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Abstract: We consider a finite mixture of Gaussian regression models for
high-dimensional data, where the number of covariates may be much larger
than the sample size. We propose to estimate the unknown conditional
mixture density by a maximum likelihood estimator, restricted on relevant
variables selected by an f;-penalized maximum likelihood estimator. We
get an oracle inequality satisfied by this estimator with a Jensen-Kullback-
Leibler type loss. Our oracle inequality is deduced from a general model
selection theorem for maximum likelihood estimators on a random model
subcollection. We can derive the penalty shape of the criterion, which de-
pends on the complexity of the random model collection.
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1. Introduction

The goal of clustering methods is to discover a structure among individuals
described by several variables. Specifically, in regression case, given n observa-
tions (x,y) = ((z1,¥1),-- -, (Tn, yn)) which are realizations of random variables
(X,Y) with X € RP and Y € RY, one aims at grouping the data into clusters
such that the observations Y conditionally to X in the same cluster are more
similar to each other than those from the other clusters. Different methods could
be considered, more geometric or more statistical. We are dealing with model-
based clustering, in order to have a rigorous statistical framework to assess the
number of clusters and the role of each variable. This method is known to have
good empirical performance relative to its competitors, see for instance [20].
Often, datasets are described by a lot of explicative variables, sometimes
much more than the sample size. All the information should not be relevant for
the clustering. To solve this problem, we propose a procedure which provides a
data clustering from variable selection. In a density estimation way, we could
refer to Pan and Shen, in [15], who focus on mean variable selection, Zhou
and Pan, in [25], who use the Lasso estimator to regularize Gaussian mixture
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model with general covariance matrices, Sun and Wand, in [19], who propose
to regularize the k-means algorithm to deal with high-dimensional data, Guo et
al. in [10], who propose a pairwise variable selection method. All those methods
deal with penalized model-based clustering.

In a regression framework, the Lasso estimator, introduced by Tibshirani in
[21], is a classical tool. Working well in practice, many efforts have been made
recently on this estimator to get some theoretical results. Under a variety of
different assumptions on the design matrix, we could get oracle inequalities
for the Lasso estimator. For example, we can state the restricted eigenvalue
condition, introduced by Bickel, Ritov and Tsybakov in [4], who get an oracle
inequality with this assumption. For an overview of existing results, refer for
example to [22].

Whereas focus on the estimation, the Lasso estimator could be used to se-
lect variables, and, for this goal, many results without strong assumptions are
proved. The first result in this way is from Meinshausen and Biihlmann, in [13],
who prove that, for neighborhood selection in Gaussian graphical models, under
a neighborhood stability condition, the Lasso estimator is consistent. Under dif-
ferent assumptions, as the irrepresentable condition, described in [24], one get
the same kind of result: true variables are selected consistently.

Thanks to those results, one could refit the estimation, after the variable
selection, with an estimator with better properties. In this article, we focus on
the maximum likelihood estimator on the estimated relevant set. In a linear
regression framework, we could refer to Massart and Meynet, in [12], or Belloni
and Chernozhukov, in [3], or also Sun and Zhang, [18] for using this idea.

In our case of finite mixture regression, we propose a procedure which is
based on a modeling that recasts variable selection and clustering problems
into a model selection problem. In mixture models, the choice of the number
of components is often solved by a model selection criterion. In this paper, we
select also the relevant variables by this criterion. Indeed, in practice, in high-
dimension, we do not have access to the whole model collection. It is then a
well-used procedure to restrict ourselves to a random subcollection of the whole
collection. This procedure is developed in [7], with methodology, computational
issues, simulations and data analysis. First, for some data-driven regulariza-
tion parameters, we construct a relevant variables set. Then, restricted on those
sets, we compute the maximum likelihood estimator. Considering the model
collection with various number of components and various sparsities, we select
a model thanks to the slope heuristic. Then, we get a clustering of the data
thanks to the maximum a posteriori principle. This procedure could be used to
cluster heterogeneous multivariate regression data and understand which vari-
ables explain the clustering, in high-dimension. Consider a regression clustering
could refine a clustering, and it could be more adapted for instance for pre-
diction. In this article, we focus on the theoretical point of view. We define a
penalized criterion which allows to select a model as good as possible, from
a non-asymptotic point of view. Penalizing the empirical contrast is an idea
emerging from the seventies. Akaike, in [1], proposed the Akaike’s Information
Criterion (AIC) in 1973, and Schwarz in 1978 in [16] suggested the Bayesian
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Information Criterion (BIC). Those criteria are based on asymptotic heuristics.
To deal with non-asymptotic observations, Birgé and Massart in [5] and Bar-
ron et al. in [23], define a penalized data-driven criterion, which leads to oracle
inequalities for model selection. In our context of regression, Cohen and Le Pen-
nec, in [6], proposed a general model selection theorem for maximum likelihood
estimation, adapted from Massart’s Theorem in [11]. Nevertheless, we can not
use it directly, because it is stated for a deterministic model collection, whereas
our data-driven model collection is random, constructed by the Lasso estimator.
It is important to consider a random subcollection model rather than the whole
collection because the whole collection is not tractable in practice, due to the
high-dimension. As Maugis-Rabusseau and Meynet have done in [14] to gener-
alize Massart’s Theorem, we extend the theorem to cope with the randomness
of our model collection. By applying this general theorem to the finite mixture
regression random model collection constructed by our procedure, we derive a
convenient theoretical penalty as well as an associated non-asymptotic penal-
ized criteria and an oracle inequality fulfilled by our Lasso-MLE estimator. The
advantage of this procedure is that it does not need any restrictive assumption.

To obtain the oracle inequality, we use a general theorem proposed by Massart
in [11], which gives the form of the penalty and associated oracle inequality in
term of the Kullback-Leibler and Hellinger loss. In our case of regression, Cohen
and Le Pennec, in [6], generalize this theorem in term of Kullback-Leibler and
Jensen-Kullback-Leibler loss. Those theorems are based on the centred process
control with the bracketing entropy, allowing to evaluate the size of the models.
Our setting is more general, because we work with a random family. We have
to control the centred process thanks to Bernstein’s inequality.

The rest of this article is organized as follows. In the Section 2, we define
the multivariate Gaussian mixture regression model, and we describe the main
steps of the procedure we propose. We also illustrate the requirement of refitting
by some simulations. We present our oracle inequality in the Section 3. In Sec-
tion 4, we illustrate the procedure on simulated dataset and benchmark dataset.
Finally, in Section 5, we give some tools to understand the proof of the oracle
inequality, with a global theorem of model selection with a random collection
in Section 5.1 and sketch of proofs after. All the technical details are given in
Appendix.

2. The Lasso-MLE procedure

In order to cluster high-dimensional regression data, we work with the multivari-
ate Gaussian mixture regression model. This model is developed in [17] in the
scalar response case. We generalize it in Section 2.1. Moreover, we want to con-
struct a model collection, with more or less components, and which is more or
less sparse, to solve the estimation issue. We propose, in Section 2.2, a procedure
called Lasso-MLE which constructs a model collection, with various sparsities
and various number of components, of Gaussian mixture regression models. The
different sparsities solve the high-dimensional problem. We conclude this section
with simulations, which illustrate the advantage of refitting.
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2.1. Gaussian mizture regression model

We observe n independent couples (2, y;)1<i<n realizing the random variables
(X,Y), where X € RP, and Y € R? comes from a probability distribution with
unknown conditional density denoted by s*. To solve the clustering problem,
we use a finite mixture regression model. In particular, we approximate the
density of Y conditionally to X with a mixture of K multivariate Gaussian
regression models. If the observation ¢ belongs to the cluster k, we are looking
for B € R7*P such that y; = Brx; + €, where € ~ N (0,3;). Remark that we
also have to estimate the number of clusters K.

Thus, the random response variable Y € R? depends on a set of random
explanatory variables, written X € RP, through a regression-type model. Give
more precisions on the assumptions on the model we use.

e The variables Y;, conditionally to X;, are independent for all ¢ € {1,...,n};
o Yi|X; = x; ~ sf(y|a;)dy, with

1)
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S;IH is the set of symmetric positive definite matrices on RY.

We want to estimate the conditional density function s? from the observa-
tions. For all k € {1,..., K}, B is the matrix of regression coefficients, and Xy, is
the covariance matrix in the mixture component k. The s are the mixture pro-
portions. In fact, for a regressor x, for all k € {1,..., K}, for all z € {1,...,q},
[Brx], = Z?:ﬂﬂk]z,jxj is the zth component of the mean of the mixture com-
ponent k. To deal with high-dimensional data, we select relevant variables.

