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Abstract

In this technical report, we consider conditional density estimation with a maximum like-
lihood approach. Under weak assumptions, we obtain a theoretical bound for a Kullback-
Leibler type loss for a single model maximum likelihood estimate. We use a penalized model
selection technique to select a best model within a collection. We give a general condition
on penalty choice that leads to oracle type inequality for the resulting estimate. This con-
struction is applied to two examples of partition-based conditional density models, models
in which the conditional density depends only in a piecewise manner from the covariate. The
first example relies on classical piecewise polynomial densities while the second uses Gaus-
sian mixtures with varying mixing proportion but same mixture components. We show how
this last case is related to an unsupervised segmentation application that has been the source
of our motivation to this study.

1 Introduction

Assume we observe n couples ((Xj, Y;)), <;,, of random variables, we are interested in estimating
the law of the second variable Y; € ) conditionally to the first one X; € X. In this paper, we
assume that the couples (X;,Y;) are independent while Y; depends on X; through its law. More
precisely, we assume that the covariates X;s are independent but not necessarily identically
distributed. The assumption on the Y;s are stronger: we assume that, conditionally to the X;s,
they are independents and each variable Y; follows a law with density so(-|X;) with respect to
a common known measure d\. Our goal is to estimate this two-variables conditional density
function so(:|-) from the observations.

This problem has been introduced by Rosenblatt [38] in the late 60’s. He considered a
stationary framework in which so(y|z) is linked to the supposed existing densities so(z) and
so(x,y) of respectively X; and (X;,Y;) by

so(z,y)

so(z)

and proposed a plugin estimate based on kernel estimation of both sg(x,y) and so(x). Few
other references on this subject seems to exist before the mid 90’s with a study of a spline tensor
based maximum likelihood estimator proposed by Stone [40] and a bias correction of Rosenblatt’s
estimator due to Hyndman et al. [28].

so(ylr) =



Kernel based method have been much studied since. For instance, Fan et al. [19] and de Gooi-
jer and Zerom [14] consider local polynomial estimator, Hall et al. [23] study a locally logistic
estimator that is later extended by Hyndman and Yao [27]. In this setting, pointwise convergence
properties are considered, and extensions to dependent data are often obtained. The results de-
pend however on a critical bandwidth that should be chosen according to the regularity of the
unknown conditional density. Its practical choice is rarely discussed with the notable exceptions
of Bashtannyk and Hyndman [5], Fan and Yim [18] and Hall et al. [24]. Extensions to cen-
sored cases have also been discussed for instance by van Keilegom and Veraverbeke [44]. See for
instance Li and Racine [32] for a comprehensive review of this topic.

In the approach of Stone [40], the conditional density is estimated through a parametrized
modelization. This idea has been reused since by Gyorfi and Kohler [22] with an histogram based
approach, by Efromovich [16, 17] with a Fourier basis, and by Brunel et al. [12] and Akakpo
and Lacour [2] with piecewise polynomial representation. Those authors are able to control an
integrated estimation error: with a an integrated total variation loss for the first one and a
quadratic distance loss for the others. Furthermore, in the quadratic framework, they manage
to construct adaptive estimators, estimators that do not require the knowledge of the regularity
to be minimax optimal (up to a logarithmic factor), using respectively a blockwise attenuation
principle and a model selection by penalization approach. Note that Brunel et al. [12] extend
their result to censored cases while Akakpo and Lacour [2] are able to consider weakly dependent
data.

In this paper, we consider a direct estimation of the conditional density function through
a maximum likelihood approach. Although natural, this approach has been considered so far
only by Stone [40] as mentioned before and by Blanchard et al. [10] in a classification setting
with histogram type estimators. Given a set S, of candidate functions, our estimate s,, will be
simply the maximum likelihood estimate

S = argmin < Zln s(YZ|XZ)> .
i=1

SmESm

Our aim is then to analyze the finite sample performance of such an estimator in term of Kullback-
Leibler type loss. As often, a trade-off between a bias term measuring the closeness of sy to the
set S;, and a variance term depending on the complexity of the set .S, and on the sample size
appears. A good set S, will be thus one for which this trade-off leads to a small risk bound.
Using a penalized model selection approach, we propose then a way to select a best model S~
amongst a collection § = (S, )mem. For a given family of penalties pen(m), we define the best
model S~ as the one that minimized

n

m = argmin < Z In §m(YZ|XZ)> + pen(m).
meM i—1

The main result of this paper is a sufficient condition on the penalty pen(m) such that for any

density function sy and any sample size n the adaptive estimate §771 performs almost as well as

the best one in the family {8, }mem.

The very frequent use of conditional density estimation in econometrics, see Li and Racine
[32] for instance, could have provided a sufficient motivation for this study. However it turns
out that this work stems from a completely different subject: unsupervised hyperspectral image
segmentation. Using the synchrotron beam of Soleil, the IPANEMA platform[6], for which
one of the author works, is able to acquire high quality hyperspectral images, high resolution
images for which a spectrum is measured at each pixel location. This provides rapidly a huge



amount of data for which an automatic processing is almost necessary. One of this processing is
the segmentation of these images into homogeneous zones, so that the spectral analysis can be
performed on fewer places and the geometrical structures can be exhibited. The most classical
unsupervised classification rely on the density estimation of Gaussian mixture by a maximum
likelihood principle. The component of the estimated mixtures will correspond to classes. We
have extended this method by taking into account the localization of the pixel in the mixture
weight, going thus from density estimation to conditional density estimation. As stressed by
Maugis and Michel [35], understanding finely the density estimator is crucial to be able to select
the right number of classes. This theoretical work has been motivated by a similar issue for the
conditional density estimation case.

Section 2Single model maximum likelihood estimate is devoted to the analysis of the max-
imum likelihood estimation in a single model. It starts by Section 2.1Framework and notation
in which the setting and some notation are given. The risk of the maximum likelihood in the
classical case of misspecified parametric model is recalled in Section 2.2Asymptotic analysis of
a parametric model. Section 2.3Jensen-Kullback-Leibler divergence and bracketing entropy pro-
vides some tools required for the extension of this analysis to more general setting presented in
Section 2.4Single model maximum likelihood estimation. We focus then in 3Model selection and
penalized maximum likelihoodModel selection and penalized maximum likelihood to the multi-
ple model case. The penalty used is described in Section 3.1Framework while the main theorem
is given in Section 3.2A general theorem for penalized maximum likelihood conditional density
estimation. Section 4Partition-based conditional density models introduces partition-based con-
ditional density estimator: we use model in which the conditional density depends from the
covariate only in a piecewise constant manner. We study in details two instances of such model:
one in which, conditionally to the covariate, the densities are piecewise polynomial for the Y
variable and the other, which corresponds to our hyperspectral image segmentation motivation,
in which, again conditionally to the covariate, the densities are Gaussian mixtures with the same
mixture components but different mixture weights.

2 Single model maximum likelihood estimate

2.1 Framework and notation

Our statistical framework is the following: we observe n independent couples ((X;,Y5));<;<, €
(X, V)" where the X;s are independent, but not necessarily of the same law, and, conditionally
to X;, each Y; is a random variable of unknown conditional density so(-|X;) with respect to a
known reference measure d\. For any model S,, of candidate conditional densities, we estimate
59 by the conditional density 5,, that maximize the likelihood (conditionally to (X;),.,.,) or
equivalently that minimizes the opposite of the log-likelihood, denoted -log-likelihood from now
on:

S = argmin (Z - ln(sm(Yi|Xi))> .

sm€Sm \ ;=1

To avoid existence issue, we should work with almost minimizer of this quantity and define a 7
-log-likelihood minimizer as any 5, that satisfies

—In(s,,(Y;1X;)) < inf —1 Y| X; .
. (5, (Y 1))—875237” (Z_Zl n(sm (Yi z») +n

i=1



We should now specify our goodness criterion. As we are working in a maximum likelihood
approach, the most natural quality measure is the Kullback-Leibler divergence KL. As we
consider law with densities with respect to the known measure d\, we will use the following
notation

Jo 2In2tdh if sdA < tdA & Vw € Q,5(w) =0 = t(w) =0

KLy(s,t) = KL(sd\,td\) = { )
+00 otherwise.

Remark that, contrary to the quadratic loss, this divergence is an intrinsic quality measure: it
does not depends on the reference measure d\ but only on the probability law. As we are working
with conditional densities and not with classical densities, the previous divergence should be
adapted. To take into account the structure of conditional densities and the design of (X;)1<i<n,
we define a phantom sample (X/)1<i<n independent of (X;)1<;<n but with the same law and use
the following tensorized divergence:

KL (s,1) ZKL,\ ), t(1XD)] -

This divergence appears as the natural one in this setting and reduces to classical one in specific
settings:

e If the law of Y; is independent of X;, that is s(-|X;) = s(-) and #(-|X;) = ¢(-) do not depend
on X;, this divergences reduces to the classical KL (s,t).

e If the X;s are not random but fixed, that is we consider a fixed design case, this divergence
is the classical fixed design type divergence in which there is no expectation.

e Ifthe X;sarei.i.d., this divergence can be rewritten as KLY" (s, t) = E [KL(s(-|X}), t(:|X]))] -
Note also that as we are using a phantom sample, we can consider functions that depend on the

observations and the design and still have an integrated type loss.

2.2 Asymptotic analysis of a parametric model

Assume that S;, is a parametric model,
S = {sem(y|z)’9m €0, C RD’"} ,
to which the true conditional density sy does not necessarily belongs. In this case, if we let
R n
0., = argmin Z —In(sq,, (Yi|X:))
Im€Om \i7

then s, = s . White [45] has studied this misspecified model setting for density estimation but
its results can easily been extended to the conditional density case.
If the model is identifiable and under some (strong) regularity assumption on 6, — sg._,

provided the D,, x D,, matrices A(6,,) and B(f,,) defined by

AOm)r = [ Z / aemi‘fej <|Xi>50(y|xi>dxl



dlog sy, 0log sg,, _ _

exists, the analysis of White [45] implies that, if we let

0, = argmin KL" (s, s9,, ),
0m€EOm,

E [KL?" (so0, §m)} is asymptotically equivalent to
1
KLY (50,805 ) + o Tr(B(05)AW05) ™).
m n

When sq belongs to the model, i.e. so = sg: , B(6},) = A(0,) and the previous equivalent can
be rewritten as the classical parametric one

nelin KL%"(SQ, se,,) + %Dm.
This simple expression does not hold when sg does not belong to the parametric model as
Tr(B(0%,)A(0%,)~1) cannot be simplified.

A short glimpse on the proof of the previous result shows that it depends heavily on the
asymptotic normality of v/n(6,, — 65,). One may wonder if extension of this result, often called
the Wilk’s phenomenon [46], exists when this normality does not hold, for instance in non
parametric case or when the model is not identifiable. Along this lines, Fan et al. [20] have
proposed a generalization of the corresponding Chi-Square goodness-of-fit test in several setting
and Boucheron and Massart [11] study the finite sample deviation of the corresponding empirical
quantity in a bounded loss settings.

Our aim is to derive a non asymptotic upper bound of type

~ N 1 1
E [KLan(sO,sm)] < <531€1g KLY (50, 8m) + %Dm) +025
with as few assumptions on the set 5, as possible. Note that we only aim at having an upper
bound and will not focus on the (important) question of the existence of a corresponding lower
bound.

Our answer is far from definitive, the upper bound we obtained is the following weaker one

E [JKL?&(So,gm)} <(1+¢) (smuégm KL (s0,5m) + = 33 ) + Cg%
in which the left-hand KL§" (so, 3 ) has been replaced by a smaller divergence JKL?" (80,5m)
described below, e can be chosen arbitrary small, ©,, is a quantity playing the role of the
dimension D,, and kg is a constant that depends on e. This result have nevertheless the right
bias/variance trade-off flavor and can be used to recover usual minimax properties of specific
estimators.

2.3 Jensen-Kullback-Leibler divergence and bracketing entropy

The main visible loss is the use of a divergence smaller than the Kullback-Leibler one (but larger
than the squared Hellinger distance). Namely, we use the Jensen-Kullback-Leibler divergence
JKL, with p € (0,1) defined by

1
JKL ,(sd\, td)\) = JKL, »(s,t) = =KLy (s, (1 — p)s + pt) .
p



Note that this divergence appears explicitly with p = % in Massart [34], but can also be found
implicitly in Birgé and Massart [8] and van de Geer [42]. We use the name Jensen-Kullback-
Leibler divergence in the same way Lin [33] uses the name Jensen-Shannon divergence for a
sibling in its information theory work. The main tool in the proof of the previous inequality are
deviation inequality for sums of random variables and their suprema. Unfortunately, this tool
requires some boundness assumptions that In 22 does not satisfy. The convexification of the
Jensen-Kullback-Leibler divergence is such that ‘this problematic term is replaced by the much
better behaved In Mﬁ%.

All those divergences are nevertheless related and, denoting the squared Hellinger distance
by d?(sd\,td\) = d3(s,t), we prove in Appendix

Proposition 1. For any probability measures sd\ and td\ and any p € (0,1)
C,d3(s,t) < JKL, A(s,t) < KLy(s,1).

with C, —lmm(l;p 1) (1n(1+—)_p)_
P 1—-p

Furthermore, if sd)\ < td)\ then

di(s,t)gKL,\(s,t)g(Q—i—lnH H ) & (s,1)

_ N\ Ve
( 1+ptss) )

More precisely, will appear their tensorized versions

JKL(s,t) < KLx(s,t) < JKLx(s,t)

oo

d38n (s,t) =E

%Zdi(s(-|Xi),t(-|Xi))] and JKLY3(s,t) [ ZJKLM i)at('|Xi))‘|-

We focus now on the definition of ®,,,. It involves a bracketing entropy condition on the model
Sm with respect to the Hellinger type dwergence d®r(s,t) = \/d?®n(s,t). A bracket [t~,tT] is a
couple of functions such that V(z,y) € X x V,t~ (y|z) < t+ (ylz). A condltlonal densrcy function
s is said to belong to the bracket [t7,¢1] if V(z,y) € X x Y.t~ (y|z) < s(y|z) < t*(y|x). The
bracketing entropy Hpj e (d,5) of a set S is defined as the logarithm of the minimum number
Nij,a0n (0, S) of brackets [t~,t*] of width d®=(¢t~,¢") smaller than ¢ such that every function of
S belongs to one of these brackets. ©,, depends on the bracketing entropies not of the global
models S,,, but the ones of smaller localized sets Sy, (3,0) = {sm € Sm|d®" (5, s;m) < o}. Indeed,
we impose a structural assumption:

Assumption (H,,) 1. There is a non-decreasing function ¢, (8) such that § — $¢m(0) is
non-increasing on (0,+00) and for every o € RT and every s, € Sm

/0" \/H[‘Ld@’n (8, Sim(8m,0))d6 < ¢ (o).

1
D,, is then defined as no?, with o2, the unique root of —¢,,(c) = /no. This bracketing
o

entropy integral, often call Dudley integral, plays an important role in empirical processes theory,
as stressed for instance in van der Vaart and Wellner [43]. The equation defining o,,, corresponds
to a simplified optimization of a supremum bound as shown explicitly in the proof. This definition
is obviously far from being very explicit but it turns out that if the bracketing entropy scales like
the dimension D,, times In & 5, as it is often the case, then D, is roughly proportional to Di,.
More precisely, in Appendlx we obtain



Proposition 2. o ifV8 < V2, Hij,q80 (9, Sm(8m, 7)) < Dy, (Cm +In %) then (Hp,) is satis-
fied with a function ¢, such that ®,, = CyDy,,

o ifV5 < V2, Hiq8n (6, Sm(8m,0)) < Di, <Cm + In %) then (H,,) is satisfied with a function

bm such that D, < <20* n (m C*an)+> D,,

where in both cases C, = (\/Cm + ﬁ)Q

2.4 Single model maximum likelihood estimation

For technical reason, we also need a separability assumption on our model:

Assumption (S,,) 1. There exist some countable subset S, of Sp, and a set V!, with (Y \
Y!.) =0 such that for every t € Sp,, it exists some sequence (ty)r>1 of elements of S, such that
for every x and for every y € Y., In (tx(y|x)) goes to In (t(y|z)) as k goes to infinity.

We are now ready to state our risk bound theorem:

Theorem 1. Assume we observe (X;,Y;) with unknown conditional density sg. Assume As-
sumptions (Hy,) and (Sy,) hold and let 5, be a n -log-likelihood minimizer in Sp,

SmESm
i=1 mEET =1

> —I(E(YilX,) < inf (Z—ln(sm(YilXi))>+n

Then for any p € (0,1) and any Cy > 1, there are two constants kg and Co depending only
1

on p and Cy such that, for ®,, = no2, with o, the unique root of =¢.,(c) = \/no, the likelihood
o

estimate S, satisfies

Ui

n .

E JKL?g(soﬁm)} < (smnelgm KLE" (30, 5m) + %@m) + CQ% +

It should be noted that condition on the design of the X;s appears only implicitly in the
divergence d®~ used in the bracketing entropy definition. Furthermore, Assumption H,, could
be further localized: it suffices to impose that the condition on the Dudley integral holds for a
sequence of minimizer of d?®=(sg, s, ).

We obtain thus a bound on the expected loss similar to the one obtained in the parametric case
that holds for finite sample and that do not require the strong regularity assumptions of White
[45]. In particular, we do not even require an identifiability condition in the parametric case.
As often in empirical processes theory, the constant kg appearing in the bound is pessimistic.
Even in a very simple parametric model, the current best estimates are such that x¢9,, is
still much larger than the variance of Section 2.2Asymptotic analysis of a parametric model.
Numerical experiments show there is a hope that this is only a technical issue. The obtained
bound quantifies however the expected classical bias-variance trade-off: a good model should be
large enough so that the true conditional density is close from it but, at the same time, it should
also be small so that the ©,, term does not dominate.

It should be stressed that a result of similar flavor could have been obtained by the information
theory technique of Barron et al. [4] and Kolaczyk et al. [31]. Indeed, if we replace the set Sy,
by a discretized version &,,, so that

1
inf KL% (sg,5,) < inf KL®» =
smlgGm A (80, m) > snigsm A (80, Sm) + n’



then, if we let 5, be a -log-likelihood minimizer in &,,,

1 1
E [D3®"(50,8m)] < inf KL{" + =1 -
(D" (50,8m)] < mf (50, m) + —In |G| + —
where D?®» is the tensorized Bhattacharyya-Renyi divergence, another divergence smaller than
KL®" |G,,]| is the cardinality of &,, and the expectation is taken conditionally to the covariates
(Xi)i<i<n. As verified by Barron et al. [4] and Kolaczyk et al. [31], &, can be chosen of
cardinality of order Inn D,, when the model is parametric. We obtain thus also a bound of type

~ Ch
E [DE\@" (so,sm)] < 1ng KL®" (80, 8m) + — lnnD —|— —
SmEOm
with better constants but with a different divergence. The bounds holds however only condi-
tionally to the design, which can be an issue as soon as this design is random, and requires to
compute an adapted discretization of the models.

