N

N

Data-driven semi-parametric detection of multiple
changes in long-range dependent processes
Jean-Marc Bardet, Abdellatif Guenaizi

» To cite this version:

Jean-Marc Bardet, Abdellatif Guenaizi. Data-driven semi-parametric detection of multiple changes
in long-range dependent processes. Electronic Journal of Statistics , In press. hal-01676967v2

HAL Id: hal-01676967
https://hal.science/hal-01676967v2
Submitted on 29 Dec 2018

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://hal.science/hal-01676967v2
https://hal.archives-ouvertes.fr

Data-driven semi-parametric detection of multiple changes in long-range
dependent processes

Jean-Marc Bardet and Abdellatif Guenaizi

bardet@univ-parisl.fr, Abdellatif.Guenaizi@malix.univ-parisl.fr

SAMM, Université Panthéon-Sorbonne (Paris I), 90 rue de Tolbiac, 75013 Paris, FRANCE

Abstract

This paper is devoted to the offline multiple changes detection for long-range dependence processes. The
observations are supposed to satisfy a semi-parametric long-range dependence assumption with distinct
memory parameters on each stage. A penalized local Whittle contrast is considered for estimating all the
parameters, notably the number of changes. The consistency as well as convergence rates are obtained.
Monte-Carlo experiments exhibit the accuracy of the estimators. They also show that the estimation of the
number of breaks is improved by using a data-driven slope heuristic procedure of choice of the penalization

parameter.

Keywords: 62M10, 62M15, 62F12.

1. Introduction

There exists now a very large literature devoted to long-range dependent processes. The most commonly
used definition of long-range dependency requires a second order stationary process X = (X,,)nez with

spectral density f such as:

fO) =|A**L(]A]) for any A € [—, 7], (1.1)
where L is a positive slow varying function, satisfying for any ¢ > 0, limy_.q LL((C‘L}‘L;) = 1, typically L is a
function with a positive limit or a logarithm.
From an observed trajectory (Xi,...,X,) of a long-range dependent process, the estimation of the pa-

rameter d is an interesting statistical question. The case of a parametric estimator for which the explicit
expression of the spectral density f is known, was successively solved in many cases using maximum likeli-
hood estimators (see for instance Dahlhaus, 1989) or Whittle estimators (see for instance Fox and Taqqu,
1987, Giraitis and Surgailis, 1990, or Giraitis and Taqqu, 1999).

However, with numerical applications in view, knowing the explicit form of the spectral density is not a
realistic framework. A semi-parametric estimation of d where only the behaviour (1.1) is assumed should
be preferred. Thus, numerous semi-parametric estimators of d were defined and studied, the main ones

being the log-periodogram (see Geweke and Porter Hudak, 1987, or Robinson, 1995a), the wavelet based
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(see Bardet et al., 2000) and the local Whittle estimators (see Robinson 1995b).

This last one is a version of the Whittle estimator for which only asymptotically small frequencies are
considered. It provides certainly the best trade-off between computation time and accuracy of the es-
timation (see for instance Bardet et al., 2003b). Its asymptotic normality was extended for numerous
kinds of long-memory processes (see Dalla et al., 2006) and also non-stationary processes (see Abadir et
al., 2006). However there is still not satisfactory adaptive method of choice of the bandwidth parameter
even if several interesting attempts have been developed (see for instance Henry and Robinson, 1998, or

Henry, 2007). Hence, the usual choice valid for FARIMA or Fractional Gaussian noise is commonly chosen.

In this paper we consider the classical framework of offline multiple change detection. It consists on
the observed trajectory (Xi,...,X,) of a process X whose trajectory is partitioned into K* + 1 subtra-
jectories on which it is a linear long memory process whose long memory parameters are distinct from
one area to another (see a more precise definition in (2.4)). Thus there is dependence between two sub-
trajectories since all the different linear processes are constructed from the same white noise. The aim of
this paper is to present a method for estimating from (X7, ..., X,) the number K* of abrupt changes, the
K* change-times (t7, ..., t%.) and the K* 41 different long-memory parameters (dj, ..., d%.,,), which are
unknown.

The framework of “offline” multiple changes we chose, has to be distinguished from that of the “online”
one, for which a monitoring procedure is adopted and test of detection of change is successively applied
(such as CUSUM procedure). The book of Basseville and Nikiforov (1993) is a good reference for an
introduction on both online and offline methods. There exist several methods for building a sequential
detector of long-range memory, see for instance Giraitis et al. (2001), Kokoszka and Leipus (2003) or
Lavancier et al. (2013).

For our offline framework, following the previous purposes, we chose to build a penalized contrast based
on a sum successive local Whittle contrasts and to minimize it. The principle of this method, minimizing
a penalized contrast, provides very convincing results in many frameworks: in case of mean changes with
least squares contrast (see Bai, 1998), in case of linear models changes with least squares contrast (see Bai
and Perron, 1998, generalized by Lavielle, 1999, and Lavielle and Moulines, 2000) or least absolute devia-
tions (see Bai, 1998), in case of spectral densities changes with usual Whittle contrasts (see Lavielle and
Ludena, 2000), in case of time series changes with quasi-maximum likelihood (see Bardet et al., 2012),...
Clearly, the remarkable paper of Lavielle and Ludena (2000) was the model of this article except that we
used a semi-parametric version of their Whittle contrast with the local Whittle contrast, and this engen-
ders additional difficulties...

Restricting our paper to long-memory linear processes, we obtained several asymptotic results. First the
consistency of the estimator has been established under assumptions on the second order term of the
expansion of the spectral density close to 0. A convergence rate of the change times estimators is also

provided, but we are not able to reach the usual Op(1) converge rate, which is obtained for instance in



the parametric case (see Lavielle and Ludena, 2000).

Monte-Carlo experiments illustrate the consistency of the estimators. When the number of changes is
known, the theoretical results concerning the consistencies of the estimator are satisfying and n = 5000
provides very convincing results while they are still mediocre for n = 2000 and bad for n = 500. This is not
surprising since we considered a semi-parametric statistical framework. When the number of changes is
unknown, although we chose an asymptotically consistent choice of penalization sequence, the consistency
is not satisfying even for large sample such as n = 5000. The accuracy of the number of changes estimator
is extremely dependent on the precise choice of the penalization sequence, even if this choice should not be
important asymptotically. Then we chose to use a data-driven procedure for computing “optimal” penalty,
the so-called “Slope Heuristic” procedure defined in Arlot and Massart (2009). It provides more accurate

results than with a fixed penalization sequence and it leads to very convincing results when n = 5000.

The following Section 2 is devoted to define the framework and the estimator. Its asymptotic proper-
ties are studied in Section 3. The concrete estimation procedure and numerical applications are presented

in Section 4. Finally, Section 5 contains the main proofs.

2. Definitions and assumptions

2.1. The multiple changes framework

We consider in the sequel the case of multiple change long-range dependent linear processes. First we
define a class L(d, 3, ¢) of real sequences, where d € [0,1/2), 5 € (0,2] and ¢ > 0:

Class L(d,3,c): A sequence (a;)ien € RY belongs to the class L(d, B, c) if
o |a,| =cnt + O(n*'7F) when n — oo;

o Za(d) =0\ aN)|) when X — 07 with a(X) = Y22 a e,

Note that the class L(d, 3, ¢) is included in £*(R), the Hilbert space of square summable sequences.

