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Abstract: In this paper, we consider the estimation of a change-point for
possibly high-dimensional data in a Gaussian model, using a maximum like-
lihood method. We are interested in how dimension reduction can affect the
performance of the method. We provide an estimator of the change-point
that has a minimax rate of convergence, up to a logarithmic factor. The
minimax rate is in fact composed of a fast rate —dimension-invariant— and
a slow rate —increasing with the dimension. Moreover, it is proved that con-
sidering the case of sparse data, with a Sobolev regularity, there is a bound
on the separation of the regimes above which there exists an optimal choice
of dimension reduction, leading to the fast rate of estimation. We propose
an adaptive dimension reduction procedure based on Lepski’s method and
show that the resulting estimator attains the fast rate of convergence. Our
results are then illustrated by a simulation study. In particular, practical
strategies are suggested to perform dimension reduction.
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1. Introduction
1.1. The model

An important problem in the vast domain of statistical learning is the question
of unsupervised classification of high-dimensional data. Many examples fall into
this category such as the classification of curves or images. Here, we will address
a framework where the change between classes occurs on a time scale, which
casts the problem into the change-point estimation issue.

We consider, for the sake of simplicity, a change-point problem with exactly two
classes: we assume that there exists a change-point 7: before nr, the observations
are in a certain state, after nr, they are in another state. More precisely, we
observe independent random vectors Y7, ...,Y,;, with values in R%, such that

i/i = 97, + Ny M~ N(O7U2Id) llda 1<i< n,
Vi<nr, 0;,=6,
Vi > nt, 9129+

0
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In practice, such a model is obtained for instance in the monitoring of patients,
where the variables Y; are a bunch of d biological, chemical and/or clinical
observations collected each ten minutes (for example) on a patient, and nr
reflects a time of change in the patient’s condition.

Our aim is to estimate the change-point 7. Using the maximum likelihood ap-
proach, also known in this context as CUSUM method, we derive rates of con-
vergence for the estimation of 7, under conditions specified below.

For high-dimensional data, from a computational point of view, there is an ob-
vious need for dimension reduction when estimating 7. Without such a step,
the segmentation algorithm might be unstable or even not work at all. Here,
we will consider the dimension reduction problem from a theoretical point of
view (as opposed to the algorithmic point of view). From a theoretical point
of view, one might suspect that it should always be better to keep the whole
data, to get the best precision on the estimation of the change-point. In fact,
we show that this intuition is not correct. Addressing this dimension reduction
problem can require sophisticated tools directly connected to smoothing ques-
tions in nonparametric estimation. Especially, as will be seen along the paper,
sparsity assumptions, as well as smoothing adaptive methods, can be directly
borrowed from the nonparametric statistical inference and fruitfully applied in
this context.

To sum up, our goal is to answer the following questions:

(a) Without referring to the technical feasibility, is there a theoretical gain in
reducing the dimension, which somehow reduces to the choice between two
options : ignoring a part of the data, versus keeping all the data?

(b) If the data is high-dimensional but “sparse”, is there a way to use this sparsity
to get better results?

(c) If dimension reduction proves to be theoretically more efficient, how could
it be performed? Do usual nonparametric smoothing methods work well in
a change-point problem?

(d) Does on-line (signal by signal) dimension reduction perform as well as off-
line (using a preprocessing involving all the signals)?

1.2. Literature review and related work

The change-point problem has a long history, going back at least to [49]. For an
introduction to the domain, the reader may refer for instance to the monographs
and articles by [53], [51], [46], [7], [10], [12], [17] or [27].

Change-point detection has many practical applications, ranging from genet-
ics [47] or health [55] to aerospace industry [25]. Note that high-dimensional
change-point problems may occur in a wide range of areas. This is the case
for instance in the analysis of traffic network data ([43, 44]), in bioinformatics,
when studying copy-number variation ([8, 60]), for studying functional magnetic
resonance imaging (fMRI) ([2]), in astrostatistics ([9, 56, 45]) or in multimedia
indexation ([22]). In these practical applications, the number of observations is
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relatively small compared to their dimension, with the change-point possibly
occurring only for a few components.

Various different change-point methods and settings have been developed in
the literature, in particular in the univariate case. For instance, [33] introduced
the pruned exact linear time method, [21] wild binary segmentation, and [20] a
simultaneous multiscale change-point estimator, whereas change-point estima-
tion based on resampling has been investigated in [19] and [1]. Some multivariate
extensions are described among others in [28], [48], [3] and [34]. Dependent se-
quences are considered for instance in [23], [24], [4], [6] and [38]. Regarding the
high-dimensional context, [31] considers several dependent change-point tests
and studies the behavior of the maximum over all test statistics as both the
sample size and the number of tests tend to infinity. [15] propose a sparse
version of binary segmentation. [5], [26] and [14] are interested in the high-
dimensional context of panel data. The high dimension problem is addressed
through changes in cross-covariance in [39], [3], [11], [50], [16]. In [54], convex
optimization is used to perform regularization for solving the high dimensional
change-point problem. In [13, 52], graph-based approaches which are efficient in
high dimension are designed. [30] proposes a method based on a statistics in-
spired by Hotelling’s T2 statistics. [18] consider high-dimensional change-point
detection, from the testing point of view.

In this paper, we will study the performance of the procedure from a minimax
point of view, in a high-dimensional context. This approach provides an eval-
uation of the best expectable performances in a particular framework, and the
aim is then to provide a procedure attaining these performances.

Minimax estimation is considered already in [36], in the Gaussian white noise
model. High-dimensional change-point problems are also studied in [35], which
proposes an asymptotically minimax estimator of the change-point location,
when the Euclidean norm of the gap tends to infinity as the dimension d goes
to infinity.

Our approach is deeply connected to this paper and can be considered as a
continuation of this project. The main difference is that in [35], the authors do
not question the dimension reduction problem and do not consider the same
estimation method. Moreover, [35] make the assumption that the change-point
only occurs after a known number of observations and before another known
number of observations. This is a crucial difference since knowing that some
observations are in the first or last state allows to provide an efficient estimation
of this state. Without this assumption, we do not have this opportunity, which
adds a difficulty to the problem.

Another related reference is the paper by [59], who proposed a two-stage pro-
cedure based on a projection followed by a univariate change point estimation
algorithm applied to the projected data, providing rates of convergence for the
estimator of the change-point location.
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1.3. Outline of the paper

The paper is organized as follows. We begin Section 2 by introducing the change-
point model. We also present the problem of dimension reduction and the maxi-
mum likelihood estimator of the change-point. We prove that, for a fixed dimen-
sion, up to a logarithmic term, the maximum likelihood method, has a minimax
rate of convergence. Let us point out that we do not know whether this loga-
rithmic term is necessary or not. Indeed, as explained earlier, in [35], “the edges
are known” (and the estimation method uses this knowledge), meaning that the
minimax rate is established in the case where the change-point cannot occur
before or after a known proportion of the observations. Our method is agnostic
to this knowledge, creating obvious additional difficulties. Moreover, we show
that if the data is sparse, in a Sobolev sense, there exists an optimal dimension
reduction, depending on the sparsity constants.

Of course, these constants are not known in practice. The aim of Section 3
is to provide a procedure which behaves as well as if the sparsity constants
were known. To attain this optimal projection dimension in an adaptive way,
we provide a method relying on the Lepski method. The Lepski method (see
for instance [40, 41, 42] and Section 3.1 for more details) is one of the famous
methods to obtain adaptivity in various functional estimation settings such as
white noise model, regression, density estimation... In these models, minimax
optimality is linked with the regularity assumptions imposed on the functions
which are estimated. Adaptation methods provide ways to escape from this
knowledge and still perform optimally. Note that the proposed method has the
advantage of being performed off-line, before the main segmentation step.
Numerical experiments are provided in Section 4. Section 5 is devoted to the
proofs.

2. Main result: minimax convergence rate
2.1. Change-point model and assumptions

Let n > 3. We observe n independent signals Y7,...,Y,,. We assume that each
signal Y;, 4 =1,...,n,is a d dimensional vector: for every i, Y; = (Y;1,...,Yiq)
is a random vector with values in R%.

