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Abstract

This paper is concerned with tests for changes in the jump behaviour of a
time-continuous process. Based on results on weak convergence of a sequen-
tial empirical tail integral process, asymptotics of certain tests statistics for
breaks in the jump measure of an Itd semimartingale are constructed. When-
ever limiting distributions depend in a complicated way on the unknown jump
measure, empirical quantiles are obtained using a multiplier bootstrap scheme.
An extensive simulation study shows a good performance of our tests in finite
samples.
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1 Introduction

Recent years have witnessed a growing interest in statistical tools for high-frequency
observations of time-continuous processes. With a view on finance, the seminal paper
by Delbaen and Schachermayer (1994) suggests to model such a process using Ito6
semimartingales, say X, which is why most research has focused on the estimation
of (or on tests concerned with) its characteristics. Particular interest has been paid
to integrated volatility or the entire quadratic variation, mostly adapting parametric
procedures based on normal distributions, as the continuous martingale part of an
It6 semimartingale is nothing but a time-changed Brownian motion. For an overview
on methods in this field see the recent monographs by Jacod and Protter (2012) and
Ait-Sahalia and Jacod (2014).

Still less popular is inference on the jump behaviour only, even though empirical
research shows a strong evidence supporting the presence of a jump component
within X; see e.g. Ait-Sahalia and Jacod (2009b) or Ait-Sahalia and Jacod (2009a).
In this work, we will address the question whether the jump behaviour of X is time-
invariant. Corresponding tests, commonly referred to as change point tests, are well
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known in the framework of discrete time series, but have recently also been extended
to time-continuous processes; see e.g. Lee et al. (2006) on changes in the drift or
Iacus and Yoshida (2012) on changes in the volatility function of X. However, to
the best of our knowledge, no procedures are available for detecting breaks in the
jump component.

Suppose that we observe an [to semimartingale X which admits a decomposition
of the form

t t t
X = Xo+ / bsds + / osdWs + / / u1{|u|§1}(,u — ) (ds, du)
0 0 0 JR

t
+/O /Rul{|u|>1}/i(duadz), (1.1)

where W is a standard Brownian motion, y is a Poisson random measure on R™ x R,
and the predictable compensator i satisfies fi(ds, du) = dsvs(du). As a fairly general
structural assumption, we allow the characteristics of X, i.e. b, oy and 14, to depend
deterministically on time. Recall that 14 can be interpreted as a local Lévy measure,
such that

/(1 A Jul?)va(du) < o0
R

for each ¢t and 14(A) denotes the average number of jumps that fall into the set A
over a unit time interval.

Now, we assume that we have data from the process in a high-frequency setup.
Precisely, at stage n € N, we are able to observe realizations of the process X at the
equidistant times iA,, for ¢ = 1,...,n, where the mesh A, — 0, while nA,, — cc.
In this situation we want to test the null hypothesis that the jump behaviour of
the process is the same for all n observations, i.e. there exists some measure v such
that v(dz) = v(dz) for all ¢, against alternatives involving the non-constancy of v;.
For instance, one might consider an alternative consisting of one break point, i.e.
there exists some 6y € (0,1) and two Lévy measures vy, vy such that the process
behind the first |nfp| observations has Lévy measure v; and the remaining n— [nfp |
observations are taken from a process with Lévy measure v5. The restriction to a
deterministic drift and volatility in (1.1) is merely technical here, as it allows to use
empirical process theory for independent observations later. An argument similar to
that in Section 5.3 in Biicher and Vetter (2013) proves that one might as well work
with random coefficients b and o.

Throughout the work, we will restrict ourselves to positive jumps only. Thus,
for z > 0, let U(z) := v(]z,00)) denote the tail integral (or spectral measure; see
Riischendorf and Woerner, 2002) associated with v, which determines the jump
measure uniquely. For ¢1, 0y € {1,...,n} such that ¢; < {3, define

1 ‘2

1ian
(b2 — b+ 1A, & 187527
j=t

UgI;EQ(Z) = (z > 0),

with A?X = Xjn, — X(j—1)a,» which serves as an empirical tail integral based on
the increments A7 X, ..., A} X. If X is a Lévy process with a Lévy measure v not
changing in time, Figueroa-Lopez (2008) illustrated that Uy.,(2) is a suitable esti-
mator for the tail integral U(z) in the sense that, under regularity conditions, Uy, (z)



is L2-consistent for U(z). Following the approach in Inoue (2001), it is therefore
likely that we can base tests for Hy on suitable functionals of the process

Dy (0, 2) = Ut |ng) (2) = U(no)+1):n(2),

where 6 € [0,1] and z > 0. Under the null hypothesis, this expression can be
expected to converge to 0 for all € [0,1] and z > 0, whereas under alternatives,
for instance those involving a change at 6y as described before, D, (6, z) should
converge to an expression which is non-zero.

More precisely, we will consider the following standardized version of D,,, namely

Tn(e? Z) =V nAn)\n(e) {Ulzl_nGJ (Z) - U(\_n6j+1):n(z)} (12)

for § € [0,1] and z > 0, where \,(0) = @%. An appropriate functional
allowing to test the hypothesis of a constant Lévy measure is for instance given by

a Kolmogorov-Smirnov statistic of the form

T .= sup sup|Tn(0,2)], (¢>0). (1.3)
0€l0,1] z>¢

The null hypothesis of no change in the Lévy measure is rejected for large values
of T,\”). The restriction to jumps larger than e is important, since there might be
infinitely many of arbitrary small size.

The limiting distribution of the previously mentioned test statistic will turn out
to depend in a complicated way on the unknown Lévy measure v. Therefore, cor-
responding quantiles are not easily accessible and must be obtained by suitable
bootstrap approximations. Following related ideas for detecting breaks within mul-
tivariate empirical distribution functions (Inoue, 2001), we opt for using empirical
counterparts based on a multiplier bootstrap scheme, frequently also referred to as
wild or weighted bootstrap. The approach essentially consists of multiplying each
indicator within the respective empirical tail integrals with an additional, indepen-
dent and standardized multiplier. The underlying empirical process theory is for
instance summarized in the monograph Kosorok (2008).

The remaining part of this paper is organized as follows: the derivation of a
functional weak convergence result for the process T, under the null hypothesis
is the content of Section 2. The asymptotic properties of T, can then easily be
derived from the continuous mapping theorem. Section 3 is concerned with the
approximation of the limiting distribution using the previously described multiplier
bootstrap scheme. In Section 4, we discuss the formal derivation of several tests
for a time-homogeneous jump behaviour, whereas an extensive simulation study is
presented in Section 5. All proofs are deferred to the Appendix, which is Section 6.

2 Functional weak convergence of the sequential empir-
ical tail integral

In this section, we derive a functional weak convergence result for the process T,
defined in (1.2). For that purpose, we have to introduce an appropriate function
space. We set A := [0, 1] x (0,00) and let Bo(A) denote the space of all functions
f: A — R which are bounded on every set A C A for which the projection onto
the second coordinate, pa(A4) = {z € (0,00) | 30 € [0, 1] such that (0,z) € A}, is



bounded away from 0. Moreover, for k € N, we define 4y := [0,1] x [k~1,00) C A,
and, for f, g € Boo(A), we set

d(f,9) =Y 27%(If —glla, A1),

k=1

where ||f — g||a, = sup{|f(z) — g(z)| : * € Ax}. Note that d defines a metric on
B (A) which induces the topology of uniform convergence on all sets A such that
its projection p2(A) is bounded away from 0, i.e. a sequence of functions converges
with respect to d if and only if it converges uniformly on each A (Van der Vaart
and Wellner, 1996, Chapter 1.6).

Furthermore to establish our results on weak convergence under the null hypoth-
esis, we impose the following conditions.

Condition 2.1. X is an It6 semimartingale with the representation in (1.1) such
that

a) The drift b; and the volatility o; are caglad, bounded and deterministic.

(a)

(b) There exists some Lévy measure v such that vy = v for all t € R,..

(¢) X has only positive jumps, that is, the jump measure v is supported on (0, 00).
)

(d) v is absolutely continuous with respect to the Lebesgue measure on (0, 00).
Its density h = dv/d\, called Lévy density, is differentiable with derivative h’/
and satisfies

121z, + 11| 2z, < o0

for all k € N with My := [k~1, 00). O

The next lemma is essential for the weak convergence results. Similar statements
can be found in Figueroa-Lopez and Houdre (2009), with slightly stronger assump-
tions on h, and in Biicher and Vetter (2013) in the bivariate case.