Now, for (a;)ieny € R™ a sequence of the class L(d, §,¢), it is possible to define a second order linear
long-range dependent process. Indeed, with (;)c7 a sequence of independent and identically distributed
random variables (iidrv) with zero mean and unit variance, we can define Y = (Y} )xez such as

o0

Y, = Zaj Ek—j for k € Z.

=0

Note that Y is a zero mean stationary process, with autocovariance (k) = E(YyY}) satisfying

r(n) = B(1 - 2d,d) n** + O(n*"2%)  when u — oo, (2.1)



with B(u,v) the usual Beta function (see for instance Inoue, 1997). It is also possible to define the spectral
density f of Y in [—m,0) U (0, 7] and it satisfies for d € (0,1/2)

fA) = < B(1 —2d,d)T'(2d) sin (g — mz) A7+ O(IA7%%)  when A — 0, (2.2)

™

using the Tauberian Theorem in Zygmund (1968) and with I'(u) the usual Gamma function. By the way,
we can also write that there exists ¢’ > 0 such as

FO) =¢ A>T+ O(A2P) when A — 0, (2.3)

that is the classical assumption required for instance in Robinson (1995b).
Using these definitions, we are going to give the following assumption satisfied by the trajectory (X, ..., X,)
of the process X from we study the changes:
Assumption A: Let (g;)icz be a sequence of iidrv with zero mean and unit variance. Denote also:

o K*e{0,...,n—1}, i =0<7{ <+ < Tjo <1 ="7Tpuq;

o (&) )1<icrr1 €[0,1/2)H (¢icicrer1 € (0,00) ! and (8] )1<i<rs1 € (0,2]F7H

o K*+ 1 sequences (agi)) such as (ay))teN belongs to the class L(d}, 55, c}) for alli=1,--- | K* + 1.
Define the process X = (Xi)1<t<n such as

1. fori=1,---  K*+1,

X, = Zay) gi—; when [nT ]+ 1<t < [n7/]. (2.4)
=0
2. Fori=1,--- ,K*, di , —di # 0 and denote
Ag= max |di, —d;| > 0. (2.5)

1<i<KC*

The first condition (2.4) is relative to the behavior (X;) in each stage: it is a stationary linear long-range
process with a spectral density satisfying (2.3) (where d = d). Moreover there also exists a dependence for
(X;) from one stage to another one (see for instance the proof of Lemma 5.2 where the covariance between
two subtrajectories of X is computed in (5.13)), which makes the model much more realistic than if the
independence of successive regimes had been assumed. The second condition (2.5) is the key condition

insuring that the framework is the one of multiple long-range dependence change.



2.2. Definition of the estimator
First we will add other notation:
For X satisfying Assumption A, denote:
o ti=[n7}), Ty ={t; ,+ 1t} +2,- t;andnf =t; —t;_ fori=1,..., K"+ 1.
More generally, for K € {0,1,--- ;n—1}and tg =1<t; < - <tg <ty =mn,
e denote T; = {ti,1+1,ti,1+2,~-- ,ti} andn; =t;, —t,_1fori=1,..., K+ 1.

e denote Tj; = {ti_1+1,ti_1—l—2, e ,ti}ﬂ{t;_l—i-l,t;_l—i—l e ,t;} and n;; = #{T;;} fori =1,... K+1
and j=1,..., K"+ 1.

For K € {0,...,n}, we will also use the following multidimensional notation:
o d= (dl, ce ,dK+1) and d* = (di, ce 7d;(*+1),
o t=(t1, - ,tr), t" =(t], - ,t5) and 7 = (7], ..., Tjs).

From Assumption A, denote by It the periodogram of X on the set 7" where T' C {1,...,n}, and denote
T =#{T}:

1 ioal?
B0 = 5o ‘;Xke “( . (2.6)

Using the seminal papers of Kunsh (1987), Robinson (1995b) and Robinson and Henry (2003), we define
a local Whittle estimator of d. For this, define for 7' C {1,--- ,n}, d€ Rand m € {1,--- ,n},

2d &
W (T, d,m) =log (S, (T, d,m)) — — ,; 1 log(k/m) (2.7)
with  Su(T,d,m) = _ 1 Emj i Ir(A\) and ALY _o (2.8)
m o m k n

The local Whittle objective function d — W, (T, d,m) can be minimized for estimating d on the set T’
providing the local Whittle estimator d = arg minge (o 05y Wa(T,d,m) on T

Remark 1. Note that we use Fourier frequencies A,E;n) = 27?% in the definition of W,(T,d, m), while its
common definition (see for instance Robinson, 1995b) consider the Fourier frequencies A\, = 2 % ik The
explanation of this choice stems from the fact that in the definition of the following contrast L, (K, t,d, m)
on the whole trajectory (X1, ..., X,) we will sum the local contrasts Wy, (T, dx,m). This choice is required
for allowing some simplifications in the proofs. But, as we assume that |T| = nf ~ (1, — 77 )n, we

asymptotically use almost the usual frequencies.



Under Assumption A, we expect to estimate the distinct d; on the different stages {t; +1,...,t5,} by

using several local Whittle contrasts. In addition we will obtaining a M-estimator for estimating d; but

also tf and even K*. Hence, form € {1,...,n}, we consider now a penalized local Whittle contrast defined
by:
K+1
1
To( Kt dym) = = > g W Ty, di,m) + K 2, (2.9)
n
k=1

where K € N is a number of changes, d € [0,0.5)5*! ¢t € Tx(0) and (z,) is a sequence of positive real
numbers that will be specified in the sequel.

This contrast is therefore a sum of local Whittle objective functions on the K + 1 different stages Ty,
k=1,...,K 41, and a penalty term that is a linear function of the number of changes (and therefore of
the number of estimated parameters). Then, with K., € N* a chosen integer number, we define:

(IA(n,t, a) = arg min Jo (K, t,d,m), (2.10)
Ke{0,.... Kmax}, d€[0,0.5)K+1, Tk (0)

with d = ((?1, e ’Ef(nﬂ) and t= (ty, - ,tAf(n), and where for a > 0,

Tk(a) = {(tl,...,tK) c{2,....n—1}* tiyy>tiand |t; —t]| >a foralli= 1,...,K}. (2.11)

3. Asymptotic behaviors of the estimators

3.1. Case of a known number of changes
We study first the case of a known number K* of changes. In such a framework, let us define two partic-
ular cases of the minimization of the function J,. First denote t = (tNI, e ,tNK*) and d = (671, _ 7&}(*“)
obtained when the number of changes is known and d = (c@‘)lgig{*“ obtained when the number of
changes and the change dates are known. They are defined by:
(E, 8) = arg min Jo(K* t,d,m) and dr = argmin J,(K*,t*,d, m). (3.1)
de€[0,0.5)K*+1 £t T+« (0) de0,0.5) K" +1

Then, we can prove:

Theorem 3.1. For X satisfying Assumption A, with T = (T1,...,Tk+) where T, = % fori=1,--- K,
and if m = o(n),
(F,d) =5 (7,d").
n—oo

This first theorem, whose proof as well as all other proofs can be found in Section 5, can be improved for

specifying the rate of convergence of the estimators:

Theorem 3.2. For X satisfying Assumption A, if m = o(nQ@*/(HQﬁ*)) where 3° = mini<;<r-41 B;, then
for any 6 > 0,

lim  lim P(@ £t

d—00 n—0o00

> 5) ~0. (3.2)
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This result provides a bound of the “best” convergence rate of t which is minimized by n(HE)/A+287) 4 ¢

the “best” convergence rate for 7 is minimized by n=8"/0+287),

Remark 2. This rate of convergence could be compared to the result obtained in the parametric framework
of Lavielle and Ludena (2000) where the respective convergence rates (in probability) off and T are 1 and
n~L. This is the price to pay for going from the parametric to the semi-parametric framework. But also the
price to pay to the definition of local Whittle estimator which does not allow some simplifications as in the
proof of Theorem 3.4 of Lavielle and Ludena (2000, p. 860). Indeed the random term of their classical used
definition of Whittle contrast is [" Ip(X)/f(X)dX while our random term is log (= Z;.”zl(j/m)QdIT()\g-n))) :

the logarithm term does not make possible their simplifications.