3 Model selection and penalized maximum likelihood

3.1 Framework

A natural question is then the choice of the model. In the model selection framework, instead
of a single model S,,, we assume we have at hand a collection of models S = {S.},, 14 If we
assume that Assumptions (H,,) and (S,,) hold for all models, then for every model S,

E JKL?;\(SO,?,”)} < ( inf KLY (s0,8m) + @9,”) +C2l + 1
' $mESm n n o n
Obviously, one of the models minimizes the right hand side. Unfortunately, there is no way to
know which one without knowing sg, i.e. without an oracle. Hence, we can not use this oracle
model to estimate sg. We will nevertheless propose a data-driven strategy to select an estimate
among the collection of estimates {5, }mea according to a selection rule that performs almost
as well as if we had known this oracle.
As always, using simply the -log-likelihood of the estimate in each model

Y~ nEa(Yil X))

=1

as a criterion is not sufficient. It is an underestimation of the true risk of the estimate and this

will lead to choose models that are too complex. By adding an adapted penalty pen(m), one
S~ (YilXa)

hope to compensate for both the variance term and the bias between 2?21 —In S;;wﬁ

inf, es,, KLx(s0,5m). For a given choice of pen(m), the best model S~ is chosen as the one

whose index is an almost minimizer of the penalized 7 -log-likelihood :

and

Z n(s~(Y;|X;)) + pen(m) < inf (Z—ln(?m(Yi|Xi)) +pen(m)> +1.

meM
i=1 =1

The analysis of the previous section will be crucial as the intrinsic complexity ©,, will appear
in the penalty. It is no surprise that the complexity of the model collection itself also appears.
We will require an information theory type assumption on our collection. We will assume the
existence of a Kraft type inequality for the collection:



Assumption (K) 1. There is a family (€m)mem of non-negative number such that

Z e ' < ¥ < 400
meM

It can be interpreted as a coding condition as stressed by Barron et al. [4] where a similar
assumption is used. Remark that these coding terms satisfy a global condition, and thus that
any permutation of them would also satisfy it. We should try to mitigate this arbitrariness
by favoring choice of x,, for which the ratio with the intrinsic entropy term ©,, is as small as
possible. Indeed, as the condition on the penalty will be of the form

pen(m) > k(D + ) ,

this will ensure that this lower bound is dominated by the intrinsic quantity ©,,

3.2 A general theorem for penalized maximum likelihood conditional
density estimation

Our main theorem is then:

Theorem 2. Assume we observe (X;,Y;) with unknown conditional density sg. Let S = (Sm)mem
a at most countable model collection. Assume Assumption (K) holds while Assumptions (Hy,)
and (Sp,) hold for every model Sy, € S. Let S, be a n -log-likelihood minimizer in Sy,

>~ (ViIX) < inf (Z—ln(sm(mm)) +1

i=1 i=1

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

pen(m) > Kk (D + ) with kK > Ko

1
where D, = no2, with ., the unique root of —¢m,(c) = v/no, the penalized likelihood estimate
o

s~ with m such that
m

- meM \ 4
i=1 =1

> —In(55(Y:|Xi)) + pen(i) < inf (Zln('s\m(}ﬂXi))eren(m)) +1n

satisfies

/
[JKL (50,5/\)} < (C: inf ( inf KL®"(so,sm) + M) + CQ§ + m
MEM \ 5 ESm n n
Note that, as in 2.4Single model maximum likelihood estimationSingle model maximum like-
lihood estimation, the approach of of Barron et al. [4] and Kolaczyk et al. [31] could have been
used to obtain a similar result with the help of discretization.
This theorem extends Theorem 7.11 Massart [34] which handled only density estimation. As
in this theorem, the cost of model selection with respect to the choice of the best single model

model is proved to be very mild. Indeed, let pen(m) = x(®,, + x.,) then one obtains

On (o o : = Lk X n+n
E JKLP,)\(SO’Sm)} gClmlgjfw <Smu€1fs KL (s0,5m) + n(©m+xm)> +C +



< (e 2o ) jnt, (L K0 Goom) 4 5200 ) 40T
As soon as the term x,, is always small relatively to ©,,,, we obtain thus an oracle inequality that
show that the penalized estimate satisfies up to a small factor the bound of Theorem 1Single
model maximum likelihood estimation for the estimate in the best model. The price to pay for
the use of a collection of model is thus small. The gain is on the contrary very important: we
do not have to know the best model within a collection to almost achieve its performance.

So far we do not have discussed the choice of the model collection, it is however critical to
obtain a good estimator. There is unfortunately no universal choice and it should be adapted to
the specific setting considered. Typically, if we consider conditional density of regularity indexed
by a parameter «, a good collection is one such that for every parameter o there is a model
which achieve a quasi optimal bias/variance trade-off. Efromovich [16, 17] considers Sobolev
type regularity and use thus models generated by the first elements of Fourier basis. Brunel
et al. [12] and Akakpo and Lacour [2] considers anisotropic regularity spaces for which they
show that a collection of piecewise polynomial models is adapted. Although those choices are
justified, in these papers, in a quadratic loss approach, they remain good choices in our maximum
likelihood approach with a Kullback-Leibler type loss. Estimator associated to those collections
are thus adaptive to the regularity: without knowing the regularity of the true conditional density,
they select a model in which the estimate performs almost as well as in the oracle model, the
best choice if the regularity was known. In both cases, one could prove that those estimators
achieve the minimax rate for the considered classes, up to a logarithmic factor.

As in Section 2.4Single model maximum likelihood estimation, the known estimate of constant
ko and even of ©,, can be pessimistic. This leads to a theoretical penalty which can be too large
in practice. A natural question is thus whether the constant appearing in the penalty can
be estimated from the data without loosing a theoretical guaranty on the performance? No
definitive answer exists so far, but numerical experiment in specific case shows that the slope
heuristic proposed by Birgé and Massart [9] may yields a solution.

The assumptions of the previous theorem are as general as possible. It is thus natural to
question the existence of interesting model collections that satisfy its assumptions. We have
mention so far the Fourier based collection proposed by Efromovich [17, 16] and the piecewise
polynomial collection of Brunel et al. [12] and Akakpo and Lacour [2] considers anisotropic regu-
larity. We focus on a variation of this last strategy. Motivated by an application to unsupervised
image segmentation, we will consider model collection in which, in each model, the conditional
densities depends on the covariate only in a piecewise constant manner. After a general intro-
duction to these partition-based strategies, we study two cases: a classical one in which the
conditional density depends in a piecewise polynomial manner of the variables and a newer one,
which correspond to the unsupervised segmentation application, in which the conditional density
are Gaussian mixture with common Gaussian components but mixing proportions depending on
the covariate.

4 Partition-based conditional density models

4.1 Covariate partitioning and conditional density estimation

Following an idea developed by Kolaczyk et al. [31], we will partition the covariate domain and
consider candidate estimates conditional densities that depends on the covariate only through
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the region it belongs. We are thus interested in conditional densities that can be written as

s(yle) = Y sIR)1er,y
REP

where P is partition of X', R; denotes a generic region in this partition, 1 denotes the character-
istic function of a set and s(y|R;) is a density for any R; € P. Note that this strategy, called as
in Willet and Nowak [47] partition-based, shares a lot with the CART-type strategy proposed
by Donoho [15] in an image processing setting.

Denoting ||P|| the number of region in this partition, the model we consider will thus be
specified by a partition P and a set G of ||P||-uples of densities into which (s(:|R:))r,cp is
chosen. This set F can be a product of density sets, yielding an independent choice on each
region of the partition, or have a more complex structure. We will study two examples: in the
first one, F will indeed be a product of piecewise polynomial density sets, while in the second
one F will be a set of ||P||-uples of Gaussian mixtures sharing the same mixture components.
Nevertheless, denoting with a slight abuse of notation Sp 7 such a model, our n-log-likelihood
estimate in this model is any conditional density sp r such that

(Zm(gp,f(mxi)))g min (Zln(w,f(mxi)))m.

=1 sp,FESP,F Pt

We first specify the partition collection we consider. For the sake of simplicity we restrict
our description to the case where the covariate space X is simply [0,1]?% but we stress that
the proposed strategy can easily be adapted to more general settings including discrete variable
ordered or not. We impose a strong structural assumption on the partition collection considered
that allows to control their complezity. We will only consider five specific hyperrectangle based
collections of partitions of [0, 1]9x:

e Two are recursive dyadic partition collections.

— The uniform dyadic partition collection (UDP (X)) in which all hypercubes are subdi-
vided in 24% hypercubes of equal size at each step. In this collection, in the partition
obtained after .J step, all the 2¢x7 hyperrectangles {Ri}1<i<)jp) are thus hypercubes
whose measure |R;| satisfies |R;| = 279X/, We stop the recursion as soon as the
number of step J satisfies QdTX >Ry > %

— The recursive dyadic partition collection (RDP(X)) in which at each step an hypercube
of measure |R;| > QdTX is subdivided in 29X hypercubes of equal size.

e Two are recursive split partition collections.

— The recursive dyadic split partition (RDSP(X)) in which at each step an hyperrect-
angle of measure |R;| > % can be subdivided in 2 hyperrectangles of equal size by an
even split along one of the dx possible directions.

— The recursive split partition (RSP(X)) in which at each step an hyperrectangle of
measure |[R;| > 2 can be subdivided in 2 hyperrectangles of measure larger than &

by a split along one a point of the grid %Z in one the dx possible directions.

e The last one does not possess a hierarchical structure. The hyperrectangles partition
collection (HRP (X)) is the full collection of all partitions into hyperrectangles whose corners
are located on the grid %de and whose measure is larger than %

11



Figure 1: Example of a recursive dyadic partition with its associated dyadic tree.

We denote by 87*,()() the corresponding partition collection where x(X) is either UDP(X’), RDP(X),
RDSP(X), RSP(X) or HRP(X).

As noticed by Kolaczyk and Nowak [30], Huang et al. [26] or Willet and Nowak [47], the
first four partition collections, (SgDP(X), SgDP(X), SgDSP(X), Sgsp(x)), have a tree structure.
Figure 1Example of a recursive dyadic partition with its associated dyadic treeExample of a
recursive dyadic partition with its associated dyadic tree illustrates this structure in the case of
a RDP(X) partition. This specific structure will prove to be useful to obtain efficient numerical
algorithm to perform the model selection. For sake of completeness, we have also added the
much more complex to deal with collection SERP(X), for which only exhaustive search algorithm
exists.

As proved in Appendix, those partition collections satisfy Kraft type inequalities with weights
constant for the UDP(X) partition collection and proportional to the number ||P|| of hyperrect-
angles for the other collections. Indeed,

Proposition 3. For any of the five described partition collections S;(X), JA}, By, ¢ and X
such that for all ¢ > CS(X).'

X * (X * (X * (X
Z e—c(Ag< '+B; 1Pl < Zs(X)e—cmax(Ao( ) B >)-

Pesy)
where those constant can be chosen as follows:
* = UDP(X) *=RDP(X) | «=RDSP(X) | »=RSP(X) | »=HRP(X)
Ay | In (max (27 1+ Inn )) 0 0 0 0
dX In2
Ba 0 In2 [1n(1+dx)]1n2 [1n(1+dx)]1n2 dxﬂnnhng
+“l’l n]an
2%

5 0 2 2 1
0 24 1
) 4 mn 2 2(1 +dx) 4(1 + dx)n (2n)x

0 dim X In 2 X X

where [2]1,2 is the smallest multiple of In2 larger than x. This is useful to prove Assumption
(K) for the model collections of the next sections.

In those sections, we will study the two different choices proposed above for the set F. We first
consider the piecewise polynomial strategy similar to the one proposed by Willet and Nowak [47]
defined for ) = [0,1]%¥ in which the set F is a product of sets. We then consider the Gaussian
mixture strategy with varying mixing proportion but common mixture components that extends
the work of Maugis and Michel [35] and has been the original motivation of this work. In both
cases, we prove that the penalty can be chosen roughly proportional to the dimension.

12



4.2 Piecewise polynomial conditional densities estimation

In this section, we let X = [0,1]9%, Y = [0,1]?¥ and A be the Lebesgue measure dy which is
a probability measure on ). Our candidate density s(ylx € R;) will then be chosen among
piecewise polynomial densities. More precisely, we reuse a hyperrectangle partitioning strategy
this time for ) = [0,1]%" and impose that our candidate density s(y|z € R;) is a square of
polynomial on each hyperrectangle RZ i of the partition Q;. This differs from the choice of
Willet and Nowak [47] in which the candidate density is simply a polynomial. The two choices
coincide however when the polynomial is chosen among the constant ones. Although our choice
of using squares of polynomial is less natural, it ensures the positiveness of our estimator and
turns out to be crucial to obtain a control of the local bracketing entropy of our models. Note
that this setting differs from the one of Blanchard et al. [10] in which ) is a finite discrete set.

We should now define the sets F we consider for a given partition P = {Ri}1<i<p| of
X = [0,1]%. Let D = (Dy,...,Dg,), we define first for any partition @ = {R}}1<k<| 0|
of Y = [0,1]% the set Fg p of square of piecewise polynomial density of maximum degree D
defined in the partition Q:

VR; € Q, PRy polynomial of degree at most D,

Fop = ¢l Z 3’ Y1 ERY
"Yeo {y } ZRyGQ fny Ry( )=1
For any partition collection Q = (Qi);</<p| = ({R{k}lgkg”gl”)1<l<|\77|\ of Y = [0,1]%v, we

can thus defined the set Fpe p of ||P||-uples of piecewise polynomial densities as
Fpep = {(5('|Rl))7zle7>|VRl €P,s(|R) € ]:QL,D} :
The model Sp 7, , that will be denoted Spe p with a slight abuse of notation, is thus the set

Spep = {S(Z/W = Z s(YIR) L zeryy

RIEP

(sWIR)R,ep € ]:PQ,D}

VR, € P,VR}), € Qi
s(ylz) = Z Z Lny 1{y€7213fk}1{1€721} PRlny polynomial of degree at most D,
RIEPRY, €Q VR € P, ZRJ’ €9, fRy szRy (y) =1

Denoting R} 1.k the product Ry x Rz > the conditional density of the previous set can be advan-
tageously rewritten as

swle) = > X2 Prr 0 {eyery,)

RiEP 723’ €9,

As shown by Willet and Nowak [47], the maximum likelihood estimate in this model can be
obtained by an independent computation on each subset lek:

~ Z?:l]‘ X;,Yi)ERS "
]372>< _ _ {( i,Yi)€ l,k} argmin § 1{(X YR }hl (PQ(}/Z)) .
o 2im1 Hxiery) Pdeg(P)<D, [Ly P2(y)dy=1i=1 B
Lk

This property will be important to be able to use the efficient optimization algorithms of Willet
and Nowak [47] and Huang et al. [26].
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Our model collection is obtained by considering all partition P within one of the UDP(X),
RDP(X), RDSP(X), RSP(X) or HRP(X) partition collections with respect to [0, 1]9% and, for
a fixed P, all partitions Q; within one of the UDP(Y), RDP(Y), RDSP(}), RSP()) or HRP(Y))
partition collections with respect to [0,1]9Y. By construction, in any cases,

dy
dim(Spep) = 3 <||Ql|| [[@a+1)- 1) .

R.€P d=1

To define the penalty, we will use a slight upper bound of this dimension:

dy dy
Dpep= Y QI [[@a+1) =P [[Da+1)

RIEP d=1 d=1

where ||P<|| = Z [1Q:|l. is the total number of hyperrectangles in all the partitions:
RiEP

Theorem 3. Fiz a collection x(X) among UDP(X), RDP(X), RDSP(X), RSP(X) or HRP(X)
for X = [0,1]%%, a collection () among UDP(Y), RDP(Y), RDSP(Y), RSP(Y) or HRP(Y)
and a degree for the polynomial D € N9

Let

§={Spep|P={Ri} € S5 and ¥R, € P, Qs e S5}

Then there exist a C, > 0 and a ¢, > 0 independent of n, such that for any p and for any
C1 > 1, the penalized estimator of Theorem 2A general theorem for penalized maximum likelihood
conditional density estimation satisfies

Q
O ~ . . On pen(P<, D)
E JKLP’/\(SO, SpgaD) S Cl Spgjies <SPQ,DH61£‘PQ,D KL/\ (807 SPQ7D) * T
1 + 7
+ o 12T
n n
as soon as
pen(P<,D) > & Dpo p
for

*(X) *() *(Y)

B, A B,

K> ko | Cf + ¢y AS(X)+ 0 ;L o~ 1 Do +2lnn|.
dil(Dd + 1)

where kg and Co are the constants of Theorem 2A general theorem for penalized maximum
likelihood conditional density estimation that depend only on p and Cj.

The penalty can thus be chosen proportional to the dimension of the model, the multiplicative
factor k being constant over n up to a logarithmic factor. Furthermore, one can use a penalty
which is a sum of penalties for each hyperrectangle of the partition:

pen(P<, D) = Z R <1_Y[(Dd + 1)) .

X =
R, €PQ  \d=1
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This additive structure of the penalty allows the use of the fast partition optimization algorithm
of Donoho [15] and Huang et al. [26] as soon as the partition collection is tree structured.
In Appendix, we prove the more involved requirement

n
enPQ,D > K Cio+2ln——— | D
p ( ) (( ||7>Q|> P.D

e (AS“” + (B + 43) 1P+ B Y |Ql||> )

RIEP

in which the complexity part and the coding part appear more explicitly. Using the crude
bound ||P2|| > 1, one see that the penalty can still be chosen as a sum of penalties over each
hyperrectangle. The loss with respect to the optimal penalty is of order x log | P2||Dpe p, which
is negligible as long as the number of hyperrectangle remains small with respect to n2.

Some variations around this Theorem can be obtained through simple modifications of its
proof as shown in Appendix. For example, the problematic term 21n(n/+/||P<||) disappears if
P belongs to SgDP(X) while Q; is independent of R; and belongs to SgDP(X). Choosing the
degrees D of the polynomial among a family DM either globally or locally as proposed by Willet
and Nowak [47] is also possible. It suffices to modify the coding part in the involved requirement
accordingly: this can be achieve by replacing respectively AS(X) by AS(X) +1In |[DM]| for the global
optimization and Bg(y) by Bg(y) +In |DM] for the local optimization. The requirement can still
be satisfied with minor loss with a penalty with additive structure.