Lemma 2.2. Let X be an Ito semimartingale that satisfies Condition 2.1. Let
further be 6 > 0 fized. If Xo = 0, then there exist constants K = K(§) > 0 and
to = to(0) > 0, depending on the bounds on the characteristics in Condition 2.1(a),
such that the inequality

IP(X; € [2,00)) — tv([z,00))| < Kt

holds for all z > § and all 0 < t < tg.

Remark 2.3. If X is an Ito6 semimartingale satisfying Condition 2.1, then Lem-
ma 2.2 implies immediately that we have

sup |P(Xs4¢ — X5 € [2,00)) — tv([z,00))| < Kt?
S€R+

as well. To see this note that, for each fixed s € R, the Ito semimartingale
(Y;(S))teﬂh with Y;(s) = X1t — X, satisfies Condition 2.1, and its characteristics
have the same bounds as the characteristics of X. ]



The limiting behaviour of the process T,, can be deduced from the next theorem,
which is a result for weak convergence of a sequential empirical tail integral process.
For 6 € [0,1] and z > 0 set

UH(G,Z) = n U1:|_n6’J (Z) = k E 1{A;‘X22}¢ (21)
()

where k, := nA, and denote its standardized version by
Gn(0, z) := ko {Un(0,2) — EU,(0,2)}. (2.2)
Obviously, the sample paths of U, (0, z) are elements of B (A).

Theorem 2.4. Let X be an Ito semimartingale that satisfies Condition 2.1. Fur-
thermore, assume that the observation scheme has the properties:

A, — 0, nA, =k, — .

Then, G, ~ G in (Bx(A),d), where G is a tight mean zero Gaussian process with
covariance

H(Ql, z1; 02, 22) = E[G(@l, Zl)G(QQ, 22)] = (91 AN 02) X 1/([,21 V 29, OO))

for (01,21), (02, 22) € A. The sample paths of G are almost surely uniformly contin-
uous on each Ay (k € N) with respect to the semimetric

(SIS

p(01, 21502, 22) := { (01 A O2)v([21 A 22,21 V 22)) + |01 — 02| v([21(9, 0,), 0)) }

with 1(01,02) :=1+ 110, <0.}-

Note that we have centered U,(6,z) around its expectation in (2.2). In most
applications, however, we are interested in estimating functionals of the jump mea-
sure, and according to Lemma 2.2 we need stronger conditions then. Precisely, we
consider the process

G0, 2) = Vkn{Un(0, 2) — 00([2,00))}

and get, as an immediate consequence of the previous two results, the following
sequential generalization of Theorem 4.2 of Biicher and Vetter (2013).

Corollary 2.5. Let X be an Ito semimartingale that satisfies Condition 2.1. If the
observation scheme meets the conditions

A, — 0, nA, = k, — 00, kA, — 0,

then G,, ~ G in (Boo(A),d), where G denotes the Gaussian process from Theo-
rem 2.4.

A further consequence of Theorem 2.4 is the desired weak convergence of the
process T,,, which was defined in (1.2), under the null hypothesis.



Theorem 2.6. Suppose the assumptions of Corollary 2.5 are satisfied. Then, the
process Ty, defined in (1.2) converges weakly to T in (Bso(A),d), where

T(0,z) =G(0,2) — 0G(1,z)

for (0,z) € A, and where G denotes the limit process in Theorem 2.4. T is a tight
mean zero Gaussian process with covariance function

ﬁ(@l, 21; 92, ZQ) = E{T(Gl, Zl)T(eg, 22)} = {(91 A 92) — 01(92}V([21 V 29, OO))

Using the continuous mapping theorem, we are now able to derive the weak conver-
gence of various statistics allowing for the detection of breaks in the jump behaviour.
The following corollary treats the statistic T defined in (1.3).

Corollary 2.7. Under the assumptions of Corollary 2.5 we have, for each € > 0,

T,ga) ~> T(E) = sup Sup|T(9az)|>
0<6<L1 z>¢

where T is the limit process defined in Theorem 2.6.

The covariance function of the limit process in Theorem 2.6 depends on the Lévy
measure of the underlying process, which is usually unknown in applications. If one
only wants to detect changes in the tail integral of the Lévy measure at a fixed point
20, the following proposition deals with the simple transformation

V) (9) : T»(6, z0)

= —21 .
n \/m {U1:n(20)>0}

of T,, which yields a pivotal limiting distribution.

Proposition 2.8. Let X be an Ito semimartingale that satisfies Condition 2.1.
Moreover, let zg > 0 be a real number with v([zo,00)) > 0 and suppose that the
underlying observation scheme meets the assumptions from Corollary 2.5. Then,
V) s B in ([0, 1]), where B denotes a standard Brownian bridge. As a conse-
quence,

Vi)l = sup [Vi)(9)] ~ sup |B(O),
9€[0,1] 0€[0,1]

the limiting distribution being also known as the Kolmogorov-Smirnov distribution.

Remark 2.9. We have derived the previous results under somewhat simplified
assumptions on the observation scheme in order to keep the presentation rather
simple. A more realistic setting could involve additional microstructure noise effects
or might rely on non-equidistant data. In both cases, standard techniques still yield
similar results.

For example, in case of noisy observations, Vetter (2014) has shown that a partic-
ular de-noising technique allows for virtually the same results on weak convergence
as for the plain U, (6, z) in the case without noise. For non-equidistant data, the
limiting covariance functions H and H in general depend on the sampling scheme.
The latter effect is well-known from high-frequency statistics in the case of volatility
estimation; see e.g. Mykland and Zhang (2012). O



3 Bootstrap approximations for the sequential empiri-
cal tail integral

We have seen in Corollary 2.7 that the distribution of the limit T of the process
T,, depends in a complicated way on the unknown Lévy measure of the underlying
process. However, we need the quantiles of T or at least good approximations for
them to obtain a feasible test procedure. Typically, one uses resampling methods to
solve this problem.

Probably the most natural way to do so is to use Uj.,(z) in order to obtain an
estimator 7, for the Lévy measure first, and to draw a large number of independent
samples of an Ito semimartingale with Lévy measure 7, then, possibly with estimates
for drift and volatility as well. Based on each sample, one might then compute the
test statistic T,,, and by doing so one obtains empirical quantiles for T.

However, from a computational side, such a method is computationally expensive
since one has to generate independent Ito semimartingales for each stage within
the bootstrap algorithm. Therefore we have decided to work with an alternative
bootstrap method based on multipliers, where one only needs to generate n i.i.d.
random variables with mean zero and variance one (see also Inoue, 2001, who used
a similar approach in the context of empirical processes).

Precisely, the situation now is as follows: The bootstrapped processes, say Y, =
Yn(Xl, cey Xy &1y o0, &), will depend on some random variables X7, ..., X,, and on
some random weights &1, ...,&,. The Xq,..., X, that we consider as collected data,
are defined on a probability space (2x,Ax,Px). The random weights &1,...,&,
are defined on a distinct probability space (€2, A¢,P¢). Thus, the bootstrapped
processes live on the product space (2, 4,P) := (Qx, Ax,Px) ® (Q¢, Ae, P¢). The
following notion of conditional weak convergence will be essential. It can be found
in Kosorok (2008) on pp. 19-20.

Definition 3.1. Let Y, = Yn(Xl,...,Xn;§17...,fn): (©Q,A,P) — D be a (boot-
strapped) element in some metric space I depending on some random variables
X1,...,X, and some random weights £1,...,&,. Moreover, let Y be a tight, Borel
measurable map into ID. Then Y, converges weakly to Y conditional on the data
X1, Xo,... in probability, notationally Y, ~¢ Y, if and only if

(a) sup [Eef(Yn) —Ef(Y)| 50,
feBL1(D)

(b) Eef(Y,)* —Eef(Vn)s = 0 for all f € BLy(D).

Here, E¢ denotes the conditional expectation over the weights § given the data
X1,...,Xp, whereas BL; (D) is the space of all real-valued Lipschitz continuous func-
tions f on D with sup-norm || f||ec < 1 and Lipschitz constant 1. Moreover, f(Y;)*
and f(Y,)s denote a minimal measurable majorant and a maximal measurable mi-
norant with respect to the joint data (including the weights &), respectively. ]

Remark 3.2.
(i) Note that we do not use a measurable majorant or minorant in item (a) of the
definition. This is justified through the fact that, in this work, all expressions
f (Yn), with a bootstrapped statistic ¥, and a Lipschitz continuous function f,
are measurable functions of the random weights.