Another consequence of this result is that there is asymptotically a small lose on the convergence rates of
the long memerory parameter local Whittle estimators glvz when the change dates are estimated instead of
being known. More formally, using the results of Robinson (1995b) improved by Dalla et al. (2006), we
know that under conditions of Theorem 3.2, (fj satisfies

1

Vin(d; —di) = N(0, 7). (3.3)

Unfortunately, the rate of convergence obtained for ¢; in Theorem 3.2 does not allow to keep this limit

theorem when c/l\;k is replaced by glvz We rather obtain:
Theorem 3.3. Under the assumptions of Theorem 3.2, for anyi=1,... K*+1,

Vim |d; - di| = Op(1). (3.4)
3.2. Case of an unknown number of changes

Here we consider the case where K* is unknown. For estimating K™, the penalty term of penalized local

Whittle contrast J,, is now essantial. Indeed, we obtain:

Theorem 3.4. Under the assumptions and notations of Theorem 3.1, if K. > K*, withm = o(nzﬁ*/(HQé*))
where % = miny<j<g41 BF 2, and max (zn, ﬁa) — 0, using ([A(, t, d) defined in (2.10), then
- " n—o00

(K,7,d) 2 (K*,7*,d%).

n—oo

Note that the conditions we obtained on m and z, imply that n=8/(+28%) — 5(z,), depending on B that is

1/2 is a possible choice solving this problem. The provided

generally unknown. However, the choice z, = n~
proof does not allow to establish the consistency of a typical BIC criterion, which should be z, = 2logn/n

(and the forthcoming numerical results obtained using this BIC penalty are not surprisingly a disaster).

Corollary 1. Under the conditions of Theorem 3.4, the bounds (3.2) and (3.4) hold, i.e.,

lim  lim P(@ [t =t > 5) =0 and /m|d—d*|| = 0p(1)

d—00 n—00 n

Then the convergence rates of the estimators obtained in the case where the number of changes is unknown

is the same as if the number of changes is known.



4. Numerical experiments

In the sequel we first describe the concrete procedure for applying the new multiple changes estimator,

then we present the numerical results of Monte-Carlo experiments.

4.1. Concrete procedure of estimation

Several details require to be specified to concretely apply the multiple changes estimator. Indeed, we

have done:

1. The choice of meta-parameters: 1/ as we mainly studied the cases of FARIMA processes for which
B =2, we chose m = n%%; 2/ the number K., > K* is crucial for the heuristic plot procedure (see
below) and was chosen such as K., = 2([log(n)] — 1), implying Kpax = 10, 12 and 14 respectively
for n = 500, 2000 and 5000.

2. As the choice of the sequence (z,) of the penalty term is not exactly specified but just has to satisfy

max (zn, #ﬁ) 1H—O>o 0. After many numerical simulations, we chose z, = 2/n that offers best

results among our choices.

3. The dynamic programming procedure is implemented for allowing a significant decrease of the time
consuming. Such procedure is very common in the offline multiple change context and has been
described with details in Kay (1998).

4. For improving the procedure of selection of the changes number K* for not too large samples, we
implemented a data-driven procedure so-called “the heuristic slop procedure”. This procedure was
introduced by Arlot and Massart (2009) in the framework of least squares estimation with fixed
design, but that can be extended in many statistical fields (see Baudry et al., 2012). Applications
in the multiple changes detection problem was already successfully done in Baudry et al. (2012) in
an i.i.d. context and also for dependent time series in Bardet et al. (2012). In a general framework,
it consists in computing —2 log(L/H\( (K)) where LIK (K) is the maximized likelihood for any K €
{0,1,..., Kpax}. Here —2 log(ﬁ?((K)) is replaced by & St g W, (Ti, di,m). Then for K > K*,
the decreasing of this contrast with respect to K is almost linear with a slope s (see Figure 1 where
the linearity can be observed when K > K* = 4), which can be estimated for instance by a least-

squares estimator s. Then K g is obtained by minimizing the penalized contrast J,, using z, = 275,

i.e. .
B ol o~ ~ ~ ~ ~ .
Ky = argmin {— (trs1 — tr) Z(Wn({tk +1,.. . tk1 ), di,m) + QSK}.
0SK<Kmax T p

By construction, the procedure is sensitive to the choice of K., since a least squares regression is

realized for the “largest” values of K and we preferred to chose the largest reasonable value of K.

A software was written with Octave software (also executable with Matlab software) and is available on

http://samm.univ-parisl.fr/IMG/zip/detectchange.zip.
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Figure 1: For n = 5000, K* = 4 and a FARIMA(0,d,0) process, the graph of 2 x J, (K, t, a,m) (in blue), and the one of
2% Jo(K, T, d,m)+2x5x K (in red).

4.2. Monte-Carlo experiments in case of known number of changes

In the sequel we first exhibit the consistency of the multiple breaks estimator when the number of

changes is known. Monte-Carlo experiments are realized in the following framework:

1. Three kinds of processes are considered: a FARIMA(0, d,0) process, a FARIMA(1,d, 1) process with
a AR coefficient ¢ = —0.7 and a MA coefficient § = 0.3 (this refers to the familiar representation
(1—+¢ B)X = (1—B)"%(1+6 B)e where B is the backward operator) and a linear stationary process

called X@1 belonging to Class L(d, 1, 1), since we chose a sequence (a)ren satisfying
ap=(k+1)"'+(k+1)*? forallkeN.
Note that both the FARIMA processes belongs to Class L(d, 2, ¢p).

2. For n = 500, 2000 and 5000, two cases are considered:

e Zero change, K* = 0 and dj = 0.4, then dj = 0.1, for obtaining a benchmark of the accuracy of

local Whittle estimator of the long-range dependence parameter;
e One change, K* =1 and (d;,d5) = (0.4,0.1) and 77 = 0.5;
e Three changes, K* = 3 and (d7, d3, d3,d}) = (0.4,0.1,0.4,0.1) and (71, 75, 75) = (0.25,0.5,0.75).



Table 1: RMSE of the estimators from 500 independent replications of processes, when the number K* of changes is known.