We suppose that there exist a change-point 0 < 7 < 1 and two vectors §~ and
6+ of RY, such that the model is given by

Yi=0; +n;, n~N(0,0°I;)iid, 1<i<n, (1)
Vi < nr, 91 = 9_,
Vi>nr, 60;=0%.

Remark 1.

More than one change. Dealing with a finite and known number N > 2 of

change-points would not change the theoretical results but would add unneces-
sary complexity to the proofs.
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Connection to Functional Data Analysis : White Noise model. Theoretically,
Model (1) is directly connected to the model in [35] where the observation is a
sequence of white noise models:

Xl(u) = .uz(u) +O—Zz(u)a S [Oﬂ 1]3 i=1,...,n,

where the Z;’s are i.i.d. Gaussian white noises. The goal is to locate a change
occurring in the functions u; (ie. Vi < nr, pui(u) = p—_(u), and Vi > nr,
pi(uw) = pg(u), Yu € [0, 1]). To connect this model to (1), we simply project the
observations on an orthonormal basis (®;),>1 of L2([0,1]), limiting the obser-
vation to the first d projections, with the following formula:

Y = Xi(w)®p(w)du =05 4+nf, i=1,....,n, £=1...,d,
[0,1]

where ¢ = f[O,l] pi(u)®e(u)du and the variables nf are i.i.d. N'(0,0?).

The white noise model may seem a bit theoretical but it is standardly used in
nonparametric statistics as an approximation to more refined models such as
functional regression models (as detailed in the following paragraph) or even
density estimation models.

Connection to Functional Data Analysis : Regression analysis. Suppose that our
data is composed of n independent curves discretely observed on [0, 1] with a

grid of step size equal to %.

Xi (i‘l) = W; <2>+Uozij, iil,...,n,jil,...d,

where the Z;;’s are i.i.d. Gaussian N'(0, 1) variables. The goal again is to locate a
change occurring in the functions p; (i.e. Vi < n7, p;(u) = p_(u), and Vi > nr,
pi(w) = pg(uw), Yu € [0,1]). Then, again, this model can be connected to (1),
with the help of an orthonormal basis (®;),>1 of L%([0,1]), writing

d . .
1 7 7 .
0 _ {7 I\ _ e 00 _
Yi—djg_l)(l<d)¢g(d>—9i+77i—|—7‘i,z-l,...,n,ﬁ—l...,d,

where 6 = f[O,l] pi(u)®¢(u)du, the variables nf are i.i.d. N(0, %[2’) and r{ are
deterministic quantities describing the difference between the Riemann sum and
the integral which can be negligible for d large enough and standard regularity
assumptions —which will not be discussed here— on the functions u; and ,.

Heteroscedasticity. For the sake of simplicity, the covariance matrix of the noise
7; in (1) is chosen to be proportional to identity. In various examples, it could be
reasonable to choose a covariance of the form o2.J, where .J is a known matrix,
different from identity. Similarly, in the FDA example, if the Z;’s are i.i.d. Gaus-
sian processes but not white noise, then taking an orthonormal basis of L2([0, 1])
would not necessarily lead to a covariance matrix proportional to identity. Then,
a simple change of variables like J~'/2Y; would lead to a similar behavior, pro-

vided appropriate regularity assumptions are made on the parameters J /2%
and J~1/26~.
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Variance. We suppose here o2 to be known. Note that 2 may depend on d or
on n. For instance, as in one of the previous examples, it may be of the form
o2/d, where o3 is an absolute and known constant.

Gaussianity. Considering Gaussian noise is a useful simplification, but this as-
sumption is not crucial. We essentially need concentration inequalities, and sim-
ilar results may likely be obtained under sub-Gaussian hypotheses on the errors.
In that case, the considered estimator of 7 is no more a maximum likelihood
estimator, but simply a CUSUM estimator.

2.2. Estimation method

We are interested in the behavior of the maximum likelihood estimator, also
called in this case CUSUM estimator:

k d

k
k(d)= argmin ZZ (Ym - %ZYM)Q
=1

ke{2,...,n—2} i=1 j—1

-3 -ty X n) |

i=k+1 j=1 f=k+1

To prove some of our results, we will need the following sparsity conditions.

2.2.1. Condition on the means

For s > 0, we define

O(s,L) =< 0 €R? sup K2 Z(Gk)Q <rL?
KeN- ISK

We will suppose that 6~ and 6" are in O(s, L).

Remark 2. This assumption expresses a form of sparsity of the coefficients
which is standard in nonparametric settings. It corresponds to conditions which
are directly connected to the regularity of the function to be estimated in non-
parametric estimation (see [57] for a general introduction). So this condition is
easily interpretable in the cases of FDA mentioned above. In the more general
setting of a high-dimensional physical observation, it is commonly accepted to
solve learning problems by introducing sparsity constraints (see for instance [32]
or [29] among many others). These constraints can take various forms: we de-
liberately chose here the Sobolev type. It is among the simplest forms to handle
technically. Note that it reflects an ordering: the first coefficients are supposed
to be more important than the last ones. This is quite a reasonable assumption
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since, generally, modeling of high-dimensional or functional data via a basis ex-
pansion results in such a situation. However, other type of structural sparsity
could be investigated (like having a finite support of coefficients) which would
lead to different methods in particular for the adaptivity part.

Example 1. Let s = 1/2 and L = 1. Assume that 6 is defined by 6, = ﬁ for

k=1,...,kmax and 0y = 0 for k > knax. Then, for every K = 1,..., knax,

kmax 2
1
K? § (O <L*=K § <> <1
= \V2k

k>K
Hence, § € ©(1/2,1).

Note that there are possible extensions to other kinds of sparsity, considering
for instance coefficients belonging to the set

0,(L) := {9 R, D O] < L}7
k

where ¢ < 1. Note that this choice requires more sophisticated smoothing algo-
rithms.

To end up this section we introduce the following important parameter:
g:=min{r,1—7}. (2)

As we are in a not degenerate case —there is a change, € is a strictly positive
quantity, which measures the potential lack of information at the border of the
interval [0, 1]. It is important to notice that the theoretical performances of the
procedures will depend on €. However, the procedure is agnostic to e, which
therefore will not be supposed to have a known lower bound.

2.3. Dimension reduction for the estimation of T

Our aim is to determine whether or not it is efficient to perform a dimension
reduction when estimating the change-point 7. More specifically, we will inves-
tigate the effect of replacing the vectors Y; = (Y 1,...,Y54), ¢ <n (called “raw
data”), by, for p < d, Y;(p) := (Yi1,...,Yip), i <n, the vectors of R composed
of the p first coordinates of Y;.

For each projection dimension p, we may define:

kE p

k
k(p) = argmin ZZ (Y,] - %ZYM)Q
=1

ke{2,...,n—2} =1 j—1

n p 1 n 2
* X (g X )

i=k+1 j=1 I=k+1
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We set .
oy k(p)
o) =~ "
In the sequel, we will use the notation
d
AP =3 (07 61 = 6t -0
j=1

We also define, for p < d,

) p B e o2 0219
AP:ZZ(HJ-—QJ')’ \Iln(p’Ap):nA%(lvnA%>.

j=1

Example 2. Let 07 and 6~ be defined by 9;{ = ﬁ and 0, = —ﬁ. The rate

W, is plotted as a function of n and p in Figure 1.

Fic 1. Ezample of plot of ¥y, as a function of n andp (n=1,...,10 ; p=1,...,20).

The next result describes the behavior of the estimated change-point 7(p).

Proposition 1. For any v > 0, there exist constants k(7,€) and c(v,e) such
that, if
o%1In(n)

)

2
Ap 2 c(ry,e)—

then
P(I#(p) =71 > £(7.€) () ¥ (p, &) ) < en ™,

where ¢ is an absolute constant.

Remark 3.
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No sparsity required. Note that no condition on the sparsity of 87 and 6~ is
needed for this result.