Definition 2.1. A variable (z,7) € {1,...,q}x{1,...,p} is said to be irrelevant
if, forallk € {1,..., K}, [Bkl]:,; = 0. A variable is relevant if it is not irrelevant.
A model is said to be sparse if there are a few of relevant variables.

We denote by Al the matrix A with 0 on the set ¢J, and S(k,r) the model
with K components and with J for relevant variables set:

Sue.r) = {y e R1 = s (yla)} (2)

where

Mx

J — J
Diyle) = oxp (W= B0 S = B )
(2m) ‘1/2det (S0 72 2 '
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This is the main model used in this article. To construct the set of relevant
variables J, we use the Lasso estimator. Rather than select only one regulariza-
tion parameter, we consider a grid of regularization parameter, then it leads to
a model collection. Detail the procedure.

2.2. The Lasso-MLE procedure

The procedure we propose, which is particularly interesting in high-dimension,
could be decomposed into three main steps. First, we construct a model collec-
tion, with models more or less sparse and with more or less components. Then,
we refit estimations with the maximum likelihood estimator. Finally, we select
a model thanks to the slope heuristic. It leads to a clustering according to the
MAP principle on the selected model.

Model collection construction The first step consists of constructing a
collection of models {S(k. s)}(k,/)em in which the model Sk ;) is defined by
equation (2), and the model collection is indexed by M = K x J. We denote by
K C N* the possible number of components, and by J a collection of subsets of
{1,...,¢} x{1,...,p}.

To detect the relevant variables, and construct the set J for each model, we
generalize the Lasso estimator. Indeed, we penalize the empirical contrast by an
{1-penalty on the mean parameters proportional to

P q

[Pk Brll1 = Z [Pk B2,

Jj=12z2=1

where PfP, = E,;l for all k € {1,..., K}. Then, we consider

n K
FLasso . 1
o) = argmin {—ﬁzllog@?(yimmHZmHPmm}.

§=(m.B,2)€EK k=1

This leads to penalize simultaneously the ¢1-norm of the mean coefficients
and small variances. Computing those estimators lead to construct the relevant
variables set. For a fixed number of mixture components K € K, denote by Gk
a candidate of regularization parameters. Fixing a parameter A\ € G g, we could
then use an EM algorithm to compute the Lasso estimator, and construct the
set of relevant variables J( k), saying the non-zero coefficients. We denote by
J the random collection of all these sets, J = Uxcx Ureg, J0K)-

Refitting The second step consists of approximating the maximum likelihood
estimator

1 n

a(K,J) _ ; E |

g = argmin ¢ —— log(t(yi|x:))
tES(k, ) { e

using an EM algorithm for each model (K, J) € K xJ. Remark that we estimate
all parameters, to reduce bias induced by the Lasso estimator.
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Model selection The third step is devoted to model selection. We get a model
collection, and we need to select the best one. Because we do not have access to
s*, we can not take the one which minimizes the risk. The Theorem 3.2 solves
this problem: we get a penalty achieving to an oracle inequality. Then, even if
we do not have access to s*, we know that we can do almost like the oracle.

2.3. Why refit the Lasso estimator?

In order to illustrate the refitting, we compute multivariate data, the restricted
eigenvalue condition being not satisfied, and run our procedure. We consider an
extension of the model studied in Giraud et al. article [2] in the Section 6.3.
Indeed, this model is a linear regression with a scalar response which does not
satisfy the restricted eigenvalues condition. Then, we define different classes, to
get a finite mixture regression model, which does not satisfied the restricted
eigenvalues condition, and extend the dimension for multivariate response. We
could compare the result of our procedure with the Lasso estimator, to illustrate
the oracle inequality we get. Let precise the model.
Let [x]1, [x]2, [x]3 be three vectors of R™ defined by

x]: = (1,-1,0,...,0)//v2
[x]2 = (-1,1.001,0,...,0)"/v/1+ 0.0012
x]s = (1/v2,1/v/2,1/n,...,1/n)t/\/1+ (n —2)/n?

and for 4 < j < n, let [x]; be the 4" vector of the canonical basis of R™. We
take a sample of size n = 20, and vectors of size p = ¢ = 10. We consider two
classes, each of them defined by [81].; = 10 and [f3s]. ; = —10 for j € {1,...,2},
z € {1,...,10}. Moreover, we define the covariance matrix of the noise by a
diagonal matrix with 0.01 for diagonal coefficients in each class.

We run our procedure on this model, and compare it with the Lasso estimator,
without refitting. We compute the model selected by the slope heuristic over
the model collection constructed by the Lasso estimator. In Figure 1 stand the
boxplots of each procedure, running 20 times. The Kullback-Leibler divergence
is computed over a sample of size 5000.

=)

~

()

o

++

Kullback-Leibler divergence
EN

¥

Lasso-MLE Lasso

Fic 1. Boxplot of the Kullback-Leibler divergence between the true model and the one con-
structed by each procedure, the Lasso-MLE procedure and the Lasso estimator.
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We could see that a refitting after variable selection by the Lasso estimator
leads to a better estimation, according to the Kullback-Leibler loss.

3. An oracle inequality for the Lasso-MLE model

Before state the main theorem of this article, we need to precise some definitions
and notations.

3.1. Notations and framework

We assume that the observations (z;,¥;)1<i<n are i.i.d. realizations of random
variables (X,Y), where X € R? and Y € RY.

For (K,J) € K x J, for a model S(g, ), we denote by §(5:7) the maximum
likelihood estimator

59 = argmin (‘ Zlog SEK’J) (Z/z‘xi)> .

s €S i=1

The best model in this collection is the one with the smallest risk. However,
because we do not have access to the true density s*, we can not select the
best model, which we call the oracle. Thereby, there is a trade-off between a
bias term measuring the closeness of s* to the set S(x, ), and a variance term
depending on the complexity of the set Sk ;) and on the sample size. A good
set S(k,s) is one for which this trade-off leads to a small risk bound. Because
we are working with a maximum likelihood approach, the most natural quality
measure is thus the Kullback-Leibler divergence denoted by KL.

/Rlog <<;((_Zy/;) s(y)dy if sdy << tdy;

+ 0o otherwise;

KL(s,t) = (3)

for s and t two densities.
As we deal with conditional densities, the previous divergence should be
adapted. We define the tensorized Kullback-Leibler divergence by
1 n
S KL )

i=1

KL®"(s,t) = E

Namely, we use the Jensen-Kullback-Leibler divergence JKL, with p € (0, 1),
which is defined by

1
JKL,(s,t) = = KL(s, (1 — p)s + pt);
p
and the tensorized one

JKLS™ (s,1)

Z JKL, (s(.|z), (.|xi))] .
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This divergence is studied in [6]. We use this divergence rather than the Kullback-
Leibler one because we need a boundedness assumption on the controlled func-
tions that is not satisfied by the log-likelihood differences — log(séK’J) /s*). When

considering the Jensen-Kullback-Leibler divergence, those ratios are replaced by

ratios K
1 ((1 — p)s™ + psg )>
——log
P

s*
that are close to the log-likelihood differences when sU57) are close to s* and
always upper bounded by —log(1 — p)/p. Indeed, this bound is needed to use
deviation inequalities for sum of random variables and its supremum, which is
the key of the proof of oracle type inequality.

3.2. Oracle inequality

We denote by (Sx, 1))k, ek x v the model collection constructed by the Lasso-
MLE procedure, with 7 a random subcollection of P({1,...,q} x {1,...,p})
constructed by the Lasso estimator. The grid of regularization parameter con-
sidered is data-driven, then random. Because we work in high-dimension, we
could not look at all subsets of P({1,...,q} x{1,...,p}). Considering the Lasso
estimator through its regularization path is the solution chosen here, but it
needs more control because of the random family. To get theoretical results,
we need to work with restricted parameters. Assume that Y is diagonal, with
Y = diag([Zxli,1,- -+, [Zklq,q), for all k € {1,..., K'}. We define

Sbe. —{ ngv” € S| forall ke {1,..., K}, B € [~ Ag, Ag)77P,

ax < [Egl.. < As forall ze{l,...,q}, forall k € {1,...,K}}. (4)

Moreover, we assume that the covariates X belong to an hypercube. Without
any restriction, we could assume that X € [0, 1]P.