Finally, reusing ideas of Willet and Nowak [47], Akakpo [1] or Akakpo and Lacour [2], one
can obtain the quasi optimal minimaxity of this estimator for anisotropic Besov spaces (see for
instance in Karaivanov and Petrushev [29] for a definition) whose regularity index are smaller
than 1 along the axes of X and smaller than D + 1 along the axes of Y.

4.3 Spatial Gaussian mixtures, models, bracketing entropy and penal-
ties

In this section, we consider an extension of Gaussian mixture that takes account into a covariate
into the mixing proportion. This model has been motivated by the unsupervised hyperspectral
image segmentation problem mentioned in the introduction. We recall first some basic facts
about Gaussian mixtures and their uses in unsupervised classifications.

In a classical Gaussian mixture model, the observations Y;, that are assumed to belongs to
RP are supposed to be obtained as the realization of a Gaussian selected from a finite set with
a certain probability. Let K be the number of different Gaussians, often call the number of
clusters, the density s of Y; with respect to the Lebesgue measure is thus modeled as

K
sK6qx() = Zﬂk%k ()
k=1

where
1 1 Is—1
By, () = ————~ e~ 3 (U—m) T (y—pr)
* (2 det )7/

with py the mean of the kth component, ¥ its covariance matrix, 0y = (ug, Xx) and 7 its
mixing proportion. A model Sk ¢ is obtained by specifying the number of component K as
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well as a set G to which should belong the K-uple of Gaussian (®g,, ..., Py, ). Those Gaussians
can share for instance the same shape, the same volume or the same diagonalization basis. The
classical choice are described for instance in Biernacki et al. [7]. Using the EM algorithm, or one
of its extension, one can efficiently obtained the proportions 7, and the Gaussian parameters
0 of the maximum likelihood estimate within such a model. Using tools also derived from
Massart [34], Maugis and Michel [35] show how to choose the number of classes by a penalized
maximum likelihood principle. These Gaussian mixture models are often used in unsupervised
classification application: one observes a collection of Y; and tries to split them into homogeneous
classes. Those classes are chosen as the Gaussian components of an estimated Gaussian mixture
close to the density of the observations. Each observation can then be assigned to a class by a
simple maximum likelihood principle:

k(y) = argmax 7 $o (y).
1<k<K

Using our partition-based strategy, we extend this model by allowing the mixing proportion
to vary according to the covariate X; with the same mixture components. This is similar to the
ideas of Kolaczyk et al. [31] and Antoniadis et al. [3], a piecewise constant component proportion,
up to the choice of mixing densities. In a semantic analysis context, in which documents replaces
pixelsn, a similar Gaussian mixture with varying weight, but without the partition structure, has
been proposed by Si and Jin [39] as an extension of a general mixture based semantic analysis
model introduced by Hofmann [25] under the name Probabilistic Latent Semantic Analysis. A
similar model has also been considered in the work of Young and Hunter [48]. In our approach,
for a given partition P, the conditional density s(-|x) are modeled as

sp.K,0.x(|T) = Z <Z T [Ri] P, (- ) liery

REP

which, denoting 7[R (z)] = Z 7[Rq] 1{zer,}, can advantageously be rewritten
RIEP

Z (I)Gk()-

k=1

The K-uples of Gaussian can be chosen is the same way than in the classical Gaussian mixture
case. Using a penalized maximum likelihood strategy, a partition P a_number of Gaussian
components K their parameters Gk and all the mixing proportions W[Rl] can be estimated.
Each observation (z,y) can then be assigned to one the induced classes by a maximum likelihood
principle:

k(z,y) = argmax 7y [7/3\1 (x)]d)gk (y).

1<k<K

This is the strategy we have used at IPANEMA [6] to segment in an unsupervised manner hyper-
spectral images. In these images, a spectrum Y;, with around 1000 frequency bands, is measured
at each pixel location X; and our aim was to derive a partition in homogeneous regions without
any human intervention. This is a precious help for users of this imaging technique as this allows
to focus the study on a few representative spectrum. Combining the classical EM strategy for the
Gaussian parameter estimation (see for instance Biernacki et al. [7]) and dynamic programming
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strategies for the partition, as described for instance by Kolaczyk et al. [31], we have been able
to implement this penalized estimator and to test it on real datasets. Figures 2Segmentations
of a slice of a Bockay double bass showing a double layer varnish structure a) obtained with
constant mixing proportions on the unit square b) obtained with piecewise constant mixing pro-
portions on an optimal recursive dyadic partition (shown in black)Segmentations of a slice of a
Bockay double bass showing a double layer varnish structure a) obtained with constant mixing
proportions on the unit square b) obtained with piecewise constant mixing proportions on an
optimal recursive dyadic partition (shown in black) and 3Segmentations of painting layers. The
leftmost image is a visible light microscopy image of the analyzed zone showing three layers from
bottom to top (embedding resine, lead white in oil and a pictural layer containing azurite and
quartz). The middle one is the segmentation obtain with constant mixing proportions on the
unit square while the rightmost one is obtained with piecewise constant mixing proportions on
an optimal recursive dyadic partition (shown in black)Segmentations of painting layers. The
leftmost image is a visible light microscopy image of the analyzed zone showing three layers from
bottom to top (embedding resine, lead white in oil and a pictural layer containing azurite and
quartz). The middle one is the segmentation obtain with constant mixing proportions on the
unit square while the rightmost one is obtained with piecewise constant mixing proportions on
an optimal recursive dyadic partition (shown in black) illustrates this methodology. The first
one corresponds to a study of a slice of a Bockay double bass. The two different varnish layers
has been separated automatically. Figure 3Segmentations of painting layers. The leftmost image
is a visible light microscopy image of the analyzed zone showing three layers from bottom to
top (embedding resine, lead white in oil and a pictural layer containing azurite and quartz).
The middle one is the segmentation obtain with constant mixing proportions on the unit square
while the rightmost one is obtained with piecewise constant mixing proportions on an optimal
recursive dyadic partition (shown in black)Segmentations of painting layers. The leftmost image
is a visible light microscopy image of the analyzed zone showing three layers from bottom to top
(embedding resine, lead white in oil and a pictural layer containing azurite and quartz). The
middle one is the segmentation obtain with constant mixing proportions on the unit square while
the rightmost one is obtained with piecewise constant mixing proportions on an optimal recur-
sive dyadic partition (shown in black) is painting layers analysis. The three layers are clearly
discriminated with both thechnique but the geometry is better preserved with our spatialized
approach. In both cases, the use of piecewise constant mixing proportions instead of constant
mixing proportions leads to a better geometry of the segmentation, with less isolated points and
more structured boundaries.

We should now specify the models we consider. As we follow the construction of Section 4.1Co-
variate partitioning and conditional density estimation, for a given segmentation P, this amounts
to specify the set F to which belong the [|P[[-uples of densities (s(y|Ri))g,cp- As described

above, we assume that s(y|R;) = Zszl 7r[Ri]®Po, (y). The mixing proportions within the region
R, m[Ry], will be chosen freely among all vector of the K — 1 dimensional simplex Sk _1:

SK—l = {7‘(‘ = (7T1,...,7Tk)

K
Vk,1gkng,wkzo,Zwk=1}.
k=1

As we assume that the mixture components are the same in each region, for a given number
of components K, the set F will be entirely specified by the set G of K-uples of Gaussian
(Po,, ..., Py, ) (or equivalently by a set © for 6 = (61,...,0k)).

To allow variable selection, we follow Maugis and Michel [35] and let E be an arbitrary
subspace of J) = R, that is expressed differently along the different classes, and let E+ be its
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Figure 2: Segmentations of a slice of a Bockay double bass showing a double layer varnish
structure a) obtained with constant mixing proportions on the unit square b) obtained with
piecewise constant mixing proportions on an optimal recursive dyadic partition (shown in black).

orthogonal, in which all classes behave similarly. We will thus assume that
q)Gk (y) = (I)9E,k (yE)(I)9EJ_ (yEl)

where yr and yg. denote, respectively, the projection of y on E and E™, ®p,, ,, is a Gaussian
whose parameters depends on k while ®¢_, is independent of k. Our model are then specified
by the choice of a set Gff for the K-uples (®g, ,,...,Po, ) (or equivalently a set OF for the
K-uples of parameters (0,1, ...,0p k)) and a set G for the Gaussian ®y_, (or equivalently a
set © . for its parameter f5. ). The resulting model is denoted Sp k¢

(®9E,17 sy (I)GE,K) € ggv

K
Spig =1 sproxlr) =D m[R(@)] Po,, (ys) Po,, (yp:)| Po,. € Gpe,
k=1 VR, € 'P,W[Rl] € Sk_1

The sets G& and Gp. are chosen among the classical Gaussian K-uples as described in
Biernacki et al. [7]. For a space E of dimension pg and a fixed number K of classes, we specify
the set

g= {(@E’gl,...,(I)E’QK) 0= (91,...,9}() S @[']1{(5}

through a parameter set 6[.]{’<E defined by some (mild) constraint on the means p; and some
(strong) constraints on the covariance matrices .

The K-uple of means p = (u1, ..., pr) is either known or unknown without any restriction.
A stronger structure will be imposed on the K-uple of covariance matrices (X1,...,Xk). To
define it, we need to introduce a decomposition of any covariance matrix ¥ into LDAD’ where
L= |E|1/ PE ig a positive scalar corresponding to the volume, D is the matrix of eigenvectors of
¥ and A the diagonal matrix of renormalized eigenvalues of ¥ (the eigenvalues of |X|~1/P=¥).
Note that this decomposition is not unique as, for example, D and A are defined up to a permu-
tation. We will nevertheless impose a structure on the K-uple (X1,...,YX ) through structures
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Figure 3: Segmentations of painting layers. The leftmost image is a visible light microscopy image
of the analyzed zone showing three layers from bottom to top (embedding resine, lead white in
oil and a pictural layer containing azurite and quartz). The middle one is the segmentation
obtain with constant mixing proportions on the unit square while the rightmost one is obtained
with piecewise constant mixing proportions on an optimal recursive dyadic partition (shown in
black).
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on the corresponding K-uples of (L1,...,Lk), (D1,...,Dk) and (A1,...,Ak). They will be
either known, unknown but with a common value or unknown without any restriction. The
corresponding set will be indexed by [t Lyx Dy A*]II,(E where * = 0 means that the quantity is
known, x = K that the quantity is unknown without any restriction and possibly different for
every class and its lack means that there is a common unknown value over all classes.

In order to have a set with finite bracketing entropy, we have to further restrict the values
of the means p, the volumes Ly and the renormalized eigenvalue matrix Ag. The means are
assumed to satisfy V1 < k < K |ux| < a for a known a while the volumes satisfy V1 < k <
K, L,, < Ly < Ly for some known positive values L,, and Ljy;. To describe the constraints on
the renormalized eigenvalue matrix Ay, we define the set A(Ap,, Ay, pE) of diagonal matrix A
such that |A| =1 and V1 < i < pg, Ay < A < Apr. Our assumption will be that all the Ay,
belong to A(Am, A, pr) for some known values A, and Ajy.

Among the 3% = 81 such possible sets, six of them have been already studied by Maugis and
Michel [35, 37] in their classical Gaussian mixture model analysis:

o [0 Lk Do Ag] ffE in which only the volume of the variance of a class is unknown. They use
this model with a single class to model the non discriminant variables in E-.

[ux Lx Do A K]ffE in which one assumes that the unknown variances X can be diagonalized
in the same known basis Dy.

[bx Lk Dg AK]?E in which everything is free,

[k LD A]E in which the variances ¥, are assumed to be equal and diagonalized in the
known basis Dyg.

[ux LDg A K]TI’(E in which the volumes L;, are assumed to be equal and the variance can be
diagonalized in the known basis Dy

e [ux LDA] ffE in which the variances X are only assumed to be equal

All these cases, as well as the others, are covered by our analysis with a single proof.

To summarize, our models Sp g g are parametrized by a partition P, a number of com-
ponents K, a set G of K-uples of Gaussian specified by a space E and two parameter sets, a
set O, L, D, A of K-uples of Gaussian parameters for the differentiated space E and a set

O, L, D, A,], , of Gaussian parameters for its orthogonal E*. Those two sets are chosen among
E
the ones described above with the same constants a, L., Las, A\, and Aps. One verify that

dim(Sp, i) = [P (K = 1) +dim (O, 1. v, a.js, ) +dim (O 0,4, )-

Before stating a model selection theorem, we should precise the collections S considered. We
will consider sets of model Sp kg with P chosen among one of the partition collections Sz, K
smaller than Kz, which can be chosen equal to +00, a space F chosen as span{e; };c; where e;
is the canonical basis of RP and I a subset of {1,...,p} is either known, equal to {1,...,pg}
or free and the indices [ps Ly Dy Ay of O and Op.1 are chosen freely among a subset of the
possible combinations.

Without any assumption on the design, we obtain

Theorem 4. Assume the collection S is one of the collections of the previous paragraph.

20



Then, there exist a Cy, > m and a ¢, > 0, such that, for any p and for any C1 > 1, the penalized
estimator of Theorem 2A general theorem for penalized maximum likelihood conditional density
estimation satisfies

. : : P, K,G) 1 n+n

E[JKLES (50, 3p5g)| < €1 int £ KLO pen(P.K.G)\ . 1 n+n

py)\(SO; SP’K’Q) =1 SP,II?,QES (SP,K,SIEISP,K,Q A (80, SP7K7Q) + n + 271 + n
as soon as

pen(P, K7 g) Z El dim(SpyKyg) + %QDE

for

K1 > K ((20* + (111 C£> + Cx (AS(X) + Bg(X) + 1))) and Ko > KCy

*/ 4+

with k > Ko where kg and Cs are the constants of Theorem 2A general theorem for penalized
maximum likelihood conditional density estimation that depend only on p and Cy and

0 if E is known,

if E is chosen among spaces spanned by
the first coordinates,

(14In2+1In pLE)PE if E is free.

D =< PE

As in the previous section, the penalty term can thus be chosen, up to the variable selection
term Dpg, proportional to the dimension of the model, with a proportionality factor constant
up to a logarithmic term with n. A penalty proportional to the dimension of the model is thus
sufficient to ensure that the model selected will perform almost as well as the best possible model
in term of conditional density estimation. As in the proof of Antoniadis et al. [3], we can also
obtain that our proposed estimator yields a minimax estimate for spatial Gaussian mixture with
mixture proportions having a geometrical regularity even without knowing the number of classes.

Moreover, again as in the previous section, the penalty can have an additive structure, it can
be chosen as a sum of penalties over each hyperrectangle plus a on penalty corresponding to K
and the set G. Indeed

pen(P, K, g) = Z El(K — 1) + El (dlm (@[H* L, D, A*]ZIJ(E) + dlm (@[#* L, D, A*]
R.€P

)<

PEL

satisfies the requirement of Theorem 4Spatial Gaussian mixtures, models, bracketing entropy
and penalties. This structure is the key for our numerical minimization algorithm in which one
optimizes alternatively the Gaussian parameters with an EM algorithm and the partition with
the same fast optimization strategy than in the previous section.

In Appendix, we obtain a weaker requirement

pen(Pa K7 g) Z ’i< (20* + (hl ) dlm(S’PﬁKﬁg)

n
Cs dim(SP,K,g)>+
+ ¢, (Ag(") + B P+ (K - 1) + DE) )

in which the complexity and the coding terms are more explicit. Again up to a logarithmic term
in dim(Sp k,g), this requirement can be satisfied by a penalty having the same additive structure
than in the previous paragraph.
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Our theoretical result on the conditional density estimation does not guaranty good segmen-
tation performance. If the data is generated according to a Gaussian mixture with varying mixing
proportions, one could nevertheless obtain the asymptotic convergence of our class estimator to
the optimal Bayes one. Our numerical experiments give nevertheless segmentations that have
been considered meaningful by the physicists at IPANEMA. We think thus our analysis provides
a first theoretical ground to our numerical method.

Two major questions remain nevertheless open. Can we calibrate the penalty (choosing the
constants) in a datadriven way while guaranteeing the theoretical performance in this specific
setting? Can we derive a non asymptotic classification result from this conditional density
result? The slope heuristic proposed by Birgé and Massart [9] we have used in our numerical
experiments seems a promising direction. Deriving a theoretical justification in this conditional
estimation setting would be much better. Linking the non asymptotic estimation behavior to a
non asymptotic classification behavior appears even more challenging.

4.4 Bracketing entropy of Gaussian families

A key ingredient in the proof of 4Spatial Gaussian mixtures, models, bracketing entropy and
penaltiesSpatial Gaussian mixtures, models, bracketing entropy and penalties is a generalization
of a result of Maugis and Michel [35, 36] that control the bracketing entropy the Gaussian families
gHﬁ with respect to the d™®* distance defined by

d2max((51,...,SK),(t1,...,tK)): sup dQ(sk,tk).
1<k<K

Here, [(t],...,t5), (t],...,t})] is a bracket containing (s1,...,sx) if
VI<k<KVyeE, t/(y)<sily) <ty
As it can be of interest on his own, we state it here:

Proposition 4. Let k > % and

=) (:~3)
%

%min<2(1+%€)(1+ 2(1+3) " 2(1+28)(1 + 3)2

) B = 1] K? cosh(i) +

Vr Am 6
@ Z 155, \/ LmAm 557 o5
Assume In (iM > 2015
m K
Am Am ) > 1 o
Am ln AWL) - 2'7(1~‘r%)(\/§~‘r1)ﬁh PE

Then for any § € [0,/2],
1
Hp,ame=(6/9, Gy, 1.0, 405) S T, 0o au%, + P, Lap,aus, Ins

'LUhe'r'e D[M*,L*,D*,A*]ﬁ(E = dlm (e[ﬂ*,L*,D*,A*]ffE) = CH*DIMPE +CL*DL+CD*DD7PE +CA*DA117E and

22



_CLOZCDOZCAOZO
T Lo 0o AE, = CuLupeTeLLLpp 0, ID pptca, Lo pp with =L =Cpx =CAx =K

cﬂchchchfl

Lypr = PE (ln ( —20ebupE ))
Dyps =PE % " mA
Dy — 1 Ty, =In (40& ln LM
D _ pe(pe—1) and (pp—1) A
Do = PHEES e <pE3;‘;_l> +(1n (300 + (V2 + )3 3201) ) )
Apg - pE -
Tape = (pp —1) (In (10801 + 3)(V2+ 1332 n (3) o))

A Proofs for Section 2Single model maximum likelihood
estimate (Single model maximum likelihood estimate)

A.1 Proof of Proposition 1Jensen-Kullback-Leibler divergence and brack-
eting entropy

Proof of Proposition 1Jensen-Kullback-Leibler divergence and bracketing entropy. We first notice
that, by convexity of the Kullback-Leibler divergence,

JKL, 5 (s,t) = %KL,\ (s,(1=p)s+pt) < 1 ((1 = p)KLx(s,8) + pKL(s,t)) = KLx(s,t).