(ii) Note that the implication “(ii) = (i)” in the proof of Theorem 2.9.6 in Van der
Vaart and Wellner (1996) shows that, in general, conditional weak convergence
~+¢ implies unconditional weak convergence ~» with respect to the product
measure P. 0

Throughout this paper we denote by
Gn = Gn(ev Z) = @n(XAn7 ey XnAnaéla s 75715 95 Z)
the bootstrap approximation which is defined by

Gn(9,2) \ﬁ Z ny{l{mx>z} —lanx>a}

7j=1 =1

1 [nf]

{1{arx>zy —m(2)}

where n,(2) = n 1Y ", 1{arx>z}- The following theorem establishes conditional
weak convergence of this bootstrap approximation for the sequential empirical tail
integral process Gy,.

Theorem 3.3. Let X be an Ito semimartingale that satisfies Condition 2.1 and
assume that the observation scheme meets the conditions from Theorem 2.4. Fur-
thermore, let (§;)jen be independent and identically distributed random wvariables
with mean 0 and variance 1, defined on a distinct probability space as described
above. Then,

Gn ~e G
in (Bso(A),d), where G denotes the limiting process of Theorem 2.4.

Theorem 3.3 suggests to define the following bootstrapped counterparts of the
process T, defined in equation (1.2):

(0, 2) = (X s Xnasi 1y ee s €m0, 2) 1= Gon(0, 2) — L 6,01, 2)

nb| n— |nb W
= VaB J[Lnamn;@'{1{%»2}—%(2)}
1
—W Z §y{1{A"X>z}_77n( 2)}H

j=|nb|+1

The following result establishes consistency of T,, in the sense of Definition 3.1.

Theorem 3.4. Under the conditions and notations of Theorem 3.3, we have
']AI'n ~e T

in (Bso(A),d), with T defined in Theorem 2.6.

The distribution of the Kolmogorov-Smirnov-type test statistic 7, TEE) defined in
(1.3) can be approximated with the bootstrap statistics investigated in the following
corollary. It can be proved by a simple application of Proposition 10.7 in Kosorok
(2008) on an appropriate £>°(Ay).



Corollary 3.5. Under the assumptions of Theorem 3.3 we have, for each ¢ > 0,

19 i= sup sup[1(6,2)] ¢ sup sup[T(0,z)| =T,
0<0<1 z>¢ =

4 The testing procedures

4.1 Hypotheses

In order to derive a test procedure which utilizes the results on weak convergence
from the previous two sections, we have to formulate our hypotheses first. Under
the null hypothesis the jump behaviour of the process is constant. More precisely,
this means the following:

Ho: We observe an Ito semimartingale as in equation (1.1) with characteristic
triplet (b, o4, v) that satisfies Condition 2.1.

We want to test this hypothesis versus the alternative that there is exactly one
change in the jump behaviour. This means in detail:

H;: There exists some 0y € (0,1) and two Lévy measures v; # vy satisfying Con-
dition 2.1(c) and (d) such that, at stage n, we observe an Ito semimartingale
X = X(n) with characteristic triplet (b, o™, ™) such that

I/t(n) = L{t<nbo) An}¥1 + L{e>n60) An} V2

Furthermore, b\ and o™ satisfy Condition 2.1(a) and are uniformly bounded
inn €Nandt>0.

The corresponding alternative for a fixed 2y > 0 is then given through:

H(lzo) We have the situation from Hj, but with vi([z9,00)) # v2([20,00)) and
v1([20,00)) V v2([z0,00)) > 0.

4.2 The tests and their asymptotic properties

In the sequel, let B € N be some large number and let ({*),—;,. p denote in-
dependent vectors of i.i.d. random variables, £® := (5;”))]-:1,.“,”, with mean zero
and variance one. As before, we assume that these random variables are generated
independently from the original data. We denote by ']AI‘7L7§(b) or Tiz)(b) the particu-
lar statistics calculated with respect to the data and the b-th bootstrap multipliers
ﬂb), .., &Y. For a given level a € (0,1), we consider the following test procedures:
KSCP-Test1. Reject Hy in favor of ngo), if V=) > qi< ., where V%) is defined in
Proposition 2.8 and where ¢{*_, denotes the 1 —a quantile of the Kolmogorov-
Smirnov-(KS-)distribution, that is the distribution of K = sup,cp ] [B(s)]
with a standard Brownian bridge B.

KSCP-Test2. Reject Hy in favor of H(ZO), if

W) = sup |Tu(6, 20)] > ai 0 (W),
0€l0,1]

where Q(B) (W(ZO)) denotes the (1 — «)-sample quantile of W(ZO()I)7 .. W(zg()B),

11—«

and where W( °<b) = SUPyc(o,1] T, e (0, 20)]-



CP-Test. Choose an appropriate small € > 0 and reject Hy in favor of Hy, if
T = g2, (1),

where qAE)a(TT(f)) denotes the (1 — «)-sample quantile of Té ) 19

e B

Since € > 0 has to be chosen prior to an application of the CP-Test, we can only
detect changes in the jumps larger than €. From a theoretical point of view this is
not entirely satisfactory, since one is interested in distinguishing arbitrary changes in
the jump behaviour. On the other hand, in most applications only the larger jumps
are of particular interest, and at least the size of A, provides a natural bound to
disentangle jumps from volatility. Thus, a practitioner can choose a minimum jump
size ¢ first, and use the CP-Test to decide whether there is a change in the jumps
larger than e.

The following proposition shows that three aforementioned tests keep the asymp-
totic level a under the null hypothesis.

Proposition 4.1. Suppose the sampling scheme meets the conditions of Corol-
lary 2.5. Then, KSCP-Testl, KSCP-Test2 and CP-Test are asymptotic level o tests
for Hy in the sense that, under Hy, for all a € (0, 1),

lim P(V*) > ¢ Y=qa, lim lim P{W(0) > B (o)} = q,

n—o00 B—00 n—00 n

and
lim lim P{T > &) (1)} = q,

B—o0 n—o0

for all e > 0 such that v([e,00)) > 0.

The next proposition shows that the preceding tests are consistent under the fixed
alternatives defined in Section 4.1. For simplicity, we only consider alternatives
involving one change point, even though the results may be extended to alternatives
involving multiple breaks or even continuous changes.

Proposition 4.2. Suppose the sampling scheme meets the conditions of Corol-
lary 2.5. Then, KSCP-Testl, KSCP-Test2 and CP-Test are consistent in the fol-
lowing sense: under H(IZO), for all a € (0,1) and all B € N, we have

. 2 . 2 ~(B 2
Tim PV 2 qf ) =1 and  lim PW) > ¢, (W) = 1.

Under Hy, there exists an € > 0 such that, for all o € (0,1) and all B € N,

lim P{7 > 4%, (1)} = 1.

4.3 Locating the change point

Let us finally discuss how to construct suitable estimators for the location of the
change point. We begin with a useful proposition.

Proposition 4.3. Suppose the sampling scheme meets the conditions of Corol-
lary 2.5. Then, under Hy, (0,2) — kn'/*T,(0, 2) converges in Boo(A) to the function

T(0,z) := O(1 —Oo){r1(2) —12(2)} if0 <0
T 60(1 = 0){1(2) —a(2)}  if 0> 6y,

10



in outer probability, with v1(z) := v1([z,00)) and va(z) := va([z, 00)).

Since 6 — T'(6, z) attains its maximum in 6y, natural estimators for the position
of the change point are therefore given by

égf) = arg max96[071] sup |Tn(97 z)’
z>€

for the test problem Hy versus H; and

0(0) .= arg maxpeo,1] | Tn (6, 20)]

in the setup H(()ZO) Versus ngo). The next proposition states that these estimators
are consistent.

Proposition 4.4. Suppose the sampling scheme meets the conditions of Corol-
lary 2.5. If Hy is true, there exists an € > 0 such that 9}(5) =6y + op(1) as n — oo.

In the special case of ngo), we have éSfO) =0y + op(1).