FARIMA(0, d, 0) FARIMA(1,d, 1) X (1)

n 500 | 2000 | 5000 | 500 | 2000 | 5000 | 500 | 2000 | 5000

K*=0| di (dy =0.4) || 0.070 | 0.047 | 0.034 | 0.098 | 0.090 | 0.066 || 0.077 | 0.048 | 0.035
di (d; =0.1) | 0.075 | 0.046 | 0.033 | 0.224 | 0.119 | 0.073 || 0.199 | 0.165 | 0.146

K*=1 T 0.202 | 0.025 | 0.011 || 0.193 | 0.038 | 0.012 | 0.216 | 0.143 | 0.091
d 0.178 | 0.055 | 0.043 | 0.099 | 0.096 | 0.082 || 0.189 | 0.130 | 0.092

dy 0.181 | 0.063 | 0.043 | 0.317 | 0.188 | 0.128 || 0.258 | 0.162 | 0.130

K*=3 T 0.264 | 0.177 | 0.020 | 0.257 | 0.162 | 0.016 || 0.197 | 0.175 | 0.095
T 0.231 | 0.144 | 0.035 || 0.231 | 0.134 | 0.011 || 0.223 | 0.208 | 0.141

T3 0.252 | 0.099 | 0.017 || 0.225 | 0.145 | 0.013 || 0.236 | 0.160 | 0.120

dy 0.182 | 0.075 | 0.047 || 0.117 | 0.095 | 0.087 || 0.283 | 0.200 | 0.103

dy 0.327 | 0.114 | 0.066 | 0.357 | 0.282 | 0.167 | 0.347 | 0.276 | 0.167

ds 0.414 | 0.206 | 0.055 || 0.165 | 0.097 | 0.088 | 0.470 | 0.257 | 0.105

dy 0.215 | 0.099 | 0.061 | 0.365 | 0.293 | 0.196 | 0.308 | 0.206 | 0.149

3. Each case is independently replicated 500 times and the RMSE, Root-Mean-Square Error, is com-

puted for each estimator of the parameter.

The results of Monte-Carlo experiments are detailed in Table 1.

4.3. Monte-Carlo experiments in case of unknown number of changes

In this subsection, we consider the result of the model selection using the penalized contrast for esti-
mating the number of changes K*. We reply exactly the same framework that in the previous subsection

and notify the frequencies of the event K=K *7 for:
o K = IA(n obtained directly by minimizing .J,, with z, = 2//n;

o K =K prc obtained directly by minimizing J, with z, = 2logn/n, following the usual BIC proce-

dure;
e K=K u obtained from the “Heuristic Slope” procedure described previously.

We obtained the results detailed in Table 2:

10



Table 2: Frequencies of recognition of the true number of changes with several criteria from 500 independent replications of

processes.

FARIMA(0,d,0) || FARIMA(L,d,1) X @D

n || 500 | 2000 | 5000 | 500 | 2000 [ 5000 | 500 [ 2000 [ 5000
K-=1| K, [011]021]051]021]045]067]0.05]005] 0.01
Kpic| 0 | 0 0 0| 0 0 0| o 0
Ky || 0351091 | 092 049|077 | 0.81 | 0.25| 0.47 | 0.57

K=3| K, ||013]0.12 | 0.32 || 0.12 | 0.21 | 0.52 | 0.16 | 0.07 | 0.02

Kgic 0 0 0 0 0 0 0 0 0
Ky {0.02]0.16 | 0.85 | 0.03 | 0.21 | 0.80 | 0.07 | 0.16 | 0.32

4.4. Conclusions of Monte-Carlo experiments

From Tables 1 and 2, we may conclude that:

1. Even using the local Whittle estimator which is probably the most accurate in this framework, it
is easy to verify that if the behaviour of the spectral density in 0 is not smooth, then even with
a trajectory of size 5000, we keep a quadratic risk greater than 0.1 (see the case K* = 0 for a
FARIMA(1,d, 1) or for the X (@Y process). We do not have to forget that the parameter d is relative
to the long memory behaviour of the process, in a semi-parameteric setting.

2. If the number of changes is known, the estimators of 7; and d; are consistent but their rates of
convergence are slightly impacted by the number of changes: as we could imagine, the largest K*
the largest the RMSE of the estimators. But finally, the case n = 5000 provides extremely convincing
results in FARIMA framework concerning the estimation of 7;, while the convergence rates for the
process X (@1 are slow (since the asymptotic behavior of the spectral density around 0 is clearly
rougher than in FARIMA framework).

3. The estimators of number of changes IA(n and K  have a satisfying behavior, meaning that they seem
to converge to K* when the sample length increases in the FARIMA framework. Once again, the
consistencies are slightly better for small K* than for large K*. The results obtained with the “Slope
Heuristic” procedure estimator K g are almost the most accurate and provides very convincing results
for n = 5000. Note also that the usual BIC penalty is not at all consistent, which can be explained
by the use of local Whittle contrast that is not an approximation of the Gaussian likelihood as the
usual Whittle contrast is. In case of process X (%1 only K g seems to be consistent while I?n is not
able to detect the number of changes: this is due to the fact that the bandwidth parameter m can

not be chosen as n%% for obtaining consistent estimators of long memory parameters.

Finally we could underline that our detector based on a local Whittle contrast added to a “slope heuristic”

data-driven penalization provides convincing results when n = 5000 and not too bad when n = 2000 (the

11



case n = 500 gives not significant estimation).

5. Proofs

Following the expansion (2.2), we denote in the sequel fori =1,..., K* 4+ 1,

*2

¢t =S B(1 - 2df,d") T(2d?) sin (g - mz;) |

K T 797

—2d;

(5.1)
We first provide the statements and the proofs of two useful lemmas:

Lemma 5.1. Under the assumptions of Theorem 3.1 and with S,(T,d, m) defined in (2.8), for any i €
{1,...,K*+ 1} and T C T},

2d; Cé,i(zﬁ)%d:

1+ 2d — 2d:

- Op<min (1, #)m + (%)ﬁ + m—Qdi*). (5.2)

Proof. In the sequel, we will use intensively the notation and numerous proofs of Dalla et al. (2006).

Sp(T,d, m) — min (T, E)

. n\ —2d:
sup min (T, —)
m

del0,1/2) m

)
However, the results obtained in this paper have to be established again since, we consider /\gn) = 27?%
while they considered A\; = QW%.
Ir(\)

Co,i (AE"))‘M?

{250 <e((2)+ ()" os

We first define n; = and prove:

where C' > 0 is a constant. For this we will go back to the proof of Proposition 5 in Dalla et al. (2006).

Indeed, with the same notation, we have:

1 &,
Bl 2.1

< % (P11 (m) + pyr2(m) + Ryry(m))

where pira(m) = 20y L"), pratm) = Y (= 2rL(\")) and Ryry(m) = > (1 — ;) with
j=1 j=1 j=1
IT<)\(”)) 1 T 2

n; =

=9 L and LAY = ‘ e
r5") )=l
As in Proposition 5 of Dalla et al. (2006), we can write:

E[Rry(m)] < > Eln; —njl
=1
B;
< Cm<ﬂ> ;
n



and therefore

B| By (m) — ERg (m)| < Cm (™) (5.4)

Now, following also in Proposition 5 of Dalla et al. (2006), from Robinson (1995b, Relation (3.17)),
adapted with our problem, i.e. j <> jT'/n we have:
~1/2

Bly, — 27 L.()| < Clog(1 + j171/m)| " (iT)/m)

—-1/2

— Elpra(m)] < C|log(1+3{Tl/m)| " (miT|/n) (5.5)

Finally, we have to go back to the proof of (4.9) in Theorem 2 of Robinson (1995b) for bounding pjr|,1(m).