Minimazity. Thanks to [35], one can observe that ¥, (p,A,) is the minimax
rate in this framework. Compared to their result, we are apparently loosing a
logarithmic factor. However, it is important to stress that in [35], a fixed lower
bound on ¢ is supposed to be known, whereas our estimator 7(p) is adaptive in e.
In other terms, the procedure 7(p) has minimax rate possibly up to a logarithmic
factor. About this logarithmic factor, it is also worth noticing that In(n) could be
substituted by any sequence r,, provided that the factor n™" is simultaneously
replaced by exp(—cr,) in Proposition 1. (Here, ¢ is a constant which can be
made explicit by a closer look into the proof.)

e-dependence. Looking carefully at the proofs, the constants c(e,7) and (e, )
can be taken proportional to (75%1) This remark proves that no condition is
required on the proximity of the change point to one extremity of the interval of
observation. It also shows that the dependence on ¢ is of polynomial form. An
interesting point, beyond the aim of this paper, would be to investigate whether
€2 is the optimal rate. One comment that can be made is that our proofs are
especially adequate when ¢ is fixed (does not depend on n).

Fuast rate/slow rate. For p = d, U,,(d,Ag) = ¥, (d,A). The rate is composed

2
of two different regimes: a “fast one” Unlzg"), which does not depend on the

4
dimension d and a “slow one” %g;gd, which is rapidly deteriorating with the

2
dimension. From the results above, we deduce that if ¢(~, e)%n(") <A%< %,

4
the rate of convergence is 0(71127(27;%@5 (small gap, slow performances), whereas if

2 2
A? > % Voe(7, 5)%1“("), it is %2(2"). This last rate is obviously much better,

and with this latter condition on A, taking p = d (so raw data) allows to
obtain the best rate %. Taking a smaller p could lead to a reduction of A,
damaging the rate.

However this latter condition is quite restrictive on A when d is large. In the
next paragraph, we will try to refine this condition, gaining on the size p of the
projection.

Without assumptions on the behavior of the parameters 67 and 6~, there is
nothing much to hope about the way A, is increasing in p. At this stage, it
is fruitful to introduce sparsity assumptions. If we assume that the means 6~
and 6% belong to O(s, L), then, for p such that A? > 8L%*p=2% A, and A are
comparable, in the sense that A2 > A?/2. Indeed, A* — A2 = zj:pﬂ(ej— —
9;)2 < 4p~25L? so that

—2s72
u>1/2_

>1- P>

2
“p
A2

This is precisely what is exploited in the first part of Theorem 1 below.
Let us observe that if A, and A are comparable (in the sense above), then
U, (p,Ap) ~ U, (p,A) becomes much easier to analyse. In particular, we see
that, again, it is composed of two regimes —a slow one and a fast one— and
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2
the dependence in p becomes easily understandable: ”nlz(zn) for p <

0(212(27;;’) for larger p’s.

This corresponds to what may be observed in practical applications: when the
dimension p is increasing, one first observes an improved convergence of 7, then
the rate remains stable for a while, and then convergence gets less good again.
Note that two different convergence rates have also been highlighted in other
change-point settings, for instance in [58].

2
"f; , and

2.4. Minimaz convergence rate under sparsity condition

The following theorem is an immediate consequence of Proposition 1 in the case
where one assumes the sparsity condition on the means.

Theorem 1. We consider Model (1), with the means 0T and 0~ in O(s, L).
For any ~ > 0, there exist constants k(v,e) and c(v,e) such that, if

2
A% > [%(w)“nn(m v 8L2p‘ﬂ ,
then
P(1#(p) = 71 = 5(7,€) n(n) ¥, (p, A) ) < en™
If, now,
2 2
A? > [20(% €)Ln(n) V8L*p* vV Up} , (3)
n n
then

P(|%(p) — 7| > k(y, 5)%) <en 7.

Here, c is an absolute constant.

It is important to notice that a big difference with Proposition 1 is that the
rate is ¥, (p, A) instead of ¥, (p,A,), which is more “honest” in a sense. The
price to pay is then, as is intuitive, that p should be large enough. In the second
statement, we look at the condition on A and p to obtain the fast rate. For A
fixed, we see that p must not be too large or too small.

Condition (3) contains two terms: one is increasing in p, one decreasing. Hence
it can be optimized leading to

(4)

1
8L2n 1+2s
o2 '

DPopt ~ Ps = <

We obtain the next corollary, corresponding to this projection dimension p;.

Corollary 1. Under the conditions above, for any v > 0, there exist constants
k(7,€) and c(v,€) such that, if
2s
21 2\ T+2s 1
26(%(5)0 n(n) v (‘7> (8L2)1+2“] ’
n

A% >
n
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a%1n(n)

P(|7A'(ps) — 7| > K(y,¢€) A7 ) <en 7.

2 5 1
Interpretation is that the quantity {20(7, 5)%11(”) vV (%2) o (8L2) ”23] is the
2
minimal gap between the two regimes ensuring that the “fast” rate "Tjgg”) can
be obtained, with an appropriate projection dimension.

Remark 4. 1. We see here that there is an obvious advantage in reducing
the dimension, since it allows to obtain the best rate with less restricting
conditions on the gap A.

2. We observe that the greater A2, the faster the rate of convergence of 7,
which is quite natural.

3. At first sight, the rate of convergence and the conditions could seem quite

2

2
unsatisfactory, but observe that very often ¢° is of the form %0. In this

—2s
. T+2s _
case, the rate of convergence is of the order (Z—fj) A2,
0

4. Formula (4) indicates that the optimal p depends on the sparsity constant
s, which is rarely known.

5. If we now look for a procedure searching for an optimal p in an adaptive
way (without knowing the regularity s), some comments can be made be-
fore proposing a solution. In particular, one may ask whether it is possible
to optimize individually (on each signal Y; of R?), or if it is necessary
to perform an off-line preprocessing (requiring the use of all the signals).

nd 1+2
-2

The form of the optimal projection dimension pg ~ ( * allows to

0
answer this question. Indeed, any adaptive smoothing performed individ-
ually on each signal Y; (such as thresholding, lasso...) would lead at best
.
to a dimension of the form pop: = (% e , which would induce a lost of
0
a polynomial factor in n in the rates. This means that it is obviously more
efficient to find a procedure performing the smoothing globally (off-line).

3. Fast rate of convergence: adaptive choice of p

The message of the section above is the following: for a multichannel signal with
sparsity conditions, there is a lower bound on A above which there exists an
efficient choice of p, leading to the fast rate of estimation for the parameter
, 0112(2”). However, in Corollary 1, this choice depends on the knowledge of
the regularity parameter s. An essential question then is to construct a adap-
tive procedure, that is, to design a strategy still performing optimally, without
knowledge about the regularity.
There are several ways to give an answer to this question and one can for instance
look at the procedure introduced in [59], which proves adaptivity under slightly
different, conditions.
Our preference here will be to take inspiration into nonparametric statistics
which provide many adaptive procedures, and in particular Lepski’s method.
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This will lead to a procedure which is quite simple, and interesting by itself in
this context.

3.1. Lepski’s procedure

Let us recall, as already mentioned in the Introduction, that the Lepski method
([40, 41, 42]) is a strategy allowing to obtain adaptivity in various functional
estimation settings such as white noise model, regression or density estimation.
In these models, minimax optimality is linked with the regularity assumptions
imposed on the functions which are estimated. In these nonparametric problems,
there is a balance to obtain between a “variance” term, typically of the form £,
and a “bias” term, typically of the form p~2°. The Lepski procedure proposes to
choose the minimal p among those such that an estimated version of the bias is
below a bound.

For the sake of clarity, let us first recall the classical Lepski procedure in the
standard Gaussian white noise model. Note that it will not be described in the
original form presented in the first papers, corresponding to kernel estimation
methods. Here, the procedure is adapted to the orthogonal series estimation
methods, which is more suitable for a transposition to our case.

Consider the following model:

Zj:Bj—f—Ej,j:L...,d, (5)

where the ¢;’s are i.i.d. N'(0, v?). The Lepski procedure for choosing the optimal
projection dimension p consists in defining p as follows:

J
pi= min{k >1:Vd>j>m>k Y (Z) < C’sz/an(d)} ,
l=m
where C is a tuning constant of the procedure.
In our change-point setting, a transformation of the data is necessary to fall into
the frame of Model (5). We will apply the Lepski method to a surrogate data
vector built on the whole observation.