Remark 3.1. We have to denote that in this article, the relevant variables
set is designed by the Lasso estimator. Nevertheless, any tool could be used to
construct this set, and we obtain similar results. We could work with any random
subcollection of P({1,...,q} x {1,...,p}), the controlled size being required in
high-dimension case.

Theorem 3.2. Let (x;,y;)1<i<n the observations, with unknown conditional
density s*. Let Sy, ;) defined by (2). For (K,J) € Kx Jt, Tt being a random
subcollection of P({1,...,q} x {1,...,p}) constructed by the Lasso estimator,
denote by S(BKJ) the model defined by (4).

Consider the maximum likelihood estimator

1 n
S(K,T) i _=- 1 FST) (e
5 argmin { ng 0g 5¢ (yilzi) ¢ -

(K,J) - gB .
e €SGe =1
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Denote by Dk jy the dimension of the model SFK,J), D,y = K(|J][+q+1)—-1.
Let 5(K+7) ¢ S(BK,J) such that

0
KL (5%, 5500) < inf KL (s, 1) + —;
teSFKJ) n
and let 7 > 0 such that
T > o7 gx, (5)

Let pen : K x J — Ry, and suppose that there exists an absolute constant
k > 0 and an absolute constant B(Ag, Ay, ax;) such that, for all (K, J) € KxJ,

D D
pen(Kv J) > KJ% |:B2(A57A2va2) - IOg < () BQ(A,37A27QE) A 1)

n

depq
1 I .
HvT)log ((D(K,J) -q) AP(J)]

Then, the estimator §(K*j), with

N 1 <&
(K,J)= argmin {--E log (857 (y;]a4)) + pen(K, J)},
(K, J)eKx Tt K

satisfies
Rn (% 4 K,j
E{JKLP (5, 8¢ >)}

1v
<CiE(  inf it KL (57, 1) 4 pen(i, ) ) ) + 007,
(K, J)ELxTE \ teSE, !

for some absolute positive constants C1 and Cs.

This oracle inequality compares performances of our estimator with the best
model in the collection. Nevertheless, as we consider mixture of Gaussian, if
we take enough clusters, we could approximate well a lot of densities, then
the term in the right-hand side is small for K well-chosen. This result could
be compared with the oracle inequality get in [17], Theorem 4. Indeed, under
restricted eigenvalues condition and fixed design, they get an oracle inequality
for the Lasso estimator in finite mixture regression model, with scalar response
and high-dimension regressors. Note that they control the divergence with the
true parameters. We get a similar result for the Lasso-MLE estimator. Moreover,
our procedure work in a more general framework, the only assumption needed
is to be bounded.

Remark that the penalty is proportional to the dimension of the model, up to
a logarithm. This term is needed for two reasons. First, for the proof, we compute
the bracketing entropy of the whole model rather than the local bracketing
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entropy, which is not optimal. Moreover, this penalty takes into account the
model collection complexity. Perhaps, because of the high-dimension, a large
number of models have the same dimension. Remark that the penalty is the same
as if we have considered the whole collection, but it is not tractable in practice.
The only assumption needed for the random subcollection is the Assumption (5).
Nevertheless, it is not really restrictive, see Section 5.1 for more discussion about
this Assumption.

4. Numerical experiments

To illustrate this procedure, we study some simulations and real data. The
main algorithm is a generalized version of the EM algorithm, which is used
many times for the procedure. We first use it to compute maximum likelihood
estimator, to construct the regularization parameter grid. Then, we use it to
compute the Lasso estimator for each regularization parameter belonging to
the grid, and we are able to construct the relevant variables set. Finally, we
could compute the maximum likelihood estimator, restricted to those relevant
variables in each model. Among this model collection, we select one using the
Capushe package. More details, as initialization rule, stopping rule, and more
numerical experiments, are available in [7].

4.1. Simulation illustration

We illustrate the procedure on a simulated dataset, adapted from [17].

Let x be a sample of size n = 100 distributed according to multivariate
standard Gaussian. We consider a mixture of two components, and we fix the
dimension of the regressor and of the response variables to p = ¢ = 10. Besides,
we fix the number of relevant variables to 4 in each cluster. More precisely, the
first four variables of Y are explained respectively by the four first variables of
X. Fixw=(3,3), 8 =3, /) = —2 and P, = 31, for all k € {1,2}.

The difficulty of the clustering is partially controlled by the signal-to-noise
ratio. In this context, we could extend the natural idea of the SNR with the
following definition, where Tr(A) denotes the trace of the matrix A.

Tr(Var(Y))

N =
SNR Tr(Var(Y|5, =0 for all k € {1,...,K}))

= 1.88.

We take a sample of Y knowing X = x according to a Gaussian mixture,
centered in Byz and with covariance matrix Xy = (PfPy)~! = ol,, for the
cluster k € {1,2}. We run our procedure with the number of components varying
in K=1{2,...,5}.

To compare our procedure with others, we compute the Kullback-Leibler
divergence with the true density, the ARI (the Adjusted Rand Index measures
the similarity between two data clusterings, knowing that the closer to 1 the
ARI, the more similar the two partitions), and how many clusters are selected.
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F1a 2. Bozplots of the Kullback-Leibler divergence between the true model and the one selected
by the procedure over the 20 simulations, for the Lasso-MLE procedure (LMLE), the oracle
(Oracle), and the BIC estimator (BIC).
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F1a 3. Bozplots of the ARI over the 20 simulations, for the Lasso-MLE procedure (LMLE),
the oracle (Oracle), the BIC estimator (BIC) and the MLE (MLE).

From the Lasso-MLE model collection, we construct two models, to compare
our procedure with. We compute the oracle (the model which minimizes the
Kullback-Leibler divergence with the true density), and the model which is se-
lected by the BIC criterion instead of the slope heuristic. Thanks to the oracle,
we know how good we could be from this model collection for the Kullback-
Leibler divergence, and how this model, as good it is possible for the contrast,
performs the clustering. The third procedure we compare with is the maxi-
mum likelihood estimator, assuming that we know how many clusters there
are, fixed to 2. We use this procedure to show that variable selection is neces-
sary.

Results are summarized in Figure 2 and in Figure 3. The Kullback-Leibler
divergence is smaller for models coming from our model collection (either by
BIC, or by slope heuristic, or the oracle) than for the model constructed by the
MLE, which we do not plot in Figure 2 for easier reading. The ARI is closer to 1
in those cases. We could conclude that the model collection is well constructed,
selecting relevant variables, and also that the model is well selected among this
collection, near the oracle.
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Fic 4. Summarized results for the model 1. The graph on the left is a candidate for repre-
senting each cluster, constructed by the mean of reconstructed spectrum over an a posteriori
probability greater than 0.6. On the right side, we present the boxplot of the fat values in each
class, for observations with an a posteriori probability greater than 0.6.

4.2. Real data

We also illustrate the procedure on the Tecator dataset, which deals with spec-
trometric data. We summarize here results which are described in [7]. This data
has been studied in a lot of articles, refer for example to Ferraty and Vieu’s book
[8]. The data consists of a 100-channel spectrum of absorbances in the wave-
length range 850 — 1050 nm, and of the percentage of fat. We observe a sample
of size 215. In this work, we focus on clustering data according to the reliance
between the fat content and the absorbance spectrum. The sample is split into
two subsamples, 165 observations for the learning set, and 50 observations for
the test set. We split it to have the same marginal distribution of the response
in each sample.

The spectrum is a function, which we decompose into the Haar basis, at
level 6.

The procedure selects two models, which we describe here. In Figure (4)
and Figure (5), we represent clusters done on the training set for the different
models.

The graph on the left is a candidate for representing each cluster, constructed
by the mean of spectrum over an a posteriori probability greater than 0.6. We
plot the curve reconstruction, keeping only relevant variables in the wavelet
decomposition. On the right side, we present the boxplot of the fat values in
each class, for observations with an a posteriori probability greater than 0.6.
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Fic 5. Summarized results for the model 2. The graph on the left is a candidate for repre-
senting each cluster, constructed by the mean of reconstructed spectrum over an a posteriori
probability greater than 0.6. On the right side, we present the boxplot of the fat values in each
class, for observations with an a posteriort probability greater than 0.6.

