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Abstract

We propose a general adaptive LASSO method for a quantile regression model. Our method
is very interesting when we know nothing about the first two moments of the model error. We
first prove that the obtained estimators satisfy the oracle properties, which involves the relevant
variable selection without using hypothesis test. Next, we study the proposed method when the
(multiphase) model changes to unknown observations called change-points. Convergence rates
of the change-points and of the regression parameters estimators in each phase are found. The
sparsity of the adaptive LASSO quantile estimators of the regression parameters is not affected
by the change-points estimation. If the phases number is unknown, a consistent criterion is
proposed. Numerical studies by Monte Carlo simulations show the performance of the proposed
method, compared to other existing methods in the literature, for models with a single phase
or for multiphase models. The adaptive LASSO quantile method performs better than known
variable selection methods, as the least squared method with adaptive LASSO penalty, L;-
method with LASSO-type penalty and quantile method with SCAD penalty.

Keywords adaptive LASSO quantile; change-point; oracle properties; variable selection;
selection criterion.

AMS Subject Classification: 62J05; 62F12.

1 Introduction
The usual case investigated in literature, for the following regression model,
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is that the errors are assumed to be homoscedastic, i.e., the errors are assumed to be independent
random variables with mean zero and bounded variance. In such cases, the regression parameters
¢ are estimated by the method of the least squares (LS). We will call the regression in this case,
the LS model. If the assumptions on the first two moments of the errors are not satisfied, then the
LS method is not appropriate, because it can provide bad estimators (biased, with large variance).
In the case of errors with zero mean of sign, i.e. [E[sgn(e;)] = 0, the Least Absolute Deviations
(LAD) method could be used. But, often in practice, we can not known if F[sgn(e;)] = 0, then, a
generalization can be used by considering the quantile method. Here, we use the notation sgn(.)
for the sign function.
For a fixed quantile index(level) 7 € (0, 1), the 7th quantile b, of ¢ is:

T = IPle < b;] = F(b;), br € BCR, (2)

where F' is the distribution function of the error € and B is a real set . We use € to denote a generic
member of the sample (g;)1<i<n. In order to consider a general case for model , the 7th quantile
br of € is supposed unknown.

For the model , Y is the response variable, ¢ = (¢1,¢.2, - ,¢,p) € I' C RP the regression
parameters and X; = (Xj1,- -, Xjp) the regressors. Number p of the regressors can be large. More
exactly, p does not depend on the observation number n, and p < n.

The fact that the 7th quantile of € is unknown is also often the case in a change-point model
(model with multiple phases), model defined in Section 3 by the relation @

We will first focus on the study of model , without assuming classical conditions imposed on
errors ;. The model parameters ¢ will be estimated initially by a method without penalty, taking
the quantile-process as objective function. Afterwards, in order to select the variables, we propose
to add to the quantile-process an adaptive general penalty of LASSO type. In these cases, we will
then refer to the model as quantile regression.

Under the metric d(z,y) = |arctanz — arctany|, for x,y € R, the set R = R U {—00, ¢} is
compact set, then, without loss of generality, we suppose that the sets 5 and I' are compacts. The
7th conditional quantile function of Y; given X; = x; is xﬁgbo + 02, with 8 the 7th quantile of
€. Then, for model , the unknown parameters, to estimate, knowing (Y;, X;)1<i<n are the 7th
quantile b, and the regression parameters ¢. Denote by b2, ¢° = ( ?1, e ,gég)) their true values,
unknown, assumed to be inner points of the sets B, I', respectively. The parameters b, ¢ can be
estimated by quantile method, by minimizing the quantile-process:

(b, $) = argmin Y p-(V; = b— Xi@), (3)
with the function p;(.) : R — R defined by p-(r) = r{rl,>9 — (1 — 7)1,;<0]. We call (by, b,,) the
quantile estimators of (b2, $?). The components of ¢,, are (¢n.1, - ,Pnp). By [I] these estimators

are strongly convergent and asymptotically normal:



Vitg, = %) £ v (0. g ),

with the matrix Y defined later in the assumption (A1) and f the density function of e.

For 7 = 1/2 and b = 0 we obtain the median (LAD, L;) regression, considered for instance by
[2]. For a complete review on quantile regression and on quantile estimators, the reader can see the
book of [1]. A great advantage of this method is that, compared to the classical estimation methods
(least squares or likelihood methods, for example) that are sensitive to outliers, the quantile method
provides more robust estimators. Furthermore, the imposed condition to the error distribution are
relaxed. However, like all other estimators (for example least squares, maximum likelihood estima-
tors) obtained by optimizing an objective function without penalty, the quantile estimators do not
satisfy the oracle properties. Recall that the oracle properties are: the zero components of the true
parameters are estimated (shrunk) as 0 with probability tending to 1 (also called sparsity property)
and the nonzero parameters have an optimal estimation rate (and is asymptotically normal). Thus,
the solution is to consider a penalized objective function. The parameters for which we want to have
the selection consistency property are included in the penalty. This type of penalty was introduced
by [3] for the least squares estimation framework, with a L; penalty (obtaining thereby LASSO
estimators). Nevertheless the LASSO estimator does not always satisfy the oracle properties. To
remove this inconvenience, an adaptive LASSO estimator was proposed by [4] for the LS regression
case. Various procedures, based on LASSO framework, have been proposed and studied during
the last few years, in order to simultaneously estimate the parameters and to select significant
regressors. The considered models are either with fixed dimension p for ¢ or with p depending on
the sample size n, with p > n. Since the number of papers in these areas is very important in recent
years, we mention only some of them. In a median regression, [5] consider the LASSO-type penalty
and [6] proposes a Lj penalty with the possibility that the regressors number is larger than the
observation number. Always for a median model, with LASSO penalty, was considered by [7]. In a
general quantile regression, [8] propose the SCAD penalty, but which is difficult into practice with
regard to numerical algorithms and an adaptive LASSO penalty but under the assumption that
the 7th quantile b2 is known and is equal to 0. Alternatively, [9] estimate the quantile-adaptive
model-free screening frameworks using a B-spline approximation. In the paper of [10], a composite
quantile regression is considered with an adaptive LASSO penalty. The paper of [I1] proposes an
estimation procedure in a semi-parametric additive partial linear models.

In this paper we first propose, for quantile model (1)), a general adaptive LASSO estimator. For
this estimator, we will study the oracle properties and other behaviour properties for the estimators
and for the adaptive quantile objective function.

Afterwards, we will study for a multiphase model (i.e., a model that changes the shape to unknown
observations), if the break estimation affects the oracle properties of the regression parameter
estimators. The main theoretical difficulty of this type of model is that the estimation of the
change-point locations and of the parameters in each phase can not be performed simultaneously,
but sequentially, in the sense that we first estimate regression parameters for fixed change-points



and then, the change-points. Finally, the estimator of the regression parameters is taken as that
corresponding to the optimal change-points. This imply that the theoretical study of obtained
estimators is very difficult, even assuming that number of phases is known.

If this number is unknown, an additional difficulty to the model study is added. In this case, a con-
sistent estimation criterion for this number is proposed in this paper. Since the LASSO techniques
are fairly recent, there are not many papers in the literature that address the breaking problem
by this estimation method. In the paper of [12], LS model is estimated by LASSO-type and by
adaptive LASSO techniques.

In [13], a quantile model with SCAD estimator and a median model with LASSO-type estimator

are studied. Apart from the fact that when the quantile model was considered, it was supposed
that the 7th error quantile is known (more precisely, it was taken as 0), the SCAD method has also
the disadvantage that it is difficult to put into practice with regard to numerical algorithms. Let
us also remind the paper of [14], where a LS model with a single change-point is considered, with
a LASSO penalty, when the errors have gaussian distribution.
It is important to emphasize that the numerical studies by Monte Carlo simulations confirm the
superiority of the adaptive LASSO quantile estimators (in terms of bias, precision, of identification
of the true zeros, especially in the case when moments of errors don’t exist or when its median is
different to zero), in comparison to other variable selection estimators. In a multiphase model, if
the changes are due only to error distribution (regression parameters remain the same) the adaptive
quantile method also gives the best results.

We give some general notations. Throughout the paper, C denotes a positives generic constant
not dependent on n which may take different values in different formula or even in different parts
of the same formula. For a vector v = (v, -- ,v,) let us denote |v| = (|v1|,-- -, |vp|). On the other
hand, ||v||2 is the Euclidean norm and ||v||; = Z?Zl |vj| the Li-norm. All vectors are column,
1

v! denotes the transposed of v and % = (E’ “ee ,i) For a strictly positive constant ¢, let also

. c P s, .
denote by v¢ the following vector (%, cee %) Let —», —, =% represent convergence in dis-
U1 Up n—oo N—o0 N—oo

tribution, in probability and almost sure, respectively, as n — oco. For a real z, [z] is its integer part.

The paper is organized as follows. In Section 2, we introduce and study especially the ora-
cle properties of a general adaptive LASSO quantile estimator. In Section 3, the corresponding
estimator in a change-point model is defined and its asymptotic behaviors (convergence rate and
oracle properties) are studied. Section 4 proposes a consistent criterion to determine the breaking
number. In Section 5, simulation results illustrate the performance of the proposed estimators.
The adaptive LASSO quantile estimator is compared with other variable selection estimators. All
proofs are given in Section 6.



2 Adaptive LASSO quantile for regression model

In this section we propose and study a general adaptive LASSO quantile estimator for the model
(1), estimator defined by

(0, ) = argmm (Z pr(Yi —b—Xig) + Anw;|¢|> : (4)
=1
where @, = (Wn1, -+ ,Wnp) = |<2>i|9 = (\Jml,ﬂg S, m>, é’)n is the quantile estimator, defined by

, and g > 0 1is a constant which will be later specified. The components of &Z are ((Z)ZJ, cee ggj‘hp).
The positive sequence (\y,)y, also called the tuning parameter, is a regularization parameter such
that A\, = oo as n — oo. To the author’s knowledge, for a quantile regression, three particular
penalties of the adaptive LASSO type have been previously proposed in other papers. In two pa-
pers, the case g = 2 is considered. First, [10] consider that p, the number of regression parameters,
is fixed and after, in [I5], the case p = p, — oo is studied. In the paper of [§], an adaptive LASSO
penalty with the same form as in the relation is proposed, but under the assumption that the
7th quantile b2 is known and it is equal to 0. In the paper of [16], which is a particular case to
that proposed here, always for b2 = 0, the weight vector considered is min(y/n, |¢,| "), with ¢,, a
consistent estimator of ¢0. However, their estimator has the advantage that it also applies when
the number of regressors is very large, p = O(exp(n€)), with the constant ¢ € (0,1).

Let us consider the deterministic design matrix X = (Xjj)1<i<n, with X; the ith line, corre-
1<j<p
sponding to the observation 3.

We give now two assumptions, denoted (A1), (A2), on the design and on the errors.

