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ROBUST ESTIMATION IN FINITE MIXTURE MODELS*

ALEXANDRE LECESTRE™*

Abstract. We observe a n-sample, the distribution of which is assumed to belong, or at least to be
close enough, to a given mixture model. We propose an estimator of this distribution that belongs
to our model and possesses some robustness properties with respect to a possible misspecification
of it. We establish a non-asymptotic deviation bound for the Hellinger distance between the target
distribution and its estimator when the model consists of a mixture of densities that belong to VC-
subgraph classes. Under suitable assumptions and when the mixture model is well-specified, we derive
risk bounds for the parameters of the mixture. Finally, we design a statistical procedure that allows us
to select from the data the number of components as well as suitable models for each of the densities
that are involved in the mixture. These models are chosen among a collection of candidate ones and
we show that our selection rule combined with our estimation strategy result in an estimator which
satisfies an oracle-type inequality.
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1. INTRODUCTION

Mixture models are a flexible tool for modeling heterogeneous data, e.g. from a population consisting of
multiple hidden homogeneous subpopulations. Finite mixture models are models containing distribution of the
form

K
Pur =Y wpF, (1.1)
k=1

where K > 2, each Fj belongs to a specific class of probability distributions (e.g. normal distributions in the
case of Gaussian mixture models) and w belongs to the simplex Wx = {w € [0,1]%;wy + -+ + w; = 1}. For a
complete introduction to mixture models and an overview of the different applications we refer to the books of
Mclachlan and Peel [22] and Frithwirth-Schnatter [12].

Assume we have a sample X := (X1,...,X,,) of i.i.d. data, each coordinate following the probability dis-
tribution P*. The majority of the statistical methods based on finite mixture models aim to solve one of the
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following problems: density estimation (estimation of P*), parameter estimation (estimation of w* and/or F*
assuming P* = P« p+) and clustering. The monographs of Everitt and Hand [11] or Titterington et al. [27]
provide a good overview of the different estimation methods that have been developed for mixture models such
as maximum likelihood, minimum chi-square, moments method and Bayesian approaches. Although algorithms
are numerous, theoretical guarantees are mostly asymptotic and restricted to very specific situations. To our
knowledge, only a few non-asymptotic results have been established in the case of density estimation based on
Gaussian Mixture Models (GMMs). The approximation and entropy properties of Gaussian mixture sieves have
been investigated by Kruijer et al. [18], Ghosal and van der Vaart [15] and Genovese and Wasserman [14] where
bounds on the convergence rate are given for the MLE and Bayesian estimators. Similarly, Maugis and Michel
[21] use a penalized version of the MLE to build a Gaussian mixture estimator with non asymptotic adaptive
properties proven in [20]. However, those results rely on relatively strong assumptions and estimators are not
proved to be robust to small departures from those assumptions.

This paper aims to provide non-asymptotic results in a very general setting. In our framework, the data
are assumed to be independent but not necessarily i.i.d. Our mixture model consists of probabilities of the
form (1.1) where the Fj admit densities, called emission densities, that belong to classes of function that are
VC-subgraph. We investigate the performances of p-estimators, as defined by Baraud and Birgé [3], on finite
mixture models. This paper only focuses on the theoretical aspects and performances. We do not consider here
the problem of computing estimators in practice. Our main result, Theorem 3.1, is an exponential deviation
inequality for the risk of the estimator P, which is measured with an Hellinger-type loss. We get an upper bound
on the risk that is the sum of two terms. The first one is an approximation term which provides a measure of
the distance between the true distribution of the data and our mixture model. The second term is a complexity
term that depends on the classes containing the emission densities and which is proportional to the sum of their
VC-indices. We deduce from this deviation bound that the estimator is not only robust with respect to model
misspecification but also to contamination and the presence of outliers among the data set. Dealing with models
that may be approximate allows to build estimators that possess properties over wider classes of distribution.
Ghosal and Van der Vaart [15] used finite location-scale Gaussian mixtures to approximate general Gaussian
mixtures with compactly supported mixing distribution. They consider mixtures with scale parameters lying
between two constants that depend on the true distribution. By using a similar approximation (see Prop. 3.5),
we show in Theorem 3.6 that our estimator achieves the same rate of convergence but without any restriction
on the scale parameters so that the model we consider does not depend on the true mixing distribution. In
particular, our result is insensitive to translation or rescaling.

Under suitable identifiability assumptions and when the distribution of the data belongs to our model, hence
is of the form (1.1), we also analyze the performance of our estimators of the parameters wi,..., wx and
Fy, ..., Fg. In order to establish convergence rates, we relate the Hellinger distance between the distribution of
the data and its estimator to a suitable distance between the corresponding parameters. A general technique
is using Fisher’s information and results of Ibragimov and Has'minskii [17] for regular parametric models. We
can also use other results specific to parameter estimation in mixture models such as what Gadat et al. [13]
proved in the context of two component mixtures with one known component. In both situations, we obtain, up
to a logarithmic parameter, the usual 1//n-rate of convergence for regular parametric models. We also provide
with Theorem 3.13 the example of a parametric model for which our techniques allow us to establish faster
convergence rates while classical methods based on the likelihood or the least-squares fail to apply and hence
give nothing.

In many applications, starting with a single mixture model may be restrictive and a more reasonable approach
is to consider candidate ones for estimating the number of components of the mixture and proposing suitable
models for the emission densities. To tackle this problem, we design a model selection procedure from which we
establish, under suitable assumptions, an oracle-type inequality. We consider several illustrations of this strategy.
For example, we use a penalized estimator to select the number of components of a Gaussian mixture estimator
and obtain similar adaptivity results as Maugis and Michel [20]. We also consider a model with a fixed number
of components but each emission density can either belong to the Gaussian or to the Cauchy location-scale
family. We prove that if we know the number of components, we can estimate consistently the proportions of
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Gaussian and Cauchy components as well as their location and scale parameters. To our knowledge, this result
is the first of its kind.

The extension of the theory of p-estimation to mixture models is based on Proposition A.1 below. The proof of
this result relies on an upper bound for the expectation of the supremum of an empirical process over a mixture
of VC-subgraph classes. It generalizes the result that was previously established for a single VC-subgraph class.
The key argument in the proof is the uniform entropy property of VC-subgraph classes that still holds for the
overall density mixture model with lower bounded weights.

The paper is organized as follows. We describe our statistical framework in Section 2. In Section 3, we present
the construction of the estimator on a single mixture model. We state the general result for density estimation
on a single model and illustrate the performance of the estimator on the specific example of GMMs. The problem
of estimating the parameters of the mixture is addressed in the Section 3.5. Finally, Section 4 is devoted to
model selection criterion and the properties of the estimator on the selected model. The appendix contains
all the proofs that are gathered in the same sections when they are related. Those sections include the main
results, density estimation, the parametric estimation in regular parametric models, the case of two-component
mixtures with one known component and the lemmas.

2. THE STATISTICAL FRAMEWORK

We observe n independent random variables X;, Xs,..., X, with respective marginal distributions
Py, Py, ..., P} on the measurable space (£, X). We model the joint distribution P* = Pf @ Py @ --- ® P}
of X = (X1, Xo,...,X,) by a probability of the form o doing as if the observations were i.i.d. with com-
mon distribution P. We assume that P is a mixture of the form (1.1) where K is a positive integer, the wy

some positive weights that satisfy Z,If:l wg = 1, and Fj, probability distributions. In order to model each of
these probabilities we introduce a collection {f k> 1A € Ak} of possible models and assume that for each

ke{l,...,K}, Fj belongs to UAeAk§k’)\. We denote by 2k the family of distributions of the previous form.
For each k > 1, we call Fj, an emission probability, .#j » an emission model, and &, = {ﬂk)\;)\ S Ak} an

emission family. Based on the observation of X, our aim is to design an estimator P of P of the form
K
P:ZkakE U DK (2.1)
k=1 K>1
where K, (W) <p< i and (F})r are estimators of K, (wy)x and (Fy)x respectively. There is a lot of possibilities

for the collections Ay, depending on the estimation strategy (nonparametric, polynomial basis, wavelets, ...).
We illustrate it in details with the following example of usual parametric models on R.