The first model has two clusters, which could be distinguish in the absorbance
spectrum by the bump on wavelength around 940 nm. The first class is domi-
nating, with 7; = 0.95. The fat content is smaller in the first class than in the
second class. According to the signal reconstruction, we could see that almost
all variables have been selected. This model seems consistent according to the
classification goal.

The second model has 3 clusters, and we could remark several wavelengths
which explain the clustering. Around 940 nm, there are some differences between
clusters, corresponding to the bump underline in the first model. Moreover,
around 970 nm, there are also some differences. The first class is dominating,
with 777 = 0.89. Just a few of variables have been selected, which give to this
model the understanding property of which coefficients are discriminating.

We could discuss about those models. The first selects only two clusters,
but almost all variables, whereas the second model has more clusters, and less
variables: there is a trade-off between clusters and variable selection for the
dimension reduction.

5. Tools for proof

In this section, we present the tools needed to understand the proof. First, we
present a general theorem for model selection in regression among a random
collection. Then, in Subsection 5.2, we present the proof of this theorem, and
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in the Subsection 5.3 we explain how we could use the main theorem to get the
oracle inequality. All details are available in Appendix.

5.1. General theory of model selection with the maximum likelihood
estimator.

To get an oracle inequality for our clustering procedure, we have to use a gen-
eral model selection theorem. Because the model collection constructed by our
procedure is random, because of the Lasso estimator which selects variables ran-
domly, we have to generalize Cohen and Le Pennec’s theorem. Begin by some
general model selection theory.

Before state the general theorem, begin by talk about the assumptions. We
work here in a more general context, (X,Y) € X x Y, and (Sy,)mem defining
a model collection indexed by M. First, we impose a structural assumption on
each model indexed by m € M. It is a bracketing entropy condition on the
model S, with respect to the Hellinger divergence, defined by

(5725, 0) = B | 7y sl o)

A bracket [I,u] is a pair of functions such that for all (z,y) € X x Y, l(y,z) <
s(ylr) < u(y,z). The bracketing entropy #|j(e, S, d$r) of a set S is defined
as the logarithm of the minimum number of brackets [I,u] of width d5" (I, )
smaller than e such that every function of S belongs to one of these brackets. It
leads to the Assumption 1.

Assumption 1. There exists a non-decreasing function ¢, such that w —
%qﬁm(w) is mon-increasing on (0,400) and for every w € RY and every s,, €

Sm:

e 5 e < 610

where Sy (Sm,w) = {t € Sm,d%‘ (t,$m) < w}. The model complexity Dy, is
then defined as nw?, with w,, the unique root of

L () = Vi (6)

Remark that the model complexity depends on the bracketing entropies not
of the global models S,,, but of the ones of smaller localized sets. This is a weaker
assumption.

For technical reason, a separability assumption is also required.
Assumption 2. There exists a countable subset S;n of Sy, and a set y;n with
AP\ V,,) = 0 such that for every t € Sy, there exists a sequence (t;);>1 of
elements of S;n such that for every x and every y € :)i;n, log(t;(y|x)) goes to
log(t(y|x)) asl goes to infinity.

This assumption leads to work with a countable family, which allows to cope
with the randomness of §,,,. We also need an information theory type assumption
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on our collection. We assume the existence of a Kraft-type inequality for the
collection.

Assumption 3. There is a family (Wm)meam of non-negative numbers such that

Z e Y < Q< +oo.
meM

The difference with Cohen and Le Pennec’s Theorem is that we consider a
random collection of models M, included in the whole collection M. In our
procedure, we deal with high-dimensional models, and we cannot test all the
models: we have to restrict ourselves to a smaller subcollection of models, which
is then random. In the proof of the theorem, we have to be careful with the
recentred process of —log(s,,/s*). Because we conclude by taking the expecta-
tion, if M is fixed, this term is equal to zero, but if we consider a random family,
we have to use the Bernstein inequality to control this quantity, and then we
have to make the assumption (7).

Let state our main global theorem.

Theorem 5.1. Assume we observe (x;, yi)1<i<n With unknown conditional den-
sity s*. Let the model collection S = (Sm)mem be at most countable collection
of conditional density sets. Assume Assumption 3 holds, while Assumption 1
and Assumption 2 hold for every m € M. Let ékr, > 0, and S, € Sy, such that

0
KL®" (s*,5,,) < inf KL®"(s*,¢) + —&;
teS, n
and let 7 > 0 such that
Sm > e 75", (7)

Introduce (Sm),enq s0me random subcollection of (Spm)mem. Consider the
collection (8m),,enq Of n-log-likelihood minimizer in Sy, satisfying, for all m

M;
> —10g(3m(yilz:)) < inf (Z—log(sm(yi|$i))> + 7.

sm€ES
i=1 mEET N i=1

Then, for any p € (0,1) and any Cy > 1, there are two constants ko and Ca
depending only on p and Cy such that, as soon as for every index m € M,

pen(m) > k(Dp, + (1 V 7)wiy,) (8)

with k > ko, and where the model complexity Dy, is defined in (6), the penalized
likelihood estimate §; with m € M such that

i=1 meM i=1

=3 log(Sn(yiles) + pen(in) < int (—Zlog@m(ynxi)) +pen<m>> o
satisfies

n(e* 2 : . . pen(m)
E(JKLS)B (s*,8m)) <C1E (muel/f\/t (éréfm KL®" (s ,t)> —|—2T>
2

Q /
+Cvn) =+ T (9)

n
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Obviously, one of the models minimizes the right hand side. Unfortunately,
there is no way to know which one without knowing s*. Hence, this oracle model
can not be used to estimate s*. We nevertheless propose a data-driven strategy
to select an estimate among the collection of estimates {3, },,c ¢ according to a
selection rule that performs almost as well as if we had known this oracle, accord-
ing to the absolute constant C. Using simply the log-likelihood in each model as
a criterion is not sufficient. It is an underestimation of the true risk of the esti-
mate and this leads to select models too complex. By adding an adapted penalty
pen(m), one hopes to compensate for both the variance term and the bias term
between —1/nY 1 log(8 (yilz:)/s* (yi|z:)) and infs, s, KLE"(s*, s,,). For a
given choice of pen(m), the best model Sy, is chosen as the one whose index is
a minimizer of the penalized n-log-likelihood.

Talk about the assumption (7). If s is bounded, with a compact support, this
assumption is satisfied. It is also satisfied in other cases, more particular. Then
it is not a strong assumption, but it is needed to control the random family.

This theorem is available for whatever model collection constructed, whereas
Assumption 1, Assumption 2 and Assumption 3 are satisfied. In the following,
we use this theorem for the procedure we propose to cluster high-dimensional
data. Nevertheless, this theorem is not specific for our context, and could be
used whatever the problem.

Remark that the constant associated to the Assumption 3 appears squared in
the bound. It is due to the random subcollection M of M, if the model collection
is fixed, we get a linear bound. Moreover, the weights w,, appear linearly in the
penalty bound.

5.2. Proof of the general theorem

For any model S;,, we have denoted by §,, a function such that

)
KL®"(s%,5,,) < inf KL®"(s* s,,)+ KL
SmESm n

Fix m € M such that KL®"(s*, 5,,) < +o0. Introduce

’

M(m) = {m' € M |P,(—logs,, )+ w
< Po(~logy,) + P2 ”—};
n n

where P,(g) = 1/n>"1, g(y:|z;). We define the functions kl(5,,), kl(5,,) and
Jklo(Sm) by

kl(5m) = — log (i—m) ; kl(3m) = — log <—m> ;

8*
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For every m’ € M(m), by definition,

P (kl(5)) + % <P, (kl(3)) + W

i en(m) + 7 +
Py (kl(5m)) + p()n#.
Let v®~(g) denotes the recentred process P,(g) — P®"(g). By concavity of

the logarithm,
kl(5,,,) > jkly(5,,),

and then
P (jkly(3,,)) — v (klU(5m))

VEn (jl,(3,0)) + 1T pentm)

n n

<P (ki(5,0)) + PR _

which is equivalent to

JKLE™ (5%, 8,0) — v (kl(5,)) <KL (5", 5,,) + peném) — U (kL (5,))

n +n  pen(m’)
n n ’

+

(10)

Mimic the proof as done in Cohen and Le Pennec in [6], we could obtain that
except on a set of probability less than e™ =" ™", for all w, for all 3., > o,,,
there exist absolute constants Iiz), Iill, /<;/2 such that

_I/®n kl § I{/O' ’ ’ w._ s +w 1811} , +’UJ
5 n/ (]®n ( )) < 1¥m 4 Ko m 5 4 2 m . ) (11)
zm/ + KJO(dH ) ( » S/ ) dm’ nﬁm' 1Y nﬁm/

To obtain this inequality we use Assumption 1 and Assumption 2. This con-
trol is derived from maximal inequalities, described in [11].