For the design X, we suppose that:

(A1) n ' maxi<;<p Xlen?O() and n~! S Xz-Xﬁn;ZT, with X = (vij)1<ij<p @ positive defi-
nite matrix.

For the errors g; we suppose that they are independent, identically distributed, with a continuous
positive density f in a neighborhood of b2 and:

(A2) For every e € int(B), ugp € R, u € RP we have

uo—l—x u 1

Tim nlz / Fle+ /i) = Felldo = 3f@)uow) | § 3 | (aow'y

Recall that F' : B — [0,1] is the distribution function of e. The p regressors Xji,---,X;, are
independent of the errors ¢;, for all ¢ = 1,--- ,n. In fact, the design can be considered either
deterministic or random, in which case we will consider the conditional expectation. Obviously,
the first variable X7 can be equal to 1, in which case the model contains an intercept. Remark that
the assumption (A1) is standard when LASSO methods are used, see for example [4], [§] and (A2)



is classic for a quantile regression, see for example [I].

Note that, the estimators defined by or , depend on the value of 7 and on observation
number n. For simplicity reasons, 7 does not appear in the notation. The quantile estimators
(bn, ,,) found by (3), minimize the objective function Y- [p,(e; — b — Xi(p — ¢°)) — pr(g; — b2)]
and the adaptive LASSO quantile estimators (IA)’;L, (2)2) given by , minimize the objective function
Yiilpr(ei = b= Xi(@ — ¢°)) — pr(ei = 0] + Anwp (|| — [6°]]-

To simplify the notations, in what follows we denote b9 by 8.

Then, let us first define two stochastic processes, necessary to study the objective functions
and to analyze the behavior of the corresponding estimators obtained by quantile and by adaptive
LASSO quantile methods, respectively. For b € B, ¢ € " we define, for each observation i €
{1,--- ,n}, the following random process:

R (bv ¢; bOv ¢0) = pT<€i —-b-— Xg(‘b - ¢0)) - p’?’(gi - bo) (5>

and for two observations [ and k between 0 and n, with [ < k, we define also the corresponding
process, taking an adaptive LASSO penalty:

Au
R (0,0:6,0%) = R (b, 50, 6°) + 0000 (18]~ [°),  i=1+1--k,

with Aq.x) the tuning parameter, dependent of position of [ and k. The weight vector w(;) =

“2’(1; k) |79 is obtained considering &)(l;k) the quantile estimator of ¢ calculated by on the samples
l+1L,142,--- k:

(b(k)» D) = argmin Z pr(Yi —b—Xio).
®.d) =11
For [ = 0 and k = n, the tuning parameter \q ,,) becomes A, and @q ), (l;(om), i(om), (52‘0 n)’ @?07n))
become w,, (l;n, &n), (lA);;, qAb,*l) respectively.
We note that the estimators obtained by are in fact the parameters that minimize in (b, ¢
the random process >, RET) (b, p;b°, #°) and the penalized estimators obtained by relation 1}
are the ones that minimize » ;" ; R(T)‘ (0, &; 0, 90).

In the following Lemma we prove that, if in a model, either the 7th quantile or the regression
parameters are different to the true values, then the observation number for which |b— bO| + \Xﬁ(qb—
¢°)| exceeds a threshold, is large.



Lemma 2.1 Under assumption (A1), if b # b or ¢ # @O, then there exists § > 0 such that for
the following set N, = Card{i € {1,--- ,n};|b—b°| + |XL(¢p — ¢°)| > 0} we have that there exists
an e€g > 0 such that N, > neg, for n large enough.

In the following subsection we prove that, the adaptive LASSO estimator for the regression
parameters satisfies the oracle properties: nonzero estimators are asymptotically normal and zero
parameters are shrunk directly to 0 with a probability converging to 1 as n tends to infinity.

2.1 Oracle properties

First of all, let us formulate the Karush-Kuhn-Tucker (KKT) optimality conditions, needed to
prove the oracle properties. Note that for a real x, we use the notation sgn(z) for the sign function
sgn(z) = x/|z| when xz # 0 and sgn(0) = 0. Let the set index

Ar={je{l,-- ,p}io,,; # 0}
of nonzero components of the adaptive (LASSO) quantile estimator of the regression parameter.

Proposition 2.2 Under assumptions (A1), (A2), for g >0, if (\,) is a sequence such that A\, —
00, nil/Q)\n —>p and n(gfl)/Q)\n — 00, as n — 00, then:
(i) for all j € A% we have: 7y 0 | Xij — > iy X1 V<Xl = nwnjsgn(qﬁ*)

(ii) for all j & A% we have |70 X;5 — S0, Xij]lYi<X§<2>Z‘ < Ny, ;.
In addition to the set /l;‘l, let us consider the set

A= {je{1, - p}oY # 0}

with the index of nonzero components of the true regression parameters. Throughout the paper,
we denote by ¢ 4o the Sub vector of ¢ contalnlng the corresponding Components of A%. In the same
way, we consider qb A d) 40 subvectors of qbn with the index in the sets .A* A°, respectively.

With these notations and with Proposition we can now state the main result of this section
on the oracle properties of the adaptive LASSO quantile estimator. We comment that even if the
7th quantile is unknown, the assumptions are the same as in the known case of [§] where b° was
considered zero. In the paper of [I6] the particular case &, ; = min(y/7, ¢, ;|71), with ¢, ; a
consistent estimator of qﬁ?j, is considered. In the present paper we consider w, ; = ]$n7j|_9 , with

qgn,j the quantile estimator.

Theorem 2.3 Under assumptions (A1), (A2), for a power g > 0, if (A,) is a sequence as in the
Proposz'tion then the estimator qﬁ* satisfies the oracle properties:

(i) \/ﬁ((:ﬁ;o — % 40) —> N( X fQ(bO)) T;‘%), where Y 40 contains the elements of the matriz Y,
defined in assumption (AZ), with the index in the set A%: X 4o = (vij); jea0-
(i) If moreover n9/?~'\, — oo, then IP[A* = A°] = 1, as n — co.



As a consequence of this Theorem, emphasize the fact that the convergence rate of the adaptive
LASSO quantile estimators B* and (2)2 has the order n~1/2.
The condition n9/2-1\,, — oo on Theorem. (ii) is stronger than that of Proposition [2.2 where
n=D/2), = oo, as n — oo, is supposed. The importance of this condition for sparsity property
will be studied in Section 5, by Monte Carlo simulations. Note that, the condition n9/271\, — 0o
on Theorem [2.3((ii) implies g > 1.

Remark 2.4 In the particular case b2 = 0, the Normal asymptotic law of Theorem (z) is the
same that obtained by [8] by the SCAD estimation method. If, moreover, T = 1/2, we obtain the
same law that [5] using a LASSO-type penalty.

Remark 2.5 Compared with the adaptive LASSO estimator for a LS model (see [{)]), the fact that
the conditions on € are weakened (no assumption on ezistence of the first two order moments and
nor IE[e] = 0), implies that in our case, in order to have the sparsity, the sequence (A\,) and the
constant g must verify the additional condition n9/2~1\, — oo beside to claim (i).

2.2 Behavior study for R and R™

The obtained results in this subsection on the random processes RZ(T) and RET”\) which intervene
in the corresponding objective functions, will be necessary to study the behavior of the multiphase

model. By the following Proposition, we show that the process R (b ¢; %, %) has a positive
expected value for any parameter (b, ) € B x T

Proposition 2.6 For all parameters b € B, ¢ € I', we have that IE[R,; (7) (b, p; 00, 90)] >

The penalty order, which is involved in the expression of R! (;A/i)’ is obtained by the following
result. It depends of the power g considered for the weights w;).

Lemma 2.7 Under assumptions (A1), (A2), for all 0 < I < k < n, if Ay = o(n'/?), then,
At @@ llz = op(nUF9)/2).

In order to study the multiphase model, the following result studies the objective function
behavior between two observations sufficiently far apart.

Lemma 2.8 For 1 <1 < k < n such that k — | — oo, as n — oo, under assumptions (A1) and
(A2), if Ay = o(n 1/2), for all o > 1/2, we have SUPg<i<k<n 1nfb¢zz ZR(T/\) (b, ¢; bY ¢0)‘ =

min(op(n119/2), Op(n®)).



()

For notational simplicity, we will denote the sum of the processes R,
1,---,n by:

on the observations

RO (b, 050, 0%) = " RV (b, 0", ¢°).
=1

Let us consider a positive deterministic sequence (¢;,), such that either it converges to 0, such
that nc2/logn — oo as n — oo, or it is constant ¢, = c. For a such sequence (c,), consider
following sub-region of the set B x I':

Q= {(b,p) € Bx T b= <cn, [l — ¢°l2 < e}
and Q¢ = {(b, ) € B x T;min(|b — b°|, | — ¢°||2) > cn} its complementary set.

The following Lemma shows that for all n large enough, the supremum of the difference between
R%T) and its expectation, when the parameters are in a neighborhood of the true values, converges
to 0 in probability, with the rate (nc2)=1.

Lemma 2.9 Under assumptions (A1), (A2), then there exists a strictly positive constant Cy > 0
such that for all € > 0, there exists a n. € N such that, for n > ne, following inequality holds

< e,
2 exp(—€?nc2Ch).

IP| sup
(b,0)€Qn

|:’R£L7')(b’ o; bo, ¢0) - E[Rg)(ba @; bO’ ¢O)]] ' > €

The following Lemma gives the behavior of the penalized objective function ) ;" , RZT(O)‘ 31) (b, ; b°, #°)

on the complementary of the set €2,,. We obtain that the infimum of this process is strictly positive.

Lemma 2.10 Let us consider a positive deterministic sequence (cp) such that either it converges
to 0, with nc2/logn — oo as n — 00, or ¢, = c. If the tuning parameter sequence verifies
A" ren? — 0, under assumptions (A1), (A2), then we have that there exists e, > 0 such that,

with the probability 1:
.. (m,A) 0 40
et ( e ZRz (om (b #3079 >) >

An example of a sequence ¢, and of tuning parameter \, is A\, = n?/% and = n=3/5 (logn)?.

Remark 2.11 Using Lemma by similar technique to one used in the paper of [12], for Lemma
8 and 4, we obtain their equivalent. That is, if the data come from two different models, the adaptive
LASSO quantile estimator is close to the parameter of the model from where most of the data came.



With these results, we can now consider a model with several phases. First, the number of
phases is considered known, and afterward the number of changes will be assumed unknown. We
will prove that the regression parameters of each phase and the change-points lg_l, 19 are estimated
by consistent adaptive LASSO quantile estimators, with rate of convergence, (19 —10_,)=1/2, (19 —
19 )71, respectively. A very interesting result is that oracle properties of the adaptive LASSO
quantile estimators for the regression parameters are not affected by the change-point estimation.

3 Adaptive LASSO quantile for multiphase model

Let us now consider a model with K 41 phases, i.e. the model changes to the observations [, - ,lx
with 1 <[y <ls < --- < lg < n. Initially, we suppose that the change number K is known. If
K is unknown, which is the most frequent case in practice, we shall give in the following section a
criterion to estimate the number K.