Example 2.1. Let us take Ay, = {1, 2,3} with

e the Gaussian location-scale family,
Tr1=9={N (u,0);u €R,0>0}; (2.2)
e the Cauchy location-scale family,
F 2 =% = {Cauchy (u,0) ;1 € R0 > 0};
e and the Laplace location-scale family,

F 3= = {Laplace (u,0);p € R0 > 0}.
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The classical situation that has been considered in the literature corresponds to the case where the collection
{?k, vE>1, e Ak} reduces to a single emission model %, for example the family of Gaussian distributions,
and the problem is to estimate K and the emission probabilities Fj, under the assumption that they all belong
to .%. This assumption is quite restrictive and we rather consider a collection & of candidate models for F} that
may even depend on k. We say that &), is simple when it reduces to a single emission model .%}, and composite
otherwise.

In order to evaluate the performance of the estimator p , we introduce on the set &2 of all product probabilities
on (2™, X®") the Hellinger-type distance h defined by

h(Q.Q') = for Q = ®Q“Q ®Q€5” (2.3)

i=1

Z hz(in Q;)v
i=1

where h is the Hellinger distance on the set & of probability distributions on (2", X). We recall that for @, Q’

in &
dqQ’
a2 ([E )

where 1 is a measure that dominates both QQ and @', the result being independent of .

Assumption 1. For all £ > 1, the set Ay is at most countable (which means finite or countable) and such that
for all A in Ay, F \ contains an at most countable subset %, » which is dense in % » with respect to the
Hellinger distance h.

This assumption is only made for technical reasons, i.e. it ensures the measurability of the different objects
considered in the proofs. But it is not really restrictive as, from a very practical point of view, one would
only deal with rational numbers which already restrict to countable models. Moreover, one can check that
Fr1={N(u,o);p€Q,0 € QN (0,00)} satisfy our assumption in the context of Example 2.1. It holds as well
for Fj, o and %}, 3 with the same construction. Given Assumption 1 we can fix some notation. The countability
condition implies that there exists a o-finite measure p that dominates all the ?k A for k> 1 and A € Ay.
Throughout this paper, we fix such a measure p and associate to each emission model F ) a family of density
distributions F k. such that F \ = { [ feFy A} In all the different examples considered in the rest of
the paper pu is the Lebesgue measure. As explained, Assumption 1 is necessary for very technical reasons. Next
assumption allows to bound the “dimension” of the model (see the introduction or Prop. A.1).

Assumption 2. For all k > 1 and X\ € Ay, the family of density distributions Fj , is VC-subgraph with
VC-index smaller than or equal to Vj \ > 1.

In order to avoid too much technicality in the core of this paper, we dedicated Section F to VC-subgraph
classes of functions with the definition and proofs of the different results. The next lemma shows that the VC-
index corresponds to what we expect as the “dimension” of the model in the case of multivariate for normal
distributions.

Lemma 2.2. Let d > 1. Let Covy.(d) be the set of d x d symmetric and positive-definite matrices. For u € R?
and ¥ € Covy.(d), we denote by g, 5 the density function of N'(u, X) with respect to the Lebesgue measure given

by

'*éex fle Ty=z -
(@) = e (=5 - ) e )



406 A. LECESTRE

Let G4 be the location-scale family of densities given by Gq := {gmz,u eR: Y € Cov+*} For a fized X2, we
denote by Gioe(X) the associated location family given by Gioe(X) := {gu SRS Rd} The sets Gg and Gioe(X)
are VC-subgraph with VC-index bounded by 3 + (d+3) and 3+ d Tespectwely.

The dependence in d is linear and quadratic for the location family and location-scale family respectively, as
for the number of parameters needed to describe each class. Throughout this paper we shall use the following
notation. Fr P=P, ® ---® P, € & and &/ C &, we write

h? (P, &) = inf h? (P,Q®") = inf h2(P;, Q).
(P,/) = inf (P,Q®") ngd; (P, Q)

For x € R, |z] is the only integer satisfying |z| < 2z < |z| + 1 and similarly [z] denotes the integer satisfying
[z] —1 <z < [z]. Moreover, if > 0 we write log, () = log(z) V 0. If A is a finite set, we denote its cardinal
by |A| and if A is infinite, we write |A| = oo. For k in N*, we denote by [k] the set {1,2,...,k}. The notation
C(0) will mean that the constant C' = C() depends on the parameter or set of parameters 6.

3. ESTIMATION ON A MIXTURE MODEL BASED ON SIMPLE EMISSION
FAMILIES

In this section, we assume that the &), = {?k} are simple for all k£ > 1 and that P belongs to 2k for some

known value of K > 1. This means that we know that P is a mixture of at most K emission probabilities
Fi,...,Fg and that Fy, belongs to %, for all k € [K]. Under Assumption 2, we denote by V}, the VC-index of
Fk.

3.1. Construction of the estimator on 2k
For ¢ in (0,1/K], we define the subset 2k 5 of 2 by

K
e@}g(; = {Zkak € k;w e WgN ([5, 1] QQ)K,F]C € 9}} (3.1)

k=1

where the ., are the countable and dense subsets of .7, provided by Assumption 1. We associate to 2 Kk,5 the
family Qg s of densities with respect to px and the p-estimator Pj of P based on the family Q K,5. We recall that
155 is defined as follows. Given

(I

[0, +o0] : [71,1]7 (3.2)

xT

z—1
x+1

we set for x = (z1,...,2,) € Z" and ¢,¢' € Qx5

T(x,9,¢) Zw <F> (3.3)

with the convention 0/0 =1 and a/0 = +o0 for all a > 0, and

Y(X,q) := sup T(X,q,q). (3.4)
q'€EQK,s
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The p-estimator Pj is any measurable element of the closure (with respect to the Hellinger distance) of the set

q'€QK,s

60 X) = {Q =010 € Quesn YXo) < inf T(Xoo)) 1036 (3.5)

This construction follows [3] and the constant 11.36 is given by (7) in [3]. This constant does not play an essential
role and can be replaced by any smaller positive number. Ideally, one would take an estimator that achieves
the infimum but it might happen that no minimizer exists. Using (3.5) allows to avoid this problem without
significantly deteriorating the deviation bounds we obtain for our estimator.

As explained earlier, we only focus on the theoretical aspects in this paper. Although p-estimators have been
developed to obtain theoretical rather than computational properties, it is possible to actually compute the
estimators in practice for some models and to run simulations, as in Baraud and Chen [5] (Sect. 5).

3.2. The performance of the estimator

The following result holds.

Theorem 3.1. Let 0 € (0,1/K] and § > 0. Assume that Assumptions 1 and 2 hold and set V=Vi+-+Vg.
Any p-estimator Ps on Q5 satisfies with probability at least 1 — e~¢,

h? (P*, (P5)®") < ¢o [02 (P*, 2k) + n(K — 1)0] (3.6)

2
+ 11161V [5.82 +log (u(;;l)) +1log, (3)}

+c1(1.49+4¢),

where ¢y = 300, ¢c; = 5014. In particular, for the choice 6 = % A %, the resulting estimator P = Ps satisfies
2 * DN 2 * - Kn

Ch (P,P )gh(P,QK)—H/ Ltlog (= ) [+ ¢, (3.7)
n

with probability at least 1 — e~¢, where C is a positive universal constant.

The proof of the theorem is postponed to Section B.2. One can notice that the bound we obtain does not
depend on the space .2, e.g. on the dimension d in the case 2~ = R?, but only on the VC-indices Vi, ..., Vi and
on d. Inequality (3.6) shows the influence of the choice of the parameter § on the performance of the estimator
Ps. Hereafter, we shall choose ¢ as in the second part of Theorem 3.1 and therefore only comment on inequality
(3.7). Given P in 2k, it follows from the triangle inequality and the fact that (a + b)? < 2a® + 2b* for all
non-negative numbers a and b, that

nh? (F, P) — b2 (P®”, P®") < 2h? (P’i 15®") 4 2h? (P*,P@’”) .