Our purpose is now to control v¥» (kl(S,,)). This is the difference with the
Theorem of Cohen and Le Pennec: we work with a random subcollection M
of M.

By definition of kl and v$n,

V& (kl(5m)) = —— Zlog( %I@))) +E

We want to apply Bernstein’s inequality, which is recalled in Appendix.
If we denote by Z; the random variable Z; = —% log(%), we get

S (2000))

i=1

n

vy (kl(8m)) = (2 — E(Zy).

i=1

We need to control the moments of Z; to apply Bernstein’s inequality.
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Lemma 5.2. Let s* and s, two conditional densities with respect to the Lebesgue
measure. Assume that there exists T > 0 such that log(|[Z—||oc) < 7. Then,

5 (% Z_j [ (1o (m((ny))» s*<y|xi>dy> < T KL )

We prove this lemma in Appendix A.2.
2 2
E_,Crﬁ ~ T, there exists A such that e_‘":-ﬁ < 27 for all
T—00
7 > A. For 7 € (0, A], because this function is continuous and equivalent to 2

in 0, there exists B > 0 such that 6_71% < B. We obtain that Y"1 | E(Z?) <
L5(1v 1) KL®"(s*,5,,), where 6 =2V B.

Moreover, for all integers K > 3,

Because

W))Kﬂym)dy

m(y|$i> +

e [, los <§;(<?Z|?> ) e (58;%“?) ) 2

X L (y12)>5m (y12) " (Y|2)dy
TE725(1 Vv 1) KL (5%, 5,n).

[
=
N
=
INA
I 3
3
|~
T
/:\
o
o
7N
@l e

IN

<’fL
_’I’LK

Assumptions of Bernstein’s inequality are then satisfied, with

5(1v 7)KL®" (5%, 5,,) e T
n ’ n’

v =

thus, for all u > 0, except on a set with probability less than e™*,
vE (kl(5,)) < V2vu + cu.
Thus, for all z > 0, for all u > 0, except on a set with probability less than e,

v (kl(5)) < V2vu + cu < Vou cu

— < — < +2 a2
A RLT (5%50) 2 KLT (5, 5m) L oKL (s 5y 2

We apply this bound to u = w + wy, + w,,. We get that, except on a set
with probability less than e~ (Wtwm+wm) ysing that a® + b2 > a2, from the
inequality (11),

. . K] + K 18
VB (Gl (5)) < (2 + (A5 7sm/>>( R )

6 02p
and, from the inequality (12),

v (Kl(3m)) < (B+ B2) (2mme + KL (5,5m)) ,
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5,:9 0—2/+M
m \/ m n )

with 8 > 1 to fix later, and

1 v
m,m’ = —— . - T + W + W),
Zm, Ié] \/<2KL®" .5) c) (w~+w W)

with 8 > 0 to fix later.
Coming back to the inequality (10),

where we have chosen

Qn * A Qn * = pen(m)
JKL, ™ (8%, 8yr) <KL®" (s ,sm)JrT

! /
9 ®nr2/ % A K1+ Ky 18
5k (a5 ) (S 4 28 )

’ ’
+ n+n _ peném) n (ﬂ"‘BQ)(Z?n,m’ +KL®”(S*,§m)).

n

Recall that 5, is chosen such that

KL®" (s*,5,,) < inf KL®"(s*, s,) + Ot
Sm€ESm n
Put k(8) = 1+ (8+ 3?), and let 1 > 0, we define 6; by ng(% + 91%,—5;) =Crer
where C, is defined by C,,(d%")?(s*, 8m/) < JKL?"(S*7 Sm), and put ke = C;—Oel
We get that

pen(m)  pen(m)

(1= €1) JKLE™ (s*, 8pnr) <k(B) KLE" (%, 5) +

n
) "+
+r(B) L+ L 52 + (B4 522
Since 7 < 1V 7, if we choose 3 such that (84 8%)(6/2 + 1) = af; 2472, and
if we put k1 = ay 2(872 +1), since 1 < 1V 7, using the expressions of 3,/
and zp,,m/, we get that

pen(m)  pen(m’)

(1= 1) JKLE™ (s*, 8 ) <k(B) KL (5%, 5pn) +

6 /
()L T

W + Wiy
+ Kob? (U?n/ + 77”)
n
W W + W
n

SRR 650+ (P2 1y 7))

+l€1(1\/7')
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/
_ pen(m’) + k203 (02 + 2 ) (1Y 1)
n n
1) + w
+ =Ly u + (k207 4+ ma(1V )=

Now, assume that k1 > & in inequality (8), we get

5 /
(1— €1) TKLE (5%, 4nr) <k(8) KLZ" (5%, 5) + 2pen7£ m) | Ok n+n

n n
w
+ (Kk2ff + K1 (1V T))g

It only remains to sum up the tail bounds over all the possible values of m € M

and m’ € M(m) by taking the union of the different sets of probability less
than e~ (WHwmFwa),

Z ef(w+wm+wm/) <ew Z ef(wmthm/)

m’?f\/t/\?m) (m,m")eMxXM
2
— w(z wm> — 2w
=€ & = e
meM

from the Assumption 3.
We then have simultaneously for all m € M, for all m’ € M(m), except on
a set with probability less than Q2e=",
)
(1= e1) IKLE" (57, 3,) <r(B) KLE™ (5, 5,0) + gben(m) |k
n n

n+n 2 w

— 0 1v —

+ + (K267 + ki ( T))n

It is in particular satisfied for all m € M and m’ € M(m), and, since i € M(m)
for all m € M, we deduce that except on a set with probability less than Q22e~%,

. 1 . pen(m)
KL% (s*,5,5,) < f KL®" (s* 25—~
KL (57 8) < o (int fuls) KL 673, 4 2200 )
6 /
+ﬁ+’7+—”+(me§+m(1w))%>.

n n

By integrating over all w > 0, because for any non negative random variable Z

and any a > 0, E(Z) = a [ ., P(Z > az)dz, we obtain that

1
B (KL (5 50) oy int (KOKLE(57 ) 422 )

1 5KL+77+T}K92
(1—e) n 0

2

< (1120% +r(lV T)) -
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As k1, can be chosen arbitrary small, this implies that

E(JKLE" (5%, 4)) <

E ( inf k() KLE" (s*, 5m) + pen(m))

1—¢ meM n

+ / 02
+ T (e 4 a1V 7))

v g () 220
meM \tE€Sm 0
02 /
+Cy(1VvT)— 4+ nn
n n

with C; = 1% and Cy = K207 + K.

€1

5.3. Sketch of the proof of the oracle inequality 3.2

To prove the Theorem 3.2, we have to apply the Theorem 5.1. Then, our model
collection has to satisfy all the assumptions. Here, the model is defined by m =
(K,J). The Assumption 2 is true when we consider Gaussian densities. If s* is
bounded, with compact support, the assumption defined by (7) is satisfied. It is
also true in other particular cases. Our model has o satisfy Assumption 1 and
Assumption 3. Here we present only the main steps to prove these assumptions.
All the technical details stand in Appendix.

5.8.1. Assumption 1

We could take ¢m(w@) = [ 1/ H] (€,Sm,d5)de for all @ > 0. It could be

better to consider more local version of the integrated square root entropy, but
the global one is enough in this case to define the penalty. As done in Cohen
and Le Pennec in [6], we could decompose the entropy by

Hiy(e, Sl gy di) < Hpyle Tk, d) + KHyy(e, Fr, diy)

where
y € Rz e R? s (ylo) = S0, mep(y|BY 2, 3)
S(BK’J) = &= {71‘1,...,71';(, gﬂ,..., %]721,...,21(} € E(K,J)

Bk, =g x ([=Ag, Ag]7P) K x ([ag, As]T)*

K
g = {(771,...,7TK) € (O,].)K;Zﬂ'k: ].}
k=1

Fi = {e(181X, 3); ) € [~ A, 5],
® = diag([Zl,1, - [Flga) € [as, A5]7}

where ¢ denote the Gaussian density, and Ag, ax;, Ay, are absolute constants.
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Calculus for the proportions We could apply a result proved by Wasserman
and Genovese in [9] to bound the entropy for the proportions. We get that

€

K-1
H[.](QHK,d%‘) < log (K(Qwe)K/Q (§> ) .