The model with K + 1 phases has the form:

Y = X Micich, + Xipoly<ict, + -+ Xipp i igeicn +6iy, i=1,---,m. (6)
The parameters of model () are (by, - - -, bg11) the 7th quantile of € on each phase, (¢y, -+ , ¢ i1)
the corresponding regression parameters and (l1,-- - ,lx) the change-points (breaks). The true val-
ues of these parameters are (b7, ---,b%_ ), (@Y, , ¢%.1) and (19, - ,1%) respectively.

Let us notice that with regard to the paper of [I3] where 0 was always the 7th quantile, here
quantiles can change from one phase to another. In fact, in the present paper, from one phase
to the other, either the regression parameters change, or the 7th quantiles change, or both types
of parameters changes simultaneously. To the author knowledge, this double possibility of change
has not been addressed anywhere in the literature. Moreover, in the paper of [I3], the proposed
penalty for a quantile multiphase model, with the 7th quantile known, is SCAD (Smoothly Clipped
Absolute Deviation), which produces difficulties of point of view numerical programming. In the
particular case of a median multiphase model, [13] considers a LASSO-type estimator in order to
avoid the numerical disadvantage generated by the SCAD method. On the other hand, in view of
simulations presented in Section 5, for median multiphase model, the results obtained by SCAD
method are poorer than by a LASSO-type method. This justify the interest to consider an adaptive
LASSO method for a quantile multiphase model. Moreover, the simulations presented in Section
5 will show the performance of the proposed method, especially in the case of not homoscedastic
error or when the change occurs in the 7th quantile and not in the regression parameters.

Concerning the change-points (I1,--- ,lx), we suppose that a phase is long enough:
(A3) ly41 — 1l >n% a>1/2,forall r =0,--- , K, with [p =1 and g4+ = n.

For fixed change-points (l1, - ,lx), the objective function is minimized with respect to the 7th
quantiles and regression parameters of the K +1 phases. Let us denote the objective function value

10



K+1 I
S, 1K) = inf MUY pe(Yi=br = Xib,) + A,y @l anlbell (7)
(¢1, T 7¢K+1) r=1 i=l,_1+1
(b17 T 7bK+1)
The tuning parameters )\( _141,) vary from a phase to the other one with the interval length I, —1,_;.
The weight vector is w( 1) ]q_’) Ipvily ] , with ¢ ) the quantile estimator of ¢, calculated
by quantile method, on the observatlons lr 1+1,- lr.

Then the adaptive LASSO quantile estimators for the change-points are the minimizers of the
function S*: R X
(li o 7&() = argminS*(lla T 7ZK)
(1, 3lK)

The adaptive LASSO quantile estimator for the regression parameters is &?[*_1;[:) and for the 7th

* foreachr=1,--- | K+ 1:
(l'r 17l'r)

((bzié;ii‘)’qs(fé;fi‘))"' s (s &

) =
K'K+1
. K+1 l t ~ 1
arg min (¢1’ . ’¢K+1) 27":1 [Zizi:_1+1 pT(YVi - br - X7,¢T‘) + )\(iifﬁzf«)w([:,l;[:)|¢T|]'
(b17 T 7bK+1)

In the next result we show that if in a phase we take in the place of the true parameters those
of the nearby phase, then, we obtain, with a probability close to 1, different values for the objective
function (without penalty).

quantile is b*,

K’ K+1

Lemma 3.1 Under assumptions (A1), (A2), forr =1,--- K, if I, is such that I, <12, I, — 10 =
O(1), we have that there exists two strictly positive constants n, C1, such that
17
P | Y [prei = by = XAy — @) — prlei — b)) > n(l) = 1) | > 1 —exp(=Ci (I} = 11)).
i=l+1

Let us now formulate the equivalent to assumption (A1) in the case of a model with (K + 1)
phases, when the change-points are sufficiently far apart, i.e. [, — l,_1 converges to infinity as
n — oo:

(A1bis) (I, — l,—1) ' max;, | <i<;, XIX; — 0 for n — oo. We suppose that for each phase
we have that the matrix (I, — [,_1)* Zﬁ;lr_lﬂ X; X! converges to Y, as n — oo, with Y, a

positive definite matrix. Let us denote by T(r) the limiting matrix for the true change-points (¥,
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r=1,---,K. We also denote by v? r; the (k,j)th component of matrix Y.

Following result gives the convergence rate of the adaptive LASSO quantile estimator of the
change-points. The proof is quite technical, that is why we will divide it into three parts. You can
not directly show that the distance between the estimator and the true value of the corresponding
change-point is finished. This is why we first show that this distance is less than [nl/ 2], afterward
less than [n'/4] and at the end that it is bounded.

Theorem 3.2 Under assumptions (A1bis), (A2), (A3), if the tuning parameter (N, _, 1)) 1<r<K+1
is a sequence, depending on n, converging to zero, such that (I, — lr_l)l/QA(lr_th) — 00 and if (¢y)
is another deterministic sequence (c,), such that ¢, — 0, nc2/logn — oo and \yc,?> — 0, as
n — oo, then we have I¥ — 19 = Op(1) for eachr=1,--- K.

If instead of the parameters ly,--- ,lx we consider the reparametrization 6, = l./n € (0,1),
with 0 < 61 < 6y < ---0g < 1, the adaptive LASSO quantile estimators are éﬁ = Z;k/n, which
have a convergence rate of order n~!. This is the classical rate convergence for the change-point
estimators, when the number of regressors is not dependent on n. See for example the paper of [17]
for the LAD estimators, or the paper of [I§] for penalized LAD estimators, but not with adaptive
type or LASSO penalty. For the LS method, without penalty, the reader can see [19].

Concerning the estimators qAbzﬁlAi_l; i), in view of the results obtained in Section 2 and of Theorem

we have that its convergence rate is of order (19 —19_,)1/2.

Forr=1,--- ,K+1and j=1,- -,p,denoteby:
¢T j the jth component of the true value ¢?,

qb(lo 1),/ the jth component of the adaptive LASSO estimator qb?p 19>
¢(l* 1), the jth component of the adaptive LASSO estimator (bZl*

The following Theorem shows that the oracle properties are preserved in a multiphase model.
For each two consecutive true change-points I |, 19 consider the set with the index of nonzero
components of the true regression parameters

AV ={je{l,- ,p}iol; # 0}

and following set when only the regression parameters are estimated

nr = {] (S {1 : ,p}; ggzﬁlgil,lg),j 7é O}'

r—1»

Consider also the similar index set corresponding to the adaptive LASSO quantile estimators lA;Ll,
Z;‘ of the change-points:
A:,r = {.] € {17 e 7p}7¢>&”*_1j:)7] 7é 0}

12



In the following theorem, the matrix X A0 contains the elements of matrix Y., the vectors ((}}(k[*i dx) — ¢0)

T .AQ’
<(Ab* i T ¢r) , are subvectors of <¢* i) d)r), (¢ ) q_')r), respectively, all with the
index in the set AY.

Theorem 3.3 Under assumptions (Albis), (A2), (A3), for a power g > 0 the tuning param-
eter sequence ()\(lrflJr))lSTSK'i'l on each interval (l,—1,1l,) as in Theorem and also (I, —
I, 1)(971)/2/\“ .

(i) Gl )2 (D) — #Y) , = =)V (B3 — @), (or(1) 5 N (0. (71 =) f 200X
T n—oo

(i) If the tuning pammeter )‘(lr_hlr) satisfies more (I, — ZT_1)9/2 1)\(lr_1,lr) — 00, as n — 00, then,

for everyr =1,--- | K, we have lim,,_,~ IP {flgﬂﬂ = .,Zl;;r = AQ] =1.

l)—>oo as n — 0o, we have

177"

4 Selection criterion of the number of phases

Let us now give a criterion to estimate the true change-points number, noted K°, of the model @
First give some notations and an additional assumption.

Concerning the distribution of error (g;), we suppose that
(A4) 0 < E[p-(c —b2)] and E[p2(c — b)) < oo forallr =1,---, K°.

If ) = 0, then the first part of the assumption (A4) amounts to imposing that the mean of ||
is bounded and strictly positive. In fact, since |p, (¢ — b2) — p-(g)| < |b2] with probability 1, and
since b2 belongs to a compact set, the assumption (A4) implies that E[p,(¢)] < oo.

The condition IE[p2 (e —b?)] < oo is necessary to define a consistent criterion in case when the error
distribution changes at the observation 10, for r = 1,--- , K°.

For any number K of changes, we calculate the sum S*(ly,- - ,lx), defined by the relation ,
and the corresponding change-point estimators thereby:

(s sl ) = argmin S* (1, -+, ko).
(1, 1K)

Let us consider the objective function divided by the observation number 87, = n_lS*(Ai Kottt ZA}} )
In order to find the estimator of K, let us consider following criterion

B(K) = nlog 8k + G(K, pr) B, (8)

where (B,,) is a deterministic sequence converging to infinity such that B,n~* — 0, Ban Y2 - o0
as n — oo. The constant a is that of the supposition (A3). The penalty G(K,p) is a function

13



such that G(K1,p) < G(Ka,p), for all K1 < Ky and optionally depending on the number p of
parameters to be estimated.

By the proof of Theorem we have that 8%, converges in probability to Zf:of L Ep, (e +b2)].
Then, in order that the proposed criterion is well defined, it is necessary to impose the condition
that each IE[p, (¢ + b0)] is strictly positive and bounded.

We consider as an estimator for K°, the number of change-points that minimizes the criterion
B(K), so

K = argmin (nlog § + G(K,p)B,) . 9)
K

This type of criterion for choosing the change-point number was introduced, as a Schwarz crite-
rion, by [20] for a constant model, scalar, in each phase, with G(K,p) = K. It was after considered,
for an without penalty median model, by [I7]. Other information criterion are used to detect the
change number in the papers [21], [22], [23]. In the paper of [24], the empirical likelihood test was
considered to detect a single change against no-change in a linear regression. [25] consider likelihood
ratio type statistic to test the null hypothesis of K changes, against the alternative hypothesis of
(K +1) changes under the assumptions that the errors have mean 0 and bounded variance. But this
approach type has the disadvantage that it must perform successive test to find the true number
KO of the change-points. The only case when two changes are tested agains no changes is the
particular case of the epidemic charge model. See for example the paper of [26] for the epidemic
change in a constant model.

We prove now that K;; obtained by the relation @ is a weakly convergent estimator for K.

Theorem 4.1 Under assumptions (A1bis), (A2)-(A4), if the deterministic sequence (By,) converg-

ing to infinity is such that n=°B, — 0, n~Y/2B, — 00, as n — oo, then we have that K;; P, Ko.
n—oo

Remark 4.2 In view of the proof of Theorem[].1], for a fized index T, when the error quantile does
not change from one phase to the other, then for assumption (A4) we require only 0 < IE[p,(e —
W) < oo.