Indeed, in this proof and using its notation we have

E!pm,l( ) — E®ra( | = E‘ Z27r[ )\ n) — 1‘ <2 (Var(,T’ Z(a? — 1)) +Var(2dt_8€tes>)l/2.

teT s<t
2 m
But d, = ] Z cos (2msj/n) and therefore we easily have |ds| < 2m/|T|. Using the usual expression of
=1

a sum of cosine functions, we also have |dy| < —

sin(m sm/n 2n ) )
/n) ‘ Therefore, using the variance

|T| ) sin(m s/n)

— 7s|T|
expansion, we deduce that:
2
m m
Var< Z(s? - 1)) <C-——,
7] £ 7]
while the variance of ) _, d;_ese, is
T [n/m] o 2
ol y_d) = o(r Z <|T|) 1T D (mm) )
s=1 s>[n/m]
nm  nm
= oG + —).
Tl T
As a consequence we deduce:
m nm\ /2 nm\ /2
E|piri1(m) = E(pr1(m))| < C <—|T|1/2 + (m> ) <C <W> . (5.6)

Finally, using (5.4), (5.5) and (5.6), we deduce:
R
Bl X

j:

and therefore (5.3) is established.
Now a straightforward application of Markov Inequality and Lemma 2 in Dalla et al. (2006) implies that

< & ()" 10 i) i) 5 (7))

13



for any d € [0,1/2),
S ) - L () o () ()™
— [ () ] = or () () ). 6

1 &K, 27247 207 1 2d—2d}
Since S, (T, d,m) = m Z (%)MIT()\;")) = (2r) <£> - Z ( ) n;, we deduce that for any

*

ck .
j=1 0,2 j=1

(%>2d3 OP((g)ﬁf n <%>1/2 . m2d72d;71>. (5.8)

For small N, for instance such as N = o(n/m), the random right side term is not bounded. However, for
any 7' C T, we have E(IT(A§n))) <o?(1+2C Z',f:'l k24i-1) < i. Thus, there exists C; > 0 such
as for any 6 > 0,

N>1,

247 ¢ (2m) 24

sup [8,(7,dom) — (1) T2

|T|>N m

o _(27.[_)—211;‘ . C
P( sup |, (T, d,m) — 2"~y za)g— 5.9
de[0,1/2) ( ) 1+ 2d —2d! 7 J | (5.9)
Thus we deduce (5.2) and this achieves the proof of Lemma 5.1. O]
In the sequel, we define:
1 =] i
R / , : [ ( ) —271 . .
(T, T',d,m) ZZXtXt —t,d,m) with by,(k,d,m) mz (5.10)
teT t'eT’ j=1

Note that S,,(T,d, m), which is defined in (2.8) can also be written as:

So(T,d,m) = EZ E (A" 2ﬂ | DD X Xiby(t — s, d,m). (5.11)

Jj=1 s€T teT

The following lemma establish an asymptotic bound for R,, when T and 7" are included in distinct stages

of the process:

Lemma 5.2. Under the assumptions of Theorem 3.1, there exists C' > 0 such that for any j,j" €
{1, K"+ 1} where j # j', any T C T} and T" C T}, and any N € N*,

—dx—d, 1
max (min (|T|,|T'|,ﬁ)> T
m

sup T
defo,1/2) min(|T],|T" ) >N min (|7, |7"])

|Ru(T, T, d,m)| = Op (((min (1, mLN))ld;d;’).
(5.12)
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Proof. First, we can bound the covariance Cov(Xy, X)) with t € T'C Tj and ¢’ € T" C T}/, where j # j'.

Indeed, assuming ¢ < ¢/,

Cov(X, Xy) = E(Za”gt ]Zak, - )

00
k=0 k'=0

Do) =Tom (|t —t)),

Fjg

b
Il

0

since (g;) is supposed to be white noise with unit variance. Therefore, since a,(cj ) = c kG 4 O(k;dy —1=5 )
and a,(jl) = ¢} kG 4 O(k‘d 1—1=F; ’) there exists C' such as

|ak at, Hk‘ <CRE W —t+ k)% for any k € N*.

As a consequence, there exist C' > 0 and C” > 0 such that for ¢’ > ¢,

(|t —1))] < Y RS —t4+ k)5

C’  — EoN\di-1 Eoo\df—1
— X 1 ) ’
(t/_t)lfdjfdj/ t—t Z (t’—t) ( + t—t

k=1
<1 1 1
< (C” / : - dm) - 5.13
0 xl_dj (1 +$)1_dj/ (t/ _ t)l—dj—dj, ( )
Now, using (5.10) and (5.13), we have:
1
E(R.(T,T',d,m)) = Dy Cov (X, Xv) bp(t' — t,d, m)
teT t'eT’
1
—  |E(R.(T,T",d,m))| = > Drg(t — ) b(t' —t,d,m).
teT veT

The right side term of the previous equality is only depending on (¢ — t). Therefore, using the notations
d=—1+4+min{|t —t|, (t,t') e T xT'} >0, p = min{|T|,|7”|} and v = max{|T|,|T"|}, it is possible to

detail this term in the following way:

- .
E(R(T,T',d,m)) = %<ZkrT,T,(5+k>bn(5+k,d,m)+u N To (8 + k) ba(d + k. d,m)
k=1

k=p+1
v+
+ 3 WA= k) Do (54 k) ba(S + k. d, m>).
k=v+1

But from usual calculations, for any d € [—1/2,1/2), there exists C'(d) > 0 such as we have
N 1+2d
by, (w, d,m)| < C(d) min {1, (—) ]u\’l’Qd} for u € Z. (5.14)
m

15



As a consequence, if u+ v < n/m, we obtain:

v+u
[E(R,(T,T',d,m))| < (de A T D A )
k=p+1
< Cuv5th. (5.15)
And when p > n/m, we can write:
I [n/m)] d d 1+42d H |6+k|_1_2d
k=1 k=1 m My U o
N L+ds+d, 1+2¢ Lbds+d7,—2d
<o) o) o
< O~ +C >k
k=[n/m]
&5 +d7, 14+min(0, 2d—d* —d;/) .
o)) T
m mit

Finally, by performing the same type of calculations several times, we obtain:

, . ﬁ d;+d;,< . ﬂ >1+min(0,2dd;dj/)
‘E(Rn(T,T,d,m))‘ < C;L(mln (m’ 1/)> min (1, m,u>

(o))

n d;+d*f, n lfdj 7dj/
= sup ‘E(Rn(T, T'.d, m))‘ <Cu (min (—., V)) ! <min (1, —)) : (5.16)
def0,1/2) m m

Now we are going to bound Var( (T,71",d, m)) We have:

Var(R,(T,T',d,m)) = % DY N Cov(Xi Xy, X Xg) bt —t,d,m) by(s' — s,d,m).

teT t'eT’ seT s'eT’

Without loss of generality, set ¢t < s < ¢’ < 5. We have:

[c o NNe o BNe B¢ o]

-/
Cov(XtXt/,XsX = E E E at ka eat, k,ag_)z, Cov(st,kat/,k/, 83,463/,5/).
k=0 £=0 k'=0¢'=

Only two cases implies Cov(gt_kgt/_k/, 53_455/_5/) # 0 since (g;) is a white noise. For the first one, it is
equal to p14 — o* and is obtained when t — k =t — k' = s — { = s’ — {'. For the second one, it is equal to

ot and is obtained when (t —k=s—0) £ (t' —k'=§s —l)or (t—k=5 —0) £t —kK =s5—1/). Asa