Calculus for the Gaussian The family

Uy, ) = (14 8) P 1739/ %p(ylv,m, (1 + 6)" /4B
u(y,x) = (14 6)P" 139/ 4p(ylvym, (1+ 6)B)
B[a] = diag(bi(l), ey bi(q))v
B(Fy) = with 7 a permutation, for a € {1, 2}, (13)
b= (1+06)"2Ax,1€{2,...,N}
and  V(z,j) € J%v,; =0
V(Z,j) S J, Vyj = \/E(SAzuzJ'

is an e-bracket covering for F;, where u, ; is a net for the mean, N is the
number of parameters needed to recover all the variance set, § = ——L1 ¢
P ’ V2(p2q+3/4q)
1_271/4
and ¢ = %.

We obtain that

[J]
B.(F)) < 2( 24 > (ﬁ + 1) 511,

\/EAE ay, 2

and then we get

24, \ r4s 1
On < B Ax 1 —1—1J|
H[~](6"FJ7dH)—log<2<\/EAE> (az +2)5 )

Proposition 5.3. Put Dk jy = K(1+ |J]). For all € € (0,1),

€

1
Hy) (e 5By, %) < 108(C) + Dysep log ( ) :
with .
245 \ XV As 1\ X
= 2K (2me)K/? [ 22 k-1 (Ads L)
¢ s (\/EAE k as 3

Determination of a function ¢ We could take

B(Ag, Az, ax) + | log (ﬁ)] .

bk, 1) (@)
W

bk, 1) (@) = \/Dig,.n@

This function is non-decreasing, and w is non-increasing.
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The root wk, ) is the solution of ¢k, 1) (wk,) = \/ﬁw?KJ). With the

expression of ¢k 7y, we get
B(Ag, Ay, ax) + 4/log <4>
3, As,a 0 .
( ?J) /\

D
2 _ | 2T
w(K,J) = n w

Nevertheless, we know that @w* = / @B(Aﬁ7 Ay, ax) minimizes w g, j): we
get

Dk,
n

2
DK, =

2Bz(A57Ag,az)+log< ! )] :

@32(A5, Ag,ag) A1l

5.8.2. Assumption 3

We want to group models by their dimension.
Lemma 5.4. The quantity
card{(K,J) e N* x P({1,...,¢q} x{1,...,p}), D(K,J) = D}
18 upper bounded by
{ 2P if pg <D —q

€ D_q
(Dﬂ> otherwise.
q

Proposition 5.5. Consider the weight family {wk 1)}k, 1)exxg defined by

Wik = Dxnlo Aepq
(. = H,7) 108 (Dx,sy —a) Apq)

Then we have Z(K J)eKx T e~WEn < 2,

Appendix: Technical results

In this appendix, we give more details for the proofs.

A.1. Bernstein’s lemma

Lemma A.6 (Bernstein’s inequality). Let (Xi,...,X,) be independent real
valued random variables. Assume that there exists some positive numbers v and
c such that > i E(X?) < v, and, for all integers K > 3, >." BE((X;)%) <
BloeK=2. Let S =37 | (X; — E(X;)). Then, for every positive z,

P(S > V2vuz + cx) < exp(—x).
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A.2. Proof of Lemma 5.2

This proof is adapted from the one of Maugis-Rabusseau and Meynet in [14].
Begin by a lemma.

Lemma A.7. Let 7 > 0. For all x > 0, consider
f(z) = zlog(x)?, h(z) = zlog(z) — x + 1, p(x)=e"—az—1.

Then, for all 0 < x < e”, we get

flz) <

o)
y2

To prove this, we have to show that y — is non-decreasing. We omit the
proof here.
We want to apply this inequality, in order to derive the Lemma 5.2. As

log(||2=]se) < 7,

<e’;

)

Sm || oo

and we could apply the previous inequality to s*/s,,. We get, for all z, for all

Y,
(o) < ¢<T—27> (o)

Integrating with respect to the density §,,, we get that

/R‘I s;((?i/| ) log <§;((yy|| )> Sm(y| )dy
72 5*(y|) 5*(y|) B s*(y|) .
S/Rq eTor—1 (sm<y ) S]] ml) 1) m(yl-)dy
2

i=1

It concludes the proof.

A.3. Determination of a net for the mean and the variance

In this subsection, we work with a Gaussian density. We denote by g € RI*P
the conditional mean and by ¥ the diagonal covariance.
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e Step 1: construction of a net for the variance

Let € € (0,1], and 6 = me Let b; = (14+6)' "2 Ag. For2 < j < N,

we have [as, Ax] = [bn,bn-1]U- . - U[bs, ba], where N is chosen to recover
everything. We want that

as = (1+0)N/2 45

ays _ E
& log I (1 5 ) log(1+6)
2log(22/1+9)
& N=—"—"~ —
log(1 4+ 0)

A
We want N to be an integer, then N = [%]. We get a net
for the variance. We could let B = diag(b;(1), .- ., bi(q)), close to X (and
deterministic, independent of the values of ¥), where i is a permutation
such that b;.y11 < [X].. < by for all z € {1,...,q}. Remember that
bj+1 1

b; = V1+5©
Step 2: construction of a net for the mean vectors
We select only the relevant variables detected by the Lasso estimator. For

A >0,

In={d) el x {1 pHBE () £ 0}

Let f = p(.[Bz,%) € Fy,.
— Definition of the brackets
Define the bracket by the functions [ and u:

Uy, ) = (1+8) 70/ (yluya, (14 6)~ /1B
uly,z) = (L+ 67" 1559/ (yluye, (14 6)B2)

We have chosen 7 such that [B[l]}z,z <x,.< [B[z]}z,z for all 2z €
{1,...,q}.
We need to define v such that [/, u] is an e-bracket for f.

— Proof that [l,u] is a bracket for f
We are looking for a condition on v; to have 5 <1 and % <1.
We use the following lemma to compute these ratios.
Lemma A.8. Let ¢(.|pu1,%1) and ¢(.|p2, X2) be two Gaussian den-
sities. If their variance matrices are assumed to be diagonal, with
Yo = diag([Bal11s- -+, [Zalgq) for a € {1,2}, such that [Xa],. >
[X1]:,2 >0 for all z € {1,...,q}, then, for ally € R,

o(ylp1, 1)
©(ylp2, X2)
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q
1 ; 1 _
< H & 3 (1= pa)’ dlag( Z2l1,1— [’31]1 1777 [Ezlq,q*[zllq,q)(#l #2)_

e
=1 [El]z,z
For the ratio 5 we get:
flylz) _ 1 o(ylBz, ¥)

u(y, z) _(1+5)”2q+3q/4 (yIVJx (1+0)BR)

q
<(1 + o) q+3q/4 H
x (1 +5)q/2e§(ﬁzfu,7x) ((1+5)B[2]72)_1(ﬁzfu‘]:r)
<(1+ 8P 1m9/4(] 4 §)9/4e3(Br—rs2)' (6B B~ (Bz—va)
<(1 + 6)P ae 35 Ba—vsa) (B~ (Bo—vsa) (14)

For the ratio % we get:

Uy, @) _ 1 pylvsz, (1+08)"1/4BM)
flylz) (14 g)pratsa/a e(y|Bz, %)
1 Ty,

S(l + §)pPat3a/4 1 b,
x (1+ 5)q/865(ﬂx7ww>f<278“1rlwwm
<(1+ )P a3a/8(1 4 5)a/4
% o3 (Br—vs2) (1-(1+6) ") BY) " (Bz—vs2)
BM =Y (Bz—vsz)
(15)

<(1+ 5)—10211—34/862(17<1+15)—1/4) (Bz—via)'[

We want to bound the ratios (14) and (15) by 1. Put ¢ = 5(1%71/4)

and develop these calculus. A necessary condition to obtain those
bounds is
182 — vyzl3 < pgd®(1 — 271/ AS,.