5 Finite-sample performance

In this section, we present results of a large scale Monte Carlo simulation study,

assessing the finite-sample performance of the proposed test statistics for detecting

breaks in the Lévy measure. Moreover, under the alternative of one single break, we

show results on the performance of the estimator for the break point from Section 4.3.
The experimental design of the study is as follows.

e We consider five different choices for the number of trading days, namely k,, =
50, 75,100, 150, 250, and corresponding frequencies A,;1 = 450, 300, 225, 150, 90.
Note that n = k,A,, = 22,500 for any of these choices.

e We consider two different models for the drift and the wolatility: either, we
set by = 0y = 0 or by = 0y = 1, resulting in a pure jump process and a process
including a continuous component, respectively.

e We consider one parametric model for the tail integral, namely

B\ 2

Uste) =vslleoo) = (). 520 (5.1)
(which yields a 1/2-stable subordinator in the case of b, = o, = 0). For the
parameter [, we consider 51 different choices, that is f = 1 + 25/25, with
j€0,...,50, ranging from 8 =1 to 5 = 5.

e We consider models with one single break in the tail integral at 50 different
break points, ranging form 6y = 0 to 6y = 0.98 (note that 8y = 0 corresponds
to the null hypothesis). The tail integrals before and after the break point are
chosen from the previous parametric model.

The target values of our study are, on the one hand, the empirical rejection level
of the tests and, on the other hand, the empirical distribution of the estimators
for the change point 6g. To assess these target values, any combination of the
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previously described settings was run 1,000 times, with the bootstrap tests being
based on B = 250 bootstrap replications. The [to semimartingales were simulated
by a straight-forward modification of Algorithm 6.13 in Cont and Tankov (2004),
where, under alternatives involving one break point, we simply merged two paths of
independent semimartingales together.

The simulation results under these settings are partially reported in Table 1 and 2
(for the null hypothesis) and in Figures 1-4 (for various alternatives). More precisely,
Table 1 and 2 contain simulated rejection rates under the null hypothesis for various
values of ky and zp in the KSCP-tests, for the pure jump subordinator (Table 1)
and for the process involving a continuous component (Table 2). For the CP-tests,
the suprema over z € [g,00) were approximated by taking a maximum over a finite
grid M: we used the grids M = {j-0.05 | j = 1,...,200} in the pure jump case,
resulting in € = 0.05, and M = {(2+j-0.5)VA, | 7 = 0,...,196} in the case
by = oy = 1, resulting in € = 2v/A,,. In the latter case, we chose ¢ depending on
VA, since jumps of smaller size may be dominated by the Brownian component
resulting in a loss of efficiency of the CP-test (see also the results in Figure 3 below).
The results in the two tables reveal a rather precise approximation of the nominal
level of the tests (o = 5%) in all scenarios. In general, KSCP-Test 1 turns out to be
slightly more conservative than KSCP-Test 2.

The results presented in Figure 1 consider the CP-test for alternatives involving
one fixed break point at 6y = 0.5 and a varying height of the jump size, as measured
through the value of 8 in (5.1). In contrast to the results in Tables 1 and 2, due
to computational reasons, we subsequently used smaller grids M = {j-0.2 | j =
1,...,20} for the case by = oy = 0, resulting in € = 0.2, and M = {2.5- A, -j |
j =1,...,20} for the case by = oy = 1, resulting in ¢ = 2.5V/A,,. The left plot
is based on the pure jump process (by = o, = 0), whereas the right one is based
on by = 0; = 1. The dashed red line indicates the nominal level of @ = 5%. We
observe that the rejection rate of the test is increasing in 8 (as to be expected)
and in k,. The latter can be explained by the fact that &, represents the effective
sample size (interpretable as the number of trading days). Finally, the rejection rates
turn out to be higher when no continuous component is involved in the underlying
semimartingale.

The next two graphics in Figure 2 show the rate of rejection of the CP-Test under
alternatives involving one break point from § = 1 to 8 = 2.5 within the model in

kn CP-Test Pointwise Tests | 20 =0.1 | 20=0.15 | 20=025 | z0=1 | 20 =2
50 0.06 KSCP-Test 1 0.048 0.056 0.047 0.035 0.033
KSCP-Test 2 0.060 0.067 0.060 0.050 0.048
75 0.054 KSCP-Test 1 0.034 0.044 0.045 0.041 0.046
KSCP-Test 2 0.045 0.059 0.061 0.058 0.060
100 0.06 KSCP-Test 1 0.047 0.044 0.042 0.044 0.042
KSCP-Test 2 0.060 0.056 0.058 0.062 0.056
150 0.06 KSCP-Test 1 0.049 0.056 0.049 0.040 0.042
KSCP-Test 2 0.065 0.064 0.065 0.059 0.061
250 0.07 KSCP-Test 1 0.046 0.042 0.046 0.055 0.050
KSCP-Test 2 0.054 0.048 0.059 0.072 0.060

Table 1: Test procedures under Hj. Simulated relative frequency of rejections
in the application of the KSCP-Test 1, the KSCP-Test 2 and the CP-Test to 1000
pure jump subordinator data vectors under the null hypothesis.
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kn CP-Test Pointwise Tests | zo = 2v/An | 20 = 3.5V A, | 20 = 6.5VA, | 20 = TVA,
50 0.049 KSCP-Test 1 0.032 0.036 0.035 0.031
KSCP-Test 2 0.049 0.051 0.049 0.050
75 0.050 KSCP-Test 1 0.042 0.039 0.039 0.032
KSCP-Test 2 0.050 0.057 0.051 0.053
100 0.051 KSCP-Test 1 0.039 0.040 0.037 0.038
KSCP-Test 2 0.051 0.054 0.049 0.057
150 0.057 KSCP-Test 1 0.038 0.045 0.034 0.039
KSCP-Test 2 0.057 0.057 0.053 0.052
250 0.049 KSCP-Test 1 0.031 0.035 0.042 0.030
KSCP-Test 2 0.049 0.048 0.053 0.042

Table 2: Test procedures under Hj. Simulated relative frequency of rejections
in the application of the KSCP-Test 1, the KSCP-Test 2 and the CP-Test to 1000
subordinator data vectors plus a drift b = 1 and plus a Brownian motion under Hp.
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Figure 1: Rejection rate of the CP-Test for pure jump subordinator data (on the
left-hand side) and a subordinator plus a drift and a Brownian motion (on the
right-hand side). 8 changes from 1 to the factor of jump size.

(5.1) for varying locations of the change point 6y € (0,1). Again, the left and right
plots correspond to by = oy = 0 and = 1, respectively. Additionally to the general
conclusions drawn from the results in Figure 1, we observe that break points can be
detected best if 0y = 1/2, and that the rejection rates are symmetric around that
point.

Figure 3 shows the rejection rates of the KSCP-Test 1 and 2, evaluated at different
points zg, for one fixed alternative model involving a single change from § = 1 to
B = 2.5 at the point 8y = 1/2. The curves in the left plot are based on a pure jump
process. We can see that the rejection rates are decreasing in zg, explainable by the
fact that there are only very few large jumps both for § = 1 and for § = 2.5. In the
right plot, involving drift and volatility (b; = oy = 1), we observe a maximal value of
the rejection rates that is increasing in the number of trading days, k,. For values
of 2y smaller than this maximum, the contribution of the Brownian component
(an independent normally distributed term with variance A,, within each increment
A;LX ) predominates the jumps of that size and results in a decrease of the rejection
rate.

13




o o
~ 7 — |
«© [ee)
o 7 o 7
L o g o
& S g o
< c
kel 8
© 3]
L« L <
€ s € ©
k=150
~ — k=100 ~
° — k=75 °
— k=50
. — i - N | | =\
o | o |
o o
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Break point 6y Break point 8,

Figure 2: Rejection rate of the CP-Test for pure jump subordinator data (left panel)
and a subordinator with a drift plus a Brownian motion (right panel) for different
change point locations.
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Figure 3: Rejection rates of the KSCP-Test 1 and 2 for different zg. Left panel: pure
jump subordinator, right panel: subordinator with a drift plus Brownian motion.

Finally, in Figure 4, we depict box plots for the estimators 059 and 65 of the
change point for certain values of zy and for M as specified in the case of Tables 1
and 2. The results are based on two models, involving a change in 8 from 1 to 4
at time point 6y = 0.5 (left panel) and 6y = 0.75 (right panel) for k, = 250 and
A1 =90, and with b, = 0, = 1. We observe a reasonable approximation of the true
value (indicated by the red line) with more accurate approximations for 6y = 0.5.
For 6y = 0.75, the distribution of the estimator is skewed, giving more weight to
the left tail directing to g = 0.5. This might be explained by the fact that the
distribution of the argmax absolute value of a tight-down stochastic process indexed
by 0 € [0, 1] gives very small weight to the boundaries of the unit interval. Moreover,
as for the results presented in the right plot of Figure 3, the plots in Figure 4 reveal
that the estimator 65° behaves best for an intermediate choice of zy. Results for
by = 0, = 0 are not depicted for the sake of brevity, since they do not transfer any
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Figure 4: Box plots for the estimators éﬁfo) and éﬁf) based on a subordinator with
a drift plus Brownian motion and a change from 8 =1 to 8 = 4 at 6y = 0.5 (left
panel) and 6y = 0.75 (right panel). The first five box plots in each panel correspond
to five different choices of z.

additional insight.