We immediately derive from (3.7) that on a set of probability at least 1 — e ¢

Ch? (F, P) <

S|

En:hz(P;,P) 4 Vioe (K:/V) g (3.8)
=1
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In the ideal situation where the observations are i.i.d. with common distribution P € 2, we obtain that

o2 (P ]5) < Vlog (Kn/V) +§.

n

Integrating this result with respect to & and the fact that P is arbitrary in 2 leads to the uniform risk bound

sup & [1# (P, )] < LT 9)
€2k

where C” is a positive universal constant. This means that up to a logarithmic factor, the estimator P uniformly
converges over P at the rate 1/y/n with respect to the Hellinger distance. One knows that when working with
the Hellinger distance, no estimator can do better that this 1//n rate (see (1.1) in [6]).

We can see that we only need to bound the quantity V to deduce deviation inequalities in specific cases.
Therefore, we can already get a bound on the convergence rate for Gaussian mixtures with Lemma 2.2.

Corollary 3.2. o Let Qi be the Gaussian location-scale mizture model, ie. F1 = - = Fg =
{/\f(u7 Y);peRLT € Cov+*}. There is a positive universal constant C > 0 such that, for any p-estimator

P =Ps5 on D5, for all P € 2k and for all £ > 0, we have

2 n
o (FP) - Kd [1+log7sd2 VK)] +57

with probability at least 1 — e ™.
o Let Qi be the Gaussian location mizture model associated to a fived covariance matriz ¥ € Covy.(d), i.e.
Fi1==Fg = {N(,u, Yhue Rd}. There is a positive universal constant C > 0 such that, for any

p-estimator P =Ps on Dk s, for all P € 2k and for all £ > 0, we have

o (7,15) . Kd[1+log (2 VK)] +§,

n

with probability at least 1 — e~¢.

Those rates would be optimal if the logarithmic factor was necessary. Doss et al. [10] proved it is not the
case for Gaussian location mixtures with known isotropic covariance matrix. They provide an estimator that
achieves the minimax rate \/d/n with respect to the Hellinger distance. However, the dependency in K of their
bound in (1.12) is worse than exponential when it is just linear for our estimator.

Our assumption that the families of density functions 7 are VC-subgraph is actually weak since it includes
situations where these models consist of unbounded densities or densities which are not in Ly which to our knowl-
edge have never been considered in the literature. A concrete example of such situations is the following one. Let
g be some non-increasing function on (0, +00) which is unbounded, nonnegative and satisfies f0+oo g(x)dz =
and .Z, is the translation model associated to the family of densities {z — g(|z — 6])1,_g>0;0 € R} for all
k€ {l,...,K}. It follows from Proposition 42-(vi) of Baraud et al. [4] that the VC-index of F is not larger
than 10.

When the data are independent but not i.i.d., we derive from inequality (3.8) that the estimator P performs
almost as well as in the i.i.d. case as long as the marginals Py,..., P} are close enough to P. This means that
the estimator is robust with respect to a possible misspecification of the model and the departure from the
assumption that the data are i.i.d. In particular, this includes the situations where the dataset contains some
outliers or has been contaminated. Consider Hiiber’s contamination model where a proportion € of the data is
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contaminated, i.e. we have P* = (1 — €)P + €Q, where P is the probability distribution we want to estimate
and @ is the distribution of the contaminated data. In this situation, for any probability distribution @, using
(3.8) and the convexity property of the Hellinger distance we get

— 2 Vlog (n
cn? (P, P) ceq Vs FE (3.10)
n
We can see that there is no perturbation of the convergence rate as long as the contamination rate ¢ remains
small as compared to V log(n)/n. Contrary to other loss functions, the Hellinger distance does not allow to
obtain a better rate than /e in the general case (see Birgé [7]). Inequality (3.14), stated later, also allows to
consider misspecification for the emission models for example.

3.3. The case of totally bounded emission models

We might also consider emission models for which we do not have any bound on the VC-index. For a subset
A of & and n € [0,1], the n-covering number N(n, 4", h) of .4, with respect to the Hellinger distance, is
the minimum number of balls By (P;,n), i = 1,..., N, necessary to cover 4. In that case, the set 4[] =
{P;;i=1,..., N} constitutes a finite approximation of .4, i.e. for all @ in .4 there exists i € {1,..., N} such
that h(Q, P;) < n. We say that A is totally bounded (for the Hellinger distance) if its n-covering number is
finite for all n € (0,1]. A direct consequence of the definition of VC-subgraph classes is that any finite set F of
real-valued functions is VC-subgraph with VC-index at most V(F) < log, (|F]). Consequently, we can still use
p-estimation for models that are not proven to satisfy Assumption 2 but still are such that emission models are
totally bounded.

Theorem 3.3. Let .F} be a totally bounded class of distributions for all k € {1,..., K} with K > 2. Let Qg
be the mixture model defined by

K
Pr = {Zkak;wEWK,Fk € Fi,Vk € {L...,K}}.
k=1

Assume there are constants Ay > 1 and oy, such that logy N(n, Fp, h) < (A& * for all k in [K| and for all
2 n

n € (0,1). Let € be in (0,1). For k in [K], let Fi[e] be a minimal e-net of F 1 such that | File]| = N(e, i, h).
Let 2k sle] be the countable model defined by

QK,(;[G] = {Pw7F;’LU € Wik, wi > 0,w;, € Q, Fy, € Fle|,Vk € {1,...,K}}.

Take 6 = ﬁ A % with

K K ag
S REIE SIS IS
k=1 k=1

where e = n~ Crveas: and Omax = MaxXi<kp<k k. There exists a positive constant C' such that for any p-estimator
P = P5 on 2k sle], for all £ > 0, we have

“max

K
~ \ ®n
Ch? <P*, (P(;) ) < b2 (P*, 2k) + nanitt AL [1 4 log (Kn)] + &,
k=1
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with probability at least 1 — e~%. In particular, if the observations are i.i.d. with common distribution P* € &
we have

K
Cn? (P*,By) < 2 (P*, 2sc) + n~ s 3 A* [1 -+ log (Kn)] + %
k=1

This theorem is proved in Section B.3 (p. 436) and we illustrate it with the following example. Doss
and Wellner [9] provide a bound on the entropy for classes of log-concave and s-concave densities. Let
C ={p:R— [—00,00);¢ is a closed, proper concave function} where proper and closed are defined in [24]
(Sects. 4 and 7). For 0 < M < oo and s > —1, let Py s be the class of densities defined by

Prrs = {p € Pg;supp(x) < M, 1/M < p(x) for all |z] < 1} ,
zeR

where P; = {p : [ pd\ = 1} (hsoC, X is the Lebesgue measure on R and hs : R — R is defined by

ey, s=0
hay) = { (=p)¥°, s (-1,0),
yi/s, s> 0.

We fix such values of M and s. Let Qg be the density model of mixtures of s-concave densities (or log-concave
for s = 0) defined by

K
Ok = {Zwkfk;w € Wk, fr € PM,S} ;

k=1

with K > 2. Let 2k be the class of distributions associated to Q. The class Pys s is not proven to be VC-
subgraph but it is totally bounded. As a direct consequence of Theorem 3.1 of Doss and Wellner [9], there exists
a positive constant A, depending only on M and s, such that for all € in (0, 1], we have

logy N (€, Pass, h) < Ae™1/2,

In particular, it means there exists a e-net Py s[e] such that log, (|Pas,s[e]]) < (A2/6)1/2. Let Qg s[e] be the
countable density model given by

K
Ok .slel = {Zwkfk;w € Wk, wi, > 6,wi, €Q, fi € PM,S[G]} .

k=1

One can check that 2k se] is also a e-net of 2 s with respect to the Hellinger distance using inequality (3.14)
hereafter page 412. The application of Theorem 3.3 on this example gives the following result.

Corollary 3.4. Assume there exists P* in & such that P* = (P*)®". Take € = n~*/* and § = n=*/> N K1,
Let P = Ps be a p-estimator on 2 sle|]. There exists a constant C(M, s) such that for all £ > 0, we have

A K
C(M, s)h? (P*,P) < h?(P*, k) + —7 [+ log (Kn)] + %

with probability at least 1 — e ™.
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This corollary provides a risk bound over the class of distributions associated to mixtures of s-concave
densities. Up to a logarithmic factor, the estimator P uniformly converges over 2 at the rate n=2/% with
respect to the Hellinger distance, which is the same rate given in Theorem 3.2 of Doss and Wellner [9] for the
MLE over the model Pyy s, i.e. for K = 1.

