies that there exists a sequence €], | 0
such that

sup|P (U, <t)— P (G, <t)| <e€,.
teR
Then we have that
P (Un S q‘r—e’n) > P (Gn § Q‘r—egl) - E;«L =1- T,
where the last inequality holds G, has continuous distribution from the anti-

concentration inequality (see Theorem 3 in [19]). This yields the inequality
qg " < g¢r—e - Therefore, we have that

Likewise, we have the inequality ¢, < qU». This yields that
PUp,<gq)>1—7—2€,.

Then we obtain P (U, <¢;) - 1—7 asn — oco.
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