6 Appendix

6.1 Proof of Lemma 2.2
Let € < (6/6 A 1) and pick a smooth cut-off function ¢, : R — R satisfying

1[—&/2,5/2}(”) < CE(U) < 1[—5,5] (u)

We also define the function ¢ via é.(u) = 1 — c-(u). We use ¢ to define the
“large” jumps of the process, that means, there exist independent processes X*
and X°¢ such that X =4 X°© + X¢ where X°© is a compound Poisson process with
intensity Ae = [ é-(u)v(du) and jump distribution p.(du) = é-(u)v(du)/A.. See e.g.
Figueroa-Lopez and Houdre (2009). Accordingly, X¢ is an It6 semimartingale with
characteristics (bS, 02, cc(u)v(du)), where we set b = by — [ 111y >13uce(u)v(du).
Since our result is a distributional one only, it is possible to work with this par-
ticular representation of X in the following. Call Ni the number of jumps of X* up

to time ¢. Define f(z) = lz>2). Using the law of total expectation we have

_ ief,\ £ (Act)

k=0

E[f(X))|N; = K]
= e ME[f(X])] + e tE[f(X‘f +&)]

Ee a3, 6

where the random variables &, are i.i.d. with distribution p..
For the first summand on the right of the last display, i.e. the case of no large
jumps, we discuss drift, volatility and small jumps separately. For that purpose, we
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write X; = Bf +Q+ Y where Bf = fot bids, Qp = fot osdWs and where Y} is a pure
jump Lévy martingale with jump measure c.(u)v(du). By the triangle inequality

cME[f(XF)] < P(XT > 6) < P(B > §/3) + P(Cy > §/3) + P(Y{ > 6/3).

Let us show that the right-hand side of this display can be bounded by Kt? for all
0 < t < tg, with constants K = K(0) and ¢y = t9(J). Regarding the summand
P(Yg > §/3), we can use equation (3.3) in Figueroa-Lopez and Houdre (2009)
applied to a pure jump Lévy process. Following their result, ¢ < 4/6 ensures the
existence of K and ¢y, both depending on J only, such that

P(YF > 6/3) < Kt* (6.2)

for all 0 < t < tg. Since b and o are bounded, we further have E[|Bf|"] < Kt"
and E[|Q;|"] < Kt'/? for an arbitrary integer r and with K depending on § again.
Markov’s inequality then yields bounds similar to (6.2) when applied to the processes
involving drift, Bf, and volatility, C;.

Also, for the sum over k on the right-hand side of (6.1), we have

At — (At)F 2
e kz < K#2.
—

It therefore remains to focus on E[f(X{ + &1)]. As a consequence of Condi-
tion 2.1(d), and observing that the distribution of &; is h(u)é.(u)du/A. with the
Lévy density h, it follows that

9(x) =E[f(z +&)] =Pl + & = 2)

is twice continuously differentiable with bounded derivatives. Using independence
of X¢ and &, it is sufficient to discuss E[g(X7F)], for which we can use It6 formula
now: for arbitrary Y we have

o0 =900 + [ SVt 5 [ o'y

+ 3 (9(%) — g(¥ee) — ¢ (Vs )AYS)), (6.3)

0<s<t

where [Y,Y]¢ denotes the quadratic variation and AYj is the jump size at time s.
Plugging in X¢ for Y we discuss each of the four summands in (6.3) separately: first,
u > z implies ¢ (u) = 1 by definition of €. Thus, with X§ =0

965 = B(6r 2 2) = 1 [ s hetdu= - [ 1uzah(dn = {-v((z ).

Second, two of the three summands in X are martingales. Therefore

Elf 0 ax;]

due to boundedness of the first derivatives of g. We may proceed similarly for
the third term in (6.3). Finally, conditioning on XZ_ and using the definition of a

g/o [Elg’ (X2 ))e| ds < Kt
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compensator gives

> E[g(X3) —g(Xe) — ¢/ (X )AXE]

0<s<t
= [ [ Blaxs ) = 0005 = o (X5 Jules et

for the final quantity. The Taylor formula proves that the inner integrand above may
be bounded in absolute value by Ku?c.(u). Since v is a Lévy measure, we obtain

[Blo(XF)) - 3 v((z00)| < K.

From |1 — exp(—A:t)| < Kt for 0 < t < ¢y the conclusion follows. O

6.2 Proof of Theorem 2.4

Due to Theorem 1.6.1 in Van der Vaart and Wellner (1996), it suffices to prove weak
convergence G, ~» G in £*°(Ay) for any fixed k € N.

To this end, we use Theorem 11.16 of Kosorok (2008). Note that G, can be
written as

[nd)]

Gn(0,2) Z{l{A"X>z} PAYX > 2)} =Y {fnj(w;0,2) = Efn;(56,2)}

j=1
with the triangular array {fn;(w;0,2) | n > 1;5 = 1,...,n;(6,2) € Ay} consisting
of the processes

1
Fns(0,2) i= fng(w3 0, 2) = = (<ino LAy X(@)22)

which are independent within rows since we assume a deterministic drift and volatil-
ity. By Theorem 11.16 in Kosorok (2008), the proof is complete if the following six
conditions for {f,;} can be established:

(1) {fn;j} is almost measurable Suslin (AMS);

(2) the {f,;} are manageable with envelopes {Fy; | n € N,j = 1,...,n} given
through F,; :=k, 1/24 {Anx>k-1}, which are also independent within rows;
x>

(3) H(91,21;02722) = ILm E{Gn(al,zl)Gn(eg,Zg)} for all (91,2’1), (92,2’2) S Ak;

(4) limsup Z E*FQJ- < 00;

n—o0  j=

(5) lim Z E*F 1{Fnj>5} =0 for all € > 0;

n-}OO
(6) p(b1,21;602,20) = ILm pn(01, 215 02, 22) for every (01, 21), (02, z2) € Ay, where

2
pn (01, 21302, 22) {ZE\fnJ 161,21) — fnj(';92,z2)|2}-
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Moreover, pn(HEn),zE") ;ng),zén) ) — 0 for all sequences (an),zén))neN and

(Hén), Zén))ngN C Ay such that p(«9§n), zgn); «9§n), zén)) — 0.

Proof of (1). By Lemma 11.15 in Kosorok (2008), the triangular array {f,;} is AMS
provided it is separable, i.e., provided for every n € N, there exists a countable
subset S, C A, such that

P*< sup inf Z{fn] 102, 22) fnj(w;91,21)}2>0>:0-
(

61,21)€ Ay, (02,22)€5n

Define S, := Q? N Ay, for all n € N. Then, for every element w of the underlying
probability space and for every (61, z1) € Ag, there exists an (62, 2z2) € S,, such that

D {fnj(@; 02, 22) = foj(w; 61, 21)} = 0.
j=1

Proof of (2). The {F};} are independent within rows since we assume deterministic
characteristics of the underlying process. Therefore, according to Theorem 11.17 in
Kosorok (2008), it suffices to prove that the triangular arrays

{fn](w,z) = k;1/21{A?X2z} | ne N’j = 1)' S S [k*l’oo)}7

and
{gnj(w;e) = 1{j§Ln9J} | neNyj=1,..., n;0¢€ [0, 1]}
are manageable with envelopes {Fnj(w) = k;l/Zl{A?XZkfl} lneN;j=1,...,n}
and {an(w) =1|neN;j=1,...,n}, respectively.
Concerning the first triangular array {f,;} define, for w € Q and n € N,

Fnw = {(kgl/Ql{A?X(w)Zz}a .- -akgl/zl{AﬁX(w)Zz}) | z € [k_laoo)} C R™

For any ji,j2 € {1,...,n}, the projection pj, j,(Fnw) of Frw onto the ji-th and the
jo-th coordinate is an element of the set

{£0,001,£(0,0), (72,00}, {(0,0), (0, k5 /2)},{(0,0), (ki /2, k),
£(0,0), (k5 72,0), (/2K 1)}, £(0,0), (0, K, 72), (2, k.20 .