3.2. Preprocessing

Using the complete data set (so off-line), we define a surrogate data vector,
which will be used to find an optimal p. We assume, for the sake of simplicity,
that n is even; otherwise, the modifications are elementary.

We set:
1 n 2n/2
- Y, — = Y, j=1,....,d.
J n; »J n; »J J
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This vector Z = (Z;)1<;<a is a special case of Model (5), where

Bi= 0 =7)0] =0 ) ro10y +7(0] =07 ) 1prcayoy, j=1,....d

WA "o ,
€j 2277774’]-’- Z ﬁni’j, 7= 1,...,d
i=1 i=n/2+1
2
o
n

3.3. Adaptive convergence rate

We consider the Lepski procedure applied to the vector Z, producing a projec-
tion dimension p. This parameter is then just plugged in the maximum likelihood
procedure for estimating 7.

It is well-known that estimating the regularity of a signal is impossible without
important extraneous assumptions, but Lepski’s procedure provides a projection
dimension p which, with overwhelming probability, is smaller than the optimal
ps (defined in (4) above) and such that the bias A% — A, is controlled, which is
precisely the need here.

The following theorem states that the method leads to an optimal selection,
up to logarithmic terms. As announced, Lepski’s method allows an adaptive
choice of p: though the optimal p, is unknown, we are able to achieve the same
convergence rate as in Corollary 1 with p = p;.

Theorem 2. We consider Model (1) and assume that 6 and 6~ belong to
O(s,L). We suppose that there exists a constant o > 0 such that

n
— > alnd.
o

For any v > 0, there exist constants Cr, k(7v,¢), ¢(v,€) and R such that, letting

J 2
ﬁ::min{kz 1:Vd>j>m>k Y (Z)° SC’ch;ln(d\/n)},
l=m

2 2 25
A% > 20(7,5)0 1;1(71) VR (cr ln(;l\/n)> ’

then 2]
o“In(n
P(1#() ~ 71 > w(7.2) )
Remark 5. A thorough examination of the proof in Section 5.2 shows that
the constant C only needs to be “large enough” (see (10)). Obviously, there is
no point in pretending that the bound in (10) is optimal. Hence, C is to be
considered as a tuning constant of the method. The theorem proves that if the
constant is large enough, then an optimal result is obtained.

) <ecn 7.
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4. Numerical study

In this section, we provide some simulations illustrating our theoretical results.

4.1. Rate of convergence

In this experiment, we study the rate of convergence of the estimator 7. Let
d=20,p=10, 0 =1, 7 = 0.3. Let us consider data generated from Model
(1) with the means §~ and 6+ obtained from the following distribution: 6~ ~
N(0, 5552)), 07 ~ N(=67,107%).

To get a first insight about the rate of convergence, we simulate 1000 times a
sample of length n, for n chosen between 20 and 4000, and plot in Figure 2
the mean and median of the error |7 — 7| over the 1000 trials in function of n,
together with the function n — In(n)¥, (p, A,) corresponding to the theoretical
rate of convergence obtained in Proposition 1. Note that the rate of convergence
of |7 — 7| is given in the proposition up to a constant x(v,e). Nevertheless, the
figure provides an appropriate illustration of the result as soon as n is large
enough.

Mean error (1000 trials) Median error (1000 trials)

— k-4
--== In(n)w,

020
I

— k-4
-—-= In(nw,

0.20 025
I I
010 015
I I

0.10
I

005
I

0.05
I

0.00
I

T T T T T T
0 1000 2000 3000 4000 0 1000 2000 3000 4000

n n

Fi¢ 2. Plot of |7 — 7| as a function of n (mean and median over 1000 trials).

Then, simulating 1000 samples, for each value of the sample size n between 500
and 4000, we try to estimate of the rate of convergence by computing the linear
regression of |7 — 7| by In(n): omitting the logarithmic factor, an exponent —1
is to be found, corresponding to the rate of convergence % Figure 3 provides an
illustration of this linear regression, considering again the mean and the median
over the 1000 trials. On this example, the estimated slope of the regression line
is —1.172 for the mean and —1.098 for the median.
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Mean error (1000 trials) Median error (1000 trials)

4.0
I
=

In(fc—1/)
55 50 a5
B
ra
=
In(fe—1))
60 55
L
=
b
3

65

6.0
I
s

<70
L

In(n) In(n)

Fic 3. Plot of In(|7 — 7|) as a function of In(n) (mean and median over 1000 trials).

4.2. Selection of p

In Theorem 2, we suggest to select p using Lepski’s method. Before introducing
a practical procedure for the selection of p, let us illustrate the fact that the
performance of the estimator 7 may indeed vary a lot as a function of p, so that
selecting the right p is a crucial issue in the estimation of .

We set d = 200, n = 100, 0 = 1, 7 = 0.3. We consider data generated from
Model (1) with means 6~ and 07 built as follows:

e Case A: 6= ~ N(0,V), 67 ~ N(0,V), V = diag(v1,...,vq), v; = 2]% for
j=1,...,d
e Case B: 0~ is such that 0; ~ N(0,1/2) for j = 1,...,20, and 6; ~
N(0, W) for j =21,...,d. 67 is such that 6 N (0;,1072)) for j =
1,...,20, and 67 NN(O,W) for j =21,...,d.
We simulated 5000 data sets according to Model (1) in each of the two cases.
Figure 4 and 5 show the mean and median error |7 — 7| over the 5000 trials as

a function of p. In the first case, the best result is obtained already with p =1,
whereas for the second, taking p around 30 is a good choice.
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Mean error in function of p (over 5000 trials)

Median error in function of p (over 5000 trials)

Error [t-2(p)|
0.15 0.20 0.25
. | |

0.10
L

0.05
L

0.15

0.10
L

Error [t-1(p)|

0.05

::4
@ |
3
"
5
3
"
5 4
8

Fia 4. Mean and median of the error over 5000 trials for Model A.

Mean error in function of p (over 5000 trials)

Median error in function of p (over 5000 trials)

0.30
L

-t
0.25
L

Ermor [t

0.20
L

015
L

0.25

®)
0.20
L

-

Ertor [t
015

0.10

200

T
50 100 150 200

Fig 5. Mean and median of the error over 5000 trials for Model B.

Theorem 2 provides a theoretical way to select p. However, the statement de-
pends on a tuning constant C,. In practice, it is simpler to try to select directly
p. In the sequel, two such procedures are investigated, yielding two estimators

p1 and po.

e Method 1. This method is often used to search for tuning constants in
adaptive methods. The idea is to find a division of the set {1,...,d} into

...

,p1} and its complementary, where the two subsets are correspond-

ing to two “regimes” for the data, one with “big coefficients”, one with

small ones.

Let Z(®) = %Z?:l Zj and Z(7P) = dflp 4

Vi(p) = Ep:(zj -z

j=1

j=p+1 Zj, and consider
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This quantity V is computed for every p = 1,...,d and the value p; is
chosen such that
p1 € arg min V(p).
p=1,...,d

Indeed, this procedure, by searching for a change-point along 71, ..., Zy,
should separate the first most significative differences ¢ — 0;‘, where j =
1,...,p1, from the remaining ones, expected to be less significative for
estimating 7, in such a way that keeping for the estimation all components
until p; seems a reasonable choice.

e Method 2. The second idea is more computationally involved and based on
subsampling. When performing subsampling, the indices drawn at random
are sorted, so that the parameter of interest 7 remains indeed approxima-
tively unchanged. For each p = 1,...,d, we compute 7(p) for a collection
of subsamples. Then, ps is set to the value of p minimizing the variance
of 7 over all subsamples. Here, 100 subsamples are built, each of them
containing 80% of the initial sample.