3.4. Application to the estimation of a general Gaussian mixture

We denote by ¢, the density function of the normal distribution (with respect to the Lebesgue measure on
R) with mean 0 and variance o2 > 0, i.e.

e 207, (3.11)
We assume P* is of the following form or is close enough to a distribution of the form

pu(r) = /qbg(x —2)dH(z,0),Vz € R.

We say that py is the Gaussian mixture density with mixing distribution H. We want to approximate any
distribution of this form with finite Gaussian mixtures, i.e. distribution with densities of the same form with
mixing distribution supported on a finite set. For a mixing measure H on R x RT* we denote by supp(H) its
support. To obtain an approximation result, we need to consider mixing measures H that are supported on a
compact set, i.e. there exist A > 0 and R > 1 such that supp(H) C [—A, A] x [1, R]. The Hellinger distance
being invariant to translation and rescaling, we consider the following class of densities. For A > 0 and R > 1
we define

C(A,R) = {pH; N eR,3s > 0,supp(H) C [l — sA, 1+ sA] x [s,sR]}

and we denote by (A, R) the associated class of distributions. We denote by %,,;» x the Gaussian mixture
model with K components associated to the class of densities G,iz x defined by

K
gmm,K = {Zwk(bgk( — zk);w € Wk, o € (0, +OO),Zk eR,Vk € {1, .. ,K}} . (3.12)
k=1

This situation corresponds to Fy = G; for all k € {1,..., K}. We can approximate the class € (4, R) with the
model ¥, k as indicated by the following result.

Proposition 3.5. For K > 2 (24A2 + 1)2, we have

K1/4 3f

\/67‘(’71/4 +&

1 K1/2
sup  h? (Py,Ymiz ) < = exp <>
Py €€ (A,R) (Pr &) 2 124/6 R2

This proposition allows to obtain a deviation bound on the estimation over € (A, R), with Theorem 3.1. Tts
proof is postponed to Section C.2.

Theorem 3.6. For R > 1 andn > e, we take K = K(R,n) := [864R*log*(n)]. Let P be a p-estimator on % s
with § as in (3.7) and assume the true distribution is i.i.d., i.e. P* = (P*)®". There exists a numeric constant
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C > 0, hence not depending on R, such that for all € > 0, with probability at least 1 — e, we have

R*log’(n) +
L Bllog(n) +¢

- , (3.13)

Ch? (P*, P) < 12 (P*,%(A,R))

for A= A(R,n) := 4/ LﬁflRlogl/Q(n).

This result is proven in Section C.1. Therefore, for a fixed R, we obtain a rate of log®?(n) /y/n over € (co, R) :=
Uaso €(A, R) with respect to the Hellinger distance. We can also consider larger classes of distributions, with
R increasing as n increases but it would deteriorate this rate. Our result is still an improvement of Theorem 4.2
from [15] as it requires weaker assumptions. Their result is sensitive to translation or scaling and they have to
specify bounds 0 < ¢ < 7 in the model such that H* is supported on a compact set [—a, a] X [o,7]. Moreover,
our estimator is robust, to contamination for instance. Assume we have an € contamination rate of our data, i.e.
P* is of the form P* = (1 — ¢)P 4 eQ with € € (0,1), P € €(A(R,n), R) and Q is any probability distribution.
Then, our estimator satisfies ChQ(P*,]:’) <e+ % on an event of probability 1 —e~¢. As long as €
remains small as compared to R*log®(n)/n, the rate is not deteriorated by the contamination.

3.5. Parameter estimation

We say that @ and F are p-estimators if the resulting mixture distribution P given by
K
P = Z Wy Ey,
k=1

is a p-estimator. We have a general result for the performance of P but not for @ and F. Hopefully we those
parameter estimators would inherit the properties of P under additional assumptions. Some results about the
robust estimation of parameters exist in the machine learning community, see Diakonikolas et al. [8] for instance.
As before, the available results are all restricted to specific cases such as Gaussian mixture models. Convexity
properties ensure that we always have the upper bound

h (Pw,F, PU,G) < TiergK {h(w, Vo 7') + knelfl}}é] h (Fk, G‘r(k))} s (314)

for all mixing weights and emission distributions (see Lem. B.3), where .#x denotes the set of all permutations of
[K] and Wy is seen as the set of probability distributions on [K] and justify the notation h(w,v o 7). Therefore,
a good estimation of the mixing weights w = (w1, ...,wx) and of the emission distributions F = (F1,..., Fk)
ensures a good estimation of the mixture distributions P, . However the converse is not true as the parameters
are not even identifiable in general.

Example 3.7. Let .7 be the set of uniform distributions (a, b) the uniform distribution on the interval (a, b)
of positive lengths. Then the parameters w and F in the mixture model

Dy = {w1F1 + (1 — wl)FQ;wl € (0, 1),F1,F2 S F}
are not identifiable since

ZU(O, 1)+ iua/g, 2/3) = %u(o, 2/3) + %u(l/?,, 1.
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We shall say that P = P, p is identifiable (with respect to the model) if for all v in Wg and all G in
F1 X -+ X Fg, we have

Pw,F = PU,G = dr € Sk, Vk € [K],wk = Ur(k) and Fy = Gr(k)7

There is a wide literature about identifiability that includes the works of Teicher [26] and Sapatinas [25] for
example. Allman et al. [1] provides identifiability conditions in a nonparametric framework but this is quite
unusual. In this section, we will consider a unique parametric model for the emission models, i.e. we have
F1,...,.Fx C{Fy;0 € O} with © C R? and assume Py~ F,. is the true distribution or the best approximation
within the model. Identifiability is a minimum requirement for the parameter estimators to be meaningful but
we can hardly get more than consistency with it.

There is one approach that allows not to consider the identifiability issue is to consider the estimation of
the mixing distribution instead of the parameters themselves, i.e. widp; + - -+ + Wy gz where o, is the Dirac
measure in x. Most results are given for the L;-Wassertein metric W7 which can be defined as follow for © C R.
For probability distributions G, G2 on ©, we have

W1(G1, GQ) = sup / f(dGl — dGQ), (315)
f€Lip(l) JO

where Lip(1) is the class of Lipschitz functions with Lipschitz constant at most 1. Heinrich and Kahn [16]
establish minimax rates of estimation for mixing distribution under some regularity and strong identifiability
conditions. Wu and Yang [29] prove that their denoised method of moments for univariate Gaussian mixtures
provides an estimator of the mixing distribution that reaches the optimal rate with respect to Wi. They also
prove an oracle bound for density estimation in the case of misspecification similar to (3.10), for the total
variation distance instead of the Hellinger distance. However, they only consider misspecified distributions that
are sub-Gaussian and in dimension one.

Our approach is to derive bounds on the convergence rates for the parameter estimators from (3.7). Typically,
we are looking for an inequality of the form

K
WM Pys £y Puwr,) > Clw*, 6%) lz de (05, 0%) + dy(w*,w) | ,Yw € Wi, V0 € O, (3.16)
k=1

where C'(w*,0*) is positive, dg is a distance on © and dyy is a distance on Wk . Intuitively, if we can estimate
each parameter individually we should be able to estimate the mixing distribution as well. Formally, for © C R,
we have

K

K K K
Wy <Zw259272wk59k> <> 105 — Okl + max (07| - > Jwj — wi], Vi € Wi, V0 € OF,
k=1 k=1 k=1 k=1

which is a direct consequence of (3.15). One can see that when dg and dyy, in (3.16) are the Ly distance we
can deduce a bound for the estimation of the mixing distribution. The main difficulty remains to obtain a lower
bound on the Hellinger distance between mixtures. There are still some situations where we do have such a
lower bound.