Hence, for every ¢t € R?, no proper coordinate projection of F,, can surround t
in the sense of Definition 4.2 of Pollard (1990). Thus, F,., is a subset of R™ of
pseudodimension at most 1 (Definition 4.3 in Pollard, 1990). Additionally, F,
is a bounded set, whence Corollary 4.10 in Pollard (1990) yields the existence of
constants A and W, depending only on the pseudodimension, such that

Dy(z]a ® Fp(w)l2, @ ® Frw) < Az™W =: (),

for all 0 < =z < 1, for every rescaling vector @ € R™ with non-negative entries
and for all w € Q and n € N. Therein, || - [[2 denotes the Euclidean distance, D>
denotes the packing number with respect to the Euclidean distance and F,(w) :=
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(Fpi(w), ..., Eyp(w)) € R™ is the vector of envelopes. Since fol Vieg Mx)dz < oo,
the triangular array { fm} is indeed manageable with envelopes {Fnj}.
Concerning the triangular array {g,;}, we proceed similar and consider the set

Gnw = {(Gn1(w;0), ..., Gnn(w;0)) | 0 € [0,1]}
— {(0,...,0),(1,0,...,0),(1,1,0,...,0),....,(1,..., )}.

Then, for any ji,j2 € {1,...,n}, the projection pj, j,(Gnw) of Gy, onto the ji-th and
the jo-th coordinate is either {(0,0), (1,0), (1,1)} or {(0,0), (0,1), (1,1)}. Therefore,
the same reasoning as above shows that G, is a set of pseudodimension at most
one, whence the triangular array {g,;} is manageable with envelopes {énj}.

Proof of (3). For any (61, 21), (02, 22) € A, by independence of {f,;} within rows,
we can write

E{Gn(01,21)Gn (02, 22)}

= E[{fnj(w;01,21) = Efj (01, 20) H fnj (w3 02, 22) — Bfn (5 02, 22) }]
=1
[12(61702)]
=1 Z {PAYX > 21V 22) = P(ATX > 2)P(ATX > 29)} (6.4)

J
n =1

By Remark 2.3 and the choice K = K (k') and ¢y = to(k~') > 0, we have
P(A}X > 2) = Ap([z,00)) + O(A}), 1 — o0 (6.5)

for all z > k~! and all j = 1,...,n, whence the right-hand side of equation (6.4)
can be written as

Ln(91 A 92)J

- {v([z1 V 22,00)) + O(Ay,)} = H(61,21;02,22) +0(1), n — oo.

Proof of (4). Again from Remark 2.3, we have
n . 1 n . - - -
Y EF = A Y PATX > k) = (kT 00)) + O(A,) = vk, 00)) < o0
j=1 =1
as n — 0.
Proof of (5). For € > 0 define N := min{n € N | km/? < ¢ for all m > n}. Choose

K = K(k™') and tg = to(k~') as in Lemma 2.2. Then, for any sufficiently large n
such that A,, < tg, we have

n N N

* * 1 n —
S B FL (e S D EFL = —— S PAIX 2 k)
j=1 j=1 j=

{v(k™!, 00)) + KA,} — 0, n — 00.
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Proof of (6). For (61,21), (02, 22) € Ag, we can write
,0721(017 215 927 22)

= ZE | Fni (501, 21) = faj(+5 02, 22)|?

7=1
[n(01102) ]
1 " .
== { Z (P(ATX > 21 Nzp) —P(ATX > 21V 22))
n =

I_’n(el\/eg)J

+ Z P(ATX > 21(91,02))}

j:LTL(Gl/\QQ)J—‘rl
— {(61 A 62) +O(n 1)} x {i( zlAzz,Z1VZ2))+O(A )}
+ {161 — 02] + O(n ™)} x {v([21(9,.62)5 0)) + O(An) }

as n — oo, where the O-terms are uniform in (61, z1), (02, 22) € Ay for the same
reason as in equation (6.5). Thus p2 converges even uniformly on each Ay x Ay
to p?. Consequently, for any sequences (0% ), 2 ) nen ,(0;"), 25" )nen C Ay, such that
p(0, 2\, 0(") <")) — 0, it follows p, (61", 2{"; 05"), é"’) — 0.
Finally, p is a semimetric: applying first the triangle inequality in R™ and then the
Minkowski inequality, one sees that each p, satisfies the triangle inequality. Thus
the triangle inequality also holds for p. O

6.3 Proof of Corollary 2.5

For k € N, choose K = K(k™!) and tg = to(k~!) as in Lemma 2.2. Then, for any
(0,2) € Ay and for sufficiently large n, we have

Gu(8,2) = Gul8,2)| = vku|EU(, 2) — 0 ([, 00))|
1 o

< Vkn |~ Z{A 1IP’A"X>z)—y ([2, 000} + VEnr([2, 00)

] 1

)| lno) ‘

<K\knAp +v([k1, 00)) % — 0.

because of equation (6.5). Since the convergence is uniform in (6, z) € Ag, we obtain
that d(Gy,G,) — 0 in probability. Lemma 1.10.2(i) in Van der Vaart and Wellner
(1996) yields the assertion. O

6.4 Proof of Theorem 2.6

We are going to use the extended continuous mapping theorem (Theorem 1.11.1 in
Van der Vaart and Wellner, 1996). For n € Ny, define g,,: Boo(A) — Boo(A) through

LT;HJ (1,2), forneN

gn(f)(evz) = f(@,z)
and

gO(f)(evz) = f(0,z) - Hf(laz)}
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Note that g, is Lipschitz continuous for any n € Njy.
Obviously, T,, = gn(G,,) + ET,, for each n € N and T = go(G). We have

n

ET(0,2) = VEnn(6) {MEUnw, 2) = ——[BU, (1, 2) ~ EUL(6, z)]}

n— [nf]

and the proof of Corollary 2.5 shows that ET,, converges to 0 in By (A). Thus, by
Slutsky’s theorem (Van der Vaart and Wellner, 1996, Example 1.4.7), it suffices to
verify gn(Gy) ~ go(G).

Due to Theorem 1.11.1 in Van der Vaart and Wellner (1996) (note that G is
separable as it is tight; see Lemma 1.3.2 in the last-named reference) this weak
convergence is valid, if we can show that, for any sequence (fy,)nen C Boo(A) with
fn — fo for some fy € Boo(A), we have

gn(fn) - gO(fO)'

Let (fn)nen be such a sequence with limit point fy. Convergence in (B (A),d) is
equivalent to uniform convergence on each Ay with k € N. The latter is true since

lgn(fn) = go(fo)llay = [[fn(6,2) = (18] /1) fu(1, 2) = fo(0,2) + 0 fo(1, 2)]|a,
<n” | folla, + 21 fn = folla,-

Obviously, T is a tight, mean-zero Gaussian process. Moreover, from Theorem 2.4,

COV{T(ala 21)7 T(927 22)} = H(Qla 215 027 ZQ) - HIH(17 21; 927 22)
— 02H (01, 21;1,22) + 0162 H (1, 2151, 20)
= {(91 A 92) — 6102}1/([2’1 V 29, OO))

for any (61, 21), (02, z2) € A. O

6.5 Proof of Proposition 2.8

Because of Corollary 2.5 (and the continuous mapping theorem) Uy.,,(z0) = Un(1, 20)
converges to v([zp,00)) > 0 in probability. Therefore, it follows easily that the ran-
dom variable {U,(1, Zo)}_l/Ql{Un(1,z0)>g} converges to {v/([z0,00))} /2 in probabil-
ity. Hence, by Slutsky’s theorem (Van der Vaart and Wellner, 1996, Example 1.4.7)

we obtain .
V,(20)(6) v ———=T(6, 20).
v([20,00))
By Theorem 2.6 the process on the right-hand side of this display is a tight mean
zero Gaussian with covariance function k(61,62) = 01 A 02 — 01605. Thus, the law of

that process is the law of a standard Brownian bridge on ¢*°([0, 1]). O

6.6 Proof of Theorem 3.3

Due to Lemma 6.2 below it suffices to prove conditional weak convergence on
0>°(Ay) for any fixed k € N. Recall the triangular array {f,;(w;0,2) | n > 1;j =
1,...,m;(60,2) € Ax} consisting of the processes

frj (w30, 2) := kﬁl/zl{jstnej}l{A?Xzz}-
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Set finj (6, 2) = Efuj(560,2) = kn 1< oy P(ATX > z) and let

fing (0, 2) = finj (w3 0, 2) =k 1< g7 (2)

be an estimator for pu,;(6, z). Then, Gy, can be written as
Gn(0,2) = Gn(w; 6, 2) Z@{fm w; 0, 2) — finj(w;0,2)}.