A

s—1t
Then let dX = ((1 — t)dA, the functi =
en le ((1 — p)s + pt)dA, the function u A= st ol
tdA

=1+pu and Wzlf(l—p)u.

remains in [—1/p,1/(1 — p)],

sdA
d is such that
and is suc a v

1 1
Now, JKL,(sd\, td\) = =KL(sd\, (1 — p)s + ptd\) = =KL((1 + pu)dX,dX)
p p

1 1
=—-KLy(1+pu,1)= - /(1 + pu) In(1 + pu)dN
p p

and as /ud)\’ =0 %/((1 + pu) In(1 + pu) — pu) dA.

Similarly, d?(sd\,td)\) = d*((1+ pu)dN, (1 — (1 — p)u)dN) = d3, (1 + pu, 1 — (1 — p)u)
:2—2/\/1+pu\/1— (1—p ud)\/—2/(1—\/1+(2p—1)u—p(1—p)u2)d)\/
2/<1 \/1+(2p1)up(1p)u2+(p1)u> dN

2
Now let ®(z) = (1+x)In(1 +2) — z, one can verify that ®(z)/z? is non increasing on [—1, 400,

so that Vu € [-1/p,1/(1 — p)], ®(pu) = q;gfj;),ﬂ 2> %‘Lp u? so that

(1 + pu) In(1 + pu) — pu > ((1 + T”p)ln (1 + 1—) - 1—”p) (1 - p)2u?
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2(1—p)(ln(1+ﬁ)—p)u2

Along the same lines, one can verify that Yu € [-1/p,1/(1 — p)]

1 1-—
17\/1+(2p71)u7p(17p)u2+(p7E)u§Wu?

This implies thus

(14 pu) (1 + pu) = o)
Z%m(lfp) (m(u%) p>2<1\/1+(2p1)up(1p)u2+(p%)u)
Z%min( ;p,1) (m(1+ﬁ) —p)2(1—\/1+(2p—1)u—p(1—p)u2+(p—%)u)

which yields the first inequality.
For the second series of inequalities,

2

d2(sdA,tdA)d§dA(§,1)/(ﬁ1> td\,

KL(sd), td)\) = KLtdA(g, 1) = / St Std = / (; 1n§ 2 1) td.

while

t t

It turns out that Vz € [0, M],
(V-1 <zhhz—2+1< 2+ (InM)y)(Vz —1)?

which yields the announced result. Finally, a straightforward computation yields

1/p
1 s t—s
-n——— =1 1
o (L= pstpt n(( i ) )
1/p
S S t—s
=In-—-In{-(1
"1 n(t( tr ) )

which gives the results by integration.
O

A.2 Proof of Proposition 2Jensen-Kullback-Leibler divergence and brack-
eting entropy

Proposition 2Jensen-Kullback-Leibler divergence and bracketing entropy is split into two propo-

sitions: one when one controls the the bracketing entropy of the local models S, (sm, o) and

another when one control the (larger) bracketing entropy of the larger global models S,,.
If one is able to bound the bracketing entropy of the local models, one can use:

24



Proposition 5. Assume for any o € [0,/2] and any 6§ € [0, 0]

Hij.q00 (8, S (8m,0)) < Diy (cm +n %) .

Then the function

Om(0) = 03/ D (V/Con + V)

satisfies the properties required in Assumption (Hp,):

e The function § — % ¢ (8) is non-increasing.

° /0‘7 \/H[.]1d®n (0, S (Sm,0)) dd < P (0).

1
Furthermore, ©,, = no2, where o,, is the unique root of =@, (o) = \/no satisfies
o

D = (\/c_m+ﬁ)20m_

Otherwise, if one is only able to bound the bracketing entropy of the global model, one still
has:

Proposition 6. Assume for any 6 € [0,v/2],

1
Hp 4en (0, Sm) < Di, (Cm +1In 5) _

Then the function

¢m<a)=o@<¢c_m+ﬁ+< mUil)),

satisfies the properties required in Assumption (H,,):

e The function § — $¢m(8) is non-increasing.
. /O Hiy gon (6, Sm) A8 < 61 (0).

1
Furthermore, ©,, = no2, where o,, is the unique root of —¢,,(0) = \/no satisfies
o

D < [ 2(Vem +v7) +<1n(\/c—m+nﬁ)2Dm>+ Dy,

where ()4 =x if x > 0 and (z)4 = 0 otherwise.

Proof of Proposition 5Proof of Proposition 2Jensen-Kullback-Leibler divergence and bracketing entropy.
The function

5> 20m(0) = (Ve + V) VDr
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is non increasing.
Now

/\/H[,Ld@n(é,Sm(sm,a))dég/ \/Dm(Cm—i—ln%)dég/ w/Cm—i—,/ln%dé«/Dm
0 0 0

1
< O’/ vV Cm + q/ln%déx/Dm
0
We use now

Lemma 1. ForanyoE[O,l],/ 1/1n5d6§0<1/1n—+ﬁ>_
0 o

proved in Maugis and Michel [35] to obtain

<o (VCu+V7)\/Du

By definition of ¢y, (0):
%‘bm(o):\/ﬁa & (@Jr\/?) D = Vo o UZ%(\/C_me\/E)\/D—m

Squaring this equality and multiplying by n yields the equality of the Proposition. [l

Proof of Proposition 6Proof of Proposition 2Jensen-Kullback-Leibler divergence and bracketing entropy.

The function
o ¢m :\/ <\/ +\/_+1/1D—5/\1>

is non increasing by construction.

Now
o oAl 1 o
/0 1/H[,],dm(é,sm)d(sg/o \/Dm,/cm+1ngd5+/ VD /G dd
o
oAl 1
< a\/Cm—i—/ Whlg ddv/D,,
0

and using Lemma 1Proof of Proposition 2Jensen-Kullback-Leibler divergence and bracketing

entropy
/ Hij.a0n (6, Sm) d6<<o\/7+ J/\l(\/ +\F>>\/_
§o<\/c_m+ﬁ+\/lna/1\1>\/ﬁ

%d)m(o):\/ﬁa & <\/a+\/%+\/1na/1\1>\/l?_\/ﬁo
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@a%&ﬁiﬂﬁﬂhyh)ﬁﬂ

This implies

m > (Va4 vR) VBn

which implies by plugging this bound in the initial equality

S%(Jc_mhﬁjt\/ln v )@

(VCin + VT) VD A1

1 1 n
<L ﬁ;¢m§@( me Nom

VCp +/7)" D
The bound of the Proposition is obtained by squaring this inequality, using the inequality (y/a +
Vb)? < 2(a + b) and multiplying by n. O

A.3 Proof of Theorem 1Single model maximum likelihood estimation

Proof of Theorem 1Single model mazimum likelihood estimation. For any non random function
g we define its empirical process P®"(g) by

1 n
PP (9) =~ 9(X:,Y)
=1

and its mean P®"(g) by

:I>—‘

P®n(g) =K [P2"(g)] = l

n
: 17 Z

where (X/,Y/) is again an independent copy of (X;,Y;). Note that g may depends on the covariate
and thus the last term can not generally be simplified. We will denote by v®(g) the recentred
process P27 (g) — P®(g).

Note that using this definition,

KL®" (s0,t) = P®r ( In <i>>

JKL®" (so,t) = P (—1 In (w))

p 50

where we have dropped the indice A to simplify the notation.
By construction, s, satisfies

P2 (—~In3,) < inf P®"(— lnsm)—f—ﬁ
5mE€Sm n

We let 5, be a function such that

0
KL®"(s0,3m) < inf KL®"(so,sm) + iy
SmESm n
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We define then the functions kl(5,,), kl(Sn,), and jkl(5,,) by

) =0 (2) G = () G = L (L)

S0 S0 P S0

By construction
PE(K(5m)) < P2 (L(5m)) +
n

Since, by concavity of the logarithm,

1 1- Am’ 1 Am’ m/’ ~
jKlGpm) = —~1In <M) <= ((1 —p)n 2 4 plns—> = -2 = kG,
P S0 S0

hS)

P2 (jkl(3m)) < PE" (K(5,0)) +
n
and thus

P®n(jkl(§m)) - V?” (Kl(3m)) < P®n(kl(§m>) - V?” (KL (5m)) + 1
n
using the definition of jkl(3,,) and of ki(3,,), we deduce

~ N ]
TKLE™ (50, 8m) — vE" (K(Sm)) < inf KLE"(s0, 5m) — vE (jI(5m)) + & 4 HL
$m ESm n n
where JKLS" (50, 5,) is still a random variable.
We rely now on a control on the deviation of v (jkl(5,,)) through its conditional expectation.

For any random variable Z and any event A such that P{A} > 0, we let E4 [Z] = %' Tt is

sufficient to control those quantity for all A to obtain a control of the deviation. More precisely,

Lemma 2. Let Z be a random variable, assume it exists a non decreasing W such that for all A
1
such that P{A} > 0, EA[Z] < ¥ (111 <m>) . then for all x P{Z > ¥(x)} < e ".
Here, we can prove

Lemma 3. There exist three absolute constants kjy > 4, k| and k% such that, under Assumption
(H), for all m € M, for every ym, > o and every event A such that P{A} > 0,

—jkl(Sm,) Klo. 1 1 18 1
E* ®“< y ’"Aﬂ<“”+’ I +—1 .
{Vn Y2, + Kkd2®n (s0, Sm) T Ym 2 Vny2, . P{A} ny2,p . P{A}

Combining Lemma 2Proof of Theorem 1Single model maximum likelihood estimation and
Lemma 3Proof of Theorem 1Single model maximum likelihood estimation implies that except
on a set of probability less than e™*, for any y,, > om,

i —u;?/n(g'kzl(é\m)z\ < K| Om il ac2 n 18 302 -
Yo + K0d?® (S0,5m) ~  Um nyy, P Y,
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Choosing y, = 0y/02, + < with 6§ > 1 to be fixed later, we deduce that, except on a set of

x

probability less than e™7,

—v "t (GRGm)  _ kitRy 18
Y + Kd>® (s0,5m) — 0 0%p

Thus, except on the same set, we have

JKL?" (50,8m) — Vo (Kl(5,)) < infS’ KL®"(s0,8m) +
SmESm

Ky + Ky 18 9 2 .~ N OKL
( 0 +%) (i + o™ (s0,5m)) 30+ =%

Let epen > 0, we define Open by (M + 58 ) kg = C)p €pen With C), = %min(l—gg, 1) <ln (1 + Tf_p) — p)

Gr)en 9§cnp
and, using C,, d*®" (50, 8) < JKLE"(50,5,), We obtain

Cpepentim + 1 OKL

(1- epen)JKL?" (50,8m) — V& (KL(3m)) < s,jgg,n KL®"(s0,5m) + p . + -
Chepentd>,, 1)
< inf KL®(so,5m) + —C25 2 (g2 4 2) 4 14 2L
m m 0
As v® (Kl(5,,)) is integrable (and of mean 0), we obtain by integration
1 1 Coepent2enl 1 Ok
E [JKL®"(s9,5~)] < ——— inf KL®n i SR
[ g (807Sm)] 1 —é€pen Sn}gsm (50, 8m) + 1—€pen K n * n * n
. CPEPUHGQ n
or if we let kg = ——2<
0
1 . ko 1 'm0k
<——( inf KL®» 2 ) fo - 0 OKE
1 —é€pen <smuelsm (0, 8m) + HOJ’”) 1o €pen 1 Tt
As §xp, can be chosen arbitrary small this implies
. 1 ) K 1 n+7
E [JKLE"(s9,5~)] < ——— ( inf KL®» 2 0
[JKLE"™ (s0,55)] < T~ <8m}1613m (50, 8m) + Koos, | + T + -
and thus C; = 1761pcn and Cy = 17’2)0“. O

B Proofs for Section 3Model selection and penalized max-
imum likelihood (Model selection and penalized maxi-
mum likelihood)

B.1 Proof of Theorem 2A general theorem for penalized maximum

likelihood conditional density estimation

Proof of Theorem 2A general theorem for penalized maximum likelihood conditional density estimation.
For any model S,,, we let 5,, be a function such that

OKIL
KL®"(s9,3m,) < inf KL®» m) F —=.
(SO, y ) - SwiIelSWL (807 5 ) + n
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Let m € M such that KL®"(s,5,,) < 400 and let

!
PE (—InSp) + pen(m’)
n n n

/\/l':{m’ej\/l gpgn(_1ngm)+m+77_}_

For every m’ € M/,

i ! !
pen(m’) _ PO (Kl(5p)) + pen(m)  n' PO (Ki(5pm)) + pen(m) | n+1

pen klAm/
n " (Kl (Sm)) + = - p - -

Since, by concavity of the logarithm, jkl(8,,/) < kl(Spm/),

I /
PO (Kl (5m)) + Lnim ) < PO (i(s.)) + penffm) + Z"

and thus

en(m’ +n
p()+n U

n n

pen(m)

P (KL (Smr)) — vy (K (Gm)) < P (KI(Gm)) + — vy (jRL(Smr)) —

using the definition of jki(S,, ) and of ki(5,,), we deduce

en(m’ + 7
_pen(m) ntn

~ — . en(m 17~
JKL?" (50, 8m/) — V2" (Kl(3)) < SmH€1f5m KL®"(s0,8m) + pT() — V2 (GKL(Smr)) - -

Combining again Lemma 2Proof of Theorem 1Single model maximum likelihood estimation
and Lemma 3Proof of Theorem 1Single model maximum likelihood estimation, we deduce that
except on a set of probability less than e™*=' =% for any y,, > om,

v (jKL(Smr)) Khom  , |xm +x 18T, +x
2 ! 12 -~ S + Kz2 2 + - b .
Y + fiod n (So, Sm/) Ym/ nY,. p Ny,

Choosing this time y,,,» = 04/02, + ﬂ”% with 8 > 1 to be fixed later, we deduce that, except
on a set of probability less than e=%m’ %,
V(R Gw))  _sitsy 18
y2, + Kyd?®n (o, Sm) — 0 6%p

Using the Kraft condition of Assumption (K), we deduce that if we make this choice of y,,  for
all model m’, this properties holds simultaneously for all m’ € M except on a set of probability
less than Ye™".

Thus, except on the same set, simultaneously for all m € M’, we have

TKLE® (50, 8) — V2" (I(5)) < _inf KL®* (s, 8,0) + P
SmESm
K + Kb 18 9 20 R pen(m’) -+
+< o 92/)) (Yimr + mod™" (0, 8m)) — n T Th

P P

Let epen > 0, we define Open by (# + 28 ) ko = C)p €pen With C), = 1 min(ﬂ 1) (ln (1 + Tpp) — p)

02 p
pen pen
and, using C,, d*®" (s0, $pr) < JKLE™ (50, 8m), we obtain

(1= epen) JKLG" (50, 5) = V" (RI(Fm)) < inf KL®" (50, 5m) + pen(m)
SmEOm n
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+ Cpfp‘j“yﬁf _ pen(m)  ntw , Owr
K() n n n

Cpepeny’ !
We should now study —*5 Yol _ penflm ).
0

Cpepenygn/ _ pen(m') _ Cpepeﬂegen (02 + Tm +-T) _ pen(m’)

K n K m n n
L. Cepenbie,
and by construction if kg = ——->=
0

Cpépenypy  pen(m’) . Cpeperﬁf,enf Cpepenegen)pen(m/)

—(1-

/ — / /
Ko n Ko n RKq n

x

We deduce thus, except on a set of probability smaller than Ye™*, simultaneously for any m’ €

M/

Ceond? '
(1 = €pen) JKLE™ (50, 8mr) + (1 — rp Pen)pen(m ) _ & (KL(m))

/
RKq n

2
pen(m) n Cpépentpen T +n | ki

< inf KL®"(sq,8m) + ; +
Sm€Sm n Ko n n n
As v@ (kl(S,,)) is integrable (and of mean 0), we derive that M = sup,,,/c v¢ penflm,) is almost

surely finite, so that as k%= < M for every m/ € M’, one has

Mn

Bz Y etz Mlen

m’eM’

and thus M’ is almost surely finite. This implies that the some minimizer 7 of P (—In(5,,)) +
pen(m) o yigts.
n

For this minimizer, one has with probability greater than 1 — Xe™",

(1- epen)JKLgn(so,ga) — V& (kl(3m))

Crepent? IS
< inf KL% (s0,8m) + 22 | Coperloens | i Ort
$mESm n K() n n n

which yields by integration

1 1 1 Coepenten ¥ )
E [JKLE" (50,5-)] < ——— inf  KL®"(s0,5) + pen(m) plpenipen 2 | NHN | OKL

+
1 — €pen 5mESm l—€pen N 1 — €pen K n n n
1 e by )
<L inf KI®n(sg,5) + RERI) 0 E ot D
1 —€pen \5m€ESm n 1—¢€penn n n

As dkp, can be chosen arbitrary small this implies

1
E [JKL®" ) < — inf KL®n m
[ P (507 Sm)] =1 _ €pen < m (507 S ) + — pen T n

enim K E + !
p ( )) 0 nr—n
Sm ESm n 1

and thus C; = 171 and Cy = —fo | O

€pen 1—é€pen
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B.2 Proof of Lemma 2Proof of Theorem 1Single model maximum like-
lihood estimation

Proof of Lemma 2Proof of Theorem 1Single model mazimum likelihood estimation. Let A = {Z >
U(x)}. Either P{A} =0<e ? or

EAZ] < W (111 (ﬁ)) .

E[Z1{759())]
P{Z > U(x)}

Now in the later case,

EA[Z] = > U(z).

We have thus ¥(z) < ¥ (1n (ﬁ)) which implies z < In (ﬁ) as W is not decreasing. This
last inequality yields P{A} < e~® which concludes the proof. O

B.3 Proof of Lemma 3Proof of Theorem 1Single model maximum like-
lihood estimation

We should now prove Lemma 3Proof of Theorem 1Single model maximum likelihood estimation
which contains most of the differences with Massart [34]’s proof.

Proof of Lemma 3Proof of Theorem 1Single model mazimum likelihood estimation. In this lemma,
we want to control the deviation of

Vo (ki (5m)) = vEn <% In <M)> .