Regular parametric model

_ Let K be an integer larger than 1. We consider parametric emission models associated to density models
Fr = {fe(;a),a € A}, where Ay is a subset of R% for all k € {1,...,K}. It is always possible to find a
countable dense subset of A; with respect to the Euclidean distance on R%. We assume there is a reasonably
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good connection between the Hellinger distance on the emission models and the Euclidean distances on the
parameter spaces such that a dense subset of Ay would translate into a dense subset of the emission model
with respect to the Hellinger distance. This assumption is very weak and does not seem to be restrictive in any
way. In the different examples we consider we can always consider A, N Q% as a dense subset of Aj. Therefore
Assumption 1 is satisfied with Fj, = {fx(:; @), @ € By }. We denote by 2 the distribution model associated to
the mixture density model

K—1
Ok = {P(';g) = Z wefu(ze) +(1—wi — - —wr_1) fx(ax);0 = (w,a) € 9} ;
k=1

K—1
where O is an open convex subset of {w € (0,D)E=1 3 wy < 1} x Ay X -+ x Ag. To be in the context of
k=1
regular parametric models consider by Ibragimov and Has’minskii [17] we need to make some assumptions.
Assumption 3. The classes of functions F,. .., F g satisfy the following regularity conditions.

a) The function z — fi(z;2) is continuous on Ay (with respect to the Euclidean distance) for p-almost all
xe X, forall ke {l1,...,K}.

b) For all k € {1,..., K}, for y-almost all x € 2 the function u — fi(x;u) is differentiable at the point
u=c« and for all j € {1,...,dx}, we have

/ ‘8fk(ac; @) 2
X Do

¢) The function 6 — 9 (+;0) = %plm(-; 0) is continuous in the space La(p).
d) The class of densities Fj is VC-subgraph with VC-index not larger than Vj, for all k € {1,...,K}. We

write V=V, =---+ V.

p(dz)
fr(z;q)

< 00.

The work of Ibragimov and Has’minskii [17] allows to derive a deviation inequality on the Euclidean distance
between parameters using Fisher’s information.

Theorem 3.8. Let 0 be in ©. Assume the Fisher’s information matric

1(0) = /% dp ((;;;9) <3p (852;9)> pﬂ((j;?)

1s definite positive and ian@—@HZa h? (Pg7 Pg) >0 for all a > 0. Let P= Pﬁ),ﬁ' be a p-estimator on Lk 5, with
) B

d as in (3.7). There exists a positive constant C (9) such that for all € > 0, with probability at least 1 — e™¢, we

have

K
C (0) <|w — @l + S 1A [ - akl2> < % [h2 (P*, P§®”) + Vlog(n) + g} . (3.17)

k=1

And assuming P* = Pj, we obtain the usual parametric convergence rate up to a logarithmic factor for the
parameter estimators.

This result is proven in Section D.1. Following the proof and Theorem 7.6 [17], the best constant C (5)
depends on the smallest eigenvalue of the Fisher’s information matrix I (5) and the geometry induced by the
Hellinger distance around @ in ©. Inequality (3.17) proves that even if “true parameters” might not exist the
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parameter estimators can be meaningful as long as P* is relatively close to the model. The Gaussian mixture
model is the most common mixture model and it is a regular parametric model. Let K > 2 and for all k in [K]
take F = G1, where G is given in Lemma 2.2. We define a binary relation on R x (0, c0) by

o1 > 09; (3 18)
or o1 = 09 and z1 > 2s.

(21,0'1) > (22,0'2) = {

We consider the parameters § = (wyq,...,wk_1,21,0%,..., 2K, 0%) belonging to the set

K—-1
@:{96(0,1)K (R x R* K,Zwk<1 (z1,01) > >(zK,JK)}.

=1

K
Theorem 3.9. Assume P* = Py = Y wpN(Z,0%) such that (z1,51) > -+ > (2k,0k) are all distinct and
k=1

1<i}£1£KEk > 0. Let P be a p-estimator on Yi s, with 0 as in (3.7). There exists a positive constant C (5) such

that, for all £ > 0, we have

n

5K 1
(Z @k — oy |* +ZH Zk,07) zk,ok)\|2/\1> < SKlog(n) +& (3.19)

with probability at least 1 — ™.

This result is proven in Section D.3. Our estimator reaches the optimal rate of convergence up to a logarithmic
factor. One can notice that the assumption of ordered couples of parameters (z;, a?-) can be replace by considering
distinct couples only and taking the infimum over permutation of the hidden states in (3.19).

Connection with the Lo-distance

We can use results from the literature that do not apply to the Hellinger distance but to other ones such as
the Lo-distance between densities. There is a general inequality between the Lo and Hellinger distances when
the density functions are bounded, i.e.

lp = qll5 < 4(lIpllos + Ilallsc) P*(P, Q). (3.20)

Assume one can prove an inequality of the following type. For any w,v in Wk and any fi, gy in Fj for all
k e {1,..., K} such that the resulting mixtures belong to our model, we have

(3.21)

)

Zwkfk - kagk

(dw(w v) + m%}({] d% (i, g )

where dyy is a distance on Wyg and dg is a distance on U1< <K Fr. Moreover, assuming the density models

F. are uniformly bounded, i.e.

sup sup ||flloo =: U < o0, (3.22)
kE[K] fG?k
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we get

d%,v(w U) + m?X dF(fkag‘r(k) ) < 7]1 (Z kaIwZUka)

Here again, a density estimation result implies a result for the parameter estimation. We can apply this method
to the special case of two-component mixture model with one known component. Let ¢ be a density function
on R? with respect to the Lebesgue measure. We consider the 2-component mixture model 2 associated to the
class of densities

Q= {z pu.(z) = (1 —w)p(z) + w(z — 2);w € [0,1], 2 € R}, (3.23)
with 71 = {¢} and Fp = {z — ¢(z — 2); 2 € R?}. Gadat et al. [13] proved an inequality such as (3.21) in this

situation. They still require the following assumptions on ¢.

Assumption 4. The function ¢ belongs to C? (Rd) N1L2 (Rd). For any M > 0, there exists a function g in
L2 (Rd) such that

Vo € RY Wz € [-M, M]?, |p(z) — ¢(z — 2)| < ||2[|9(=)

and
/92(x)¢*1(x)dx < +o0.

In this context, we have the desired inequality with respect to the L2-distance.

Proposition 3.10. (inequality (7.11) [15])
Under Assumption 4, for all M > 0, there exists a positive constant c(¢, M) such that for all 2y, zo € [—M, M]?
and wy,ws € (0,1),

2 2
(@ M)zl (llz2l 1 (wr = w2)? + w0 |21 = 201 ) < 1P oy = Pus a3

One can notice that Assumption 4 implies that ¢ is bounded (see Assm. (Hgs) in [13]). Hence, we can deduce
a deviation inequality for p-estimators of parameters.

Theorem 3.11. We assume Fa has a finite VC-index V, w* € (0,1] and 2* # 0. For § as in (3. 7), there exists
a positive constant C(¢,w*, z*) and an integer ng = ng(¢, w*, z*) such that for any p-estimator P = Py 3 on
s, n > ng and for all £ € (0,&,), we have

C(o, 2%, w") ((w* — ) + <||Z* —2||2/\1>) < §+(V+1)log(n)’

n

with probability at least 1 — e, where &, = (1+ V)[1 + log(2n/(1 + V))]).

This result is proven in Section E.1. It implies the consistency of Z and consequently the consistency of w if
z* # 0, the parameter w* being ill defined if z* = 0. We can deduce a bound on the convergence rate for Z and
also for A but only for n large enough. It is similar to Theorem 3.1 of Gadat et al. [13] with a smaller power
for the logarithmic term. This slight improvement is allowed by the VC assumption. Furthermore, we do not
need to know a value of M such that z* € [-M, M] or to specify it in the model. The examples of translation
families taken by Gadat et al. [13] (Sect. 6) all satisfy the VC assumption.
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Lemma 3.12. We have the following VC-subgraph classes of density functions.

e The Cauchy location-scale family C of density functions, given hereafter by (4.3), is VC-subgraph with
VC-index V(C) < 5.

o As a consequence of Lemma 2.2, the univariate normal location-scale family Gy is VC-subgraph with
VC-index at most 5.

e The Laplace location family L of density functions defined by

1
L= {x — ie_lg”_zl;z € R}

is VC-subgraph with VC-index V(L) < 29.
o The location family of densities SG,, associated to the skew Gaussian density defined by

rT—z

8G, = {:E — 2¢1(x —z)/

—00

o1 (at)dt; z € R}

is VC-subgraph with VC-index V(S8G,) < 10 for all o € R, where ¢1 is given by (3.11).