5 Simulations

All simulations were performed using the R language. The program codes are available from the
author. First we compare the results of the proposed method with other existing in the literature
for a model with a single phase. After, the best three methods are studied for a multiphase model.
5.1 Models with a single phase

The samples were generated from the following model with a single phase: Y; = X!gp? +¢;, i =

1,---,n, with ¢ = (1,0,4,0,-3,5,6,0, -1,0), X = (X1,---, X10), X3 ~N(2,1), X4 ~ N (~1,1),
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X5 ~ N(1,1) and X; ~ N(0,1) for j € {1,2,6,7,8,9,10}. For the errors ¢, three distributions
were first considered: standard Normal N (0, 1), exponential Exp(—4.5,1) with the density function
exp(—(x 4+ 4.5))1 3~ 4.5, and Cauchy C(0,1). The sample size is n = 200.

The percentage of zero coefficients correctly estimated to zero (true 0) and the percentage
of nonzero coefficients estimated to zero (false 0) are computed by four methods: least squares
model with adaptive LASSO penalty, median model with LASSO-type penalty, quantile model
with adaptive LASSO and SCAD penalties.

Recall (see the paper of [4]) that the adaptive LASSO estimators for the regression parameters in
a LS model, are the minimizers of the following objective function

n

(Y - Xih)? + Aol ),

i=1

with the adaptive weight p-vector @, considered here that ](Abis\*x. Precise that (Abis is the LS
estimator of ¢p. The adaptive LASSO estimator for .S model has the sparsity property if A, — oo,
nil/z)\n — 0 and n(Xfl)/2)\n — 00, as n — 00. We consider then the tuning parameter \,, = n2/5
and the power x = 9/40.

The SCAD estimator for a quantile model (see [8]) is the minimizer of the following objective

function
n

> (Y = X!) +prn ¢.,41)];

=1

with penalty py, (|¢,;]) defined by its first derivative

(a1 An —[9,4)
Ph, (19.5]) = Mg 1<n, + ﬁﬂw,j\»n},

forall j =1,---,p, with A\, > 0, a1 > 2 deterministic tuning parameters. We take here, for the

LASSO LASSO
SCAD method, the tuning parameters a; =5 and A\, =1/ |¢)S |. The estimator ¢§ of

¢ is the minimizer of the objective function Y 1 [p-(Y; — X'}) + Ap|¢|, with X, =logn - 1,.
The LASSO-type estimator for a median model (see [5]), is the minimizer of the following objective
function

DY = Xigl + ALlg),
=1

with the tuning parameter A, a random p-vector. We take here A\, = n?/ 5@%550‘.
For adaptive LASSO quantile method, given by relation , we consider two values for the

power g¢: a value greater than 1 and another smaller than 1. The tuning parameter is A, = n%/°.
The results obtained by these four methods are presented in Tables for 1000 Monte Carlo

replications. For some distributions or some quantile index, there is numerical problems (the
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Table 1:

Model with a single phase.

Percentage true 0 and of false 0 by LS+adaptiveLASSO, QUAN-

TILE+adaptiveLASSO, QUANTILE+SCAD, LAD+LASSOtype methods for n = 200, &; ~ AN(0, 1).

71  Mothod - | LSFaLASSO | QUANTFaLASSO | QUANTFaLASSO | QUANTHSCAD | LADTLASSOtype
parameters — x = 9/40 g1 = 12.25/10 g2 = 9/40
0.15 % of trues 0 1 1 0.77 0.47 0.99
% of false 0 0.005 0 0 0 0
0.50 % of trues 0 1 1 0.64 0.55 0.99
% of false 0 0.01 0 0 0 0
0.95 % of trues 0 1 1 0.93 777 0.99
% of false 0 0.01 0 0 277 0

Table 2: Model with a single phase.
LASSO quantile, QUANTILE+SCAD, LAD+LASSOtype methods for n = 200, ¢; ~ Exp(—4.5,1).

Percentage true 0 and of false 0 by adaptive LASSO least squares, adaptive

71  Mothod - | LSFaLASSO | QUANTFaLASSO | QUANTFaLASSO | QUANTHSCAD | LADTLASSOtype
parameters — x = 9/40 g1 =12.25/10 g2 = 9/40
0.15 % of trues 0 0.99 1 0.88 0.28 0.66
% of false 0 0.01 0 0 0 0
0.50 % of trues 0 1 1 0.71 0.28 0.67
% of false 0 0.01 0 0 0 0
0.95 % of trues 0 1 0.99 0.90 777 0.67
% of false 0 0.01 0.02 0.01 7?77 0

function rq of the package quantreg of R language does not respond) for the SCAD method. Then,
in Tables this is symbolised by ”???”. The numerical problems of the SCAD method have been
also identified by [5] who proposed the LASSO-type penalty for median regression.

5.1.1 Sparsity property

For the adaptive LASSO quantile method proposed in this paper, considering three error distribu-
tions, we deduce from Tables that the sparsity is not satisfied when the power g of the adaptive
weight is smaller than 1. This is in concordance with the condition imposed in statement (ii) of the
Theorem n9/271)\, — co. In all of the above simulations, we have the following conclusions:
for g > 1, the performance of the adaptive LASSO quantile estimations are always better than
the SCAD, median (LAD) model with LASSO-type penalty and adaptive LASSO (for LS model)
estimators, for the heavy-tailed errors.

In view of the obtained results, presented in Tables the penalty SCAD and the parameter
g < 1 for the adaptive LASSO quantile methods are abandoned.

Based on 1000 Monte-Carlo replications, in Figures we represent the graph of the
percentages of true 0 and of false 0 obtained by three estimation methods:

e for LS model with adaptive LASSO penalty (dotted line),
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Table 3: Model with a single phase. Percentage true 0 and of false 0 by LS+adaptiveLASSO, QUAN-
TILE+adaptiveLASSO, QUANTILE+SCAD, LAD+LASSOtype methods for n = 200, ¢; ~ C(0,1).

71  Mothod - | LSFaLASSO | QUANTFaLASSO | QUANTFaLASSO | QUANTHSCAD | LADTLASSOtype
parameters — x = 9/40 g1 = 12.25/10 g2 = 9/40
0.15 % of trues 0 0.43 0.93 0.69 777 0.99
% of false 0 0.08 0.03 0.025 777 0
0.50 % of trues 0 0.44 0.99 0.64 777 0.98
% of false 0 0.08 0 0 777 0
0.95 % of trues 0 0.43 0.66 0.77 777 0.98
% of false 0 0.08 0.24 0.28 7?77 0

e for quantile model with adaptive LASSO penalty (solid line),
e for median model with LASSO-type penalty (long dash line),

each for errors with four possible distributions: Normal, Exponential, Cauchy and Exp(—4.5,1) +
C(0,2).
For Gaussian errors, these three methods give very satisfactory results (see Figure. For Exponen-
tial errors Exp(—4.5,1), the LASSO-type method does not well identify the true zeros (see Figure
2)) since this method is build for median regression. For Cauchy errors C(0,1) (then moments of
errors don’t exist) the adaptive LASSO method for LS model provides estimates that don’t have
the sparsity property (see Figure . The superiority of the adaptive LASSO quantile method is
considerably higher when errors are a sum of Exponential and Cauchy laws (see Figure |4)).

We note that, in Figures for the LS model with adaptive LASSO penalty (dotted line), the
quantile index 7 is not useful, the represented values of the true or false zeros are in fact Monte
Carlo replications.

5.1.2 Conclusion

In conclusion, for an uniphase model, adaptive LASSO quantile method provides very satisfactory
results of sparsity for each distribution error, tacking as quantile index 7 € [0.4;0.6].

For the sparsity property, the power g of the relation , should be greater than 1. Condition
on g in concordance with the condition imposed in statement (ii) of Theorem

The quantile model with SCAD penalty gives bad sparsity results, and moreover, it has numerical
problems.

Concerning the sparsity, the adaptive LASSO quantile model, the adaptive LASSO method for
LS model and LASSO-type method for median model, give very satisfactory results for Gaussian
errors. The adaptive LASSO quantile method stands out to be the best method, in terms of variable
selection, when moments of errors don’t exist or when median of errors is different to zero.
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5.2 Multiphase models

In view of the results for uniphase model, we will consider in this subsection only three estimation

methods: adaptive LASSO quantile, adaptive LASSO for LS model and LASSO-type for median
19



model. For each of the three methods, we have considered the same powers, tuning parameters
as is the previous sub-section, with the only difference that instead of n we take I, — [,,_1, for
r=1,--- K + 1. The quantile index 7 for quantile model with adaptive LASSO penalty is con-
sidered 0.55.

5.2.1 Fixed phase number

We consider that the change number is known and it is equal to two (three phases). The true
change-points are in l(l) = 30, lg = 100 for n = 200 observations. In Tables [4| and |5 we present
simulation results for models with regression parameters which differ from one phase to the other:
¢y =(1,0,4,0,-3,5, 6,0,—1,0), ¢ = (0,3, —4,-3,0,1,2,-3,0,10), ¢3 = (1,3,4,0,0,1,0,0,0,1).
The random vector X is as in the Subsection 5.1.

In Tables [6] and [7}, we present simulation results when the regression parameters for the first
two phases are the same (¢! = ¢9) and only the error distributions are different. In Tables
and [6] we present the percentage of true and of false zero, in each interval, for the three methods,
when different error distributions are in each phase. In Tables [5] and [7] we give the median of the
change-points estimations by the three methods. In order to simply the presentation, in these four
tables, it was noted by a@) the adapted LASSO quantile method, by Lt the LASSO-type method
for median model and by aLS the adaptive LASSO method for LS model. We calculate bias of the
each estimates, the mean of the differences (cAﬁ — @) 40 and the approximation of the estimation
variances 1/M||(¢ — ¢°) 40|/, with M the Monte Carlo replications number, and with A° the index
set of the nonzero true values. In Tables |4] - [7| the law &; is Exp(—4.5,1), & is Exp(1.5,1), & is
Exp(—6.5,1). The Cauchy distribution is C(0, 1) and Gaussian distribution is N(0, 1).

Comparison of the obtained results by the three estimation methods.

For phases where error distributions are exponential or Cauchy, the adaptive LASSO quantile
method gives the best results in terms of true zeros or false zeros percentage, bias and precision of
the nonzero parameters.

Note that, in all situations when the regression parameters are different from one phase to the
other, by the three methods, the median of the change-points estimations coincides or is very close
to the true value.

Comparing the last three rows of the Tables [5] and [7}, we conclude that the adaptive LASSO
method for LS model gives less accurate change-points estimates when the change-point is between
two phases with the same regression parameters and error distributions are two exponential law.
Generally, for the LS model with adaptive LASSO penalty, satisfactory results are obtained in a
phase with Gaussian errors, while for Exponential or Cauchy distributions, poor results are ob-
tained. Recall that for a model with a single phase, the adaptive LASSO method for LS model
gave satisfactory results for Gaussian and Exponential errors, and poor results for Cauchy errors

(see Tables B3).
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By LASSO-type method, the phases with Exponential errors are poorly estimated.