~ 1
Note that for any S, to be fixed later, if we let jkI(5) = ——ln(
p
—jHL(Fm) = —RUE) + (—jHI(Em) + GHI(F)) with

1 1— ~
—jkl(Em) + K(3) = = In (w)
p

To control the behavior of these quantities, we use the following key properties of Jensen-
Kullback-Leibler related quantities (a rewriting of Lemma 7.26 of Massart [34])

Lemma 4. Let P be some probability measure with density so with respect to some measure A
and s,t be some non-negative and X\ integrable functions, then one has for every integer k > 2

k
plln So+ S Sk—' 9”\/5*\/g|§\,2 ok—2
80+t 2 8

where ||| x 2 is the \-L? norm so that H\/E—\/z_inQ is nothing but the extended Hellinger distance.

In our context this implies, conditioning first by (X;)1<i<n, applying the previous inequality
for each (so(+|X5), s(-|X:),t(:|X;)) and then taking the expectation, that

k
pen (|1 s0 + 1258 _ K <9d2®n(s,t)) (2)“
"l l-In|{ ——F5— — | = - .
p o\ so+ 55t T2\ 8(1-p) ) \p
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Theorem 5. Assume f is a function such that

PE(|f1?) <
k!
Vk >3, PO ((f)k) < gvz)H.
Then for all A such that P{A} >0

B () < \/\/; i (geay) + o (vcay)

holds, these bounds are sufficient to obtain a Bernstein type control for jki(3)

3 d2®n( so,sm
B [ GHG)) < 5 V' (s5tm7) * o (oray)-

To cope with the randomness of §,,, we rely on the following much more involved theorem
(a rewriting of Theorem 6.8 of Massart [34])

Theorem 6. Let G be some countable class of real valued and measurable functions on . Assume
that there exist some positive numbers v and b such that for all f € G and all integers k > 2

k!

PE(IfI) < SV

Assume furthermore that for any positive number &, it exists some finite set B(d) of brackets
covering G such that for any bracket [g~,g7] € B(d) and all integer k > 2

k!
P®n(|g+ _ gf|k) < 552bk72

Let e®) denote the minimal cardinality of such a covering. It exists some absolute constant k
such that, for any € € (0,1] and any measurable set A with P{A} > 0, we have

(1 +6e \/2V

E* |supwy (f)| < B+

reg P{A} P{A})
where E:EL/ \/H((S)/\nd5+MH(\/V).
ev/n Jo n

Furthermore k < 27.

If we consider

~ . . . . 1 S0 + ﬁsm
Gm(8m,0) = {]kl(sm) + jki(s) = ;ln (T)

= l1n 780+1 pom
P 50+1—p5m

then the first assumption of Theorem 6Proof of Lemma 3Proof of Theorem 1Single model max-

Sm € Sy A2 (5, 5m) < g}

Sm € Sm (sm,o)}.

2
. . . . . _ 30 — 2
imum likelihood estimation holds with V = <72 m) and b 5
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We are thus focusing on

Win(Bm,0) = sup v ()= sup v (—jkl(sm) + jkI(3))
f€Gm(sm,0) SmESm(Sm,0)

= sup v (—jkl(sm)) + v (GRL(E))

Sm ESWL(STN 10)

Now if [t7,¢T] is a bracket containing s, then

1 S0+ &t~ 1 so+ s 1 5o + +&=tt
g =-In SRS = S Y (P S [y MY (R =g
P S0 + Tinsm p 50 + TinSm p 50 + Tf—psm

and
I so+ 5t 1 so+ T\ 1 [so+ T
ggflni h|——F=—)=-In| —F—
p s0 + 1% 5 Sm p S0+ 1=,5m p SO+Et_
So that
®On (| 4+ — 1k k! o s
PE (g™ —g7I%) < 5870
3d®n (¢t~ 1)
as soon as

=——2 2 <. This implies that, for any > 0, one can construct a set of brackets
24/2p(1=p) P Y

satisfying the second assumption of Theorem 6Proof of Lemma 3Proof of Theorem 1Single model

maximum likelihood estimation from a set of brackets of d®~ width smaller than
covering Sp,(Sm, o). That is

H(8) < Hpj gon <%6 Sm (S )) :

24/ 29(1—/3)5
3

As G C S, satisfies (S), one can apply the theorem. We obtain for every measurable set A

with P{A} > 0,

A Wy (5, 0)] < B 4+ — 0939 1( ! )+4ln( L )

2/ —pvn | \B{A} P{A)

30
1 ENTEr 24/2p(1 — -
where E = E—/ Vet Hpjgen (%5, Sm(sm,o)> A ndd

2 2 3o
n (p + 2‘/2,3(1_,)))H . 24/2p(1 = p) 30 (G )
n [],d®n 3 9 2p(17p)7 m\°om»

($m,0)) Andd

3k 1 i
- Hi.qon (8, 5m
26«/2p(1p)\/ﬁ/0 \/ o {

2(2 + 370)
P 2~/2P(17P) H[] 4% (O_ S (Sm, ))

n

+

Choosing € = 1 leads to

EA Wi (8, 0)] < E + 2\/%# (P{lA}) o (P{lA})
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where

2 30
20+ 2\/2p<1fp>)H
n

S (Sm,0)) Andd + [1don (0, Sm(8m, 7))

3k 1 7
T 2201 - p) ﬁ/o VHpaen 0

By definition, if we assume S, € S, [; \/H[‘],de?n (0, Sm(8m,0)) Andd < ¢ (o) , as well as
6+ Hpjgen (0, Sm(Sm,0)) is non-increasing. This implies

L[ . A
Hi,qen (0, 5m(5m; 0) S(;/ \/H[‘],d®n (5,Sm(sm,o))d5) <t
0

g

Inserting these bounds in the previous inequality yields

3% ¢m<>+<4+ 30 )qs%n(a)

2\/2p 1_p) Vn p no?

p 2p(1 = p)

(st s ) onl)) bule)
2\2p(1—p) \r 2p(1—p)) Vno* ] Vn
As § — 57 1¢,,(9) is also non-increasing, so is § + 6 2¢,,(6). The definition of o, by the
equation ¢\7/"—(U;”) = 1 is such that this is an O(¢’"( )) as so0s as 0 > o,,. Indeed under this

assumption,
3K 4 30 Pm ()
E§<2 20 —p) 7 20(1/))) Vn
and
A 5 5 3K é 30 (bm() 210 L i N
EA (W (5, )]§<72 et mp)) o <P{A}>+pn1 (

: "no_ 3k 4 3 < 81 4 3
Using now o < \/5, we let kY <2\/m + - + \/p(lp)) < <2\/p(1p) + - + \/p(lp)) as
K <27, kY = —2L— we have thus obtained Yo > o,,,

24/p(1—p)

su VO (—ikl(s ikl (3 H/I¢m(0) 550 o (oo ) o (s
P o (—Jkl( m)+3kl(v)] S Ky NG T NG 1 (P{A})+P”1 (P{A})

Sm ESm (8m,0)

EA

Thanks to Assumption (S), we can use the pealing lemma (Lemma 4.23 of [34]):

Lemma 5. Let S be some countable set, s € S and a : S — R such that a(3) = infses a(s).
Let Z be some random process indezed by S and let

B(o) ={s € Sla(s) <o},

assume that for any positive o the non-negative random variable supe p(,) (Z(s) — Z(8)) has
finite expectation. Then, for any function 1 on RT such that 1 (z)/x is non-increasing on RT
and

< (o), foranyo>o,>0,

1

P{4}

)



one has for any positive number x > o,

. [Su 2(s) - Z(3)

sES x? + GQ(S)

} < dx" ().

With S = S,,, § = 5, € Sy to be specified with a(s) = d>®(3,,,s) and Z(s) = —jki(s).
Provided y,,, > o;,, one obtains

—jkl(sm) + GKL(Sm) Om(ym)  4rYo 1 16 1
EA ®n [ ZJ < 4rY 2 1 1 .
Lf‘é‘ém o <ym 5 (3 51) Comgz, v\ \RAY) T oz, B
Now using again the monotonicity of § — §~1¢,,(d) and the definition of o,,, Yym > opm,

¢m(ym) < ¢m(0m) — 0
Vym — V/nom "

and therefore

ikl (sm) + 7KL (Sm) 4kl o, 4kl 1 16 1
EA | sup % ( —J < 1m 2 + In ]
[E A B Grom) )] = om e\ \PLAT) T gz, ™\ PLAT

We can now choose s, such that for every s,, € Sy,

d*®" (50, 3m) < (1+ €2)d*®" (50, 5m)
so that

B2 (G, 5m) = PO (023, $m)) < PO ((d(Em, s0) + d(so, sm))Q) < 2P% (2 (3, 50) + d2(50, $m))
<22+ ed)d2®" (80, Sm)-

For this choice, one obtains

—jkl(sm) + GKL(Sm) 4kl o, 4Kl 1 16 1
EA Dn < J < Ty T2 - 1
Lf‘é‘ém 2 122+ )@ (s0,5m) )| T ym oz | U\P{AY) T ongz, "\ P{AT

which implies

—Jkl(8m) + JKL(5m) )] 4k o, 4kl 1 16 1
B v : — || < L=+ =2 + 1 .
v (e e ) = e+ e () + ™ (o

We turn back to the control of —v&= (jkl(5,,)). Our Berstein type control yields
n(s

o 3 m
EA [—v8 (jKI(3m))] < NI, m IP’{A})

or for any y,, > 0 and any k' > 0:

v (JK(Sm)) 1 3 \/ d?®n ( 50, Sm.)
EA n /_ <
Y2, + K2d*®n (50, Sm) Yz, + K2d?®n (50, 8m) \ 24/p(1 — IP’{A} IP’{A}
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3 1 1 2 1
In + In ( ) .
K/ p(1 — p) \/ny2, (P{A}) myz, P{A}
We derive thus

EA[ n( —JkL(5m) + GK(Sm) )+ —vp " (GkL(5m)) ]

Y2, +2(2 + €q)d?>®n (50, 5m,) Y2, + K2d?%n (s, Sm)

4H10m o 3 1 1 ( 1 ) n 18 1 < 1 >
K n n
T Ym ? 4k/\/p(L = p) | \/ny2, P{A} Y, P{A}

Let #/, such that /,°> = 2(2 4 €4)/(1 + €q), using d>®" (s9, ) > d2®» (s, 3m)/(1 + €q), we have

V®n( kL) + KL (Em) ) —vE" (jl(5m) >>V®n( — ki (5m) )
T\gn F 22 ) (s0.5m) ) g2 4 RO (s0,5) T Wi 202+ €a)d (50, 5m)

and thus

—jkl(8m) Ko 1 18 1
i (rrtani)] =g o i) (o)
{V" <y7271+H6d2®n(50a5m) o nyz, Play) " e " \P{A}

where k(= 2(2 4+ €q)/(1 + €q), &) = 4xY and kb = 4kl +3/(4/p(1 — p)K}). O

B.4 Behavior of the constants of Theorem 1Single model maximum
likelihood estimation and Theorem 2A general theorem for penal-
ized maximum likelihood conditional density estimation

We explain now the behavior of the constants Iio and C5 with respect to C7 and p. As shown in
the proof, if we let €pen =1 — C% then C7 = and Cy = = k(1 so that it suffices

—epen 1— ep en

to study the behavior of kg.

. Cpepentog, . " k]
Now kg is defined as equal to ”p’ziép with Open the root of (% + egljp) ko = C)p €pen
where we use the constants appearing in Lemma 3Proof of Theorem 1Single model maximum

likelihood estimation. This implies

Cpepenegen 2 <Ii/1 + Ii/2 18 > 18
Kp=——F— = 9 n + :9 n(’€/1+"<‘-‘/2)+_
Hé) pe epen egen Pe P
Solving the implied quadratic equation Open (k] + K5) + E =602, ”:pe“ yields
72C ,€pen
o ol ) (/1 e + 1)
pen 2C s€pen
and thus
Hf)(li/1+lﬁl2)2 (”1+P’:€)2(%1)%Z)2+1) 18
Ko = 4+ —
2C €pen Jo
Now

Pk — 3K é 3 _ 1 . 1—p
R 4<2 2p(1p)+ﬂ+\/p(1p)> \/p(lp)<3 ﬁ+12+16\/ P)
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and using that for any e > 0, once €4 is small enough, 2 > «/; > 2(1 —¢)

3 42 3 1

3
= 4
TN T PO s e BN () (U RS R sy (24 5553)

2
1 3 T—»

K+ 2§7(3m\/§+54+ 116 —) .
(Rt m) < ) -

Now using 4 < k{, < 4(1+¢€)

2
4(1+6)(3H\/§+54+8(%_6)+161/1—;E) ( 1+%+1) 18
+ —
2p(1 = p)Cpépen P

r "
Ko = 4Ky +

so that

Ko <

<
Cpp(l - p)epen

2
3 1—p 72C e
2(1 3kV2 + 54 16 14— ——ppen 18C,(1 — on
X<(+€>(“f+ s S (\/+PH6(H§+H’2)2+>+ 2 ”)E">

This implies that ko scales when p is close to 1 proportionally to

1 P

Cop(L = Plepen (1 — p)2 (1n (1 + Tpp) - p) €pen

and thus explodes when p goes to 1 as well as when €pen goes to 0.

Note that, as it is almost always the case in density estimation, these constants are rather
large, mostly because of the crude constant appearing in Theorem 6Proof of Lemma 3Proof of
Theorem 1Single model maximum likelihood estimation. Indeed if we denote o4 the supremum
over all models of the collection the right hand side of the previous bound on xq can already be
replaced by

1
Cop(L = p)épen

2
1* 2 en
X (2(1+e) <3m/§+42+6\/§oM+ 2 13 + 16 —p) <\/1+L")2+1> +180p(1p)epen>.

() ; pry (R + R

which is much smaller than the previous quantity as soon as o a4 is much smaller than /2, which
can be ensured in the models of Section 4Partition-based conditional density models provided
we limit their maximum dimension well below n, for instance to n/In*(n).

C Proof for Section 4.1Covariate partitioning and condi-
tional density estimation (Covariate partitioning and
conditional density estimation)

Proof of Proposition 3Covariate partitioning and conditional density estimation. We start by the

24 —dxJ 1 Inn , e ) Inn
UDP case, as we stop as soon as =X > 2 <5, J< TxIns and thus there is at most 1+ Tx o3

different partitions in the collection, which allows to prove the proposition in this case.
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The proof for the RDP, RSDP and RSP cases are handled simultaneously. Indeed all these
partition collection are recursive partition collection and thus corresponds to tree structures.
More precisely, any RDP can be represented by a 2§—ar‘y tree in which a node has a value 0 if
it has no child or the value 1 otherwise. Along the same lines, any RSDP (respectively RSP)
can be represented by a dyadic tree in which a node has the value 0 if it has no child or the one
plus the number of the dimension of the split (respectively one plus the number of the dimension
and the position of the split). Such a tree can be encoded by the ordered list of the values of
his nodes. The total length of the code us thus given by the number of nodes N(P) time the

encoding cost (respectively HE—%W bits, [%—‘ bits and [%—‘ + HE_ZD As this code is
(X)

decodable, it satisfies the Kraft inequality and thus, using the definition of BS
By «(%)
Z 2 NPT <1 e Z e NPIB " <
Pesy) Pesy)

It turns out that the number of nodes N(P) can be computed from the number of hyeprrect-
angles of the partition ||P||, which is also the number of leaves in the tree. Indeed, each inner
node has exactly 2% children in the RDP case and only 2 in the RDSP and RSP case, while, in
all cases, every node but the root has a a single parent. Let d = dx + dy in the RDP case and
d =1 in the RDSP and RSP case, we have then 2¢(N(P) — ||P|) = N(P) — 1 and thus

2P —1 _ 2 2 e (x
N(P) =g = s IPI+ (1 = ge—5 ) =« IPI + (1 = ™)

X)

with cg( as defined in the proposition. Plugging this in the Kraft inequality leads to

X X X X X * (X X X
3 e=ca By NPI+BI (5 ) <1 o S o= By NP < By (1=c5 )

Pesy™) Pesy™)

Let now ¢ > CS(X),

X * (X X X * (X
3 e B IPI < 3 o= (e=ct N B P p=eg ™ By P

Pesy™) Pesy)
and as ||P|| > 1

X * (X X * (X
< e ema MBS N B IP

Pesi®

P

_o* (X)) gr(X) F (X)) g*(X) *(X) ,g*(X) *(X)
< e—(c—co )Bg e(l—c0 )B; _ eBU e—cBU _ ES(X)G_CCU

which concludes this three cases.

For the HRP cases, it is sufficient to give the uppermost coordinate of the hyperrectangles
ordered in a uniquely decodable way based on the following observation: assume we have a
current list of hyperrectangles, the complementary of the union of these hyperrectangles is either
empty if the list contains all the hyperrectangles of the partition or contains a lowermost point
that is the lowermost corner of a unique hyperrectangle. Furthermore, this hyperrectangle is
completely specified by its uppermost corner coordinates. Starting with an empty list, an HRP
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partition can thus be entirely specified by the list of uppermost corner coordinates obtained
through this scheme.

This leads to a code with ||P|| x dx [122] bits for each partition that satisfies the Kraft
inequality

HRP(X)

HRP(X HRP(X
Yoot <1 Y e gl
PES}-IRP PengP(;\’)
HRP(X
Now for any ¢ > ¢, ( )
HRP(X HRP(X HRP(X HRP(X HRP(X
Y e Rl ol Y el ) BIP || P| =g T BIP |1 p|
736SgRP(){) ,PESHR,P(X)
HRP(X HRP(X HRP(X HRP(X
< e (ema™INBIT SR B
HRP(X)
PES,
_ HRP(X)\ ,HRP(X) HRP(X) _  pHRP(X) _ _~HRP(X)
<e (c—cy )B, zeBU e cB, :EglRP(X)e cCy

which concludes the proof.
O

D Proof for Section 4.2Piecewise polynomial conditional
densities estimation (Piecewise polynomial conditional
densities estimation)

Theorem 3Piecewise polynomial conditional densities estimation is obtained by proving that

Assumption (Hpe p) and (Spe p) hold for any model Spe p while Assumption (K) holds for

any model collection. Theorem 3Piecewise polynomial conditional densities estimation is then

a consequence of Theorem 2A general theorem for penalized maximum likelihood conditional

density estimation.

One easily verifies that Assumption (Spe p) holds whatever the partition choice. Concerning
the first assumption, we have

Proposition 7. Under the assumptions of Theorem 3Piecewise polynomial conditional densities
estimation, it exists a Dy such that for any model Spe p, the function

¢pep(0) =0y/Dpep <\/ 1 ||7329| + D, +\/_>

satisfies the properties of Assumption (Hpe p).