Due to Theorem 3 in Kosorok (2003) the proof is complete, if we show the following
properties for the triangular array {ji,j(w;60,2) |n>1;j=1,...,n;(0,2) € Ax}:
(i) {fin;} is almost measurable Suslin.
n *
(i) sup 3 {finj (w36, 2) — (6, 2)}* = 0.
(Q,Z)GA;C .7:1
(iii) The triangular array {/i,;} is manageable with envelopes {F},;} given through

~ —-1/2 _
Bpj(w) i= ky Pty Lianx>k—1}-
IP*

n A
(iv) There exists a constant M < oo such that M V > ng — M.
j=1
Proof of (i). As in the proof of (1) in Theorem 2.4, it suffices to verify that the
triangular array {fi,;} is separable. This can be seen by taking S, := A NQ? again.

Proof of (ii). We have

sup Z{Mm w;0,2) — pnj(0,2)}?

(0 Z)EAk ] 1
2

= sup n SA; 12 [Z{l{A?XZZ}—IP(A?X > 2)}

2>1/k

=n"! sup {Gn(l,z)} +OP(A2),
z>1/k

where the final approximation error is a consequence of equation (6.5) in the proof
of Theorem 2.4. The last quantity in the above display converges to 0 in probability
by Theorem 2.4.

Proof of (iii). In the proof of Theorem 2.4 we have already shown that the triangular
array

~ def
is manageable with envelopes {Gp;(w) =1 | n € N;j =1,...,n}. Therefore, due
to Theorem 11.17 in Kosorok (2008), it suffices to prove that the triangular array

{ﬁn](w z) = n\ﬁzl{Anx>z}|neN‘]_l n;ze[kl,oo)}

is manageable with envelopes {Fj,;(w) | n € N;j = 1,. .,n}. But iNznj(w' z) does not
depend on j at all, such that every projection of Hnw = {(hn1 (W3 2), .+, Ay (w3 2)) |
2z > k~1} onto two coordinates lies in the straight line {(z,y) € R? | # = y}. Conse-
quently, the set H,,, has a pseudodimension of at most 1 (Definition 4.3 in Pollard,
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1990) and is bounded. Hence, the same arguments as in the proof of Theorem 2.4
show the desired manageability.

Proof of (iv). A straight forward calculation yields

EqY Enp=n?a) D E {1{A?1X2k*1}1{A?2X2k*1}} = O(An).
j=1

i1=112=1

Here we used equation (6.5) again and the fact, that the increments of X are inde-

n A
pendent since we assume deterministic characteristics. Thus ) Fﬁj is op(1). O
=1

6.7 Proof of Theorem 3.4

Again by Lemma 6.2 it suffices to prove the convergence in the spaces £*°(Ay). Let
therefore k € N be fixed for the rest of the proof.

By definition, T,, = gn(@zn) in ¢*°(Ay), with g, defined in the proof of Theo-
rem 2.6. Now, (¢>°(Ag), |- ||a,) is a Banach space and the mapping go: £*°(A;) —
(> (Ay) defined in the proof of Theorem 2.6 is Lipschitz continuous. Hence, Propo-
sition 10.7(i) in Kosorok (2008) yields the convergence

90(Gn) ¢ 90(G) =T

in £>°(Ay). Furthermore, due to the definition of the mappings g, go and the defi-
nition of the process G,, we obtain that

190(Gn) — 90(Gp)|l 4y, <

SN

sup |Gn(1, 2)]
ZZ%

By Theorem 3.3, the right-hand side converges to 0 in probability. Another appli-

~

cation of Lemma 6.1 shows that T, = ¢,,(G,) ~¢ go(G) =T as asserted. O

6.8 Proof of Proposition 4.1

The assertion that lim,, .o }P’(VTSZO) > q{(_ o) = a under Hy is a simple consequence
of Proposition 2.8 and the fact that the KS-distribution has a continuous cumulative
distribution function.

With respect to the assertion regarding W, note that, under Hy, Proposition 6.3
and the continuous mapping theorem imply that, for any fixed B € N,

(W W, ) (e ) o)

in RB+! where W(%0) .= supge(o,1] | T(0, 20)| with the limit process T of Theorem 2.6
and where W0)-(1) W (20).(B) are independent copies of W(0). According to the
corollary to Proposition 3 in Lifshits (1984), W (20) has a continuous c.d.f. under Hy.
Thus, Proposition F.1 in the supplement to Biicher and Kojadinovic (2014) implies

that
lim lim P{W ) > ¢t (W) = o

B—o0o n—0o0
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for all a € (0,1), as asserted. Observing that, under Hy and for ¢ > 0 with
v([e,00)) > 0, the distribution of T(*) has a continuous c.d.f., essentially the same
reasoning also implies that

hm lim P{7®) > q( ) (TN} =

B—oon—oo 1-a

for all a € (0,1). O

6.9 Proof of Proposition 4.2

In order to prove consistency of the CP-Test, choose € > 0 as in Proposition 6.4
such that lim,, o P(T}\Y > K) = 1 for any K > 0. By Proposition 6.5, for given
6 > 0 and fixed B € N, we may choose Ky > 0 such that

sup]P( max T() )>K0> gg.

neN b=1,. n &
For this Ky, we can now take N € N such that

P(T) > Ko) >1— g

holds for all n > N. Then, for any n > N,

16 <P(TE > Kpy) — ]P’(blrllax 7, > KO)

< ]P’( I > Ko, max 7, < KO)
=1,. n,§

<P{T > ¢?) (T<5>)}.

« n

This proves the assertion for the CP-Test, and the claim for KSCP-Test2 follows
along the same lines. The assertion for KSCP-Testl is a direct consequence of
Proposition 6.4. O

6.10 Proof of Proposition 4.3

Let X®(n) and X®(n) denote two independent Itd semimartingales with charac-
teristics (by”,o{™,v1) and (b, 0", v2), respectively. For n € Nand j = 0,...,n,
set Yj(n) = X;Xn (n) and Z;(n) = X;Zn (n). Let USY and U denote the quantity
defined in (2.1), based on the observations Y;(n) and Z;(n), respectively, instead on
XjA,- Moreover, define a random element S, with values in B (A) through

n— |nb|

n

S,(0,2) = U9, z) — “;(’J{U,gﬂ(eo, 2) = UM, 2)}

- w2 - v =),
n
for (0,2) € A with 8 < 6y, whereas for (0, 2) € A with 6 > 6,

n— |nb|

Sn(0,2) := UM (6, z) + ”_nM{U?g”(e, z) — UP (6o, 2)}
_ nf]

ELUP(,2) - U6, 2)}.

n
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According to Theorem I1.4.15 in Jacod and Shiryaev (2002), we have the distribu-
tional equality

(A?X(n)v te ATné)on(n)? A?n@gj+1X(n)7 te AZX(R))
D n n n n
= (ATXW (), ATy XD (), ATy 1 XD (), ARX P (n)).

Hence, for any (61, 21),...,(0p, zp) € A and p € N, we also have that

(kgl/QTn(ﬂl, 21)5- s k’EI/QTn(ega Zg)) 2 (S”(el’ 21)s- -5 Sn(ly, Zg))'

By Theorem 1.6.1 in Van der Vaart and Wellner (1996), we have to show uniform
convergence of k,"/*T,, to T on any Aj with k € N, in probability. Now, from the
previous display, and from the fact that the function 7 is continuous in (6, z) and
that the functions T, (0, z) depend only through [nf| on 6 and are left-continuous
in z, we immediately get that

sup |k, /2Tn(6,2) = T(0,2)| = sup |k, /*Tn(6,2) = T(6, 2)
(0,2)€Ag (0,2)e ANQ2

2 sup [Su(6,2) —T(6,2)]
(0,2)€A,LNQ2

This expression is in fact op(1) as a consequence of Corollary 2.5 and the continuous
mapping theorem. Note that the proofs of Lemma 2.2, Theorem 2.4 and Corol-
lary 2.5 show that Corollary 2.5 is in fact applicable in this setup, because the char-
acteristics b\ and o{™ have a uniform bound in n € N and the resulting constants
of Lemma 2.2 depend only on the bound of the characteristics and on 6. O

6.11 Proof of Proposition 4.4

Under Hj, choose € > 0 such that there exists a z9 > ¢ with v1(z0) # v2(20). Then,
according to Proposition 4.3 and the continuous mapping theorem, the random
functions 6 — sup,s. |kn'/*T, (0, 2)| converge weakly in £>°(]0,1]) to the continuous
function 6 — sup,~. |T(6, )|, which has a unique maximum at 6.