Remark 6. Proportions of data from 50% to 90% have also been tried,
with quite similar results. Observe that picking a quite small proportion of
data for subsampling could be interesting since it provides more variability
between the subsamples, but, at the same time, the fact that the ratio
between the dimension d and the sample size is modified may be annoying
when the aim is to select p. We also considered a version of subsampling
where a different subsampling index is drawn for every p = 1,...,d: again,
this provides more variability in the subsamples, but 7 may also vary more
than in the classical version. The results were not significantly different.

The performance of the two methods is compared with the result obtained using
the value of p minimizing the average value of |7 — 7(p)| over a large number of
trials, called hereafter oracle p* (here, p* = 30 as obtained above for 5000 trials).
Of course, p* is not available in practice, since it depends on the true 7. However,
it is introduced as a benchmark. The results, corresponding to 1000 trials, for
Model B, are shown in Figure 6 and Table 1. The performances of the proposed
methods could seem unsatisfactory in absolute terms. Nevertheless, the data has
deliberately been chosen difficult to segment. Indeed, to illustrate the selection
of p, it seems more appropriate to consider a high-dimensional, hard situation,
rather than an easy one where the true 7 is always found exactly. Observe that
the two methods perform very similarly, with a slight advantage of Method 2
over Method 1. However, Method 2 is based on subsampling, and, as such, is
more CPU-time consuming.
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Error [T - 'T\l over 1000 trials

0.6
|

0.5
|

0.3
|

0.2

0.1

T
Oracle p*

F1a 6. Error of the two selection procedures over 1000 trials, compared with the error obtained

using the oracle p* = 30.

Error over 1000 trials | Oracle p* | p1 P2

Mean 0.1524 0.2207 0.2047

(Standard deviation) | (0.18735) | (0.21329) | (0.20841)
TaABLE 1

Mean and standard deviation over 1000 trials of the error obtained with the oracle p* and
the two selection methods.

5. Proofs

5.1. Proof of Proposition 1

Our proof will heavily rely on standard concentration inequalities for Gaussian
and chi-square distributions, detailed in the Appendix (see Section A).

In the sequel, for the sake of simplicity, we will assume that nT € {2,...,n—2}.
This will not have any consequence on the result but will save us the repeated
use of integer parts. Also, in this proof, ¥, (p, A) will be replaced by ¥,, to
lighten notation. The proof uses several lemmas, whose proofs are given at the
end of the section. First, Lemma 1 shows that 7 may be written using Gaussian

and chi-square random variables.
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Lemma 1. Under Model (1), the estimator 7(p) may be written as follows:

7(p) = argmin KP(t),
te{ n—2

n’ o n

where

ZO—QVZ ZU2W2 + 252 T L 2N (t) — 2Ns ().
Here, Vf(t) and Wf(t), j=1,...,p, are independent x*(1) random variables,
Ni(1) = Nao(1) = 0, for every t # 7, N1(t) ~ N (0, Py o?(nt — m‘)é?) and

No(t) ~ (0 P M)

The expression obtained for 7(p) is then used in the sequel for building an upper
bound for P (|7(p) — 7| > A¥,,), where A > 0.

Lemma 2. For A > 0, we have

P(WP) -7l > A\I’n>
. k . k
<P inf  KP(—|<KP(r)|+P inf  KP|—) <KPr].
E_r>av, n k_r< AW, n

We will only evaluate the probability P (inf k_rsag, K ( ) < KP(r )) in what
follows, since the second term can be treated in a symmetrical way.

Lemma 3. For A > 0,

k
P ( inf  KP? () < K? (T)) < PVW 4 pN|
%_72)“1177, n

where

PV7W _

P(Elke {nT +nA¥,,...,n—2},

JZZVJZ() ZW2<> XI:VQ iwﬁ(r)>”§§(ﬁ—2;)m>7

PN =

N:(EY = No(E A2 (E _
P(Eke{n7+n)\\lln,...,n—2},| 1) 5 2(n)l >n p (o =TT .
o
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Lemma 4 provides a control of the term P™V. For PV*W, 3 different cases will be
considered, addressed in Lemmas 5 , 6, and 7 below.

Lemma 4 (Control of PN). The following inequality holds:

g2\ e2nA2
PN <o lexp (—26) + exp —2T‘2p .
To get an upper bound for the term PY"W, let us begin with the case where
4
nA? < 32po?/e*. Moreover, the situation where % > + will be addressed

first.

p

PV'W  case 1). Assume that ﬁ > % Then,

Lemma 5 (Control of

Ae?
V.W

(na2y?
olp

The more intricate situation where (nUAff)z < % (i.e. > A) is considered
P

in the next lemma.

Lemma 6 (Control of PV'W, case 2). Assume that nA2 < 32po® /e and that
_o'p < % Then,

(nA2)2
A2 nAZe?
PY'W < 12nexp (—;) + 12nexp <_ P .

2752

Then, Lemma 7 provides an upper bound for P¥V"W
32po? /£2.

Lemma 7 (Control of PV, case 3). Assume that nAZ > 32po? /% Then,

nlA2e Ae?
PY"W < 8nexp <—2€3;> + 4n exp (—27> .

End of the proof of Proposition 1. Collecting the results of the different lem-
mas, we see that P (|7 — 7| > A¥,,) may be upper bounded by a sum of terms
all of the form

in the case where nAf) >

cinexp(—ca(e)A)

nAIQJ
C1M eXp *02(5)? )

where ¢; denote an absolute constant, and cs is polynomial in €. Recalling that
n

or

2
AQ” > ¢(v,¢)In(n), and taking A = x(v,¢) In(n), this proves Proposition 1. O

[ea
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Proof of Lemma 1. Let us denote by P+ g+ ¢-) the probability distribution as-
sociated with Model (1). We will consider the behavior of our estimators un-

der the probability P g+ ¢-). Using the notation z* = (af,...,2}), and
r~ = (zy,...,7,), observe that 7 may be defined in the following way:
1 L 1 2
7(p) = — argmin (Yi" -y Y, )
+ > Z(Ym—m ) YM)
i=kt1 =1 (=k+1

= argmin KP(t).
te{2,..,2=2}

where
KP(t) = min L(t,x~,z") — L(7,0,0).
=zt
Here, the function L is given (for t € {2,..., %=2}) by
nt p n p
Lit,em,a®) =3 3 (Vig =07 —a7)"+ 3, 3 (Yig =07 —a})?
=1 j=1 1=nt+1j5=1

As an aside, not used in the sequel, note that writing

dP(t Or+axt,0_+x7) 1
d d = ———(L(t,z=,z7) = L(7,0,0
AP0, .0_) P 202( (ha™a) (r.0,0))

highlights the facts that we are actually searching for a maximum likelihood
estimator. Let us consider the case ¢ > 7. The other case can be treated in a
symmetrical way. For ¢ > 7, and under the distribution P, g+ ¢-), we may write

nrt n p
=D 3 (@) = 2magey) + D Y (@) = 2ma)
i=1 j=1 i=nt+1 j=1
nt p
+ > D (6 =67 —ap) + 26 — 67 —a7))
i=nT+1j5=1
nrt p n p
= Z((xj_) 2n; JT; ) + Z Z((x;_)Q - 27]i,j$;r)
i=1j=1 i=nt+1j=1
nt p
+ o> > (65— ) 20— ay),
i=n1t+1 j=1
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so that
L(t,x,z") — L(7,0,0)
n p nt p
2 2 (@) =2mgr)+ ) D () = 2mge)
i=nt+1j=1 i=1j=1
nt p
+ D0 D (07— 20505 +20mi) (6)
i=nT+1 j=1
where 6 = (01,...,6,) is the vector 6+ — #~. Now, we have to minimize in

(z~,z") the previous expression. By differentiation, we obtain that the mini-
mum is attained by taking, for every 7,

i’+ — Z?:nt-i-l i, (7)
J n—nt

i Z:lil i, +(nt—n7)§j 8

Ty = nt . (8)

Plugging the minimizers (7) and (8) into expression (6) leads to the minimum

1=nt+1 ,’h’J
n—nt nt

j=1

(_ (i)’ (S + e —n)s;)

nt
-+ (Tbt — m‘)cif + 25J Z ni,j) .

i=nT+1

Under P, g+ 9-), KP(t) can be written in the following way:

P p
21,2 o212 o (nt —n7)nT
Za V2( z; W (t)+;6jT+2N1(t)—2N2(t),
where
n 2
21,2 o (Zi:ntJrl ni’j)
Vi) = n—nt ’
2
S )
2117204\ ( i=171J
P nt
O=>> m;d;
j—l i=n7+1

Z iz My (0 = )3, Na(7) = 0.
O
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Proof of Lemma 2. We write

P<|% -7 > )\\I/n>
= P( inf Kp(k> < inf KP (k) >
| —7|>A0, n E_rl<aw, n
. k
<P < inf  K? () < K? (T))
L —r>A0, n

<P< inf Kp(k> <KP(T)>—|—P< inf K? (k) <Kp(7')>.
E_r>a0, n E_r<-aw, n

O
Proof of Lemma 3. We have

P( inf Kp<k)<Kp(T)>
KT, n
k k
=P(3ke{2,....,n-2}, — —7>2¥,, KP (=] < KP(7)
n n

gP(er {nT4+nA¥,,...,n—2},

p p k k 2 (k
k k 2N1(£) —2No (%) nAZ (2 —T1)nT
2 2 n n n
-2V (n>_2”j (n)+ 2 +—

4 g (o2
j=1 Jj=1
p p
2N1(7) — 2No(T
<= VR =D W(n)+ i )02 2( >>
j=1 j=1
p ) k p ) k
<P |3k ,n— 2 — e
< e{nt+nA\V,,...,n 2},ZVJ (n) +ZWJ <n)
j=1 Jj=1
P P 2N (E) — 2Ny (E)  nA2 (B —1m)nr
2 2 n n Pi\n
7;‘/_] (T)*];W] (7)7 o2 o2 L )

since Ny (1) = Na(7) = 0.

imsart-ejs ver. 2014/10/16 file: Smooth-clustering-rev2.tex date: March 18, 2020



A. Fischer & D. Picard/On change-point estimation under Sobolev sparsity

Thus,

P ( inf KP (k> < KP (7‘))
E_r>aw, n

gP(Eke {nT+nAV,,...,n— 2},

23

P P p nA2 (5 — )t

ZV]2( >+ZW2( > ZVf(T)iZW]?(T) >T2p ” ok

j=1 = =

+ P | 3k € {nT + nA¥ 2} 2N1(B) —2No(B)]  nAD (£ —7)nT
P ’ o2 o2 2k

Here, we used the fact that P(|JA—B| > z) < P(|A| > z/2)+ P(|B| > z/2).

O

Proof of Lemma 4. Using the Gaussian concentration inequality (12) recalled

in the Appendix, we may write

k A2n(E — T)nr
P < (7) P n 7
= Z P(‘]\ﬁ > o
kE{nT+nAV,,,....,n—2}
k *—T)m'
+ Z <’N2(’ )
k€{nT+nAT,,...,n— n 8k
(A2n( —T)TLT)
= > 2exp
2(E 2
kE{nT+nA V... ;n—2} 2nA3(5 — 7)o
" 2 2exp |~ e
ke{nt+nA¥,,....,n—2} 24424%;4447
— T nAIZJ\I]n)\ TQTLA?)
<2n |exp | — 5503 e s
<2 - T\ A T2 Apo® n T2nA2
n lexp [ — exp | — exp | ——2P
Y 6 P 26nA2 b 26,2
[ 2\ TQHAIQ)
<2 jexp (=55 |+ exp | 5
_ g2\ e?nA?
<2n |exp | — 5 +exp | — 563
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Proof of Lemma 5. We have

PV <P<E|ke {nT +nA¥p,...,n— 2},

P p 2 (k
k k AZ (2 —
S <n> W <n) _p‘ . “U<T>m)
j=1 j=1

n 4k
J

+ P

L L nA2 AU, nr
S Vn g+ Wi | > SoE AT
j=1 j=1

Using concentration results for the chi-square distribution recalled in Corollary
2 in the Appendix, we obtain

P(Hké{n7+n)\\lln,...,n—2},

P

k L k nAZ (k _rynr
2 2 n
ZVJ (n>p+ZWj <n>p‘> 0.2p 4k
Jj=1 j=1
P 2k
k nAz (£ —1)nt

<2 P 202 _ P in

S v (4) o] I
ke{nt+nA¥,,,...,n—2} j=1

<4 Z

ke{nT+nA¥,,,...,n—2}

— o
2k 2
oxp [ (MG =T 1
o2 8k 16p
nA?2 (E —T)nT
_ Pin 7
Vexp ( o2 8k x4
[ nAZAY, T 21 nAZAY, T
<d4n |exp | — 2 510, V exp T g7
< [ A2r20%p AT
< 4n exp —W \/exp _275
L P
[ A2 AT
< 4n |exp —310 V exp 3
i 2
< 4dnexp (—;\i)) .

The last but one inequality follows from the assumption :

(n"A§’)2 > +. Likewise,
P

2
<4dexp (—;&) .

O

P

j=1

p p 71[&2 T
SV () = 1)+ SR () 1) > g A

; o2
j=1
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Proof of Lemma 6. We have

PV SP(ElkE {nT +nA¥,,...,n— 2},

>ve(b) —ivjz @

nAf) (% — T)m')
2

4k
Jj=1
+P| 3k e {nt+n\¥,,...,n—2},
P nA2 (5 —T)nT
2 2 P \n
ZW ( ) Z=:W7 0.2 Ak
::PV+PW

Let us compute
o (5) w0
(B2 (5

1=nT+
Z M5 Z Nij

i=n7+1

E_ k 2 1 nrt 2 1
= (2 ) = (B) )
i=n1t+1 i=1
k}:mg E: Mg

i=n7+1

21
i) %
1

25
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Similarly,

n 2 1 1 k 2 1
(Z m’j) (n—k’n—m’)(_z m’j) n—nrt
i=k+1 i=nT1+1
9 n k
" — Z 14,5 Z Mi,j

i=k+1 i=nT1+1

k—nr[[ < S| - S
_n—nr[(Z m’j> n—k’_<<z 77i,j> k—nr]
1=k-+1 i=n7t+1

9 n k
n—nt Z 13 Z hisg-

1=k+1 i=n7+1
As a consequence, we get

PV < Z

ke{nt+nA¥,,,....,n—2}

Pl 2 ) - (B)

j=1 1=n1t+1

P 8k
2 9 nr k 2(%_7_),”7_
D SERN {5 955 ST wiH BErcl=
ke{nt+A¥,,,...,n—2} j=1 i=1 i=nT+1
=PV + PV,
Also,
P k—nr i |
re s el
~ 1 —nT ) n—k
ke{nt+A¥,,....n—2} j=1 i=k+1
k 2 k
1 (2 —7)nt
— » AZ2ln
(3 o) ][t
i=n1+1
P 9 n k
DI (SF=""0 ¥ o #
ke{nT+A¥,,....,n—2} j=1 i=k+1 i=nT1+1

=P/ +P).
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> o

ke{nt+nA¥,,,...,n—

2572 m)

7=1 1=nT+1

nt 2 1
B Z g o2nr
1=1

k 2 2
1 nAZ
< E P E R [ —— RS P
( m’J) o?(k —nt) ‘ o2 16
ke{nT+nAV,,,...,n—2} 7j=1 YNi=nt+1
p nrt 2
nA T
§ E P
* P ( 77”) o’nt p‘ ~ 52 16
kE{nT-‘rnA\I/n, .,n—2}

[ nA2 nAIQ)T
S dndexp | =95 Ts 16p VP (T 1657 x 4

[ Ae? nAZe
S 4n exp _ZT \Y exp —W

In the last two bounds, we have first applied Corollary 2, then used the fact
23\2
that we are in the case % >\

Similarly, -
k—nrt - 2 1
P/ = p
S SRR () oL="4] (6 o Bn s
ke{nt+AT,,..., n—2} j=1 i=k+1
k
_ Z 7 2 1 > HAIQ) (% — T)TLT
o ") o2(k —nt) o2 8k
p n 2 2
1 nAZT(1—17)
< Y (IS0 ) s e
ke{nt+nA¥,,....,n—2} j=1 Yi=k+1

ke{nt+nA¥,,,....,n

+ > _2}P<
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Thus,

16204 x 16p 4 x 1602

g4n:exp(_72<1‘””)v€xp(_m?”“‘”)]

212 2652

[ Ae? nAfje
<4n| exp Ty V exp 7.7 )|

For P}V, let us denote by .%, the o—algebra spanned by the variables {nij, 1 <
nt, j < p}. We write

A <anew - (n, 7201 ‘TV) ves (- A(l—)n

PV =
P T b (& —7)nr
S 525 s 3 |5z
ke{nt+nA\¥,,...,n—2} j=11i=1 i=nT+1
Conditionally on .#, the random variable Y %_, S""7 n, ; f i1 iy follows

a centered normal distribution N (0, 02 (k — nT) > (i mig)?), that is

k
=1 Zz 15,5 Zi:nr—i—l Mi,j
o(k— nT)1/2(Z§:1(Z:'Zl 1i,5)%)1/?