Comparing the Tables [4] with [6] and Tables [5] with [7] we deduce that selection percentage of the
true zeros by adaptive LASSO quantile method decreases slightly for the first phase when ¢9 = ¢9.
However, this method is better than two other methods, especially with regards to the bias and
precision of estimators for the nonzero regression parameters.

Conclusion

To conclude, by the adaptive LASSO quantile and LASSO-type methods, the change-points
estimation did not affect the sparsity property of the regression parameter estimates. On the other
hand, the adaptive LASSO quantile estimators for the nonzero regression parameters are more
accurate (in terms of bias and variance) than corresponding LASSO-type estimators.

5.2.2 Estimation of the change-point number

In Table [§] we give results, after 100 Monte Carlo replications, in order to estimate the number of
phases using relation @ There was one change-point to the observation [ = 30 for a total of 100
observations. The change in the model is due either to the change in the regression parameters
(@Y # ¢9) or to the change in quantile of the error (for the same index 7).

We compare the criterion proposed in this paper for the adaptive LASSO quantile method with
the criterion proposed in the paper of [12], for the adaptive LASSO method for LS model. In the
paper of [I3], where the LASSO-type method for a median model with change-points has been
studied, there is no criterion proposed to estimate the true number of change-points. Therefore,
we propose here a criterion of the same shape as for the adaptive LASSO quantile method: to the
corresponding penalized objective function add a term of the form G(K,p)B, with G(K,p) = K
and the sequence B,, = n®/8. The criterion values for the three methods are calculated for K €
{0,1,2,3}. For the adaptive LASSO quantile method we consider 7 = 0.55.

From Table [§], we deduce that, the criteria associated to the three methods choose correctly
the change-point number when the change is due to the regression parameters. On the other
hand, when the change is due only to the quantile, i.e. ¢? = ¢9 = (1,0,4,0,-3,5,6,0,—1,0),
then, if the errors come from the same distribution (Exponential) but with different quantiles, the
criterion for the adaptive LASSO quantile method does not identify whenever the change (only
62/100), the criterion for the LASSO-type method never identifies the change, while that for the
adaptive LASSO method for LS model identifies 10/100. The results improve for adaptive LASSO
quantile and LASSO-type methods when the errors of the two phases have different distributions
(Exponential and Gaussian).
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Table 5: Model with three phases. ¢ # ¢ # ¢§. Summary statistics by adaptive LASSO quantile, LASSO-type
for median model and adaptive LASSO for LS model.

error distribution median(l1) median(l2) mean(¢ — ¢°) 4o mean|(¢ — ¢°) 40| | 1/M|(¢ — ¢°) 403
aQ | Lt | aLLS | aQ Lt alLS aQ Lt alLS aQ Lt alLS aQ Lt alLS

€1,€2,e3 ~ &1 30 30 30 100 100 100 -0.03 | -0.25 | -0.31 | 0.15 | 0.49 | 0.65 | 0.90 7.5 10.3
€1,€2,63 ~ N 30 31 31 100 | 100 100 | -0.02 | -0.03 | -0.31 | 0.17 | 0.17 | 0.65 1 1.12 9.8
€1,e2,~ 1,63 ~ N 30 30 30 100 | 100 100 | -0.03 | -0.17 | -0.31 | 0.16 | 0.26 | 0.64 | 0.94 | 2.87 9.9
€1,e3,~ E1,62 ~ N 31 30 31 100 | 100 100 | -0.02 | -0.22 | -0.32 | 0.16 | 0.38 | 0.64 | 0.93 5.7 9.8
€1,e3,~N,ea ~ &1 30 30 30 100 | 100 100 | -0.03 | -0.08 | -0.29 | 0.16 | 0.28 | 0.64 | 0.96 3 9.5

€1,e3,~E1,e2 ~C 31 31 31 100 | 100 100 | -0.05 | -0.25 | -0.37 | 0.26 | 0.49 4.8 2.7 7.5 41478
€1,€3,~ Ez,ea ~ &1 30 30 30 100 | 100 100 | -0.02 0.03 -0.28 | 0.15 | 0.40 | 0.64 | 0.84 | 5.08 10.01
€1,€3,~ E3,e9 ~ &1 30 30 31 100 | 100 100 | -0.03 | -0.34 | -0.34 | 0.15 | 0.62 | 0.68 | 0.87 | 13.2 11.9
g1 ~ E3,e9,e3 ~ &1 30 30 31 100 | 100 100 | -0.02 | -0.31 | -0.34 | 0.15 | 0.56 | 0.68 | 0.81 10.7 11.6

6 Proofs

For the convenience of the reader, recall first a lemma due to [2].

Lemma 6.1 ([2/, Lemma 1)
Let Z; be a sequence of independent random variables with mean zero and |Z;| < B for some 3 > 0.
Let also V> >"" ZE[ZZQ] Then for all0 < s <1 and 0 < z < V/(sp), we have

n
P ZZi > 2| <2exp (—2%s(1—3s)/V). (10)
i=1
This section is divided into two subsections. In the first subsection we give the proofs of all
Theorems and Propositions. In the second subsection, we present the lemma proofs.

6.1 Proposition and Theorem proofs

Proof of Proposition (i) For all j € A¥, the estimator gZA);‘U is the solution of the equation:

(1,7) .50 40
0=>", %"f’bm. By elementary algebra we obtain that

Z”: IR (b, ; 10, ¢°)

8¢ : = _TXij + XijﬂYi<Xf¢) + /\n(f)mjsgn((b,j)
5J

i=1

and the assertion affirmation (i) follows.
(1) In this case, the subgradient set 9||0;||1 is the closed interval [—1,1]. Then

n aR(T,A) b.b: 9. b0
0c Z 3 ( 7¢)7 7¢ ) — —TXU + XZ]]]-Y.L<X§¢ —+ Ana}n,j[_L 1]
1=1

09
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#* ¢g. Percentage true 0 and of false 0 by adaptive LASSO quantile,

0
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=00, ¢

LASSO-type for median model and adaptive LASSO for LS model.

Model with three phases. ¢

Table 6

£€0°0 0 0 T ¥9°0 T 700 | T00 0 G660 | 80 T T1°0 | 8T°0 | #0°0 | 840 | 240 | 360 | '3~ €3'C3‘€3 ~ 13
G0°0 | %00 0 660 | 950 | 6670 | S0°0 | TOO 0 960 | 840 | 660 | GI'0 | 6I°0 | €00 | 80 | 840 | ¥60 | '3 ~ 8263 ~ ‘€213
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Table 7: Model with three phases. ¢3 = ¢?, ¢ # (bg. Summary statistics by adaptive LASSO quantile, LASSO-
type for median model and adaptive LASSO for LS model, n = 200, I = 30, 15 = 100.

error distribution median(l1) median(l2) mean(¢ — ¢°) 4o mean|(¢ — %) 40| | 1/M||(¢ — #°) 403
aQ | Lt | aLS | aQ Lt alLS aQ Lt alLS aQ Lt alLS aQ Lt alLS
e1,e3,~E,ea ~ N | 32 31 28 100 | 100 | 100 | -0.04 -0.23 -0.33 | 0.15 | 0.43 | 0.63 | 0.79 6.1 8.8
€1,e3,~ N,ea ~ &1 28 | 30 26 100 | 100 | 100 | -0.04 -0.12 -0.32 | 0.22 | 0.29 | 0.65 2.3 3.06 9.6
€1,e3,~ E1,62 ~C 31 31 39 100 | 100 99 -0.06 -0.22 -0.35 | 0.28 | 0.44 | 1.32 3.2 6.1 316
€1,€3,~ Ea,62 ~ &1 32 31 30 100 | 100 | 100 | -0.07 | -0.007 | -0.29 | 0.25 | 0.42 | 0.64 3.2 5.2 9.2
€1,€3,~ E3,60 ~ &1 31 30 25 101 | 100 | 100 | -0.04 -0.45 -0.38 | 0.19 | 0.71 | 0.72 | 1.66 | 16.9 | 12.45
g1 ~ E3,e2,e3 ~ &1 34 | 30 27 100 | 100 | 100 | -0.05 -0.37 -0.38 | 0.22 | 0.63 | 0.74 2.9 13.4 13

Table 8: Results on the choice of the change-point number by the criteria associated to the methods: adaptive
LASSO quantile, adaptive LASSO for LS model and LASSO-type for median(LAD) model, K° = 1. 100 Monte
Carlo replications. Number of K = 0,1,2,3 for 100 Monte Carlo replications.

b1, Do error distribution QUANT+aLASSO LS+4aLASSO LAD+LASSOtype
number of K = number of K = number of K =
0 1 21310 1 2 13| 0 1 2|3
@) = ¢ €1~ E1,62 ~ &3 36 | 62 [ 1] 1 [8 | 10 [1[1]10] 0 [0]O
e1~E,ea~NO,1) | 0 | 99 | 1| 0 |54 | 66 |00 1 99 | 0| O
o7 # 9 g1~ 1,62 ~ &3 0 loolo[o|]of1wof[olo] o [100]0]0
e1~&,ea~N(0,1) | 0 | 100 0| 0| 0 |100|0]0]| O 100 | 0 | O
This leads conclusion. |

Proof of Theorem (i) We reparameterize the model: u, = v/n(¢, — ¢°) and U = /(b —
b%). Then (w0, up) is the minimizer of the criterion

> [pr (5 =0 = 072 (o + Xiwa) ) = prlei = 1)] + M@l (160 + wan ™% — @],
=1

The rest of the proof is similar as that of Theorem 4.1 in the paper of [10] and we omit it. With
the remark that in our case (more general than in [I0]) the supposition n(9=1/2),, — oo is required
to prove, in the case gZ)f)j =0 and u,; # 0, that

An 0 , Uny 0 P
- _—_~ y : - : % .
ﬁ|¢n9ﬁ< st | TIl) S

(ii) If j € A°, then <Z>?j # 0. Since é;ﬁb ; 1s the corresponding estimator of <b?j, and is asymptotically
normal, thus j € A* with probability tending to 1. Then lim,_, P[A* D A°] = 1.
For the reverse inclusion, we show that if j & A° then j & A%. Let us calculate IP[j € A%, j ¢ A°].
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Since j € A” it follows from the KKT optimality conditions of the Proposition (i)7 that

TZXW ZXU Viextg, = Mnnjsgn(d], ),

which implies that
n
Anting <2 | Xijl. (11)
=1

For the left member of the last inequality, we have

An@n,j 1 9/2
Annj _ An . T , (12)
n ]n1/2¢n7j‘g n

where (;Aﬁn,j is the quantile estimator of qzﬁ?j. On the other hand, since j ¢ A°, we have that d)f)j =0.