Similarly, under H{™’, the random functions @ s |k, "/*T,,(6, z)| converge weakly
in £°°([0,1]) to the continuous function § — |T'(0,zp)|, which also has a unique
maximum in 6.

Thus, the asserted convergences follow from the argmax-continuous mapping the-
orem (Theorem 2.7 in Kim and Pollard, 1990). O

6.12 Additional auxiliary results

The following two auxiliary results are needed for validating the bootstrap proce-
dures defined in Section 3. The first lemma is proved in Biicher (2011), Lemma A.1.

Lemma 6.1. Consider two bootstrapped statistics Gy, = Gn(Xl, ces Xy &y 8n)
and Hy, = Ho(X1, ..., Xp, 61, ... ,€n) in a metric space (D,d) with d(@n,I:In) 0.

Then, for a tight Borel measurable process G in D, we have Gy, ~¢ G if and only if
I:In ~e G
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For the second auxiliary lemma, let 77 C 15 C ... be arbitrary sets and set
T := Ugey T Let (Boo(T),d) be defined as the complete metric space of all real-
valued functions on 7" that are bounded on each T}, equipped with the metric

e}

d(f1, f2) =Y 27*(lf = fallm A D),

k=1

where ||-||7, denotes the sup-norm on T} (Van der Vaart and Wellner, 1996, Chapter
1.6). Bootstrap variables on such spaces converge weakly conditionally in probability
if and only if the same holds true in (¢>°(7}), || - ||z,) for all & € N.

Lemma 6.2. Let G, = Gn(Xl, cos Xny &1, 0, &) be a bootstrapped statistic with
values in Bso(T) and let G be a tight Borel measurable process taking values in
Boo(T). Then, Gy ~e G in (Boo(T),d) if and only if Gp~¢ G in (£(Ty), || - |I1.)
for all k € N.

The proof of this lemma can be found in Biicher (2011), Lemma A.5, for a special
choice of the Ty. The proof, however, is independent of this choice.

The proof of Proposition 4.1 is based on the following auxiliary result, establishing
unconditional weak convergence of the vector of processes (T, Tné(l), ... ,’]AI‘n,gB)).

Proposition 6.3. Suppose the conditions from Theorem 3.3 are met. Then, under
Hy, for all B € N, we have

~ A~

(T, T ety - Ty em) ~ (T, TO, . 1))

in (Boo(A),d)BTY, where ~ denotes (unconditional) weak convergence (with respect
to the probability measure P), and where T, ..., T®) are independent copies of T.

Proof. We are going to apply Corollary 1.4.5 in Van der Vaart and Wellner (1996).
Therefore, let f©, f1 . fB) ¢ BL)(Bw(A)). Since T,, T, PO T ne(B) are
independent condltlonal on the data, we have

Ee{fT,) - fO T, ) - - (T em) }
—f(o)( ) EefO(Te) - - EefPNT, o) =t S

By Definition 3.1 and Theorem 3.4, ¢ £ ( n §<b>) converges in outer probability to
E(f®(T®)) =: ¢, for each b € {1,..., B}. Therefore,

Sp~mscre..ep- fOT) =8

by using the continuous mapping theorem, Slutsky’s Lemma and Lemma 1.10.2 in
Van der Vaart and Wellner (1996) several times.

Choose an M > 0 with |S,|V [S| < M forallw € Q, n € Nand let g: R — R
be a bounded and continuous function with g(x) = = on [—M, M]. Then

£ [Ez{f(o) (To) - SO, e) - f(B)(Tn7§(B))}:|
= E5Sn = Exg(Sa) 5 E(g(S)) =ES

@ g { O (T). fOTW). . fB(TE)) (6.6)
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Note that (1) uses the fact that a coordinate projection on a product probability
space is perfect (Lemma 1.2.5 in Van der Vaart and Wellner, 1996). Moreover, (2)
holds because the limit processes are independent.

By Theorem 2.6, Remark 3.2(ii), Theorem 3.4 and Lemma 1.3.8 and Lemma 1.4.4
in Van der Vaart and Wellner (1996) the vector of processes (T}, ’]Tnyg(l), .. ,Tn’g(B))
is (jointly) asymptotically measurable. Consequently, Equation (6.6), Fubini’s the-
orem (Lemma 1.2.6 in Van der Vaart and Wellner, 1996) and Corollary 1.4.5 in
Van der Vaart and Wellner (1996) yield the desired weak convergence. Note that
the limit process (T,T(M), ..., T(®)) is separable because it is tight (Lemma 1.3.2 in

the previously mentioned reference). O

Proposition 6.4. Suppose the sampling scheme meets the conditions from Corol-
lary 2.5. Then, under Hy, there exists an € > 0 such that, for all K > 0,
lim P(T®) > K) = 1.

n—oo

If H(lzo) is true, the same assertion holds for Vézo) and Wy({zo).

Proof. Choose € > 0 such that there exists a 2 > ¢ with v1(2) # v2(2). Then ¢ :=
SUPge[o,1] SUP.>c [1'(0, 2)| € (0,00), with the function T' defined in Proposition 4.3.
But Proposition 4.3 and the continuous mapping theorem show that k;, ‘75" =
¢+ op(1) and this yields the assertion for T} .

The same argument implies the claim for W™, using the fact that v (z0) # va(20)
and consequently sup,,,; |7'(0, 20)| > 0 under H{.

Finally, let us prove the claim for Vi) As in the proof of Proposition 4.3,
let X®(n) and X®(n) be independent Ito semimartingales with characteristics
(b, 0 v1) and (B, 0™, ), respectively. Forn € Nand j = 0,...,n, set Yj(n) =
X](.Xn (n) and Zj(n) = X;‘QA)n (n). Let U and Uy’ denote the quantity defined in
(2.1), based on the observations Yj(n) and Z;(n), respectively, instead on Xja,,.

Then the quantities V,® and W, differ only by a factor A;"/ 21{ Ap>0), With A,
being equal in distribution to (Theorem II1.4.15 in Jacod and Shiryaev, 2002)

UM (60, 20) + U (1, 20) — U2 (8o, 20).

This expression converges to Oy (zg) + (1 — 0g)v2(z9) > 0, in probability, which in
turn implies the assertion regarding Vn(zo). O

Proposition 6.5. Suppose the sampling scheme meets the conditions from Corol-
lary 2.5. Then, under Hy, for alle > 0 and allb € {1,..., B},

1) Op(1), that is lim lim sup P(T(E) > K) =0.

ng® K300 1o n,E®)
Moreover, under ngo), forallbe {1,...,B},

W(zo) = Op(1), thatis lim limsupP(W(ZO) > K) = 0.

ng® = Koo mosmel L mg®

Proof. Since the results are independent of b, we omit this index throughout the
proof. Also note that, for both assertions, it suffices to show that, for any k € N,
SUPge[o,1] SUP.>1/k |Gn (0, 2)| = Op(1) under Hj.
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Forn € Nand j = 0,...,n, let Yj(n) = X;Xﬂ(n) and Zj(n) = X;Xn(n) be
defined as in the proof of Proposition 4.3. Let UL, 0% and US’, n$ denote the
corresponding quantities, based on the observations Yj(n) and Z;(n), respectively,
instead on Xja,,.

Then, for 6 < 6y, we can write G,,(6, z) as

[nd] [nd]
1 1
—— E{tianysg — @I+ =Y &b x 1A 2 () =) b
Vi 2= ; NG ]Zzl { }

The first term of this display is Op(1), uniformly in § < 6y and z > 1/k, by The-
orem 3.3 and Remark 3.2 (ii). By the classical Donsker theorem, the first term in
curly brackets on the right-hand side is also Op(1) uniformly in < 6y. The quantity
ALV (2) = AYPUNY (1, 2) is op(1) by Corollary 2.5. Finally, the same argument

as in the proof of Proposition 4.3 yields

A;l/z sup |mn(2)| = VA, sup
z>1/k z>1/k

UM (00, 2) + U (1, 2) = U (60, 2)| = op(1).

To conclude,

sup sup |G(6,z)| = Op(1).
0<00 2>1/k

The supremum over 6 > 6y and z > 1/k can be treated similarly. O
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