~ N(0,1).

Thus,

Py <2 >

ke{nT+nA¥,,...,n—2}

exp [ - (nAf,(% —7)nT)? 1
162 202(k —n1) 328 (001 i)

<2 >

ke{nt+nA¥,,...,.n—2}

E

FE | exp _(TLA%(;— nr)” !
162 202(k —nr) Z§:1(Zi:1 Mij)?
1
X { . (2151::—]) <8p}]
i 'm' n; )2
+2nP A=l I > gy
= o*nt
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Hence,

21244 4

AT A12152
< 2nexp oz + 2nexp 55,2
AE AI%EQ
< 2nexp o2 + 2n exp “ 55,2 |

We used here nAIQ) < 32po? /e? together with Corollary 2. To end the proof, we
investigate the term P). For k € {n1 + nA¥,,...,n — 2}, let .#; denote the

o—algebra spanned by the variables {»; ;, > k, j <p}.
1 n k
j 1 n—nr Zi:k+1 Ni,j Zi:n,7-+1 N5

follows a centered normal distribution A/(0, % (i1 mig)?), that
is

k
Z? Dy k+1 Mij Dienr+1 i
ok —nr) 2, (S 1 i D)2

Using Gaussian concentration (12), we write:

Py = >

ke{nT+nAV,,,...,n—2}

A2)2)\T,,
P2W < 2nexp (—(np)7—> + 2n exp (— 7p>

Conditionally on %, the random variable

~ N(0,1).

P n k k

1 o (r—T)nT|
E e > iy | > mig| > nAp 16k “/k
Jj=1 i=k+1 i=nT+1

<2

ke{nt+nA¥,,...,n—2}

nA2 —n7)(1 —7)n7)? 1
162k> 20%(k = n7) 3201 (i1 Mig)?

X 1 (=n ns v)2
D i=k+1 "5
{ =1 o2(n—%) SSP}
p

n 2
L onP Z z k+177z,y) > 8p

_ a?(n — -
Jj=1
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Hence,
P e (O | ()
< 2nexp (—)\72(2112_7—)2> + 2nexp <_ 712A5(;2;§2>
< 2nexp (—;\i) + 2nexp (—%) .
Again, we used the assumption nAg < 32p0’2/€2 and Corollary 2. O

Proof of Lemma 7. The proof is very similar to the proof of Lemma 6. Recall
that

PW”<P<%6{m+A@m“qn—ﬂ,

+P<E|k€{n7+n)\\11n,...,n2},

p 2k
k nAZ (£ — 1)nr
w22 — w2 _—Pin T

=PV + PV,

To bound PV and PW, we will use the next inequalities:

(3 (8) o) - (S (-2 (5 )

=1
9 nr k
+ %Zni,j ' Z Mi,j
=1 i=nt+1
k 21 9 nrt k
<< Z ni,j) E+%Zm,j Z Mi,j
1=n1t+1 =1 1=n1t+1

and
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()

() () (2

i=k+1

9 n k
n—nt Z hi.g Z hi.g

1=k+1 1=n1+1

<< > "ivj>2(n—i)_(:im)

i=k+1

9 n k
T —nr Z Nij Z Nij-

1=k+1 i=n7t+1

As a consequence, we get

p k 2 2
1 nAp T
Z o?(k —nr) ( Z m’j> —p‘ > o2 8

PV < Z P

ke{nt+nA\¥,,,...,n—2} j=1 i=nT+1
p nr k 2/ k
2 nA; (& —T7)nT
Jj=1 i=1 i=nT+1
=PY + PV,
Likewise,
P 1 n 2
1%
Ph< > P(Z(ﬂ(n_k)(Z 77@4) —p‘
ke{nT+nA¥,,....,n—2} j=1 i=k+1
S HAIZ, nt(l—7)
o2 8k
» n k 2k
2 nAZ (£ — r)nr
P Y E—— i, ig| > Pin -
* ZUQ(n—nT)_Zn’j_Z 5.3 o2 8k
j=1 i=k+1 i=nt+1
=P/ +P.

Now, using Corollary 2, we get, since nAf, > 32po?/e?,

nA2r nAZe
le < 2nexp (—25;2> < 2nexp (—25;2> .

Also, using nA2 > 32po?/e? again, we have
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P/ <nP

p nA%r(1 -1
Z (Z 77”) —p‘ > 2p ( )
(— o2 o 8
Jj=1 i=k+1

nA2r(1—71) nA2e
< 2nexp —”2,72 < 2nexp ~ 55 p2 .
°0 o

Now, to address the term P}, let us denote by .# the o—algebra spanned by
the variables {n; j, i < n7, j < p}. Using Gaussian concentration (12) as in
Lemma 6, we write

Py = >

ke{nt+nA¥,,,....n—2}

1 p nT k nA (%7 )
E{P(U2 Zzni,j Z 7i,j >T2p71(;— nT‘ﬁ)}

j=11i=1 i=nT+1

<2 >

ke{nt+nA¥,,...,n—2}

b {e"p ( B (nAZ)Z(fﬁg — 202(k — n7) z%_l@z: 7.2 ﬂ
<2 >

ke{nt+nA¥,,,...n—2}

ol )

2
p CPTymig)? <nApT
Jj=1 nro2 = 802

p nT 2
Oty mig)? ) nAZT

(nAf,) nU,AT2 % 8 nAf,T P
< 2nexp | - 2962 x n272A2 +2nexp | - 2552 + 4
P

A nlAZe
<2nexp| — 2% +2nexp | — 26,2 )
Here, we used the inequality nA2 > 32po?/e?, and the fact that ¢ < 3, and

applied again Corollary 2. Similarly, for the term Py, let .7, be the o—algebra
spanned by the variables {n; ;, i >k, j < p}. We write:
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Py = >

ke{nT+nA¥,,...,n—2}

p n k k

Z 1 o (= T)nT |
y P( - n—nT_Z g D M| >nd 16k ‘J’“

Jj=1 1=k+1 i1=n7+1

<2 >

ke{nT+nA¥,,,...,n—2}

B exp ( I R R R (et

162k2

1
X 20%(k —n1) 30 _ (30 Mig)? )1
<2 >

ke{nt+nA¥,,,...,n—2}

(nA2)?(k —n7)(1 —7)%7?
Elexp| — S5 55w D 5
2o Zj:l(zi:k-u 77i,j)
X 1{ » (Z;L:k-'.l m‘,j) na2r }‘|
J=1 a2 (n—k) >7552
. (Zn Up ')2 nA%r
2nP Nvi=k4115) o Ppl
Ten (; o?(n—k) p= 82 p
HAQ)\\IIHT(l — 7')2 X 8 nA2r »
£ p
< 2nexp (— 9952 +2nexp | — 553 + 1
A(1 —7)2 nA2e
S 2nexp <_(26)) + 2TL€Xp (_ 2601-)2
Ae? nA2e
< 2nexp (‘27> + 2n exp (— 26;2 )
O
5.2. Proof of Theorem 2
=1
Let us in this section define p, := (% ) e following Lemma is

essential in the sequel.