Indeed, we want

(1+5)7p2q73q/86m(5$_1"f$)[ 2]] Y(Bz—v,x) < 1

(1 4 6) P 9ezig Br—vsm) [BY 7 Br-vso) .
which is equivalent to
62
1B = vyall3 < pPa7 A%

Iﬁz—w:r||§§<pq+ q) 52(1— 2714 Ay,
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As ||Bz — vyz|3 < pl|B — vill3]|7||o, and z € [0,1]7, we need to get
|8 — vs||3 < pgd?(1 — 27Y/%)AZ to have the wanted bound. Put

—4s Ap
=7 .
v=zo|| G| )
For all (z,7) € J, choose

U, ; = argmin |ﬁz7j — \/EéAgvz,” . (16)
U

Vz,j

Define v by

for all (z,j) € J¢ v, ; =0;
for all (z,j) € J ,v,; = VcdAsu, ;.

Then, we get a net for the mean vectors.
— Proof that dy(l,u) <e
We work with the Hellinger distance.

dhlt) =5 [ (Vi- v
l+u—2\/_

\

\
AN NR NE N
N
H: <
N

(1+49) —p*q=3q/4 | + (146" q+3q/4 /\/m

(1+6)7" *q—3a/4 | (1+0)P q+3q/4}

ox 1/2
V/2bi(o)1bi(z) (1 + 0)V/2 (1 +6)~1/8 > 1

— =

(1+ (5)() y+1 + (1+46)~ 1/4 bl(z)

We have used the following lemma:

Lemma A.9. The Hellinger distance of two Gaussian densities with
diagonal variance matrices is given by the following expression:

A (o (|1, B0), (|2, B2))
1/2
_ 1 2 [Zl]z,z[EZ]Z,z
=2-2 (E [El]z,z + [22]z,z )

,,,,,

wn
N
~
n
m
-
=
Q
<
N
—~
x
=
|
=
o
=

1 t o q:
=1 (p1—p2) dlﬁx%((m
X e

As bjz)41 = (1 + 5)*1/2171‘(2), we get that

5 (1 + 5)3/8bi(z)
bi(z)+1 [(1 +0)" YA+ (1+6)Y2(1 + 5)]
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(1+6)°>/8
(14 6)"V4+ (14 6)3/2
2
(146)"7/8 4+ (146)7/8

=2

Then

dy(lu) =

N =

{(1 +5)"Wratsa/Y) 4 (1 4 5)p2q+3q/4]

2 ‘Z/2
B <(1 +6)"7/8 + (1 + 5)7/8)
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= cosh((p?q + 3¢/4)log(1 + 6)) — 2 cosh(7/8log(1 + §))~9/?

=cosh((p*q + 3¢q/4) log(1 +6)) — 1+ 1
— 279/2 ¢osh(7/8 log(1 + §)) /2.

We want to apply the Taylor formula to f(z) = cosh(z)—1 to obtain
an upper bound, and to g(x) = 1 — 2792 cosh(z)~%/2. Indeed, there
exists ¢ such that, on the good interval, f(x) < cosh(c)%2 and g(z) <
q2§. Then, and because log(1 4 ¢) < 4,

d3;(1,u) < cosh((p*q + 3q/4)log(1 + §)) — 2 cosh(7/81log(1 + (5))_‘1/2

< -+ 30/470° (coshla) + 133 )

< 2(p*q + 3¢/4)*6* < €

where € > v/2(pq + %q)é.

e Step 3: Upper bound of the number of e-brackets for F;.
From Step 1 and Step 2, the family

Uy, x) = (1+ 8)~ W a3/ Dop(ylvyz, (14 §)~ /1Bl
u(y, @) = (1+ 0)P" 1434/ %p(y v, (1 + 6) BI2)
Bla) = diag(bl(),. ..., b))
where 4, is a permutation, for a € {1, 2},

b= (1+0)"2Ax foralll € {1,...,q}
with { V(z,j) € Jv.; =0

V(Z,]) S J, Vzj = \/E(SAEUZJ

B(Fy) =

(17)

is an e-bracket for Fy, for u, ; defined by (16). Therefore, an upper bound
of the number of e-brackets necessary to cover F; is deduced from an

upper bound of the cardinal of B.(Fy).

B.(F))| < é(ZH (755)
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2(As/an+1/2)
As N < 2dn/entl/2)

E. Devijver

() 2= () v

l

, we get

2A/3 171 Ag 1 1
< =o)L
|B€(;J)|_2<\/EAE> (az +2>6

A.4. Calculus for the function ¢

From the Proposition 5.3, we obtain, for all w > 0,

w wAl 1
B ®n Z
/0 VHL (€SB 5y, d5y)de < /10g(C) + /D(K,J)/O /log <€>de (18)

We need to control fow 1og( )de, which is done by Maugis-Rabusseau and
Meynet in [14].

Lemma A.10. For all w > 0,

[ s (e [ s (2]

Then, according to (18),

/ VM (€SB ) d5y)de
<wy/log(C) + +/ Dk, (ww A 1)

V7 + 4 [log <ﬁ)]

log(C) 1
< D 1 —_—
s@y P |4 Doy, + V7 + 4 [log ]
Nevertheless,

log(C) <log(2) + log(K) + g log(2me)

+ K|J| log< ) + Klog <AE + %) + (K — 1) log(3)

as

JeAs

<Dk, 5 [log(Q) + log(v2me) + 1 + log(3)

+ log (A + 1) +log( 245 )]
2 VcAs
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A AE 1 e
<Dk, {1+log <Az <a + 2)) + log (25/23,/?” .
Then
/o \/HH(E?“S(BK,J)vd%l)d6
AB ax 1 me
< 5/23, [ —
<oy B |1t (22 (22 4 1)) s (5 )
+ VT +4/1 S
m & w Al
Ag (As 1 1
1 = 1 —
\/og<AE< +2)>+a+ og<w/\1>]

1
B(Aﬁ,AZyaZ)"‘ lOg <m)] )

Ag (As 1
B(Ag, Az, az) =1+ \/log (A_Z (a_j + 5)) ta:

and a = /7 + /log(2°/23,/F).

<w,/Dx,n |1

Dk,

with

A.5. Proof of the Proposition 5.5

We are interested in }_ j jcxy 7€ 7). Considering
depq >
w =D log ( ,
(D) (D) (D(k,7y — %) A\pq

we could group models by their dimensions to compute this sum. Denote by Cp
the cardinal of models of dimension D.

—-D log| ——25+— _ epq
Z e oD g<<D(K - q2>qu) ZC Diog( k)

K eN* D>1

pa+q° rens . Dog? too N
= e_DlOg( (quz)) < Pq ) —+ e_DIOg( pt’;q)qu
2 : D— a2 2 :

D=1 q D=pq+q?+1

pa+q° —q? 400
-y 4D< epq2> Y e DU palon2
D
D=pq+q¢>+1



2672 E. Devijver
A.6. Proof of the Lemma 5.4
We know that Dk ;) = K — 1+ |J|K + Kq. Then,

Cp = card{(K,J) € N* x P({1,...,q} x {1,...,p}), D(K, J) = D}

pq
<X X () teereanan

KeN* 1<z<q

1<j<p
< § : <|‘;1>]1|J|§PQA(D_¢1),
|J|eN*
If pg < D —q,
17| <|Jq|> |J|<pgN(D—q) = 9Pq
>0

Otherwise, according to the Proposition 2.5 in Massart, [11],

> <|]?;]>]1|J|§qu<D—q) <f(D—-q)

|J]>0

where f(xz) = (epg/x)® is an increasing function on {1,...,pq}. As pq is an
integer, we get the result.

Acknowledgment

I am grateful to Pascal Massart for suggesting me to study this problem, and
for stimulating discussions. I also thank referees for interesting comments and
remarks which lead to improve this article.

References

[1] AKAIKE, H. A new look at the statistical model identification. IEEE Trans-
actions on Automatic Control, 19(6):716-723, 1974. MR0423716

[2] BARAUD, Y., GIrAUD, C., and HUET, S. Gaussian model selection with
an unknown variance. The Annals of Statistics, 37(2):630-672, 2009. URL
http://dx.doi.org/10.1214/07-A0S573. MR2502646

[3] BELLONI, A. and CHERNOZHUKOV, V. Least squares after model selection
in high-dimensional sparse models. Bernoulli, 19(2):521-547, 2013. ISSN
1350-7265. URL http://dx.doi.org/10.3150/11-BEJ410. MR3037163

[4] BickeL, P., RiTov, Y., and TSYBAKOV, A. Simultaneous analysis of
Lasso and Dantzig selector. The Annals of Statistics, 37(4):1705-1732,
2009. ISSN 0090-5364. URL http://dx.doi.org/10.1214/08-A0S620.
MR2533469

[5] BIRGE, L. and MASSART, P. Minimal penalties for Gaussian model selec-
tion. Probab. Theory Related Fields, 138(1-2), 2007. MR2288064


http://www.ams.org/mathscinet-getitem?mr=0423716
http://dx.doi.org/10.1214/07-AOS573
http://www.ams.org/mathscinet-getitem?mr=2502646
http://dx.doi.org/10.3150/11-BEJ410
http://www.ams.org/mathscinet-getitem?mr=3037163
http://dx.doi.org/10.1214/08-AOS620
http://www.ams.org/mathscinet-getitem?mr=2533469
http://www.ams.org/mathscinet-getitem?mr=2288064

[6]

Finite mizture regression 2673

COHEN, S. and LE PENNEC, E. Conditional density estimation by penal-
ized likelihood model selection and applications. Research Report RR-7596,
2011. URL https://hal.inria.fr/inria-00575462.