This lemma is proven in Section F. By inclusion, if the bound holds for the location-scale family it also holds
for the location family with fixed scale parameter.

Proving a lower bound for a specific ezample

In some specific situations, it is relatively easy to prove a lower bound on the Hellinger distance. This is what
we do in the following example and it allows us to obtain faster rates than the usual parametric one. Let o be
n (0,1). We denote by s, the probability density function with respect to the Lebesgue measure on R defined
by

11—«
a:TER— —1, .
Sa 1 X 2| x| |z]€(0,1]

We consider Q as in (3.23) with ¢ = s, and for w € [0,1] and z € R, we write
Pw,z = (1 —w)sq + wsa(- — 2).

We can prove that the Hellinger distance h(P, ., Py ) is lower bounded by some distance between the
parameters which leads to the following theorem.

Theorem 3.13. For w* >0 and z* # 0, there is a positive constant C(a, z*,w*) such that, for any p-estimator
P =Py : on 25 with § = 10/n and n > 20, for all £ > 0, with probability at least 1 — e~* we have

Cla, 2", w*) {1 AE =27+ (w* — 121)2} < %.

This result is proven in Section E.2. It implies rather directly that our estimators w and Z estimate w* and
2* at a rate which is at worst \/(logn)/n and (n~"logn)Y/(*=®) respectively. This latter rate is faster than the
usual 1/4/n-rate for all @ € (0,1). Up to the logarithmic factors, these rates are optimal. For 2, it a consequence
of Theorem 1.1 in [17] (Chapter VI), noticing that s, has a singularity of order —« in 0, and with the fact that
we cannot do better than 1/4/n for the Hellinger distance. One can notice that both maximum likelihood and
least squares approaches do not apply here since we consider density functions that are unbounded, and not
even square integrable for a € [1/2,1).
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4. MODEL SELECTION

In Section 3 we consider estimation on a model with a fixed order K and simple emission families. We use
model selection to overcome this restriction in this section and consider composite emission families and/or
models with different orders.

4.1. Construction of the estimator

Let © be a subset of
K
UK} < I] A
K>1 k=1

Let ¢ : © — (0,1] be such that for 8 = (K, A1,...,Ax) € ©, 6(0) € (0,1/K]. We write

K
35(9) = {Zkak;w S WK,U)k > 5,wk S Q,Fk S gzk,Vk S [K]}
k=1

We define Z5 by

25 = | 25(0).

USC]

We associate to 25 the family Qs of densities with respect to v and the p-estimator Ps of P based on the family
Qs. Assuming we have a penalty function pen : Qs — R, we set

Y(X,q) = sup [T(X,q,q') — pen(q')] + pen(q), (4.1)

for all ¢ € Qs. The p-estimator Py is any measurable element of the closure (with respect to the Hellinger
distance) of the set & (v, X), as defined by (3.5). One can notice that a constant penalty function does not have
any impact on the definition of Y and brings us back to the previous situation.

4.2. Estimation on a mixture model based on composite emission families

Let K be larger than or equal to 2. Let L be a subset of Hszl Ay, and define © by © = {K} x L, i.e. K is
fixed. For A = (A1,...,Ak) € L, the model 2()\) is a subset of

K
{Zkak;w € Wk, Fy, € ?Ak,Vk S [K]}
k=1
and we define its countable subset 25(\) by
K
95 = {Zkak € 20\);w € Wi, wp > (\),wy, € Q, Fj, € %y, ,Vk € [K]} ,
k=1

where ¢ is any function L — (0,1/K], and 25 = J,¢;, Z5(\). Under Assumption 2, we write V(A) = V(A1) +
-+ V(Ak).
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Theorem 4.1. Let A be a mapping L — RY such that e~ 2N < 1. Let pen be the penalty function defined
A€EL

by

penﬁﬁ::mkemgggon[llﬁlva){582+40g<(322502) +10g%<1;)>]%—A(Aﬂ7 (4.2)

where  is given by (19) in [{]. Assume there is P* in & such that P* = (P*)®". For the choice §(\) =
n(‘;((i)l) A %, there is a positive constant C' such that the resulting estimator P=ps satisfies the following. For
all £ > 0, with probability at least 1 — e~¢ we have

Ch?(P*,P) < inf {hQ(P*,Q(A)) +% (V()\) {1 + log <V(§”Anﬂ + AN +§> }

A€L

The constant C is universal, in particular it does not depend on K or on the choice of the model.

This proof of this theorem is postponed to Section B.4. It is a general result for the situation where you
know the number K of subpopulations, or at least want to fix it for the estimation, but are hesitating on the
models for the emission distributions. For instance, let us consider Gaussian and Cauchy location-scale families
for the composite emission families, an example simpler than Example 2.1. For all k£ € {1,..., K}, we take
Ay = {1,2} with | =4 and #5 = %, where € is the Cauchy location-scale family of distributions associated
to the density class

1 1
C={or—— 2R >0y. (4.3)
"L (559)

We consider the model 2 = Ug< <k Z; with

J K
}: > > (25,05)
2= wiN (zk, 07) + E wy,Cauchy (2, or); (21,01) 12530 ,
’ b1 (:7) el o ) (2j41,044+1) > -+ > (2K, 0K)

where the order > on the parameters (zg, o) is defined by (3.18) and allows to have identifiability properties
again here. Lemma 3.12 gives the same bound on the VC-indices of G; and C therefore (4.2) provides a constant
penalty function, hence we will consider a null penalty function.

K
WpN (Zk,02) + Y. wyCauchy(Zy,or) € 24 with (z1,51) > -+ >
1 k=j*+1

(Zx,Tk). Let P be a p-estimator on 25 with § = 3N+ and a null
*) and a positive constant C(P*) such that for n > no(P*) there exists an
on which such that P € 2 and

bt

Theorem 4.2. Assume P* =

k
(Zj=,05+) and (Zj+41,05041) > -
penalty. There exists an integer no(
event of probability 1 — (n(K + 1))~

V

=T

J* K
* — -~ - = soA 2 = = s A
CP*) [l =l + > [[Ero7) = Ge R AL+ D Gk aw) = Gron)ll* Al
k=1 k=j*+1
< Klog(n(K +1))
s—

This result is proven in Section D.2. Following the proof, the constant C' (P*) depends both on the distance
between P* and the “wrong models” 2;,j # j* and on the smallest eigen value of the Fisher’s information



420 A. LECESTRE

matrix (within the regular parametric model 2;-). Theorem 4.2 shows that it is possible to identify the true
emission models for n large enough and if this identification is established we can also estimate the different
parameters. This seems to be somehow original as we did not find any result of this kind in the literature.

4.3. Selection of the order K

We consider © of the form © = |J {K} x {\}X, where % is a subset of {1,...,n}. For K € #, we write
Kex

F = .7 and .Z = %) its countable and dense subset given by Assumption 1. For K € .#', the model 2(K) is
a subset of

K
{Zkak;w € Wk, Fy, E?,Vk‘ S [K]} .

k=1

K
We define Z5(K) = { S wpFy € 2(K);w € Wi, wi, > 0,wy, € Q, Fy, € F,Vk € [K]} and 25 = Jgep Zs(K),
k=1

where § : £~ — (0,1] satisfies 6(K) < 1/K. Under Assumption 2, we denote by V' the VC-index of F, therefore
V(K) = K xV.1If P=PFsis a p-estimator on 25, we denote by K the smallest integer K in . such that
Pe c@g(K)

Theorem 4.3. Let A be a function # — Rt satisfying >, e 25) < 1. We consider the penalty function
Kext
defined by

pen(q) =x _inf {116.1KV [5.82 +log (W) +log, (;v)] + A(K)] , (4.4)

where  is given by (19) in [4]. Assume there exists P* in & such that P* = (P*)®". For the choice §(1) = 1
and §(K) = Y N\ % for K > 2, there is a positive constant C' such that any p-estimator P = Ps on 25 satisfies

n

the following. For all € > 0, with probability at least 1 — e~ we have

(4.5)

Kex

Ch*(P*,P) < inf {hz(P*,Q(K)) n KVIOg(n);‘f-FA(K)}.