Lemma 8. We consider Model (1), and assume that 6T and 6~ belong to
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O(s,L). We suppose that there exists a constant o > 0 such that
n
— > alnd.
g

Then, for any v, if C is large enough (see condition (10) below), there exists
a constant R = R(vy,L,C¢,¢) (see condition (11)) such that, if

o?In(d Vv n) i
n )

A22R<

then we have A2
P ({Aizﬁ > 2} N{p < ps}) >1-dn™7,
where ¢’ is an absolute constant.

The proof is based on an intermediate lemma, stating that, with large proba-
bility, p < ps.

Lemma 9. Under the conditions above, for any v, if we have

20(y +2) y 24 L(y +2)1/?
1

1
o T+2s o 2(0+29)

Cp>16V4L* Vv , (10)

then
P(p>ps) <3(dVvn).

Recall that Z is defined by

n n/2

Zj:izyg_iz;yg, j=1,....d,

i=1
thatis Z; = 8;+¢€;5,j =1,...,d, where §; = (177')(0;' =0, )1(r>1/2) +T(9;— —
0;)1(r<1/2y and &j ~ N (0, %)
Lemma 10. Forp, < /(¢ <k,

k k 9
5 9 z nx
P ’jg(Zj) - j,z(ﬁj) ’ >z | <2exp <_26L2p328‘i> + exp (——1002> ,

as soon as x > 10(k — £+ 1)o?/n.
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Proof of Lemma 10.

k k
Pl @2 =367 >«

j=¢ j=¢
k k

<P 42 Y e > e
j=¢ j=t
k

<P(Y ()2 >a/2]+P ’Zajﬂj‘m:/zx

I
~

J

Observe that ZJ ,€iB; follows a Gaussian distribution N(0, Z- Z?ZE(BJ-)Q),
so that, using the concentration of the Gaussian distribution (see (12) in the
Appendix) and the fact that Z?:e(ﬂjf < 2L%p;%%, since #T and 0~ are in
O(s, L), we obtain

k 2
T

Using Corollary 2 in the Appendix, we get

k k
P )2 < a3 _ - —
Z(aj) >z/2| <P Zo—?() — k40 1>2 k+0-1
=L j=L
nx
< —
_exp( 1002>7
as soon as x > 10(k — ¢+ 1)o?/n. O

Proof of Lemma 9. We have

k 2
P >ps) <P 3k>0>p,3 (2% > Cﬁk% In(d V n)

j=t
Now, since k > p,,
zk:(ﬂ)Q <2L%p;* =217 (‘M) i =2L%p o’ In(dvn)
j=¢ v ’ n ° n '

Thus, if Oz > 4L, we have Y5, (8))? < (C/2)k% In(d V n). We get, with
2z = Cgk%z In(d Vv n), the following inequality:

k k
P> (z)>2| <P ‘Z(Zj)2 . Z(ﬁﬁ‘ >z

k
=t =t =t
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Now, from Lemma 10, as soon as Czkln(d Vv n) > 20(k — £+ 1) (which is always
true for instance if Cz > 20), we have

P(p > ps)

k 2
g
< Ej P Ej(zj)2>cﬁkzln(dvm

k>e>p,  \j=t
(C k:" In(d v
Z 2exp< £ n_2 Qn)) >+exp(—Cgkln(d\/n)/20)
28L2 so“
k>£>ps
(Cep Wln(d\/n))
< d? [Qexp < QZLQ 5557 + exp (—CcpsIn(d V n)/20)

2 2\ ~ iz )
< d? [2 exp (- 28052 (‘;) (1n(an))1+‘zs>

+exp< gg (”2>_+ (m(an))ﬁ%ﬂ

9 cz i Ce 1
<d”|2exp | — a™#% In(dVn) | +exp 30 % =% In(dVn) || .

282
This last term is less than 3(dV n)~7, as, by assumption, CLQH% >v+2, and
% >+ 2. O

Equipped with Lemma 9, let us go back to the proof of Lemma 8.

Proof of Lemma 8. To simplify the exposition, let us suppose that 7 > 1/2, the
other case can be treated similarly, with elementary modifications.
We may write

Ps d
A=AT- N B -0 - Y (6 -6 )
j=p+1 Jj=ps+1

Yet,

d 2 2s
In(d T+2s
ST (0F - 67)? <4Lp = 4L (Un(nv”)) < A%/4,
k=ps+1

_2s
as soon as R > 16L2, since A2 > R (W) o (condition (9)). then,
Ps
Pip<piniaisat<p(pepin{ 3 0 -0 at
J=p+1
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Now,
P({ﬁéps}ﬁ{ i 0 —6;)° ZA2/4}>
j=p+1
< P({ﬁ <pskn {j_i;l (1(Z_j):)2 T {(91 —07)? - (1(Z_j):)2] > A2/4}>.

From the construction of p, we know that

e (Z7)? Crps o2 _ Ct o?In(dV n) =22
2 <1T>2§<1T>2ln(dvn)‘aﬂ?( n ) |

j=p+1

Thus, if Cr/(1 —7)% < R/S,

f: (Zj)2 S A2/8

—_ )2
Pt )
Consequently,

P ({p < ps} N{AZ < A?/2})

<P {pgps}m{j_%;rl {(9-&-0—)2 (1(_3_)2} ZAQ/S}

S 5 — S J _piN2 _ (Zj)2 2
S;P {p_k}m{j_zk;rl[(0+ 67) (1_7_)2]‘ZA/8}
< i:P Z [(B))? = (Z7)°] | > (1 —7)?A%/8

k=1 j=k+1
< ijp Z (g,)* +2 Z e;Bi| > (1 —1)%A%/8

k=1 \j=k+1 j=k+1

Now, we use again Gaussian and chi-square concentration results, as in the proof
of Lemma, 10.

As soon as (1 — 7)?nA2/(8002) > p,, which is always true if R > %, we
obtain:

Ps Ds 2 2
Z Z 2 272 (1—7)*nA

j=k+1
Moreover, since Var (Efikﬂ «Sjﬁj) = %2 T (B)? < 7‘7%25}77)2,
Ps ps 2, A2
5 1— A
Sor(| X el za-rpar | <o (<050,
k=1 j=k+1 7
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Now, "UA; > Rln(d V n)ps. Hence, for R large enough, the right-hand terms
admit an upper bound of the order n~7. Combining this bounds with Lemma
9, we get the desired result, as soon as Conditions (10) and

R>16L%V

(11)

are satisfied. O

8C, 2M(y+1)
v
g2 g2

Proof of Theorem 2. We use Lemma 8, the definition of p,, and Proposition 1.
For any v,7’, we have

0'2 n(n
P (1766 = 712 wl ) =5
o?1In(n)

£ {%@)_ﬂ >’*(%5)m2}“ A§>A2/2}ﬂ{ﬁ<ps}> +dn
P

N{AZ > A?/2}n{p :p}> +dn
N{A2>A*/2}n{p= p}) +dn

Rpo?1n(d V n)
NSAZ2 > — 2 7
{ L 2n
M {ﬁ = p}) + C/n*’}//
< psen Y +cn,

as soon as R is large enough, which proves the theorem. O

Appendix A: Appendix: concentration inequalities

Gaussian concentration If N ~ N(0,1), then it is well known that, for
x>0,
2

P(IN| > z) < 2exp ( - %) (12)

Concentration for the chi-square distribution (moderate and large
deviations) The next lemma is proved in [37].

Lemma 11. Let k be a positive integer and U be a x? distribution with k degrees
of freedom. For z > 0,

P(U — k> 2VEz + 22) < exp(—2),
P(k —U > 2Vkz) < exp(—2).
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In this paper, the following form of the result is used.

Corollary 2. Let k be a positive integer and U be a x? distribution with k
degrees of freedom. For 0 < x < 4k,

P(U—ka)geXp(— v )

16k
For x > 4k,
PWU -k >x) §exp<f§).
For x >0,
22
Plk-U>z)< (- —).
(k-0 za) e (-1
Consequently,
PQU =K > 2) < 2[exp (= 2 ) vexp (- £)
= =SSP 16k TP D))
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