DEVIJVER, E. Model-based clustering for high-dimensional data. Applica-
tion to functional data, 2014. arXiv:1409.1333.

FERRATY, F. and VIEU, P. Nonparametric functional data analysis: The-
ory and practice. Springer series in statistics. Springer, New York, 2006.
ISBN 0-387-30369-3. URL http://opac.inria.fr/record=b1128550.
MR2229687

GENOVESE, C. and WASSERMAN, L. Rates of convergence for the Gaussian
mixture sieve. Annals of Statistics, 28(4):1105-1127, 2000. ISSN 0090-5364.
URL http://dx.doi.org/10.1214/a0s/1015956709. MR1810921

Guo, J., LEVINA, E., MICHAILIDIS, G., and ZHU, J. Pairwise variable se-
lection for high-dimensional model-based clustering. Biometrics, 66(3):793—
804, 2010. ISSN 0006-341X; 1541-0420/e. MR2758215

MASSART, P. Concentration inequalitics and model selection. Lecture
Notes in Mathematics. Springer, 33, 2003, Saint-Flour, Cantal, 2007.
ISBN 978-3-540-48497-4. URL http://opac.inria.fr/record=b1122538.
MR2319879

MAssART, P. and MEYNET, C. The Lasso as an £;-ball model selection
procedure. Electronic Journal of Statistics, 5:669-687, 2011. ISSN 1935-
7524. URL http://dx.doi.org/10.1214/11-EJS623. MR2820635
MEINSHAUSEN, N. and BUHLMANN, P. Stability selection. Journal of the
Royal Statistical Society: Series B (Statistical Methodology), 72(4):417-473,
2010. ISSN 13697412. URL http://dx.doi.org/10.1111/j.1467-9868.
2010.00740.x. MR2758523

MEYNET, C. and MAUGIS-RABUSSEAU, C. A sparse variable selection
procedure in model-based clustering. Research report, Sept. 2012. URL
https://hal.inria.fr/hal-00734316.

PaN, W. and SHEN, X. Penalized model-based clustering with applica-
tion to variable selection. Journal of Machine Learning Research, 8:1145—
1164, 2007. ISSN 1532-4435. URL http://dl.acm.org/citation.cfm?
id=1314498.1314537.

SCHWARZ, G. Estimating the dimension of a model. The Annals of Statis-
tics, 6(2):461-464, 1978. MR0468014

STADLER, N., BUHLMANN, P., and VAN DE GEER, S. ¢;-penalization for
mixture regression models. Test, 19(2):209-256, 2010. MR2677722

SuN, T. and ZHANG, C.-H. Scaled sparse linear regression. Biometrika,
99(4):879-898, 2012. ISSN 0006-3444. URL http://dx.doi.org/10.
1093/biomet/ass043. MR2999166

SuN, W., WANG, J., and FANG, Y. Regularized k-means clustering of
high-dimensional data and its asymptotic consistency. FElectronic Jour-
nal of Statistics, 6:148-167, 2012. URL http://dx.doi.org/10.1214/
12-EJS668. MR2879675

THALAMUTHU, A., MUKHOPADHYAY, 1., ZHENG, X., and TSENG, G.
Evaluation and comparison of gene clustering methods in microar-


https://hal.inria.fr/inria-00575462
http://opac.inria.fr/record=b1128550
http://www.ams.org/mathscinet-getitem?mr=2229687
http://dx.doi.org/10.1214/aos/1015956709
http://www.ams.org/mathscinet-getitem?mr=1810921
http://www.ams.org/mathscinet-getitem?mr=2758215
http://opac.inria.fr/record=b1122538
http://www.ams.org/mathscinet-getitem?mr=2319879
http://dx.doi.org/10.1214/11-EJS623
http://www.ams.org/mathscinet-getitem?mr=2820635
http://dx.doi.org/10.1111/j.1467-9868.2010.00740.x
http://dx.doi.org/10.1111/j.1467-9868.2010.00740.x
http://www.ams.org/mathscinet-getitem?mr=2758523
https://hal.inria.fr/hal-00734316
http://dl.acm.org/citation.cfm?id=1314498.1314537
http://dl.acm.org/citation.cfm?id=1314498.1314537
http://www.ams.org/mathscinet-getitem?mr=0468014
http://www.ams.org/mathscinet-getitem?mr=2677722
http://dx.doi.org/10.1093/biomet/ass043
http://dx.doi.org/10.1093/biomet/ass043
http://www.ams.org/mathscinet-getitem?mr=2999166
http://dx.doi.org/10.1214/12-EJS668
http://dx.doi.org/10.1214/12-EJS668
http://www.ams.org/mathscinet-getitem?mr=2879675

2674

E. Devijver

ray analysis. Bioinformatics, 22(19):2405-2412, 2006. URL http://
bioinformatics.oxfordjournals.org/content/22/19/2405.abstract.
TiBSHIRANI, R. Regression shrinkage and selection via the lasso. Journal
of the Royal Statistical Society. Series B., 58(1):267-288, 1996. MR 1379242
VAN DE GEER, S. and BUHLMANN, P. On the conditions used to prove or-
acle results for the Lasso. FElectronic Journal of Statistics, 3:1360-1392,
2009. ISSN 1935-7524. URL http://dx.doi.org/10.1214/09-EJS506.
MR2576316

YANG, Y. and BARRON, A. Information-theoretic determination of mini-
max rates of convergence. The Annals of Statistics, 27(5):1564-1599, 1999.
ISSN 0090-5364. URL http://dx.doi.org/10.1214/a0s/1017939142.
MR1742500

Zuao, P. and Yu, B. On model selection consistency of lasso. Journal
of Machine Learning Research, 7:2541-2563, 2006. ISSN 1532-4435. URL
http://dl.acm.org/citation.cfm?id=1248547.1248637. MR2274449
ZHou, H., PAN, W., and SHEN, X. Penalized model-based clustering with
unconstrained covariance matrices. Flectronic Journal of Statistics, 3:1473—
1496, 2009. URL http://dx.doi.org/10.1214/09-EJS487. MR2578834


http://bioinformatics.oxfordjournals.org/content/22/19/2405.abstract
http://bioinformatics.oxfordjournals.org/content/22/19/2405.abstract
http://www.ams.org/mathscinet-getitem?mr=1379242
http://dx.doi.org/10.1214/09-EJS506
http://www.ams.org/mathscinet-getitem?mr=2576316
http://dx.doi.org/10.1214/aos/1017939142
http://www.ams.org/mathscinet-getitem?mr=1742500
http://dl.acm.org/citation.cfm?id=1248547.1248637
http://www.ams.org/mathscinet-getitem?mr=2274449
http://dx.doi.org/10.1214/09-EJS487
http://www.ams.org/mathscinet-getitem?mr=2578834

	Introduction
	The Lasso-MLE procedure
	Gaussian mixture regression model
	The Lasso-MLE procedure
	Why refit the Lasso estimator?

	An oracle inequality for the Lasso-MLE model
	Notations and framework
	Oracle inequality

	Numerical experiments
	Simulation illustration
	Real data

	Tools for proof
	General theory of model selection with the maximum likelihood estimator.
	Proof of the general theorem
	Sketch of the proof of the oracle inequality 3.2
	Assumption 1
	Assumption 3


	Appendix: Technical results
	Bernstein's lemma
	Proof of Lemma 5.2
	Determination of a net for the mean and the variance
	Calculus for the function 
	Proof of the Proposition 5.5
	Proof of the Lemma 5.4

	Acknowledgment
	References