Using the fact that q@n,j is strongly consistent and asymptotically normal, we have that for all € > 0,
there exists n. > 0 such that
Pl (g7 > > 1—e (13)
Since n9/?271)\, — oo, with the relation , we obtain that converges to infinity with
probability converging to 1 as n — oco. On the other hand, by the Cauchy-Schwarz inequality
1/2
nTtS XG5 < (n_l > X%z , which is bounded with probability converging 1, by assump-
11

tion (A1l). Taking into account ([11)), we obtain that is bounded. Contradiction. This completes
the proof. ]

Proof of Proposition Let us denote h; = b° — b+ X! (¢° — ¢). Then
IR (0,650 6%)] = [ [pr(u-t he) = pr(u)ldF (u+ ).

If h; < 0. By elementary calculations we obtain f pT x—h; ) ( NdF(z+b°) = —7(1—7)h;
and also [°[pr(z — hl) pr(2)]dF(z 4+ %) = 7(1 — 7) fo —7) + 7h; + 2]dF(z + b°).
Then, in this case E[R! (b &; 00, ¢%)] = [o i [—a + |hy HdF(x + bO)

If h; > 0. By similar calculations as above we obtain that [F[R, (™) (b, p; 00, p°)] = fohi [x 4+
|hi|]dF (x + bY).

Thus, we can write all this in a more condensed rule:

h;

T h; 0 i -
E[Rz( )(b7 ¢’ b07¢0)] Z ]]-hi>0|2| /} dF($+b0)+]]_hl<0‘h2/| / : dF(.’L‘+bO)
_ g - 0
2
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Pl T [F0) = PO = /)] + 1,0l PO — hig2) — FOO)] > 0.

Proof of Theorem Step I. We prove that, with probability approaching 1, the adaptive
LASSO quantile change-point estimators are to a smaller distance than [nl/ 2]. For this purpose,
let us consider the constant ¢ € (o, min(1, (1 + g)/2)), with & > 1/2 as in Lemma We will
prove that: IP[|l* — 0] > n?] — 0 as n — oo, for each r =1,--- | K.

Consider the set of change-points, all close to the true points at a distance less [n¢]:

L(o) ={(l,--- 1 Z!l — 1 < [nf]}.

Consider a subset of its complementary, for some r € {1,--- , K}:
£$(Q) = {(l17 7ZK)7 ‘lt - lg| > nQ7Vt = 17 7K}7

with all the change-points to a distance of [¥ greater than [n?]. By the definition of the objective
function S* we have, for all (I1,---,lx) € LS(p), with probability 1:

K+2
S*(llv"' alK> > S*(lh 7lK7l(1)7 : 7lr 1710 - [np]al19+ [np]al7(3+1v"' 7l?() = Z 7;7 (14>
q=1
where 7, are, for ¢ € {1,--- ,r — 1,7+ 1,--- , K + 2}, the penalized sums involving observations

between 1871 and 12. 7T, is the penalized sum involving observations between [0 ; and 2 — [n¢] and
Tr+1 between 12 + [n¢] and 12, ;; Ti4o is calculated between IY — [n¢] and I? 4 [n¢]. Note that the
sum S*(Iy, -+ 1k, 09, 10 l,lﬂ (n?], 10 + [n ],lSH, -+, 19) is the extension of the definition
for 2K + 1 change-points: Iy, ,lg, 19, -+ 19 1, 1% — 0,12 + [n ],ZT,H,--- 00

Since (I1,--- ,lx) € LE(0), all change—points li,--- ,lg arein Ty, -+ ,Tr—1, -+ , Tk+1 and none in
Ti+42. Foreach g € {1,--- ,;r —1,r+1,--- , K 4+ 2}, let us consider the points between two true
consecutive change-points k14 < -+ < ky(g)q = {1, I} N {j; 10—y <j <17}. The number J(q)
is greater (or equal) than zero and smaller (or equal) than K, with the property that for ¢ # ¢/,
J(q) # J(¢'). The penalized sum 7, can be written

J(g)+1 kj.q
To= 20 minl D0 pelen—by = XUDs = )+ Nyt Pl |4l
j=1 7" i=k;_1,q+1

0=>17,— [ pr(gi — 52) + )\(kj,l,q;kj’q)@ kj_1.4Kj. q)\qf)t ]
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~2(K+1)  sup |inf Z Rl (0,950, )
0<l<k<nk—l=dn b i=l+1

with | and k two observations without any change between they, %, ¢? the true values of the
parameters on this interval and d,, a convergent sequence to co when n converges to co. Due to

Lemma 2:8]

k
2(K +1) sup | inf Z (b :0°,¢%)| = —min(Op(n®), op(n1+9/2)). (15)
0<I<k<nk—l=d, ¢ 57

For the observations between [ — [n¢] and I¥ + [n¢], we have that:

J(r)+1 kjr
Tr— [ PT(fSi—bB)+)\(k]-_1m;k-m)A€] 1,3k ) |¢r|+)‘ kj—1,rikjr) IEJ 1,3k ) ’¢r+1|]
J=1 i=kj o+1
J(r)+1 kjr
=30 il Y el by — XU, — D) — el — W) My Bl 6]
J=1 7" =k, 41
_)\(k‘j_l’r;k‘j r) (k] 1,73k5, r) H¢O| + ‘¢T—|—1H
But for (I3,--- ,lx) € LS(p), there is no other change-point between ¥ — [n¢] and ¥ + [n?], so this
last relation is in fact
194[ne]
. (7,A) (T,A)
minl ,oz R0 ey (b, 3 b1, 67) %:1 Ry o0 + ey (0> 03 0711, 8] (16)
i= i=10+

Since to left and to right of 1% we have different models, then (b9, ¢2) # ( 0,1, #2, ). This implies
that for the (b, ¢) which minimizes we have either [b—b2| + (/¢ — @22 > ¢ >0or [b—b0, |+
¢ — 2 1]2 > ¢ > 0. Without loss of generality, consider the last case. Using Lemma for
¢y, = ¢ > 0 on the interval (12,12 + [n9]), we obtain that, there exists € > 0 such that

12+ [ne]
T D R ey (b 580, $40) > € > 0
i=19+1
Thus
19+[ne]
A
i+ R0 ey (b @3 8041, 801.1) > O (n?) > 0. (17)
> =941
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Figure 5:

Then, taking into account the relations | ., ., ., . ) and the fact that by definition of
S*, we have that S*(I*,---,I%) < S§ with probability 1, we obtain that S*(I1,---,lx) — S3

is greater than 25?7; — Sg which is greater than —min(Olp(na),Op(n(1+9)/2)) + Op(n?) +

K Ly . .
2= iy Zy 1+ kj—1,q:k5,0)% (kj—1,q:kj,q) -4 )‘(lT ) Iélr,l;li’-)’(ﬁ’q‘ = Op(n®) + op(nto*D/2) =
OP(HQ) > 0. Then7 for n — oo,

P min S*(ly, -+ ,lg) > Syl = 1
[<h,-~-,zK>ecﬁ<g> (0 &) > 5]

IN

On the other hand, since (f*, e Z}() are the change-points estimators, we have that S*([i‘, e Z}()
Sp, with probability 1. These last two relations imply

P(I%,--- 1) € L(9)] = 0,as n — oo, for every r=1,--- , K.

Step II. We show that for all v < 1/4, for every r = 1,--- | K we have IP[|l* — 19 > n¥] — 0, as
n — 0.

By Step I, we have IP[([%,--- ,ZA}) € L(p)] = 1, as n — oo. Consider then the change-points
(I1,--- ,lk) belonging to the set L£(o) and (I1,--- ,lx) € LE(v), where LE(v) is similar to the set
LE(o) with v instead of p. For these change-points, there is a similar relation to for the
objective function S*. For g # r — 1,r, by assumption (A3), using step I, we have that there are
at most two points [, and [,41 between lg and lg 1- Suppose that there are two points [, and [g41
between lO and lq 1 (see Figure . If there is a single point or no point the approach is the same.
Let us deﬁne the following sums

. !
(l27 l2+1) = infy ¢{Z ! l0+1 p‘r({‘:l b— Xt(¢ ¢q+1)) + )‘(l 8 )|¢|}
+ 1nfb qﬁ{zz lg+1 PT(& b— Xt(¢ ¢q+1)) + A (Igslg+1) IE lg;l q+1)‘¢‘}
+ infy ¢{Zz lgr1+1 prei —b—Xi(¢p — ¢’q+1)) (lq+1;lg+1) (zq+1;12+1)|¢|}~
The sums D(I2_,, 12 — [n¥]), D12+ [n*],12,4), D2 — [n”], 1 + [n”]) can be defined in the same way.
Then, for the difference between the following two objective functions

S*(l17"' levl(l)"" ’lr 17l0* [ny]Jg [ ]7lr+1a"' 7l([)()*5(>)k’
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we focus on what happens between two change-points. This last difference can be written
lg1 0
> q#r—1,r {D q+1) T =194 pr(ei = bq+1) - )‘(l0 ity

R
DU 12— () = S pele = 6) Ao por) wi -
L DU+ 1020) = S a1 6 = W) At Bl 0011
+{D(} — [n*], 19 + [n"]) — Zi Jlro[il] ( bg+1) =A@ l?+[n“])w(l9;l9+[nl’])’¢r+1’

lO

= 20y Pr(Ei = b)) =A@ [n]42) @10 [v].10) b, |} = D1+ Dy + D3+ Dy.

r—1"r

By Remark we have that D1, D2, D3 = Op(1).
For D4 we have by the definition of sums D that D(I¥ — [n*],1% + [n¥]) is equal to

infy, ¢{Zz lO nu]+1 PT( g —b— Xt(¢ ¢0)) + A (19— [nu} lO) s lo)‘(b‘
+Ez z0+1 97(51 b— Xt(¢r+1))+)‘(l9,lg+[nl’]) ; loHnu)\(b\}

T

Applying Lemma for ¢, = c on the one of the intervals (I¢ — [n¥];1%) or (1%;19 + [n¥]), (it is
the one where |b — b°| + ||¢ — @°||2 > ¢ > 0), we have Dy = Op(n”) > 0. Then, with probability
converging to 1, as n — oo, we have

(I, li;l)fegc(y) [S*(llj"' 71K7l?7"' alr 17l0 - [ny]’lg [ ]alr+1v"' 7l9<) - S(ﬂ > OP(nV)' (18)

Therefore, we have proved that P[(I},--- ,I%) € LS(v)] — 0, as n — oc.

Step III. We now prove that l* —19=0p(1), foreachr =1,--- | K.

Let the set: L(v) = {(l1, -+ ,lx);|ls = 1f| < [n],Vt =1,--- , K} with v < 1/4. As a consequence
of the Step II, for n large, the estimator (l . ,l}}) belongs to L(v) with a probability tending to

1. We use the reduction to absurdity method, supposing that there exists a change-point estimator
at an unbounded distance from the true value. Consider then, for a M; > 0 (to be determine later)
the following set:
Lr(v, M1) ={(l, k) € Lw);l, — 12 < =My }.

The case I, —1% > My is similar. We shall find a M such that the probability that the change-point
estimator belongs to the set £, (v, M1) converges to 0.