. . 1 .
Furthermore, Dpe p = na%Q’D where ope p is the unique root of ;(b’pQ,D(O') = /no satis-
fies

2
@pr D > (C +1H ||7)Q|> Dpr7D

with Cy, = 2D, + 2.
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This is deduced from
Proposition 8. VSpe p,Vspe p € Spe p,

2

1 n
Hi 420 (3, Spe p(spep,0)) < Dpep ( P

D, +1
+ +n5)

which is later proved and Proposition 2Jensen-Kullback-Leibler divergence and bracketing
entropy combined with the inequality

2

+2D, + 2.
HPe

2
11 n? +D,+r] <1
—In ————— . T <
2 ZRLGPHQZH

The proof of Kraft type assumption,

Proposition 9. Under the assumptions of Theorem 3Piecewise polynomial conditional densities
estimation, for any collection S, it exists a ¢, > 0 such that for

Tpep = (AB("’ + (B + 43) 1P+ B Y ||Ql|>

RIEP

Assumption (K) is satisfied with Z e fPep <1
SPQ,DES

is obtained by using Proposition 3Covariate partitioning and conditional density estimation
for both P and Q. The complete proof is postponed after the one Proposition 8Proof for Sec-
tion 4.2Piecewise polynomial conditional densities estimation (Piecewise polynomial conditional
densities estimation).

D.1 Proof of Proposition 8Proof for Section 4.2Piecewise polynomial
conditional densities estimation (Piecewise polynomial conditional
densities estimation)

We rely on a link between the || - ||2 and the || - [|oo structures of the square roots of the models
and the relationship between bracketing entropy and metric entropy for || - ||s norms.
Following Massart [34], we define the following tensorial norm on functions u(y|z)

1 & 1 —
El- > ||u('|Xi)||§] and  [u|%®" =E lg > |u(~|Xi)|io] :
=1 =1

A, the reference measure is the Lebesgue measure, ||ul|22» > ||u||2®". By definition d®=(s,t) =
H\/_ VE|$™ and thus for any model S, and any function s,, € Sy,

Hpy o (8, Sim(sms0) = Hyy o (0 { € VS|l = vl < o)

ul| 55 =

If /S, is a subset of a linear space /Sy, of dimension D,,, as in our model,

Hj g2 (6, Sm(sm, 0)) < Hpy o (57 {u € \/—S_m‘HU — VEmll5" < a})
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so that one can replace without any loss of generality /s,, by 0 and use

Hyj a0 (5, S, ) < Hyg o (5, {w € VB0l < o).

Using now || - [|€» > || - |5, one deduces

Hyy a0 (5, Sm(sm, 0)) < Hygjon (5 {w € VSl < o).

As for any u, [u—d/2,u+48/2] is a §-bracket for the ||-[|2» norm, any covering of {u €VSm ’ Ju|ls™ < o}
by || - |2 ball of radius /2 yields a covering by the corresponding brackets. This implies

6 _
H['],d®n (6; Sm(smaa)) S H||||g" (5, {U [SIRV Sm‘||u||§" S 0‘}) .

The following proposition, proved in the next section, is similar to a proposition of Massart

[34]. It bounds this last entropy under an assumption on a link between the || - |22~ and | - [|3%"

structures:

Proposition 10. For any basis {¢r}1<k<D,, 0f V/Sm such that

DWL
VB ERP™, || Brewl3® > 118113,

k=1
let
1 ’Din gn
Tm({on}) = sup = |Zk_||16|ﬁk¢k| .
S BrgrevSn\{0} V™ %

and let T, be the infimum over all suitable bases.
Then 7,, > 1 and

Hy g <§ {ue Veulul$ < o}> <D (Cn+1n %)

with Cp, = In (KooTm) and Koo < 24/2me.

In our setting, using a basis of Legendre polynomials, we are able to derive from Propo-
sition 10Proof of Proposition 8Proof for Section 4.2Piecewise polynomial conditional densities
estimation (Piecewise polynomial conditional densities estimation)

Proposition 11. It exists

dy
Tpop <[] (\/Dd 112Dy + 1) sup L

d=1 R EP2 V| P[[/IRG]

s0 that Vspe p € Spe p,
g
H[‘]vd®” ((S, SPQ7D(S7DQ,D; U)) < D"PQ,D (CPQ,D +In g)

with Cpe p = In (Iioo?pgyD) and Koo < 24/ 2me.
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Now one verify that

1 if all hyperrectangles have the same size

RX e’pQ /|7)Q /|Rlxk {W/PQ otherwise.

Remark that when x(X) = UDP(X), x())) = UDP(Y) and Q; is independent of R;, all the
hyperrectangles have the same size and that the n? corresponds to the arbitrary limitation
imposed on the minimal size of the segmentations. If we limit this minimal size to ﬁ instead

of % this factor becomes n.
Let

D,=1n <noo ﬁ <\/Dk 112Dy + 1))

k=1

we have slightly more than Proposition 8Proof for Section 4.2Piecewise polynomial conditional
densities estimation (Piecewise polynomial conditional densities estimation) as Vspe p € Spe p,

= 5s D (D* +1In %) for the same size case
[[],d®n ( ) PQ7D(SPQ7D75)) S Ppep (%lnﬁJrD*Jrln %) otherwise

D.2 Proofs of Proposition 10Proof of Proposition 8 Proof for Section 4.2Piece-
wise polynomial conditional densities estimation (Piecewise poly-
nomial conditional densities estimation) and Proposition 11Proof
of Proposition 8Proof for Section 4.2Piecewise polynomial condi-
tional densities estimation (Piecewise polynomial conditional den-
sities estimation)

Proof of Proposition 10Proof of Proposition 8Proof for Section 4.2Piecewise polynomial conditional densities estima

Let (¢r)1<k<p,, be a basis of v/Sy, satisfying

2,®n

VB € RPm, > [|8]13-

Note that for 8 defined by V1 < k < D,,,,Br =1

2,®n D, 2,®n
Zﬁmk > 1> Bior|| = 118115 = D = DunlIBl%
k=1 2
so that 7, (¢) > 1.
Let the grid G,, (9, 0):
BeRP|V1 <k <Dy, Bk € Zand min = [|8— )l £ ———— }
{ =D rm( B8 ll2< | | 2D, m( )

By definition, for any u’ € v/S,, such that ||u/[|$" < o there is a 3’ such that u/ = Zf;”l 1. Ok
and ||#'||2 < 0. By construction, there is a 5 € G,,,(d, o) such that

18- Bl < 5.
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The definition of 7,,, implies then that

Do ®n
Zﬂ;c‘bk SFm(d’)VDm”ﬂ*ﬂlHoo
k=1 o

IN
NI >

The set {kazml ﬁkqﬁk‘ﬂ € G (9, a)} is thus a % covering of {u € \/Sm‘|\u|\§” < a} for the ||-[|<r
norm. It remains thus only to bound the cardinality of G, (4, ).
Let G, (8, o) be the union of all hypercubes of width ﬁw) centered on the grid G,, (4, o),

by construction, for any f € G,,(0,0) there is a ' with |||l < o such that |8 — Bllec <
m. As [|B" = Bll2 < VD" — Bllo, this implies [|]|2 < o + = ( 5- We deduce then

o)

Vol (m) = G (8, 0)| <%w))pm < Vol <{ﬂ € RPm

DpT

6 DWL
= (U 5 (¢)) Vol ({8 € RP"[||8]|2 < 1})
and thus
UFm((b) P D. /2 D
Gn(@.0) < (1+=—5=)  DR/*Vol ({5 € RP"[||B]l < 1})
_ D /2
and as 02 > Land Vol ({5 € R3]z < 1}) < (%)
2V (¢)0 )"
G0 (0.0)] < (22707
which concludes the proof. O

Instead of Proposition 11Proof of Proposition 8Proof for Section 4.2Piecewise polynomial
conditional densities estimation (Piecewise polynomial conditional densities estimation), we prove
an extended version of it in which the degree of the conditional densities may depends on the

hyperrectangle. More precisely, we reuse the partition P € S;(X) and the partitions Q; € S;(y)
for R; € P and define now the model Spe p as the set of conditional densities such that

s(ylz) = Z P 1{(w,y)€73fk}

MGPQ

where Py x is a polynomial of degree at most D(R},) = (Dl(Rle), ..., Dag, (Rlxk)) .
. : : :
By construction,

dim(Spep) = > > ﬁ (Dd(Rfk) + 1) —1

RIEP Rllikegl d=1
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The corresponding linear space /Spe p is

Z PRLX,k (y)l{(xvy)enlx,k} deg (PRLX,k) = D(R;k)
R EPL

Instead of the true dimension, we use a slight upper bound
dy dY
Drop= 3 > [[(Parip+1)= 3 I (DaRiy)+1)
RI€EP Rl)fkegl d=1 R;fke'PQ d=1

Note that the space Spe p introduced in the main part of the paper corresponds to the case
where the degree D(R/,.) does not depend on the hyperrectangle R}, .

Proposition 12. It exists
d
SUPR X ePe [TaZs (ZDdgnd(Rik) V2Dq + 1) 1
sup ———
. d X
1nfRﬁkepQ | ) Dd(Rfk) +1 RX.€P2 \/[[P][\/ |Rlxk|

such that Vspe p € Spe p,

FPQ,D S

H[']vd®" (5’ SPQ,D(SPQ,Da U)) <Dpep (CPQ,D +1In %)

with Cpe p = In (HOOFPQJD) and koo < 24/2me.

Proposition 11Proof of Proposition 8Proof for Section 4.2Piecewise polynomial conditional
densities estimation (Piecewise polynomial conditional densities estimation) is deduced from this
proposition with the help of the simple upper bound

Z V2D4+1 < (Da(R},) + 1)1/2Da(R},) + 1.

D4<Da(R[})
To be able to choose the polynomial degree, it is sufficient to upper bound the ratio
d
Supnikepg Hdi1 (ZDdSDd(Rfk) V2Dg + 1)

) d
1nfRikepQ | Dd(RZk) +1

over all choices of degrees to obtain Assumption Hpe p for both the global choice and the local
choice. Obtaining the Kraft type assumption, Assumption (K) is only a matter of taking into
account the augmentation of the number of models within the collection. Replacing respectively
A by AXY) 4 In|DM| for the global optimization and B by B;®) + In|[DM| for the
local optimization, where [DM| denotes the size of the family of possible degrees turns out to be
sufficient.

Proof of Proposition 12Proofs of Proposition 10Proof of Proposition 8Proof for Section 4.2Piecewise polynomial con
Let Lp be the one dimensional Legendre polynomial of degree D and Gp = /2D + 1Lp its
rescaled version , we recall that

VDeN, |[Gplle=v2D+1 and ¥(D,D')e N2, /GD(t)GD/ (t)dt = 6p.p
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Let D € N | we define Gp as the polynomial

GD17~~~,D.1Y (y) =Gp, (yl) XX GDdY (ydy)a

by construction

VDENCIY, Gplle = H V2Dg+1

1<d<dy

and

DY N2 [ GGy = G
y€[0,1]

X RLXk _ RY
Now for any hyperrectangle R/, , we define G ,"* (x,y) = MG‘D (T™k(y ))1{(117!)672&} (x)

Y
where T 1% is the affine transform that maps RY,, into [0,1]%" so that

RX
VR, € PEVD e NV, |G oo = Il V2Di+1
\/| lk| 1<d<dy

and

V(R Ry ,) € (P2 W(D, D) € N =2,

/ / (x y)GDf H(@,y)dydz = dpx px Op,pr.
[0,1]¢x Jyelo, 1]dY

1k ke

Using the piecewise structure, one deduces
2

2| 2> e

€P2 D<D(R},) 9

1
—E Z {xlem} Z / Z ﬂgz,leGRlR )| dyds

RiEP RY e’ @VERIL | pen (R RY,)

_E Z l{XleRl} Z Z ﬂgﬁk 2
RIEP RY,€Q1 DSD(R,)
« 12
_ Z P{X € Rl} Z Z ﬂgzk
R.€EP €Q1 D<D(R[,)

The space /Spe p is spanned by

R/ € P D< D(R;k)}
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R R .
but also by the rescaled ¢,"* = ———G " where ux(R;) = 137", P{)l(;aiel‘nl}. For these

Viex(Ry)

functions, one has

H S Y g

R/[,EP2 D<D(R/,)

2®’Vl

2
2

-E %Zl S Aot

R/, €PS D<D(R},)

i=1 R[,EPL D<D(R}),)

2 2
R R
P DI I T
R, €P2 DD(R,) 2
For the || - ||c type norm, we have
X X 2®n
R R
b Y. Bptep™
R, €P2 D<D(R},) S
2 =
Ly Rl RE,
=B X X Boen (M)
=1 IR}, P2 D<D(R},) o
~ 2 -
1 & RS, RX.
=2 RN X Apept (M)
i=1 i R}, €P2 D<D(R[,) o
r 2
I RX R
- EZE Z 1ixier;)y sup Z BDl’k(bDl’k(Xia')
i=1 RiEP Rllfkegl D<D(R},)
L ’ o0
r 2
I =5 |l =X
< EZE Z lix;er,} Sup sup Z Bp"* ¢Dl'k(xv')H
i=1  [R€P TERIRY, €Q D<D(R},) >
r 2
1 i 1 RX 2
< n ZE Z 1{Xi€Rz} Sup (R )|R>< | Z HGDHoo ’ ﬁDl,k
i=1 |R,eP RY,€Q KX)o g D<D(R},) oo
] 2
1 = |12
< Z [Ri|  sup W Z 1GD o ‘517“
R,EP R%kGQl I,k DSD(RlX,k) 0o
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Now

dy dY
S eole= Y Tlode=TI{ X G0l
D<D(R}}) D<D(R},) d=1 d=1 \ D,<D4(R},)
dy dY
:H Z V2Dgs+1| < sup H Z V2Dg+1
d=1 Dy<Da(R},) RLX/'MEPQ =1 Da<Da(R}, ,,)
while
dy dY
Dpep> > > it [[(Da®i)+1)>( it [ (Da®R)+1)]) 1P
RIEP RY Ry w€P 451 ' Ry w€P2 G5
1EPRY EQ ’ ’

This implies

2@n

H ZR;kePQ ZDgD(lek) Bp " ¢p

>

2
B
D

DprD

oo

2
d
(SUPRZX/ Lere IlaZ (ZDngd(Rﬁ ) V2Da+ 1))

1
< S R swp
- . d Q X
11r1leX,7k,e7,Q | (Dd(RlX,_’k,) + 1) RieP RY,€Q PR
2
d
SUPRx  epe T2, (ZDd<Dd(RLX, )V 2Da + 1> Z 1
< ’ : Ri| sup ———Fr—
. d
infrs epo ITals Da(Ry ;) +1 rRier R /PO /IRY,
2
d
SUPRx ePe [TaZs (ZDd<Dd<R§ ) V2Da+ 1> 1
< : ' sup —————— | .
. d x
mfRLX, L EP2 [TaE, Dd(RlX/,k/) +1 RKEP A/ HPQ”\/ |R1X,k|

The proposition is then obtained by a simple application of Proposition 10Proof of Propo-
sition 8Proof for Section 4.2Piecewise polynomial conditional densities estimation (Piecewise
polynomial conditional densities estimation). [l

D.3 Proof of Proposition 9Proof for Section 4.2Piecewise polynomial
conditional densities estimation (Piecewise polynomial conditional
densities estimation)

Proof. By construction

Z e TP D — Z Z Z e TPe.D

SPQ,DGS PES;(X) R.€EP QLES;O;)
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—cy <A3<x>+(33<x)+A3<y)) IP|+B; > Zmep IS II)

2. > > e

PGS;(X) RIEP Qles;(y)

j : efc*(AS(X)+B(*)(X)|'p|) H Z efc*(A(*)(y)‘FBg(y)HQl”)

PGS;(X) REP QZES;O))

By Proposition 3Covariate partitioning and conditional density estimation, one can find ¢, >
max(1, CS(X), cg(y)) such that

Z e_c*(AS(y)'i'BS(y)”QlH) < 1

* (V)
QLGS,P

and

Z oo (A B IPI) -

Pesy™)

Plugging these bounds in the previous equality yields

Y oemren < B oo (AP

Spe p€S PES;(X)

The proposition holds with the modified weights for polynomial as
Z e—cx D] _ |DM|1fc* <1
DeDM

as soon as ¢, > 1. O

E Proofs for Section 4.3Spatial Gaussian mixtures, mod-
els, bracketing entropy and penalties (Spatial Gaussian
mixtures, models, bracketing entropy and penalties)

As in the piecewise polynomial density case, Theorem 4Spatial Gaussian mixtures, models, brack-
eting entropy and penalties is obtained by showing that Assumptions (Hp x.g), (Sp.x,¢) and
(K) hold for any collection.

Again, one easily verifies that Assumption (Sp x,g) holds. For the complexity assumption,
one has

Proposition 13. It exists a constant C depending only on a, Ly, Ly, Am and App such that
for any model Sp i g of Theorem 4Spatial Gaussian miztures, models, bracketing entropy and

penalties:
1
¢px.g(0) =0 <ﬁ+ VI In— 1) dim(Sp,x.0)

satisfies the properties required in Assumption (Hp kg).

49



Furthermore, ®p kg = TLO'72;.7K7Q where op kg is the unique root of %(bp’K’g(O') = /no
satisfies

(C + /1) dim(Sp x.g)

For the Kraft assumption, one can verify that

QP,K,Q < (2 (C + ﬁ)Q + (hl L ) ) dim(Sp,K,g).
+

Proposition 14. For any collections S of Theorem 4Spatial Gaussian miztures, models, brack-
eting entropy and penalties, there is a ¢, such that for the choice

wp.icg = ¢ (A5 + B P + (K ~1) + D),

Assumption (K) holds with Z e P <.
Sp,K,gES

As for the piecewise polynomial case section, the main difficulty lies in the control of the
bracketing entropy of the models. A proof of Proposition 14Proofs for Section 4.3Spatial Gaus-
sian mixtures, models, bracketing entropy and penalties (Spatial Gaussian mixtures, models,
bracketing entropy and penalties) can be found in our technical report [13].