The constant C' is universal, in particular it does not depend on % and therefore neither on V.

This result is proven in Section B.5. It gives an oracle inequality and it provides a way to determine the
number of clusters if one wants to use mixture models in order to do clustering. It is also interesting in the
context of density estimation. Once again, we take advantage of the approximation properties of GMMs to use
our estimator for density estimation on a wider class. We use the approximation result proven by Maugis and
Michel [20]. Let 8 > 0, r = | 8] and k € N such that § € (2k,2k + 2]. Let also P be the 8-tuple of parameters
(7,07, L,ye,C,, &, M) where L is a polynomial function on R and the other parameters are positive constants.
We define the density class H(3, P) of all densities p satisfying the following conditions.

e For all x and y such that |y — z| <,
(logp)") () — (logp) " (y) < rIL()ly — ="~
Furthermore for all j € {0,...,r},

|(logp) P (0)] < I*.
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e We have

28+e

wax | |(log)) (o)
R

1<g<r

pado v [ L@ pa)e < C.

e Forall z € R, p(z) < My(x).
e The function f is strictly positive, non-decreasing on (—oo, —«) and non-increasing on («, 00). For all
x € [—a, @] we have p(z) > € .

This class of functions can be approximated by Gaussian mixture models, the quality of the approximation
depending on the regularity parameter 5.

Lemma 4.4. (Lemma 6.1 in [20]) B
For 0 < 8 < 3, there exists a set of parameters P(f3, B) and a positive constant Cs 5 such that for all 8 € [ﬁ,m ,

allpe H (B,P(é, 3)) and all K > 2, we have
(log K)*
h2 (P7 gmix,K) < CJBW’
where Gmiz i s given by (3.12).
We consider .#" = {2,...,n}, A(K) = K and the penalty function pen as in (4.4).

Theorem 4.5. Let P = Ps be a p-estimator on 25 with § as in (4.5). For 0 < 8 < B, there exist a positive
constant Cg 5 such that for any p in H (B,P(B,B)) with B € [B,B], for all § >0, we have

58
. A logn)zs+t &
h*(P*,P) < Cs35 <(2)ﬁ + ) ;

n2A+1 n

with probability at least 1 — e~¢.

This theorem is proven in Section C.3. It provides an upper bound on the convergence rate of our estimator
of order (logn)>?/(48+2)y,=B/(28+1) Tt is the same rate obtained in Theorem 2.9 of Maugis and Michel [20] and
therefore our estimator as well is minimax adaptive to the regularity 8, up to a power of log(n). Moreover, in
our setting there is no need to specify 3 nor § in our model i.e. there is no condition on the location and scale
parameters of each component. Intuitively, this would allow to obtain a better approximation bound but we did
not have time to look into that direction.

APPENDIX A. MAIN RESULT

In this section we prove the main result of this paper, Proposition A.1, which gives an upper bound on the
p-dimension for finite mixture models. The p-dimension function is properly defined introduced in [3]. Bounding
the p-dimension is the key element as it allows to obtain the general result Theorem B.1 as a direct application
of Theorem 2 [3]. We recall definitions from [3] that we adapt to our context, in particular the function ¢ defined
by (3.2) satisfies Assumption 2 of Baraud and Birgé [3] with ag = 4,a; = 3/8 and a3 = 3v/2 (see Prop. 3 [3])
which gives the different constants. Let .# be a countable subset of &. For y > 0 and P € & we write

7 (Py) = {Qe.a:w? (P P7") 4+ 12 (P,Q°") <y}
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If Q is a set of probability density functions with respect to a o-finite measure v such that .# U{P} = {q-v;q €
M}, we write

w(v,M,///,P,y)=[ sup [T (X,p,q) — Ep- [T(X,p,q)}ll-
QEB (P,y)

Similarly, we define w-# (P,y) = inf(, p)w (v, M, 4, P, y), where the infimum is taken over all couples (v, M)
such that M is the class of density functlonb associated to .# with respect to v, o-finite measure. We can now
define the p-dimension function of .Z by

D# (P*,ﬁ(gm) = [B2sup {y2;w (P y) > ?EJ:H \/1,

with g = 25+L?/4 Following the notation established in Section 4, we need to bound the p-dimension function
over each Z5(0) in order to apply Theorem 2 [3].

Proposition A.1. Under Assumption 2, for 6 = (K, \1,..., k) € ©, we write
V(O)=Vin + -+ Vi,

where Vi x, is an upper bound on the VC-index of ?k%k- For all P € & and P € 25, we have the following
bound

D25(9) (p, F®") < D, (6,0) := 545.3V (9) {5.82 + log (W) +log., <‘/7Z@)] : (A1)

A.1 Proof of Proposition A.1

The strategy of the proof is based on the following remark. One can notice that if for some pair (v, Q) there
—_ 2
is yo such that w (v, Q, 2, P,y) < 2L for all y > yo, then we have

D2 (P** ) (Byo)* \/ 1. (A.2)

Let 6’ be an element of © such that P belongs to 25(6’). Following notation of Section 4, we prove such an
inequality for the pair (g, Qs(0) U {p}) where p is the density function in Qs(f’) associated to P. To bound

(u Q,9,P y) we are going to bound the entropy of %2s() (P y) which is possible since each emission
models is associated to VC-subgraph classes of density functions (see Assm. 2). For a metric space («7,d) and
€ > 0, we denote by N(¢, o7, d) the minimal number of balls of radius € needed to cover <. The next lemma
provides a bound on the covering number for our model, up to some modification.

Lemma A.2. For 0 = (K,\1,..., k), we write V(0) = Vi », + - + Vi n, and we define

FoO) (P) = {¢ (\/z) q € Q5(9)}-

For any probability distribution R, we have

. o 81 1/e 2 .
Ve < 2,log N (67.7:Q5(9) (P), |- HL2(R)) <V(0)log ("’?((;j—i—l)) + 2V () log(1/e). (A.3)
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The next lemma is an intermediate result in the proof of Theorem 2 [5]. It allows to bound the expectation
of the supremum of an empirical process from a bound on the covering number on the considered space of
functions.

Lemma A.3. Let F be an at most countable set of measurable functions Z — R such that for any probability
distribution P on (2", X), we have

log(N (e, F, || - || zo(py)) < @+ blog(1/e).

Let Xq,...,X, ben independent random variables with values in (2", X). We define Z(F) by

Z(F) = sup
feF

> (F(X) —E[£(X0)))

i=1

and assume supfe}-% S E[f*(X;)] <0* < 1. Let g € (0,1). We have
i=1

E[Z(F)] < 3242 + A2V 2no?,

with A = 14 (1 + m) V1082 + 2a + blog(1/q) + 2blog(1/0).

Let y be a positive real number. We set
Fran (P) = {0 ([} )0 =0 e 200 (0 P) 1w (Pr.P) <7 € 720 (7).

Since ¢ satisfies Assumption 2 [3] and given Lemma A.2, we can apply Lemma A.3 with 0 = (3v/2y%/n) A 1,

o plt1/e 2 o
V(0)log <§((;§+1)> and b =2V (0).

a

We get,
w? ) (1, Q5(6) U (B}, 25(60), P.y) < E[Z (Fso,)] < 324° + A2V2no?,

with A given in Lemma A.3. Let us try to find a simple upper bound for it. In our situation, dropping the
dependency on 6 in the notation, we have

b 2V
log2+2a+blog(1/q9) 12 4 2V log (61“/88#) + 2V log(1/q)
< 1
> el+1/e8(K+1)2
e (2]
1 1
<

<
log (e1+1/e8K(K+1)2) - log (61+1/624X32) )

q q
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hence

1 + q 1 . el+1/6213/4 (K + 1)2
A S 1— q 1 + (el+1/524><32) \/QV |:10g (q + 10g T .
IOg e —

q

For ¢ = 1/9, we have

5 1 _ 1 (K +1)
A< (14— ) [2V |2 +1+1og (213/4 x 9) +1log [ =~
—4< +1+i+4log(6))\/ LJF log (213/4 x )+°g( 502 )}
5 _ (K +1)2
_ 2
—9.8,/27 [5.82 4+ 1og [ LUV,
do?