16



consequence,

[e.9]

COV(XtXt’ ) XSXS’) = (a—0") al(cj) Esj)t+ka£/] )t+ka’s Jpe O Z Z ]) i] t+kak’ )agj )t’+k’
k=0 k=0 k'= Ok’;ék
4 () ("
t+o Z Z a Qg t+l~ca£ az;” s+0
k=0 0=0,0£k

-1

= |Cov(X Xy, X Xo)| < O (ks —t+ k)5 ((t —t+k)(s' —t + k)

k=1
+C(§iw@—t+mﬁ?j(§i@my—£+y»@*)
k=1 k=1
+C (i KGN —t+ k)% ) (iedi—l(t’ — 5+ é)d?"1>.
k=1 =1

Using the Cauchy-Schwarz Inequality, we have
i (s—t+k)) T ((F —t+k) (s —t+£)) 7 < (i (k(s—t+k))2d§2>1/2<§: ((t’—t+k)(s’—t+k))2d?’2)1/2
k=1 k=1 k=1

Now we apply the same trick as in (5.13) and obtain since s’ > t/,

D (ks =+ k)T =t + k) — 4+ R) T SO (s — 4 PR 1M,
k=1

and more generally,

|COV(XtXt/ , XSXS’)| S C((S —t+ 1)2d;—3/2(t t+ 1)26[, 3/2

(s —t+ 1)2E N — ¢ 4+ 1) 14-«y—txy—s»@+@‘ﬁ. (5.17)

Var(Rn(T, T .d, m)) < C Z Z Z Z |Cov(XtXt/ , XSXS/) bo(t —t',d, m)b,(s — s, d, m)‘

teT seT t'eT’ s'eT’

< O+ Ja+ Js), (5.18)

(o= YN ST STl D2 — b+ 1) bt — €, dym)ba(s — ', dym)|

teT seT t'eT’ s'eT’

with 4 2 = DD D > ([t —s)*E @+ [t = )T bult =t d,m)bu(s — 8, d,m)

teT seT t'eT’ s'eT’

Jso= SN TS ) =) T bt — ¢, dym)ba(s — ', dym))|

K tel seT t'el’ s'cT’
As a consequence, we can easily see that J; is negligible with respect to Jy since 2d — 3/2 < 2d — 1.
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Concerning .J, we use the same arguments than in Lavielle and Ludena (2000). Then,

Jo < C’ZZ(I—Ht— delzz 1+ [t — )4 ’ w(t =t d,m)b,(s — ', d,m)|

teT seT t'eT! s'eT’
|T|+|T"| |T|+|T"| |T|+|T'|
< C|T)%+ ( Z |bn (w, d, m)|? + 2 Z (u,d,m) Z by, (v, dym)| v — u|2d;’_l>.
u=0 v=u+1

As a consequence, using (5.14),

T +|T"] min(|T|+|T"|,n/m) T +|T"]

> bawdmP<c( 3 1+ >0 (n/m) )
u=0 u=0 u=min(|T|+|T"|,n/m)
< C(d) min (|| + |T'|, =). (5.19)
m
Moreover,
T |+|T"| |T|+/T"| )
> lbulwdim)] Y fbav,dom)| fu — o5
u=0 v=u+1
min(|T|+|T"|,n/m)  min(|T|+|T"|,n/m) . N Liod |T|+|T"| .
<C’{ ( _ )2t il —1-2d/,, 2.,71)
< Z Z (v—u)™ —|—(m) Z v (v —u)™
u=0 v=u+1 v=min(|T|+|T"|,n/m)

T+T| T+

+(%)2+4d Z Z (uv) 2 (v — u)2d;’_1}

u=min(|T|+|T"|,n/m) v=u+1

n o\ 14247,
gcuwmm@ﬂ+wm—» ’ (5.20)
m
after classical computations. From (5.19) and (5.20), we obtain:
. 1424,
Jo < O(d) T4+ (min (7] + |17, ﬁ)) /| (5.21)
m

Using the same decomposition of J, but beginning with s’, ¢ € T" instead of s, € T, we can also replace

T by T" in the previous bound. As a consequence, we obtain:
. 1+2d*, . 14-2d
Jy < C(d) min{p?% <min (v, ﬁ)) e G <min (v, ﬁ)) ’ } (5.22)
m m

Finally using symmetry reasons we also have J3 = (E(RR(T, T, d, m)))2 and therefore:

2d5+2d2, ‘ no\\2-2d;—-2d;
min (1 , —) .
mp

Js < C (min (%, V)) (5.23)

As a consequence, using (5.32), (5.33), (5.35) and (5.22), (5.23), we obtain that there exists C' > 0 such
as:

sup Var(R,(T,T",d,m)) < C p? (min (%, y))

2d;+2d, < n >2—2d;—2d;f,
defo,1/2)

min (1 ) —)

- (5.24)
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Therefore, with E(RZ(T, T.d, m)) = Var(Rn(T, T.d, m)) + E? (Rn(T, T'.d, m)), we have for any N < n,

. P VN S 1 2 /
sup max (mm (|71, E)> E(R.(T,T',d,m))

de(0,1/2) min(|TLIT')>N min(|7], |T7])?

<C (mm( %))2_2@_%;/ (5.25)

with C' > 0 that achieves the proof of (5.12) using Lemma 2.2 and 2.4 in Lavielle and Ludena (2000). O
Now the proof of the consistency of 7 can be established:

Proof of Theorem 3.1. Mutatis mutandis, we follow here a similar proof than in Lavielle and Ludena
(2000). Denote

Un(t,d,m) = Jo(K*,t,d,m) — J,(K*,t*,d*, m), (5.26)

where J,, is defined in (2.9). Then, using (5.11), we can write that for any d and t,

| K JIRRSER
U, (t,d, —[ ( log (S (Ty, dy,m)) — 0t log (Sa (T}, dz, )}——m 2 (npdy — ndy).
o) = 2[5 (e 10 (S5 T m)) = o (S.(87 i) ) = 2 3 2 o =i
Now using a decomposition of each S, on the ‘true’ periods, we can write:
K K*+1  K*
S, = ki =
(Tk7 dk7m) Z S (Tkjadk7 + Ny Z Z Tk]7Tk] Jdk7 )7
j=1 J=1 j'=1, j#j
with R,, defined in (5.10). As a consequence,
| K Kol SRR
Un(d tm) = — 3 [nk log< 3 n-’”(sn(Tkj,dk,m) +> n—Rn(Tkj,Tkj/,dk,m)>>
— — Ny e O (1%
k=1 j=1 J'=1, j#j

K*+1

l
—nj; log (Sn(Ty, dy, m))] + % Z 2 (ngdy — nidy)
k=1

K*+1 K*+1 K*+1

1 2
Z E Z Z Ny 10g ( Tk]7dk7 ) Z ERR(TkjaTkjludk7m)> _nz log (Sn(Tl:7d]:’m))i|
i'=1, j#i Y
((m) & .
K*+1 K*+1 K*+1
1 2
> = N [log (Sn(Tkj, dy., m) +Z — R (Tj, Ty, d, m)) + 2 dkﬁ(m)]
L =1, g
K*+1
- Z ni (1og (T3 m)) + 2d;£(m)) (5.27)
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using the concavity of x — log(z) and with n;, = ZJK:f ! nyj. Now we are going to use Lemma 5.1 and