We focus thus on the proof of Proposition 13Proofs for Section 4.3Spatial Gaussian mixtures,
models, bracketing entropy and penalties (Spatial Gaussian mixtures, models, bracketing entropy
and penalties). Due to the complex structure of the spatial mixture, we did not succeed in
bounding the bracketing entropy of local model. We derive only some upper bound on the
bracketing entropy Hij4e. (0, Sp K,g). More precisely, we will derive an upper bound of an
upper bound of the bracketing entropy Hy 4e. (0, Sp,x,g) that is independent of the distribution
law of (X;)1<i<n: the bracketing entropy with a sup norm Hellinger distance d*'P = +/d?sup,
Hiq gsur (6, Sp K,g), where d?s"P is defined by

d*™"P (s, 1) = Sup d® (s(-|2), t(-]2)) -

Obviously d2s"P > d?®» and thus Hpy o0 (0, SP k.g) > Hpjqen (9, 9P k,g), while this quantity is
independent of the design.
As

Proposition 15. It exists a constant C depending only on a, Ly,, Ly, A and Apr such that
for any model Sp kg of Theorem 4Spatial Gaussian miztures, models, bracketing entropy and
penalties:

1
Hj gsup (0,5p.kx.¢) < dim(Sp.kx,g) (C +In 5) .

Proposition 13Proofs for Section 4.3Spatial Gaussian mixtures, models, bracketing entropy
and penalties (Spatial Gaussian mixtures, models, bracketing entropy and penalties) is a direct
consequence of Proposition 2Jensen-Kullback-Leibler divergence and bracketing entropy.

E.1 Model coding

Proof of Proposition 14Proofs for Section 4.3Spatial Gaussian miztures, models, bracketing entropy and penalties (S
This proposition is a simple combination of Theorem 3Piecewise polynomial conditional densities

estimation, of classical Kraft type inequalities for order selection and variable selection (see for

instance in the book of Massart [34]):
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Lemma 6. e For the selection of the model order K, let xx = (K — 1), for ¢ >0

Z eiczK - 1 —1€_C

K>1

e For the ordered variable selection case, E = span{e;};cr with I ={1,...,pg}, let 0p = pg,
fore>0

1
—clp
EEe E—ecilgl.

e For the non ordered variable selection case, E = span{e;};er with I C {1,...,p}, let
0 = (1+9+lnp%)pE,forcz 1,

o—(c=1)(1+6)

—cfp _
e = 0.
> 1_ o0

E

and on a crude bound on the number of different models indexed by [y Ly Dy A, ]X and
[« Ly Dy A,]. Using that there is at most 3 x 3 x 3 x 3 different type of models [u, L, D, A,]%
and 2 x 2 x 2 x 2 different type of models [u, Ly Dy A], and 3* x 24 = 1296, we obtain

*(X *(X
Z o—TKPG — Z Z Z Z Z oo (A + B VNP ~1)+Dr)

Sk, p,g€ES KeN*PeS: E [u,L.D.AJK [u. Ly Dy A,]
X X
- (E) ec*(K1)> S oo (A IP)
KeN+ PESS,

» <2D> wp Y%

Ken: [ L Dy AT [y L Dy Ay
1 if F is known,
1 if F is chosen amongst
< 12961776266_6*00 ec171 spaces spanned by the first
¢ : coordinates,

2e~(e—D(+In2) if B ig free.
Choosing ¢, slightly larger than max(1, ¢fj) yields the result. O

E.2 Entropy of spatial mixtures

Proof of Proposition 15Proofs for Section 4.3Spatial Gaussian miztures, models, bracketing entropy and penalties (S
While we use the classical Hellinger distance to measure the complexity of the simplex Sk _1 and
the set Gg1, we use a sup norm Hellinger distance on G5 defined by

d? max (81, 8K), (t1,.. ., tK)) = sgde(sk,tk).

We say that [(s1,...,5k), (t1,...,tx)] is a bracket of GE if V1 < k < K, s, < t;.
A key tool is the following Lemma that allows to decompose the entropy in three parts:
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Lemma 7. For any ¢ € (0,/2],
H[,],dsup (5, SpyKyg) < |'P|H[‘]7d(5/3, SKfl) + H[‘Ldmax (5/9, gg) + H[‘]7d(5/9, QEL)

We bound those bracketing entropies with the help of two lemmas.

Lemma 8. For any 6 € [0,v/2],

1
Hi14(0/3,8k-1) < (K —1) (Cs,“ Hng)

. 1 K
wzth CSK71 = ﬁ th + m 1H(27T€) + 1I13

1
Furthermore, uniformly on K: Cs,,_, <In2+ 5 In(2me) +In3 =Cs

proved in Genovese and Wasserman [21] implies the existence of a universal constant Cs such
that

1
Hpy,4(0/3,8k-1) < (K —1) (Cs +1ng)

while Proposition 4Bracketing entropy of Gaussian families handles the bracketing entropy of
Gaussian K-uples collection. It implies the existence of two constants C[,j« and C[,) depending
only on a, Ly,, Lyr, A and Aps such that

1
H[.]ﬁdmax (5/9, gg) S dlm(gg) (C[*]* + In S)

1
Hp3,4(0/9,Gp1) < dim(Gg1) (C[*] +1In g) )

As dim(Sk p.g) = |P|[(K — 1) + dim(GE ) + dim(Gg. ), we obtain Proposition 15Proofs for Sec-
tion 4.3Spatial Gaussian mixtures, models, bracketing entropy and penalties (Spatial Gaussian
mixtures, models, bracketing entropy and penalties) with C' = max(Cs, C[,+, Cly])- O
E.3 Entropy of Gaussian families

Instead of Proposition 4Bracketing entropy of Gaussian families, we prove the slightly stronger
Proposition 16. Let k > % and

- 3(s— %) (5— 1) _\/2—31
7H_mln<2(1+%€)(1+2)2(1+l)a2(1+%&)(1+%)2) ﬁﬁ— K COSh(g,{)+4

9

= 188, AM PE
Assume In (iM > 2015 1)
m K
AM Am ) > 1 o
S 11 Am) = 271+ 2)(V2+1) B P

Then for any § € [0,/2],

1
Hy,qme=(0/9, Gy, 1, 0. 405) < Ty oA, + Pl nap,ans, Ins
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where D[u*,L*,D*,A*],{(E = dim (@[H*,L*,D*,A*]{)(E) = cu, Dypp +cL,DrL+cp,Dppy+ca,Daypy, and
Cpy = CLy = CDy = CAy =0
I[N*aL*,D*,A*];{fE = CH*IHapE +CL*IL1PE+CD*ID7PE +CA*IA7PE wlth CP‘K = CLK = CDK = CAK = K ’

cu=cL=cp=ca=1

_ __36aBkpE
Dy = Pi Tupe =P (m (m))
D -1 S EE (408, (422 ) i)
_ pe(pe—1) an

Dp,p, = L2 T, = belee=1) <pE<1$‘,§1> + (ln (36(1 +23)(V2+ 1>BK§—§jpE))>

Dapr = pE — 1 Tape = (e = 1) (10 (10801 + 2)(vZ+ 1)8: 32 n (32 ) pi ) )

Furthermore, for any pg <p

Zype < CupDupe
IL,pE S CL,pDL,pE
Ipps < CppDppy
Taps <CapDapr

with
_ 36abp
L
CLp=1In <405ﬁ In <L—M> p)
2 Am
Cpop=(Inc+ (In(36(1+ §)(x/5+ 1)Bs3=p

Cap=In (108(1 + g)(\/iJr 1)5n§—M In (%) p)

Cup=1In

and, uniformly over K,

T < <C Wk
K max 7 B
[,u*,L*,D*,A*]pE = @.L. D/ ALK HsP CH/*K/ + cL. + CD’*% + CA’, (K/ — 1)
+e e
L,p ’ r_
e, K"+ evy + epy UG 4 ea (K7 - 1)
K'(K'-1)
+Cp e —
P ! —
cu K"+ e + CD;W +car (K —1)
ear (KM —1) >
+ Ca, S ATa Dy, LD, ALK
pCM/*KI+CL’* +CDLW +CA/*(KI_ 1) [w ]pE

S maX(Cu,p, CL,p; CD,p) CA,P)D[M*,LMDHA*];?E

where the max is taken over all the Gaussian set type and all number of classes considered.
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Proof of Proposition 16Entropy of Gaussian families. We consider all models Gy, 1, a, D,]x at

once by a “tensorial” construction of the ¢/9 bracket collection.
We define first a set of grids for the mean p, the volume L, the eigenvector matrix D and the
renormalized eigenvalue matrix A from which one will construct the bracket collection.

e for any 0, the grid G,(a, pg,d,) of [—a, a]P”:

g#(avaa 5#) = {95#

a
sew gl < -
w

e for any 5L; the grid QL(Lm, L]\/[, 5L) of [Lm, LM]t

GL(Lymy, Lpg, 01) = {Lm(1 4+ 61L)90g € N, L, (1 +61)? < L}

e For any dp, the grid Gp(pg, dp) of SO(pg) made of the elements of a dp-net with respect
to the || - |2 operator norm (as described by Szarek [41]).

e for any da, the grid Ga (Am, Aum, pE,0a) of AN, An (1 +04),PE):
QA(Am, )\M,pE,(SA) = {A S A()\m,AM(l + 5A),pE)|V1 <i<pg,dg9; € N,A; = )\m(l + 5A)gi}.
Obviously, for any p € [—a,a], there is a it € G, (a,pg,d,) such that

72— pl* < proy,

PE 4 PE
Guapedl < (142" <max (2, (3)).
Oy Ou

In the same fashion, for any L in [L,,, L], there is a L e GL(Lm, L, 01,) such that (1 +
5L>_1LjL <L< LjL while
In (L)

L’maL 75 Sl .
|GL( M, 0L)| + (1 + o)

while

If we further assume that o, < % then In(1 4+ dy,) > 1%5L and

101n (g—w)
S

201n (%)

Lows Lag,60) < 1
|GL( M, 0L)| + 95.

< max | 2,

By definition on a dp-net, for any D € SO(pg) there is a Degp (pE, op) such that
vz, | (D — D)z|l2 < dpl|z|2.

As proved by Szarek [41], it exists a universal constant cg such that, as soon as op < 1

1 PE(PQE*U
|Gp (pE,dp)| < c (5—)
D
where % is the intrinsic dimension of SO(pg).
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The structure of the grid Ga (Am, Aa, pE,04) is more complex. Although, looking at the
condition on the pg — 1 first diagonal values, we have

() )
2 N~ 7

)\’ITL))\ 9 ,5 S
|Ga( MsDE;OA)| + T

where pg — 1 is the intrinsic dimension of A(A,,, Ay, pE). If we further assume that 64 < %
then In(1 4 64) > %51; and thus

pep—1 e—1

Am,A 9 ,5 S 2 b
|Ga( MsDE;OA)| + 360 TN

A key non trivial property of this grid is the following approximation property:
Lemma 9. For A € A(Am, A\ur, pE) there is Ac Ga(Amy Aar,PE, 0A) such that

|A;Z.1 — A7l < 0aN,

Define ¢, = c1, = cp, = cay = 0,4 = CLx =Dy =cCa, = K,cy =cL =cp =ca = 1.
Let fr ., ps be the application from (RPZ)“* to R¥ defined by

0 (f0,15- -5 Mo, ) if pie = pio
(15 i) = (s p) i s = pre
o= (s ) if pe = p

and fx1, (respectively frp,p, and fx a, ps) be the similar application from (RT)“* into

(R*)K (respectively from (SO(pg))™* into (SO(pg))™ and from (A(0, +00, px))* into (A(0, +00, pr))™).
By definition, the image of

([=a,a]?)™ X ([Lam, Lar])™* % (SO(pe))™* X (A(Am, Ant, pr)) ™
by (fi s pe @ fLi.pn @ fKD.pe ® fK,A,) IS, up to reordering, the set of parameters of all the
K-uples of Gaussian densities of type [1x Ly, Dy, A,]¥.

We will construct our 6/9 with a grid on those parameters. For any K-uples of Gaussian
paramters ((p1,21), ..., (UK, XK)) and any dx, we associate the couple

( ((1 + H5E)7PE@#1,(1+5):)71217 (1 + KéE)pE(I)Ml,(l-HSz)Zl) PR

(1 + kb)) PED,,, (14om) 1555 (L4 KID)PE D, (146y)5 ) >

We prove that, for the v, and 8, defined in Proposition 16Entropy of Gaussian families and
any K > %, the choice

X

o erLmAmrM 5
1) 5 2

K PE

—_1 5
0L = 155, pe R

_ _ 1 Am 0
Op = da 36(1+2)(V2+1)Bx AM PB
§yn= L &
= 98k PE
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is such the image of

(Gu(a,pr;0,)™ X (GL(Lm, Lar, L)) % (Go(pe; 0p)) ™ X (Ga(Ams Anrs pi, 0a)) M

by [k, e @ fLi.pe @ fED.pp @ [K,A, 18 a set of parameters such that the corresponding set
of couples is a §/9-bracket covering of 9w, 1. D, ALK for the d™* norm.
Indeed, we have

Lemma 10. Let k > 3, ~, = min< 3(”_%) (v — l)
S 21+ 3)1+5)°0+3) (1+2—“)(1+ 2)2
K2 cosh(gl) + 1 Forany0< <2, any pg > 1 and any s, < 95 p‘;

1

1
Let (i, L, A, D) € [—a,a]’® X [Ly, Las] X A(Am, +00) x SO(pg), define > = LDAD/,
t7(x) = U+ w02) P2, (o 5os(@) and t7(z) = (1+ KE)PED, (45,05 (2).

then [t~,tT] is an §/9 Hellinger bracket.
Furthermore, let (u, L, A, D) € [—a, alP® X [Lp, Lpy] X A(Am, Anr) X SO(pg) and define ¥ =
LDAD'. If

) and B, =

T

= all? < pEYeLlm )‘mA:I‘SQ

(1+ %)~ 1L<L<L

VI<i<pp |4 - A7 < srmva a0

Vo e RP?, || Dz — DxH S mi—ﬁ%ﬂwﬂ
then t~(z) < @, 5(z) < tH ().

as proved later. By definition of d™**, this implies that our choice of 6, dr, dp, da and oy
is such that every K-uple of couples of the collections is a §/9-bracket and they cover the whole
set.

The cardinality of this 6/9-bracket covering is bounded by

PE Cpux L CL,
" 20In (4
max | 2PP, | —— X | max 2’176
\/'YNLmAmAAl ks 918ﬂmP_E
gﬁr PE
rgPg—1) €Dy
1
N\ T s
36(142)(vV2+1)B. AM PE
pe—1 CAy
74111(/\1”)
pe—1
X | max | 4 '\ 36 o 5

36(1+2 )(f+1)ﬁﬁ AM PE

PE Crx CLy

L
36a8.pE 108, 1n (422 ) pi
| Y X | max | 2, 5
v/ Ve Lm )\m/\;’;5

prrpp—1) €Dy
(36(1 +3)(V2+1)B, iMpE>
X C 5

max | 2PF
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pep—1 CAx

108(1 + 2)(V2 +1)B,32 In ( X ) E

X | max | 477~

’ 0
So that under the mild assumptions that
Vi
a2z 1803 L )\m Am PE
L

ln(LZ)Zmﬁﬁé ,
Am Am 1 0

Xt 11 (Am) 2 FATD(Var 1B pF

Hiamx(0/9, Gy, 1, D, ALIE)

< 1
M tin

VoL A g

m/\M
L 1
+cL, ( (406,€1n (L:) pE) +In 5)
pe(pe — 1 Inc A 1
o 202 ><pE(pE_1)+(ln(36<H D20 0 ) ) |
2

+ea,(pp—1) <1n <108(1 ) )(\f + 1>5" (i—Z) pE) o %)

which concludes the proof. [l

< Cu.PE In

E.4 Entropy of spatial mixtures (Lemmas)
Proof of Lemma 7Entropy of spatial miztures. This a variation around the proof of Genovese
and Wasserman [21].

Let {[Wf, ﬁf] ey |:7T;[SK71 , ﬂ-JJ'\}SK—l }} be a minimal covering of §/3 Hellinger bracket of the
simplex Sk _1. Let

{ [(t;a 1,10 tE,K,l)a (tg,mv S 7tE,K,1):| REER) [(tE,LNE,Ka s ’tE,K,NEYK)a (tE,LNE,Ka s ’tE,K,NEYK)} }

be a minimal covering of §/9 sup norm Hellinger bracket of Gg x and { [ L tJECL 1] - [tlz1 N, tJbCLNEJ }
be a minimal covering of §/9 Hellinger bracket of Gg1. By definition, In Ns,._, = H, (6/3 Sk— 1)
1HNE7K— ]dmdx(5/9 QEK) and 1HNEL—H[ (5/9 QEL)

By constructlon

K
{ [ Z (Z WiTRL],k g (¥) tEL,jEL (y)) Lizeriys Z (Z T3[R,k E i (y) t;,l (y)) 1{ze7€z}]
k=1

R.€EP R.€EP

1 <4[Ry] §N8K171§j§NE7K,1§l§NEL}

is a covering of the model Sk p ¢ of cardinality exp (|7)|H (1,d(6/3,8k—1) + Hpj amx(6/9,G5 k) + H(,a(6/9,Gp1)) -
It remains thus only to prove that each bracket is of sup norm Hellinger d*"? width smaller
than 4.
Using
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Lemma 11. For any 6 Hellinger brackets [t~ (x),t+ ( ), if for any x [u(z,y),ut(z,y)] is an &
bracket and § < /2/3, then [t~ (z) u™ (x,y), tT (x)ut (x,y)] is a 36 Hellinger bracket.

we obtain immediately that
@ (e () i () () T () < 9(5/9) = (6/3)%

We denote {t;;l, tz;‘l} the corresponding §/3 Hellinger bracket.
By definition,

K
dQS“p<Z <Z7T (Rl k Lol )) Lizersy Z (Z”znz]k kgl )> 1{936731})

RI€EP RiEP
K K

_ 2 Z Z ++
= sup d ﬂ-z[RL k k Iy l’ ﬂ-z[RL k tk 75l

RieP k=1 k=1

2

<Su1:l)d (E Wzktkgl’g 7le k;]7>

4,35

Seeing m; gk, ;,1(y) as a function of k and y, we can use

Lemma 12. For any brackets [t~ (x),t"(z)] and if for any z [u™(z,y),ut(z,y)] is a bracket
then

d; (/z ti(ZE)’Mi(SC,y)d)\I(:L'),/ItJF(;L')uJF(;L',y) d/\z(:c)) <2, (t (@) u (2,y),t (@) ut(z,y))

to obtain
K K
o ( 3 (z%,},ktw <y>) Loy, 3 (Zm L >) 1{%})
RieP \k=1 RieP \k=1
<supdf, (mig i) i 50 (0))
2,7,

and then using again Lemma 11Entropy of spatial mixtures (Lemmas)

9(5/3)* =

Proof of Lemma 11Entropy of spatial miztures (Lemmas).
(™ () u (z,y),t* (x) ™ (z,y))

// \/t+ Jut(z,y) = Vi~ (2)u(z,y ) dAs () dAy (y)
- [ (vF@ (Vi ¢u—<w,y>) + (V@ V@) Vi @) dhee) dhy ()
- [ (¢ (Vi@ - vawn) + (Vi@ - V@)
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+2/@) (V@) ~ V@) V@) (Ve o) - vV (@,9)) ) A () d), (y)
— [ @@ )t ) dhale) + B (@, @) swp [0 () )

x

+2/\/t+ \/t+ t‘(w))/\/u‘ z,y) \/u+ (z,y) = Vu (z y) y(y) dAz(2)

< < /t+(x) dA; () sgpd(u‘(m,y), t(z,y)) +dt (z),tT (2 sup \// (x,y) dAy( ) .