Consider two vectors of change-points (mq,--- ,mg) € L(v) and (I1,--- ,lx) € L,(v, M1) such
that m; = I; for t # r and m, = 1. We have for the difference of the corresponding objective
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functions:

S*(ly, - k) — S*(my, -+ mE) = {ZZ L 1+1[pT(Y b(l'r L) X%ZT 1l ))

(Y bzkl ngba(kqu,l?o))] + /\( b 1) (l'r " |¢ ) | — )\(l'r 1710) (lr 1,19) |¢(lr 1,l0)|}
+{Zz lr+1[pT(Y B?lr,lrﬂ) o Xgé?lmlﬂ-l)) = pr(Yi = b(lr 1,12) Xt('?)*r Li?) I}
_’_{2;% I[PT(Yi - lAf(klr,l'r+1) o Xg&z‘lr,lrﬂ ) = pr(Yi = b(lol +1) - X d)(l’“’l”l )

+)\(l7‘7 lry1) (lr’lr+1)’¢(lﬁl7'+1)| o A(nglT+1 w(l lr41) |¢) lr7l7+1 |}
= {S11 + Si2} + {S21} + {531 + S32}.

Taking into account Remark is easily obtained that S1; = Op(1), uniformly in M;. Taking
into account that A\, _, ;) = O((lr — l,_1)'/?) together the properties of strong convergence of
the quantile estimator és(lrfl,lr) and of adaptive quantile estimator &ZF 1l,)» We obtain that S12 =
op(I° —1,.). Similarly, we have that S3; = Op(1) and S33 = op(I° —I,.).

It remains to study the most difficult part, that is, So1, which can be written

lO 0 2 Ak
So1 = ZZT I +1 ( r+10 ¢'r+17 ¢0) Zl . +1[PT(51 - b(lr,lr+1) - Xt((»b (Lo lyg1) ¢r)) — prlei —
19 * _
01— XH)4 ¢’9))] =it 41 RY )(b(zT,l,lg)v D,y 10y b2 BY) = Sa11 — Sa1o — Sans.
For S212 and S513 we use the inequalities

pr(r1) — pr(r2)

<max(r,1—7) <1
L= T2

and we obtain that |S212| is smaller than

I
Z 1021001, 4, ) X (D= 1 )] < 00100, ) [0 H DL =0, 2 D 1Kl
i=lr+1 i=lr+1

that is, using Remark |2 of order op(1). We obtain analogously [S213] = op(1). For S,
combining the relation l.) for ¢, = ¢ = max(|b2 — b2, ,1,]|@% — @741 |2) together with Lemma
yield that Sa11 > (1% — I,.)n > Min, with probability converging to 1 as M; — co.
Choosing Mj > 0 such that S911 > max(|S21],|S11], [S31], |S32|) we have that

lim ]P[(llv T alA}() € £T(V’M1)] =

n—o0

Which proves that Z,’f —19=0p(1),foreachr =1,--- | K. |
Proof of Theorem (i) This assertion follows immediately from Theorem [2.3{i) and Theorem

.2
(i) The consistency of the variable selection in a model with one phase, property established

31



- &

Figure 6:

Figure 7:

by Theorem [2.3|(ii), implies that

lim PP [AO = AB} ~ 1. (19)

n—o0

It remains to prove that lim,_, IP {/l%’r = /l,*”] = 1. The general case is considered in the

early, that is presented in Fre 6]

Ifj e flgr, thus, using (19)), we have that j € A? with probability tending to 1, which implies
that qb # 0. Moreover, using the result proved in the previous question (i), and the fact that the

adaptlve LASSO quantile estimator qﬁ* of the jth component of the regression parameter qi)

— 17l*)
calculated between the correspondlng adaptive LASSO quantile estimators of the change-points, is

asymptotically normal, we obtain that qb* ¢07 v # 0. Then,

r 1vlr)y] n—o0

lim IP {gé(

n—oo

. #O]—lle Plje A, —
r— 17 7‘
Thus P[AY, € A% ] — L.
There, remains now the most difficult part: to prove that, if the index j ¢ fi then j & /l , (in
fact, in view of (19 ., we must show that if the true component is zero, the correspondlng estlmators

don’t converge to 0 and for a fixed n, the component ¢* ). # 0). We will then calculate

r— 17
Pljg A je An,r] (see Figure . Since j € .Anr, by KKT optimality condition, Proposition
2.2(i), we have

T KXo D Xulyxgn = Aa i@, a9 )

r—1"r rl’?“
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Then

Ay @i = |7 Z Xij = Z Kigly, xtoi x| <2 Z [ Xl (20)
i=l*_ 41 i=l*_ +1 i=l*_ +1
On the other hand
Al i) (i) _ A:_yiz) NUSE (1)
Ir =10, (G 1/%([;_1,1:),3 o bl
where d;(i;tfl;i;i)’j is the quantile estimator of gb%. Since j € A%, we have that qb% # 0. On the

other hand, taking into account Theorem [3.2{ and the fact that the quantile estimator quS (@ id2). is
—1sbr

strongly consistent and asymptotically normal, we have that for all e > 0, there exists 1. > 0 such
that

. ~1
Pl =) Pldg gl) >nd>1-c (22)
Since (I, — lr—l)g/%l)\(zr_l,zr) — 00, together with the relation , we obtain that converges

to infinity with probability converging to 1 as n — oco. On the other hand, an application of
Cauchy-Schwarz’s inequality yields that

R . 1/2

i i

O TN | M pe =1 2
G=Lo)™ Y Xl [ @G=-hop™ Yo x5

=l 41 =l +1

wich is bounded with probability converging to 1, from assumption (A1). Taking into account ,
we obtain that is bounded. Contradiction. Then

Plj gAY j Efl:;r] — 0, as n — oo.

Which implies that IP [./l:r C AY — 1 and in view of relation , we have that IP [fl:w - flg,r] —
1, as n — oo. |

Proof of Theorem For K° the true number of changes, let us define the objective function
calculated for the true values of the parameters. Only the weights are estimated:

n K941 K941
So= Y prlei=blp i) + Z Ao ay@ho o)l @0), (23)
=1 r=1

with Lo oy = [dgo  4oy| 79, calculated on the basis of the quantile estimator, on the observations
(lr—lalr) (lr—l’lr)

between 10_; et 1.
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We will first study the behavior of 87, for the true number of phases. Using Lemma for
a > 1/2, we have for the difference between the objective function S* calculated for the adaptive
LASSO change-points estimators and the sum calculated for the true values:

S (I} gor -+ ligo o) = So = min(op(n'9/%), O (n®)). (24)
Then
S50 =S (I o, o o) — 7 So + 0T Sy = min(op(nTV2), Op(n®T12)) + 01 S,

By the weak law of large numbers, using assumption (A4) and the independence of (¢;), we have

P K41
-1 _ 30
n~1Sy — Zl Ep.(e — 1Y)
Thus,
P K%+1
. 0
o 22 2 Blorle =] >0 (25)
Now, we show that R
PIK} < K] =0, as n — 0o. (26)

In order to prove , consider K any change-point number , with K < K°. Then

B(K) — B(K°) = nlog (1 + ‘°’K_‘°’K) + By[G(K,p) — G(K°, p)].
KO

ol : % a% ok
Two cases are possible concerning (8% — 8%.0)/5%0-

o If (8% — 8%0)/8)0 is great (> C' > 0), then, since 8}, > €2 > 0, we have that there exists
€1 > 0 such that 8%, — 850 > €1 > 0 for any n large enough. Then

IPlarg min §3 < K°] — 0, for n — oo
K

and the relation follows.

o If (5% — 8%0)/5}30 = op(1), then, using the fact that for = close to 0 we have log(1 + x) ~ =,
we have

B(K) — B(K®) = n K K01 | op(1)) 4 BLIG(K, p) — G(EO, ). (27)

ok

SKO

We will study in this case the first term of the right side of the relation . Recall that
the constant a € (1/2,1) is that of the assumption (A3). Similarly of the relation (18], since
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between any two consecutive change-points l,_1 and [, there are at least [n®] observations
and since when K < K° there is at least a non estimated true change-point, we obtain that

S* (I ko Ui i) — So > Cn. (28)

Then, n(s} — 3}0)/%(0 = [S*(Zi}(a T JA?{,K) — S0 — S*(AT,KO’ o A;(O,KO) + 50]/%(0' Using
relations , , for a > a > 1/2, we obtain

n(8 — 850)/30 > ClOP(n) — Op(n®)] = Op(n®). (20)

Using the relations (27)), (29), the fact that B, = o(n®) and since the function G is increasing
in K, we obtain that for K < K we have B(K) — B(K°) > Op(n?%) — op(n®) — co. Thus,
the relation follows.

We finally consider the case K > K©°, cases wherein, given the definition of S* and of the
change-points estimators, we have

So> S (1, %) =S gor U0 o) = S U e+ 5 e i)

S y (30)
> S (l1,Kv"‘ alK,Kvl(l)a"' ’l?(o)

Then, by similar calculations as for the inequality of Theorem we have that for the last
term of :
S G g e 9, %) — So > Op(n?), for v < 1/4.

Thus 0 > 8%, — &5 = Op(n”~!). Since G(K,p) increases in K, together n® < B, < n® and the
relation , we have that

nlog 80 —nlog sy = n(8xo — 8%)(1 +op(1)) = Op(n”).

In fact, it’s the penalty that takes over in this case K > K. In this circumstance, we have
G(K,p) > G(K°,p) and then B,[G(K,p) — G(K°,p)] > CB,, > O(n'/?). Hence, we have for the
difference between the values of the two criteria B(K)—B(K°) > —Op(n*)+0(n'/?) = O(n'/?) —
oo as n — oo. Then, for large enough n, nlog 8} + G(K,p) > nlog 8} + G(K,p) implying

P[K, > K° =0, as n — oo. (31)
The Theorem follows from relations and . [ |
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6.2 Lemma proofs
Proof of Lemma Consider the notations ¢ = (b—b°, ¢ — ¢°), w; = (1,X?) and afterward we
apply Lemma 8 of [17]. |

Proof of Lemma [2.7]
Case I: there exists a deterministic sequence (d,) that tends to infinity, as n — oo, such that

(k—1) > dy.
By the definition of w . |¢ Lky| 79, if there exists a component j of the quantile estimator such
that gb Lk),; — 0 (or a subsequence) then, since JP[QAS(l;k) = 0] = 0 and @), |¢ (k)1 77, using

the asymptotlc normality of ¢(l;k) we have that d;lk,)j = Op(k —1)"12% = O]P( ~1/2). Thus,
Ak P (k) = o(n'?)Op(n9/?) = op(n119)/2) 1f the j-th component is such that qZ) k), = c¢>0
then )\(l;k)a)(l;k:),j = Op(nl/Q).