5.2. Therefore:

K*41 —ad*
n\ —24; 2 ch . (2m) 5%

n Su(Thgs dism) +3° — Ro(Tig, Thyr dis >_——J .
(m) ( (Tss Ty TR (ks Ty, s ) 1+ 2dy, — 243 “hj

with €4, = Op(1) when ng; = O(n/m) and e;; = op(1) for n = o(ng;m). As a consequence, from (5.27),

Lemma 5.1 and 5.2, we deduce that there exists a random variable D(m,n) such as D(m,n) 20

n,m,n/m—oo

satisfying for any t and d,

K*+1 K*+1 n
k % %
Un(t,d,m) > Z Z nJ (d],d]))—|D(m,n)|
k=1 j=1
where for d € [0,1/2),
s(d;, d) = 2d} log (n/m) +log (c§ ;(27) %) —log (1 + 2d — 2d}) — 2d. (5.28)

Now, simple computations also imply

K*+1 K*+1

W (t,d,m) Z Z B —u(d;, d})) — |D(m,n)] (5.29)

with u(d}, d) = —log (1 + 2d — 2d}) + 2d. Remark that u(d},dp) — u(d;, d5) > 0 for any df # di and of

3777
course u(d;,d;) —u(d;,d;) = 0. Now we could use Lemma 2.3 of Lavielle (1999, p.88), adapted in Lemma

3.3 of Lavielle and Ludena (2000, p.858) and we obtain that there exists C* > 0 depending only on d*
such as

K*+1 K*+1 n C
2 ( — u(dj, 7)) > = [t =t (5.30)
n

s L
k=1 j=1

and ||t — t*||cc = maxi<p<x- {|tx — |}

Therefore, it is also possible to write that for any 6 > 0,

P(IIF = |l > 0) < P( inf min Un(t,d,m)<0>

B de[0,1/2)K*+1 €T« (nd)
K*+1 K*+1

< P( inf min Z Z Ok ( (d;,d;))—|p(m,n)|<o)

de[0,1/2)K*+1 t€Tyx (nd)

§P<5—|D(m,n)|<0> o,

n, m,n/m—oo

since for t € Tx+(nd) we have ||t —t*|| > dn and for any k € {1,--- , K*}. This achieves the proof. [
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Proof of Theorem 3.2. Assume with no loss of generality that K* = 1. From Theorem 3.1, there exists
(un)n a sequence of real numbers satisfying u,/m/n — 00, u,/n — 0 and P(|t;—t;| >u,) — 0.
n—oo

n—oo n—oo

For § > 0, as we have

P16 —t > 6 —=) < P(6—= < |is — ti] < un) +P(fi — £5] > un)

vm vm
As a consequence, it is sufficient to show that P(5 n/ym < |t — ] < un) — 0.
n—oo
Denote Vs,m ={t€Z/ dn/y/m <|t; —tj] <u, }. Then,
n
vm

where d; are defined in (3.1).

Let t; € Vsnm and with no loss of generality chose ¢ > ¢]. Then ny = t, ng = n —t1, n1 = t],
nig =t —t;,ney =0and nge =n—1t;. Then T ={1,...,¢1}, Ty ={t1+1+1,...,n}, Th ={1,...,t1},
Thn=T=A{1,....65}, Tio={t;+1,... .1}, o ={t1 + 1,...,n} = Th.

On the one hand, using results of Lemma 5.1 and 5.2, since t;/n — 7 and (¢; — t7)/n — 0, we can

n—o0 n—oo

P(6—— < [f — ]| < ) < P( min  (J,(K* 11, (d, da),m) — Jo(K* £, (d%, d3), m)) < o), (5.31)

t1 evé,n,m

. ~

= Ba(T11, Thz, dy,m) 1—2d; 1

write 24 = <ﬁ> 1Op< - *> Therefore, using again the concavity of
m (ty — t7)i=di—d;

Su(T7, dy, m)

the logarithm function, we have:

¢ ~ t— ¢
_IS'rZ(T1*7d17m)+ ! !
tl tl

+(n — t1)1og (Su(Tha, dzy m)) + 2£(m) (t1dy + (n — tl)@)}

- 1 _ 9 _
Jn (K™, 1, (dy,ds), m) Zﬁ{h log ( Sn(Ti2,dy,m) + . R, (T11, Tho, dhm))
1

) N _ ~
> ~{ ] log (Su(T7, di,m)) + (b1 — £7) log (S, (T12. di,m)) + (n = 1) log (S, (Too. . m)
- ~ 1-2d; 1
+20(m) (t1dy + (n — t1)ds) + (%) OP<<t1 )i )}

1 ~ ~ ~
> ;{f{ Wn<T1*, dl, m) + (tl — f{)Wn(Tlg, dl, m) + (n — tl)Wn(TQQ, dg, m)
n o\ 1-2df 1
+<E> OP((t1 — r)i-di—d3 ) }

On the other hand, we also have:

. Ly, L . . S
To(K* 85, (d5, d5),m) {tl W, (TF, di,m) + (n—tl)Wn(TQ,dQ,m)}.

n

First we remark that from the definition of c/i\’{,
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Therefore,

n . o
AT (o) m) = TR (@ d5).m) |
t—
> {(t = WalTia, i) + (0 = 0)Wo (T, o, )
174
N . n \ 1-2d7 1
—(n — 1) Wa(T5 d3m) + (=) OP((tl_t;)ldwz)}' (5.32)

Since t1 € Vi m, implying |T5]/n N (1 —77) and |Th|/n N (1 —77), Lemma 5.1 and more

m,n/m—oo m,n/m—oo

precisely inequality (5.8) can be applied. Then, conditionally to (ilvl, dy and c/i\;, we obtain:
Wo(Tia,di,m) = 2d5 log (n/m) + log (¢ 5(2m)72%) —log (1 + 2d, — 2d3) — 2d,
+OP[(%)55 1 (m)lﬂ +m25172d571:|
W, (Toa, do,m) = 2d5 log (n/m) + log (cf5(2m)72%) —log (1 + 2dy — 2d}) — 2ds
+Op[(%)65 12 +m2c7272d371]
W, (T, @k, m) = 2d; log (n/m) + log (0372(27r)’2d5) —log (1 + 2(?2‘ —2dy) — 2(3\;
+0P[(%)/35 4+ om 12 +m2&\§—2d’2‘—1}’
since £(m) = £ Y77 log(j/m) = —14O(m~") which is negligible with respect to Op(m~/2). Therefore,
(5.32) becomes:

n % i ™
f t*{Jn(K ;tla(d17d2)7m>_Jn(K ?t17(d17d2>7m)}
17"

> { — (t1 — t5) (log (1 + 2d, + 2d3) — 2d,) — (n — 1) (log (1 + 2dy — 2d3) + 2d,)

17"
Bi+1 _ N N —2d3
n m-2 1/2 2y —2d3 2% —2d n 2k —2d3 n - >
+mOP< 5 +m7 4+ m 24+ mT2 T2 + t —t*{m R m=2i(t, — ¢7)1-di—d

+(n —t7) (log (1 + 2d3 — 2d3) + 2d3) } (5.33)

ty is supposed to belong to Vj, ., and therefore ¢; > t 4+ dn/y/m. Moreover, from Dalla et al. (2006, p.