Using
Lemma 13. For any §-Hellinger bracket [t~,t%], [t~d\ <1 and [tTd\ <1+ 2(v/2+/3)0.
we deduce using § < \/5/3

d*(t () u (z, ), tT(2)ut(z,y)) < (\/1 +2 (\/§+ \/5) 0+ 1) 52

<962
O
Proof of Lemma 12Entropy of spatial miztures (Lemmas).
d (/t Yu~ (z,y) dA; (), /t+( )u+(x,y)d)\z(x))
<\//t+ Yut (2, 1) dAg ( \// Ju~ (z,y) dAs( )>2dky(y)
/y/zﬁ() *(a,y) dA, (z // )u~ () dAy (y)
—2/\//t+ )ut (2, y) dAg( \// ~(z,y) d\s (z)dXy (y)
/y/ﬂCtJr Tz, y) da( // Ju” (z,y) dAg (z) dAy (y)
72//\/# Yut(z,y) Vi~ (@) u= (z,y) dA\s (z) AN, (v)
<d, (t7(x)u (z,9),t" (2) u™ (z,y))
O

Proof of Lemma 13Entropy of spatial miztures (Lemmas). The first point is straightforward as
t~ is upper-bounded by a density.
For the second point,

/t*dA:/(ﬁft*) d)\+/t’d)\§/<\/t_+f\/t_*) (\/t_++\/t_*) dA+1
g2/(\/t_+—x/t_—)\/t_+dA+1g2</(\/F—\/F)2dA)1/2 </t+d)\>1/2+1
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1/2
/t* dA§25</t+d>\> +1

Solving the corresponding inequality and using § < v/2 yields

/t+d>\§ (5+\/1+52)2§1+2(5+\/1+52)5§1+2(\/§+\/§)5

E.5 Entropy of Gaussian families (Lemma)
Proof of Lemma 9Entropy of Gaussian families. We define first g; as the set of integers such that
Vi<i< pE,)\m(l + 6A)gi < Ai,i < )\m(l + 6A)gi+1.

1

H?flﬁlA“',
1 (1+464)"Pe—1) 1
N Y [ — < Apppr < N Ty o
H (1+5A)g1+ Hi:l m(l +5A)gz H (1+5A)91
There is thus an integer d between 0 and pg — 2 such that

Qo= Oregt
HPE DY (1+5A).‘7i be.be = HpE D) (1+6A)§i

Defined then g; = g; + 1 if i < d and g; = g; otherwise, then

By construction §; € N and A, (14 64)% < Apr. Now as Ay, pp =

V1l <i<pg, )\m(l + (SA)gi_l < Ai,i < )\m(l + 5A)gi+1
which implies A, (1 + 5a)% < (14 da)An. Now

1 (1+6a)71
[ A (L0090 T A1+ 0)0

and thus

(1+6a)7" 1
—1 < APE7PE — 1
[EZT Am (L +6a)9 [IZ Am(1+0a)%

which implies
1
o H”E P A (14 8a)9

Thus the diagonal matrix A defined by

A

<(140a)Am

V1<1<pp—1,4;; =\u(1+34)%

and IzlpE,pE = ﬁ belongs to Ga(Am, A, PE,04). Furthermore, we can write for any

A;
i=1 ot

1<i<pp—1

/Lz(l +0a) <A < /I“(l +04)
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which implies
AT+ 6a) T < A7 < A7 (14 64)

)

and thus

_ o T P 0A
1 1 1 —1 1
Al — ATl < Ayl max (1464 —1,1— (1+64)7") = A;] max (5A, 1+5A)

<\ oA.

Along the same lines,

(1 + 5A)71APE1PE < ApEwa < ApEypE
thus

Al <A < (1404)A50

PEPE — " "PE>PE PEPE

and

A = ATl <AL oA < ALMoA.

PE,PE E PE;PE

O

Proof of Lemma 10Entropy of Gaussian families. We prove first that [t~ ¢ 7] is an §/9 Hellinger

bracket. As (14 d5)57! — (1+6%) 1271 = ((1+0x) — (1 +6x)71) E7! is a positive definite
matrix, one can apply

Lemma 14. Let ®(,, x,) and @(,, ,) be two Gaussian densities with full rank covariance matrix

1

in dimension pg such that Zfl — X5 7 is a positive definite matriz, for any x € RP?

D, 3 (@) 22| (1 / —1
Pyazo) el (L (8 20 - ) )
(I)(Hz,zz)(x) |21| 2

proved by Maugis and Michel [35]. This yields using eventually x > %

t(z) (1 + rox)~PE ¢M,(1+6z)*li($) < 1 (1+ éx)rm < (1+ dx)P®

t(x) (14 Kkdx)PE @, qysms(@) T (L+r0p)2e \[ (1+405)77e = (14 kéy)?e
PE PE
< 14 o < 14 o <1
— \ (1 + kéx)? — \ 1+ 2kds + k202 -
Concerning the Hellinger width,
(1) :/t‘(m)dx—f—/ﬁ(m)dx—2/\/t—(x)\/t+(x)dx
= (14 Kk0x)7PE 4 (1 4 Kkox)P?
— 2(1 + ks) PP/ (1 + kox)PE/? / \/@u,(wsz)*li(x)\/q)uﬁ(uéz)i(z) dz

= (14 rdg)™"" + (1 + Kox)"” — (2 —d ((I)u,(uaz)*li:(z)a q)u,(wsz)*li(z))) :

Using
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Lemma 15. Let @, ) and @(,, ,) be two Gaussian densities with full rank covariance matrix

in dimension pg,

P (P(uy 500> Pun,ss)) =2 (1 —2re/2 |35, B + 27t 2 exp (—i (1 = p12) (S1 4+ B2) ™" (1 — MQ))) :
also proved in [35], we derive

d?(t,t%) = /tf(x)dx—l—/t*(x)dx—Q/\/m\/de

= (1+ Kdx)PE + (1 + wds)PE — 22PE/2 (14 65) + (1 + 6%) ")
=2-2275/2 (14 65) + (1+05) ") "*/% 4 (1 + k0x) P + (1 + Kbg)P" — 2

—pE/2

So that denoting

Lemma 16. For any 0 < § < /2 and any pg > 1, let k > % and B, = /K> cosh(%’“) + i, if
o < 9‘%“%, then
oy < 12 < 2
pe9 — 9
and

Lemma 17. For any d € N, for any ds, > 0,
- d?62
22242 (1+05) + (1 +dx)7Y) 2 < TE-
Furthermore, if dds. < ¢, then

(1+ kds)? + (1 + ki) ™% — 2 < k% cosh(ke)d?o2.

with ¢ = % yields

2%, 1 2
d*(t=,t1) < (KQ cosh(g) + Z) L% < (g)

< A2
as{sz_gﬂmpE

We focus now on the proof that ¢t~ (z) < @, x(z) <t (z). As

Lemma 18. Under the Assumptions of Lemma 10Entropy of Gaussian families, (1+5g)271—21
and X7 — (14 0x)X~1 are positive definite and satisfies

~ 1. 1
Ve e RPZ 2/ (1+65)S7 ' =S e > L' —dxz|?
4 AM

- - 1
Vo € RPP 2/ (87! — (14 0g) 'Sz > 5 e

_— 5s||z|I?
41+ 3) A =lle]

we can apply Lemma 14Entropy of Gaussian families (Lemma) on Gaussian density ratio to
both

Ppuz(@) and (L4 rds)PER, 1450y -15(2)
(L+ K0n)PP @, (14505 (2) P, x(2)
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in order to prove that they are smaller than 1.
For the first one, using

P,z (2) < (1 + kby) PP ( % exp (%(,u — ) ((1 +03)E — 2)71 (1 — ﬂ)))

(1 + Ii(sz)pE(I)ﬂ_’(1+52)i(x)
5)PE/2 y ~ —1
< 7((11:i5)2)w ( —:;: exp (%(H -0 (1+6)2-%)  (u— ﬂ))) )

Now
(1465)5 %) = (146)S (T = (1+55) 'S x) ™
=(1+00) 'S (B = (14 6y) ) T8
and thus
~ - -1 _ A1+ 3 17 _1y— ~
(=) (L4 02)2 = %) (= i) < (1 69) T LA === Dby LTI = il

41+ 2 A A
< M(1 + 52)71551[’;})‘7}1 ﬂpE%ﬁLm}‘m_ég
3 m Ay
4(1+2 _
< %%(1 +0x) " 'pEds
Now as by construction,
)
u <1+ 5)

one obtains

D,
(1 + KJ(S)pE@ﬂ(1+6)~

1 PE/2 1 14(1+
S( +0x) _5Z)pE/2exp(2% w(1+05)” lpE5z)

At rosye T2

<m\/1+ 6Eexp( Lt b 152)>m-

1+I€52

It is thus sufficient to prove that

V1I4dsy/1+ 5 Los + 2)
exp ( 5) V(1 4+ 52)152> <1

1+ kos

or equivalently

2(1+ 2 1
( ;_ 9)%(1 +0x) '0s <In ( > ) .

VI+d5/1+ 505

Now let

Fi(Bs) = In ( 1+ kdyx ) n(1 + kdy) — ;111(1#»52)* %hl(lJr%(sz)

\/1+6Zﬁ/1+ 52
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K % B %(H—%)(Sz—l—/ﬁ—%

1
2 - =
1+:‘<&(SZ 1+ 6y 1+ %62 (1+H(52)(1+62)(1+%52)

f1(52)

and thus provided £ > 2, as dy < 2

K —

(1+2)1+2H1+3)

LSS

f1(0s) >

Finally, as f1(0) = 0, one deduces

k-4 2(1+3) 2(1+ 3)
f1(ds) > - 1 5> 2 ely > 2=y (1+ ) ox
(1+ 3@+ 5)+5)
which implies thus
(I)u E( )
<1
(1 + Kds)re ‘I),z (1+6Z)Z( )
or @, xn(z) <tt(x).
The second case is handled in the same way.
(14 Kdx)~Pe @ﬂ,(1+52)712($)
q)u-,E(z)
- |E| (1 ~\/ 1L ~ )
< (1+ rdy) < SR S=B) (E=(1+0)7'%) (k= f)
(1+5E)pE/2 1 ~\/ —1 1 ~

< N ) “(y — _ _

S T ragye P\ g =) (E-QQ+0)7'%)  (n—p)
Now as

(=497 = (2 ((1+52)53 )(1+5E )'e)
= (14 09)2 7 (14 65)S " =2 I n!

and thus

(=) (5= (1+69)78) " () < (1+ 6n) L7 A A 05 LA | — il

A
< (1L+0s)L,' N, 14—5E PEYVe L A —— 6%
" A

< 4pEvx(1+ ds)is

one deduces

Pux (1 + ox)P=/? <1 )
~4ppye(1+ 05)0
(L4 ron)PED, o aos — (L rog)re D \20F) (1+d5)ds
VI¥os b
< 279, (1 .
- (1+n52 &P (27s(1 1 0z)x)



All we need to prove is thus

V1+ s

<
L o, exp (27, (1 4 dx)oxn) <1

or equivalently

1
29,4(1 4 09)ds < 1In (\/TTL;Z) .
>
Let
1+ kés 1
f2(52) n(m) n( +"€52) 2 n( +5Z)
o) = e R A

T 14kbs 146y (1+rkds)(1+6x)

and thus provided x > %, as 0y <

©oln

1
k=3

KO ey

Finally, as f2(0) = 0, one deduces

o 1

2
f2(0%) > N—25z > 29.(1 + =)ds > 2v.(1 + d%)dx
(14 25)(1+2) 9

which implies

(L4 &0s)PED, 45 -15(T) -1
Py m(2) B

or equivalently ¢~ (z) < ®, »(x). O

Proof of Lemma 16Entropy of Gaussian families (Lemma). A straightforward computation yields

151\/§L

o < g S e =
1 1
x PE pEg Z+Z PE

Proof of Lemma 17Entropy of Gaussian families (Lemma,).

B In(146s) | ,—In(14dx)y —4/2
2 - 2292 ((1465)+ (1+ %)) ‘“22<1<e +2€ ) )

=2 (1 — (cosh (In(1 + 52)))_d/2)
=2f (In(1 4 dx))
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where f(z) = 1 — cosh(z)~%2. Studying this function yields
l d .. —d/2—1
fi(z) = -3 sinh(x) cosh(x)

f(z) = fg cosh(z)~%? + g (g + 1> sinh(z)? cosh(z)~49/?2

£((20) ()" )

for any x > 0, as sinh(x) < cosh(z) and cosh(z) >= 1, we have thus

We deduce thus that

—d/2

22242 (1+40x) + (1 +d5)71) < %dQ (In(1 + 65))

and using In(1 + 0x) < dx

—d/2

A

22242 (1+405) + (1 +4d5)71) <

id%g
Now,
(1+ r6s)* + (14 kbs) ™% — 2 =2 (cosh (dIn(1 + kdy)) — 1) = 2¢ (dIn(1 + kb))
with g(x) = cosh(z) — 1. Studying this function yields

¢'(z) =sinh(z) and ¢"(x) = cosh(z)
and thus, as g(0) = 0 and ¢’(0) =0, for any 0 < x < ¢

g(z) < cosh(c)%.

As In(1 4 kdx) < Kdx, dos < ¢ implies dIn(1 + kdx) < ke, we obtain thus
(14 k6s)* + (1 + kds) "% — 2 < cosh(ke)d? (In(1 + kdx))? < k2 cosh(ke)d?62.

O

Proof of Lemma 18Entropy of Gaussian families (Lemma). We deduce this result from the slightly
more general:
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Lemma 19. Let 6 < %.

Let (L, A, D) € [Lu, L) X A(An, Anr) X SO(pg) and (L, A, D) € [Lun, Lr] X A(Am, +00) x
SO(pg) , define ¥ = LDAD’ and ¥ = LDAD'.

If

(1+6L) ' L<L<L
VI<i<pp, |A;} = A7} <0aN)
Vo € RP?,  ||Dz — Dz|| < épds||z||

then (1 + 52)5)71 —Stand X7 - (1 + 52)5)71 satisfies
Vo € RPE0! (14 05)570 =57 2 > £ (6 — u)A5H — (1+ 05)A,H (V3o +6a) ) [l

-1
Vo € RPZ o/ (71 — (14 6y) '8 ) 2 > ((m;; ;) (\/55]3 + 5A)) ]2

14 s
Indeed Lemma 16Entropy of Gaussian families (Lemma) ensures that dx < 2 and if we
let 01, = %52 and dp = op = m o the bounds of the previous Lemma becomes

Vo € RPE,

Y

2 (1408 =5 2> 17 (s - SN — (14090 (V20D + 64 ) )

~ 1
Lt ((SZ — 5(52) )\]_Ml — (1 + 52))\;11 (\/5 + 1)

Y

A g ) Jo]?
PTEn §><f+ 1) o

1- 71
il S S 2
oslel

Y
S

while Vo € RPE |

-1
W (57 (i) T > e (suay - ARt (V2o + 164) ) [l

>
1+ 0w
i 1 1 A
— oA = A (V2 om s 2
= 1+90x <ZM m( )4(1+§)(\/§+1)/\MZ Il
3 1
>—— L' —5 2,
Z i1+ 2) o7 szl

Proof of Lemma 19Entropy of Gaussian families (Lemma). By definition,
B PE
2 (1+605)X =2 e =(1+06x)L 1214“ |D}z|* - ’1ZA;Z.1|D;95|2
= (1+dx)L 1ZA '|Dix* — (1 +6s)L 1214 ' Djx|?

+(1+dx)L 1ZA Y Djx)? — (1+6y)L 1ZA !\ D! z|?
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PE
+ (14 6s)L 1ZA NDjx? = L7y A Dl

Along the same lines,

PE PE
F (3T = (4 00) S e = LY AT D - (14 05) T LY AT Dl
i i=1

PE PE
=LY AN D) — (146s) ' LY A Dl

=1

PE PE
+ (1 +0s) LY AT D — (14 05) ' LTy A Dl

1=1 =1
~ pE ~
+(1+6n) ' LY A D — (14 6w) 7 LT IZA“|DJDZ 2
=1

Now

PE B B PE B
ZAi_,i1|D;‘T|2 - ZAi_,i1|D;‘T|2
i=1 i=1

PE
<> A |Djal? - | Dl

PE
<A Y |1Djal? — | Dia]
2. ~
<A D |IDje| — [Dja|| || Dial + | Dial |

_pE 1/2 PE 1/2
<Al (Z (D; — Di)’x|2> <Z |(D; + Di)lx‘2>
=1 i=1

< Atz V2]l = At V2ep .

Furthermore,

PE 5 PE
Z A';i1|D;$|2 - Z A';i1|D;$|2
i=1 i=1

PE
i—1 -1 /o2
< E |A“ _Ai,i | | Dix|
i=1

PE
< OaN Y IDf]® = AN |l

=1

‘We notice then that
PE
(14 0x)L71 ZA NDj? = L7y A Dl = (14 6s)L7" ZA ' Dl |?

> (6x — 0L)L 1)‘MlH:C||2

while
PE 5 PE
L™ A ND? — (1+65) 7 LY A Dl = (L7 = (1+ 6x)~ ZA YDl x)?
3 =1
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Y]

(1= +0s)7Y) LipA lll?
s -1 2
Tl

V

We deduce thus that

and

(87— (1+60p) '8 )2 >

2 (140)S7 =0 Y 2> (0g — o)L A2 = (1 + 65) L1 (\/E(sD + 25A) ek

> 17 (05 — 6N — (1+69)A5" (V2o +64) ) [l

ox
14 s
-1
14 s

Atllall? = (U4 85) LG (VD + 64 ) a2

Y

(925 = X (V200 +6a) ) Il
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