Case II. If (k — 1) does not converge with n to infinity, then, we can extract a bounded sub-
sequence. Let us suppose that 0 < [ < k < ¢. Since ZP[¢(l;k)7j = 0] = 0, we have in this case

Aamy@n ;= op(n'/?). u

Proof of Lemma Let us denote the difference k — [ by d,,. Taking into account Lemma
(1)

then Lemma m is proven if an equivalent result for R, ’ is showed:

sup 1nf Z R (b,¢:1°,¢%)| = Op(n®),  a>1/2. (32)

0<I<k<n —I+1

Let us consider the random processes

H (b, ¢:0",¢%) = B (0,6, ¢°) + [P — (1= 7)1, <ol X1 (6 — 0°).

Obviously E[r1l,. w0 — (1 — 7)1, <] = (1 — 7)P[e; < %] — 7IP[e; > b°] = 0.
On the other hand, we have, for all b;,by € B and ¢, ¢p5 € I, that
H(T)(bl)q')l;bovqbo) - Hz’(T)(b27¢2;b0a¢O) = pT(Ei — b — Xi((ﬁl - ¢0)) - pT(Si — by — X§(¢2 -
%) + [T1.,5p0 — (1 — 7))L, <0]XE (¢ — ¢). But, generally, for all 71,7, € R we have that
lpr(r1) — pr(r2)| < |r1 — r2|. Thus

|pr(ei = b1 = Xi(¢1 — @%)) — pr(ei — bz — Xi(¢y — ¢%))| < [Xi(¢1 — ¢2) + b1 — ba.
If the parameters by, by, ¢, ¢y are such that ||¢; — Pylla < Cn='2, |by — by| < Cn~2, since
E[t1l,,sp0 — (1 — 7)1, <40] = 0, we have, using assumption (Al), that

oy {pr(ei — by — Xi(@py — @) — prei — ba — Xi(py — ¢°))
—Elp-(ei — b1 — Xi(¢y — )] + Elp-(ei — bz — Xi(dy — ¢°))]} (33)
SO b —bo + C Y X2 [y — @1 ll2 = Op(n'/?).
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On the other hand, by Proposition we have that E[ (b ¢; 00, #°)] > 0, which means, taking
into account the fact that RET)(bO, @210, ¢°) = 0, that, for k—1=d, — oo, we have
k k
0=inf > R (b, ¢%) = inf D[R (b,¢:0",6°) — B[R (b, ;0" 6°)]].
¢ “ b “
=I+1 i=l+1
Thus

ymf Z R (b, ¢ 1°, ¢°)| < sup| Z R (b, ¢;1°, ¢°) — B[R (b, ¢;1°, $°)]].

i=l+1 b, i=l+1

Then, for d,, — oo, we have

sup
0<l<k<nk l=dn

1anR (b, ¢ 1°, ¢%)| <
7zl—s—l

with G = supy g | Y[R (5, 69, ¢°) —~ B[R (b, b5 8°, ¢°)]]|. Thus, by Proposition 2.6} {¢. Fi}
is a submartingale, Where Fi = o — field{ey, - ,e}. Which means, by Doob’s inequality, for

a > 1/2, that:

sup (g, (34)
dn <k<n

P [ sup (g > na] <P [ sup (i > n‘”‘] <n""C,E[¢, (35)
dp<k<n 1<k<n

for some C,;, > 0, and m > 1 determined later.
Now divide the parameter set B x I in n(1+7)/2 cells, such that the diameter of each cell is less than
n~Y2. Thus, for (b, @,), (b2, dy) in the same cell, we have:

Sy R (bl,qbl,bo ¢0) — B[R (b1, 6135, @%)) = R (b, 380, 6°) + B[R (b2, 623", ¢°)]
< |y [T (b, 00380, 0°) — BT (b, 6130, 6°)] = HL” (ba, 031", ¢°)
+ BIH (b2, 65: 1%, °)] || + [, DXLy — )] < Cnl2,
(36)

where the last inequality follows from . Let be now (bj, ¢;) in the jth cell, j =1, - 7cpn(lﬂ’)ﬂ.
Then, as in the paper of [I7], Lemma 3, we have

G < Csup| Y[R (), 0550, ¢°) — BIR (b, 6,36°, 6] + C™/2.
J »:

Since RZ(T)(bj, b b0, @Y) — E[RET)(bj, b b0, ¢9)] is a bounded martingale difference, for each fixed
jed1,--- ,cpn(1+P)/2} we have

IZ D (bs, 5%, %) — B[R (b), 5%, ¢°)))|™] < Cn™2,
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m+p+1

Then E[("] < Op(n2)n™? + Op(n™?) = Op(n™F).
Thus, choosing m such that m > ;’i the right-hand side of converges to 0. Furthermore,

a1
taking into account , and we obtain the claim . |
(p+1)/2
Proof of Lemma Let us consider the set €2, written as an union of subsets €2,, = U]Ci 7; ! C;-"”,

with €, a bounded positive constant, and

€)= {(b,¢) € i b= | +1|¢ — @/ll2 < cam /2, for all (v, &) € 7).

For (b1, ¢1), (b2, ¢5) € C7, as in the proof of Lemma relation , we have that (nc2) ! |R$1T)(b1, @q; 00, %)~

E[R%T)(b%(1)2;b07¢0)]_R$ZT)(b27¢2;b07 ¢O)+E[R%T)(b2v ¢2;b07¢0)” < C(‘bl_b2’_H¢l_¢2H2>c;2 <
Cn='2¢;t — 0, as n — oo. Then, for all (b, @), (b2, o) € CJ,

limy, 00 = | R (b1, 1310, 30) — B[RS (be, o 10, ¢0)] — R (b, bo; 10, $°)

2
ncg

() 0 40 (37)
For (bj, qu) € C]T-L, forall j=1,--- ,C’pn(l+p)/2, we have that the probability
Plsup; |(n2) LR (b), 65310, ¢°) — BRI (b, 6,56°, °)]]| >
Cpn(i+p)/2 (38)

<SP [|RD) (6, 500, 60) — IR (b, 65580, 60))| > mee]
But, by assumption (A1), we have that
R (b, 5380, 6°) — IR (b, ;:1°, %)) < Cllbj — 1] + [lp; — ¢°12] < Ce.

Then Var[Rl(T) (bj, &3 0, ¢9)] < C?c2 uniformly in b; and ¢;. We apply Lemma for 8 = Cec,,

V =C?nc?, s =1/2, 2 = nc2e and we obtain

PR (b, 6538, 6°) = B[R (b, 65:8°, ¢°)]| > neqe] < 2exp(—e*nc0). (39)
The statement of Lemma is given at the beginning of Section 6. Relation and the fact that
nc?/logn — oo imply that the right-hand side of is bounded by 2C,n 149)/2 exp(—e2nc2 C)

which is smaller than exp(—e*nc2C/2), for any large enough n.
Then, for all (b;,¢;) € C!, for all j =1,---,CpnP)/2, we have

lim 1P [sup)mci)1[R£J><bj,¢j;b°,¢°> ~ B[R (b, 31, 0")]]| > ] = 0. (40)
n o ]
The Lemma follows from and . [ |
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Proof of Lemma By the proof of Proposition using assumption (A2), we have

Emmuuomw+u/m0,¢°>]:;nfwoxuo,ut)[’g; s xxt | (0w L+ o(D)

with up € R and u € R? in open sets. For a sequence (c¢,) converging to zero but with a slower
rate than n~1/2, we have

(uo—&—X’;u)cn uo—&—XEu
E / Mo cpors — Lol | = / en [P0+ cpv) — F(0O)]dv.
0 0

Thus

n uQ Xﬁu
ER (B2 + ug)en, (¢° +u)en; b0, ¢°)] = cn Z/ ) [F(° + cuv) — F(B°)]dv
i=170

0

By Lemma [2.9] using the Borel-Cantelli lemma, we have that for any es > 0

2
nc;,

S, [Rﬁg)(b, o %, %) — E[RD (b, ¢ b0,¢°)]H> <er,  as. (41)
n—oo , €Oy

lim sup ( sup

But, the function RZ(T)(b7 ¢; 10, ¢%) is convex in b and ¢, therefore also its sum RS—). Since
RSZT)(bO, %500, %) = 0, using assumption (A1) and relation , by a similar argument as in Re-
mark 4 of [L7], we obtain that the infimum of (b, ¢) € Q¢ is attained on the boundary: |b—b°| = ¢,
and || — ¢°||2 = cn.

Then, let us consider the scalar ug and the p-vector u, each of euclidean norm 1: |ug| = 1,
|lul]]2 = 1. Using assumption (A1), we have that:

B[R+ o), (6" + e 1,60 at] = e /)

(C+o0(1)), (42)
with C' > 0.

Then, considering e = Cf(b°)/4 in , taking into account the relation , we obtain that
there exists e3 > 0 (we can consider by example €3 = €2) such that, with the probability 1:

1
liminf [ inf —R (b, p:b°, %)) > 43
o <(b’g)1€% nez " (b, 6% ¢7) | > €3, (43)
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knowing that inf(, 4)cqe is in fact the infimum on the boundary of the set 7.
To finish the lemma, we take into account that:

e ZR(” b, 11", %)

(b, ¢)GQC
1 A
> nf 7’]?,(7') b .bO (N nt . . B 0
(b(;))egc 77,62 ( 7¢7 7¢ ) an (bq&)g (‘ (O,n)’ Hd)‘ ‘q,) H)
1 0 40 An
- (o, él)lgﬂc an 7 (b, 430", 6°) — ne2 H""(on [1C+, (44)

with C4 a positive constant. The first term of the right-hand side of is greater than e3 by
the relation . Since Ap(nc2)™! — oo as n — oo, I' a compact set, thus the second term of the
right-hand side of converges to 0, and then it is smaller than e3/2 for n large enough. Thus,
the Lemma is proved by taking €; = e3/2.

Let us note that the adaptive weight G)'Eo;n) is calculated on all observations, without imposing

the constraint that || — @°|2 > cp. [

Proof of Lemma By similar calculations to the proof of Proposition [2.6] we obtain that

0
B[R (02 + 1, 628, ¢2)] = / o dF G )
—IH

is a positive function for any p € B and a increasing function in |u|, with a single zero for p = 0.
By Lemma [2.1] there exists at least (I — [,.)ep observations, for some ey > 0, and some & > 0, such
that |00, — b0| + X% 1) — ¢2)| > 6. Then

0
T 0
B| 3 RO @i ed)| 2 (2t [ o+ 8dF( 1))
i=l+1 —
By Lemma [2.9] for ¢° = ¢0, ¢ = ¢, , and ¢, = max([bY,; — b2, |7, 1) — ¢2||2), we have that for
all € > 0 such that
PP Z R (10,1, 041510 Z RO, 1, 60,1580, ¢0)]| > e(l2 ~ 1,)]

i=l-+1 i=lr+1

< exp(—Ce(1 —1,)). We take € = 2~ eof [ + 8]dF (z + b0) and n = 2~ eof [ + §]dF(x + bY).
Then the Lemma follows. |
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