221), when m is such as m = o(n*%2/(1+2%))  then:
dy = di + Op(mfl/z) and E; =d;+ Op (m’l/z). (5.34)

Then, from (5.33), we obtain after computations,
n

—*{JH(K*,tl,(%,c@),m) - Jn(K*vti(C/f{’C/z\;)vm)}
t1 — ]

n mithz
> 2(d} — di) —log (14 2(df — d3)) + ) p(

m(ty — t* n * \/E)
1 .
> 2(dy — dj) — log (1 +2(d} — d;)) + OP(S + \/T;ﬁ(%)ﬂz)
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As m = o(n?2/0+2%2)) then \/m(%)52 = 0(1). As a consequence, we finally obtain:

n
ty— 1]

~ S |
{Jn([(*’tl, (dl,dg),m)_Jn(K*,t;(d;,d;),m)} > o(di —d3) —log (1+2(d’;—d;))+op(5>. (5.35)

As log(1l + x) < x for any x € (—1,0) U (0,1), and since dj — d5 # 0, we obtain that

Jim P( . {Jn(K*,tl, (d1,ds),m) — Jo (K™t (a?;,@‘),m)} < o) ~0
—00 1— U
and therefore from (5.31) we deduce (3.2) and therefore the proof of Theorem 3.2 is achieved. [

Proof of Theorem 3.3. Using Theorem 3.2, we can establish that d; = c?f + Op (m_1/2). Indeed, once
again without lose of generality, we can consider the case of one change. Using the notation and proof of
Theorem 3.2, if we assume t > t7, knowing t — i1 < C \/Lmv then T, C T and therefore we can again
write (5.34) and then |dy — d3| = Op(m™/?).

Concerning 671 and with the knowledge that t, is such as 0 < ¢; — ;1 <C \/Lma we can write that c}lvl =

arg minge o o5 Wa({1, - .. .11}, d,m). But using computations of Theorem 3.2, we have
Wo({1,...,5i},d,m) = log (?— Su(T7.d.m) + == S, ({t; + 1.} dm)
1 1
2 ~
b= Ru({L L+ L ,tl},d,m)) +2d0(m)
1

— 10g (S (T} d;m) ) + Do (tlt;tl> +2d £(m) + log(#; /%)

1

t—t]
WolT}d;m) + Dpa (2—2),

n

where sup o1/ | Dm,n.al = Op(1) using Lemmas 5.1 and 5.2 and because we have ¢} = [n7{]. Now, since
c?{ = arg minge g o5 Wa (77, d,m) and d € [0,1/2) = W, (T, d,m) is a C*([0, 1/2)) function, we deduce that
dy = di + L0p(Jti —t3)) = di + Op (m~%/2). This achieves the proof of Theorem 3.3. O

Proof of Theorem 3.4. Obiously, the proof is established if for any K € {0, LK =1 K41, ,Kmax}

the following consistency holds:

P<Jn(K,t,d,m) ~ (K6, dE,m) < 0) 0, (5.36)

n—oo

for any t and d, with J,, defined as in (2.9). Indeed, as Jn(K*,tA*,a:, m) < J,(K*,t*,d*, m) by definition,
(5.36) is also satisfied by replacing J,,(K*,t*,d*, m) by J, (K", t*, d*, m). We decompose the proof in two
parts, K < K* and K > K*.
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Assume K < K*. Then, for any t and d, and using (5.27),

Jn(K,t,d,m) — T (K, t5,d%,m)

K+1 Kol g K1 K4l
= - an‘ log < Z kj S (Tkj7dka ) - Z Rn(Tkj7Tkj’7dkam)>
(A Y
K+1 t(m) K+1 K*41
—— Zn log (S W15, dj,m m)) + 2T ( ngdy — Z njdj) + (K — K")z,
k=1 j=1

K41 K*4+1

k=1 j=1

K41 K*4+1

nk * * % *

> "1 (s di) — u(d ) ~ [D(m, )] + (K ~ )z,

k=1 j=1

since Z] g = ny, and Zk . nk; = n; and using (5.28) with D(m,n) —7;> 0 and u(d},d) =
n,m,n/m—oo

—log (1 +2d — 2d}) + 2d > 2d.

Now, we use again Lemma 2.3 of Lavielle (1999, p. 88). This Lemma was obtained when K = K* and we

obtain that there exist C; > 0 such as

K*+1 K*+1

swp Y > S (uld), di) = u(d; d5) = Ca b =

dete 1= I

where ||t —t*||oc = maxi<j<x+ |t;—;|. However this result is still valide when K* is replaced by K < K* in
the first sum, since it is sufficient to add K* — K fictive times and consider tx 1 =tgio =+ =tg+ = tg

(and therefore ng; =0 for k = K +2,..., K* 4+ 1. Therefore we obtain:

1
Jo(K b, d,m) = Ju(K5, 87, d%m) 2 o min |7, — 7| = |D(m, n)] + (K — K7)z, (5.37)

since K < K* and therefore ||t — t*[|cc > § minj<j<g- [t],, — ] > % minj<j<g-

7)1 — 7| when n is large
enough. Therefore, if z, — 0 then (5.36) is satisfied and therefore P(I/(\’ <K*) — 0.

n—oo n—0o0

Assume K* < K < K. Witht = (f1,...,1x), there exists some subset {k; ;1 < j < K*} of {1,..., K}
such that for any j =1,..., K*, t% — 7';‘| =0Op <\/Lm> To see this, consider the (%\kj) as the closest times

among (11, ...,tx) to the (ti,... t%.). The other K — K* change dates Z; could be consider exactly as
additional “false” changes (since the parameters d do not change at these times) and therefore the %\k].
minimize J,(K,t,d,m) conditionally to those #; with i ¢ {ki,..., kg~ as if the number of changes is
known and is K*. And therefore Theorem 3.2 holds for those %\kj.
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Then using the previous expansions detailed in the previous proofs, we obtain

K*+1 ki1 R

K+1

K*+1
(Z = Y mdy) + (K = K)z,
7j=1

1 K*+1 kjt1 R
> = A s(dl, di) — s(d;f,d;)) —|D(m,n)|
n j=1 k=k;+1
t(m) K+l K41
2= (S ddi— Y widy) + (K — Kz
i=1 j=1
1 K*+1 kjy1 R
> — i s(d dy) - (d;d;*)) [D(m,n)
S ki
K+1 K*+1
(Z Wi — Z n}‘d}‘) + (K — K")z,
i=1 j=1
with s defined in (5.28). Now, since fk C {tAij, .. g+1} we have from Theorem 3.4, dk =d;+0 (%)

As a consequence, for k = k; +1,...,k;j;1 then s(d;, dk) = s(d;,d;) + Op <\/—m> Then,

1 K kj+1
>~ > (s s(d, ) + 24: 0 )( > @ —n3) = [D(m,n)| = [E(m,n)| + (K - K)z,
J=1 k=k;+1

n)| = E'(m,n)| + (K = K*)z,,

Y
|
S

with D(m,n) = Op 7 ) under condition m = o(n?2"/0+25%) from the proof of Theorem 3.2, E(m,n) =

Op (ﬁ) and therefore E'(m,n) = Op (ﬁ) since ‘ Zk ki1 ng —nj| = Op <\/L7n>
As a consequence if (z,) is such that z, /m — oo then for any K > K*,

n—oo

P(Jn(K,f,a,m) T (Kt A, m) < 0) 0.
n—o0
O

This achieves the proof.
Proof of Corollary 1. The results are easily obtained by considering conditional probability with respect
]

to the event K = K*.
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