IN

Finally,

w25 (1, Qs(0) U {B}, P,y) < Co\/nVo2ZL(0,6,0) + C1V Z(0,6,0) (A.4)

with Z(,6,6) = 5.82 + log (”f;?j, Co=28x4=112and C; = 26 x 2.82. Then we follow the proof of
Proposition 6 [5]. For D > £V = 2~V and y > B~'VD, we have

3v2
£(5,5,0) = 5.82 + 1 ( "Y1 n
g, 0, - < 0og S Og+ 3\/§y2
(K+1)2) < B2n >
<5.82+1 — | +1
= Og( 6 Og+ 3\/§D
(K +1)? n
= 5.82 + lOg <(5 + 10g+ <211D
2
< 5.82+log ((K;”> +log, (;) .y

We combine it with (A.4) and since y > 871V D we get

IN

11.2 x \/3V2yV VL +2° x 2.8V L

w2 (u, Q5(0) U {B}, P, y)

3 [04x 12X 2VVT 22 x 2877
64 V3y 3y°
_ 37 [64x11.2 x 2V L 22X 28V
~ 64 I \/gﬂ—l\/ﬁ 38-2D
3y? [ VVL 2 VL
— 2o x 1122 4 2v2 x 2.82 2
64 _ X NG +2v2 x
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_ _ 2 _
For D = 545.3VL > VL [\/11.22 ToV2 % 2.82 + 11.2] we have D > 211V since L > 5.82. Moreover, for all

y > yo = B~D, we have w?s () (1, Qs(0) U {p}, P, y) < 36%2 which allows to conclude with (A.2). We now turn
to the proofs of the two lemmas.

Proof of Lemma A.3

The lemma is an intermediate result in the proof of Theorem 2 of Baraud and Chen [5]. We write Z(f) =

SUPfeF ‘ > e f(Xi)
=1

a+ blog(1/x) in (A.7) and everything stays the same up to equation (A.10). We get

where €1, ..., €, are i.i.d. Rademacher random variables. We follow the proof with h(z) =

E[Z(F)] < \/%% /OB V1082 + 2a + blog(1/q) + 2blog(1/a)du,

SE[Z(F)]

with B =1/02 + A 1. With Lemma 2 [5], we have

E[Z(F)] < 16A% + AV2no?,

with A = i%q (1 + m) V/1og2 + 2a + blog(1/q) + 2blog(1/0). Classical symmetrization argu-

ments imply

E[Z(F)] < 2E [Z(F)] < 32A% + AV2no2.

Proof of Lemma A.2
We write ¢ = 9 (x/-/ﬁ). We drop the dependency on 6 in this proof.

Lemma A.4. For any probability distribution R on (2, X), for w,v € Wk such that wi,vg > 0 for k =
1,..., K and for any probability densities q1,...,qK,71,-..,7K, we have

l[¢o(wiqr + - +wrqr) — ¢ o (viry + - +vrTr )| Lo(R)

K
1 2
<3 - Z\w = ]]oe, A5
_ﬁk:1|\¢°% ¢°7“k||L2(R)+5||w vl| (A.5)

where ||w — v]|e = max |wg — vg|.
ke[K]

This lemma implies that for any probability distribution R on (£, X), we have

log N (& FO (), || llzy(my) < 10g N (exc 1, Wic, || - [|oo) (A.6)
K

+ ZlogN (ensd 0 Fis [l Lacmy) »
k=1
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where ¢o Fy, 1= {(bo f’F € ,?k} fork=1,...,Kande= % +2€%;“. Let us bound the covering numbers

involved in the latter inequality. From Proposition 42 in [4] and Lemma 1 in [5], we have the following bound .
For any probability measure R on (27, X) and for all ¢, € (0,2), we have

log N (ek,(bo]:lw \|~||L2(R)) < log (eVi(8e)¥ 1) +2(Vi — 1) log(1/ey). (A7)

We also need a bound on the covering number of W . For €x1 > 0, we have

3
log N (ex+1, Wk, || |]oo) §Klog( > . (A.8)
€EK+1

The proof comes at the end on page 428. We can now combine (A.6), (A.7) and (A.8). For € € (0,2) and
d € (0,1/K], we take

1) K 2(V; — 1
K1 =€ = andej:a/g (KJ ) ig=1,... K.
K+ 3> 2(Vi—1) K+ 3> 2(Vi—1)
k=1 k=1

We get

— 3 2 (Ve—1)
log N (G’J:st) (P),1l- ||L2(R)> < Klog <6K+1> + log <6K (H Vk) (8e) >
k

K
+) " 2(Vi — 1) log(1/er)
k=1
K
6 K+ Z (Vk — 1)
=Klog | — =1

€d K
+ log <€K (H Vk) (86)V_K>
k
K
1 K+ Z (V; —1)
+ 2V — 1D loe | —— j=1
1;1 W= Dlog | 5201
K K+§12(V}*1)
K+ 2(V;-1)
j=1
=lo
: K Hszl[z(Vk —1))2(Ve-1)
1/V
+Vlog HVk
k
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GKGVSV—K o
+ log 5 + (2V — K)log(1/e).

The following inequalities allow to simplify this. For all x1,...,x, > 0 such that z; +--- + z,, > 0, we have

.. 1+ +Tn
log <(x1 ha ) )

xtoan

< (o1 + o+ 2n) log(n), (A.9)

1
=12

<H a:1> < (e%) <elle. (A.10)
i=1

Then, we get

K
log N (e, FO) () || |\L2(R)) < | K+ 2(V; — 1) | log(K +1) + Vlog (el/e)

eVav —
+10g< — >+(2V—K)log(l/e)

- 1+1/e K 1 2 .
< Vlog <€82+)> + 2V log(1/e).

To conclude we need to prove (A.9), (A.10) and (A.8).

Proof of (A.9) and (A.10)

e In a first time, we assume 1 + --- +z, = 1, i.e. x € W,,. Then

N
(171 +-- -tz )m1+"'+1"" n n T+ T on n
log ( T nx;ﬁ" = _ Z x; log(x;) and H z; — H ;.
=1 i=1 i=1

n n

Both functions & — — > x;log(x;) and  — [] x; are bounded and attains a maximum on W,, for 1 = --- =
i=1 i=1

Zn = 1/n, such that

_in log (x;) <log(n) and Hml < (1> .
i=1

; n
i=1

e In the generic case, we define s(x) :=z1+ -+ 2, > 0 and y in W,, by y; = z;/s(x) for i = 1,...,n. We have

ity

o8 ((xl o xn):*“'Jr””") = s(x) x [_ > U log(yi)] < (x1+ -+ x,)log(n)
i=1

and

n e = noo\ Vs
(H ) — o)/ x (H y)
=1

i=1
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L\ V/s@)
< s(2) /5@ x ()

< o
1
< (el/e) "
The last inequality comes from Vz > O,xl/w < el/e and we get (A.10) with e > 1 and n™ > 1. O
Proof of (A.8)

Let € € (0,1). Let N be an integer greater than *. We define

d
Wk N = {w € WK’W{: € [K],3dy, € N,wy, = ]\];}

e One can easily see that there is a bijection between Mg n and the set

K
DK,N = {dl,...,dKeN de:N}

k=1
We have the following bound |Dg n| = (N+§_l) < (N + 1)K,
e Let w be in Wk. For k € [K], we write a = | Nwy]. We define s(a) € N and d € D y by s(a) :=
a1+ +axg <N and
Vk € [K],dk = ak + ]]-s(a)+k§N S H_NU}]CJ, |_N’wa + 1] .
Therefore, we have v € Wy n defined by v, = dﬁ’“, such that
Vk € [K], |lwg — vk < 1/N,
i.e. |lw—v|[ <1/N <e.
Therefore Wi n is a e-net of Wg with respect to ||-|| and for N = [1/€] > 1/e we have
log(N (e, Wk, d)) < log Wk n|) = 10g (|Dr 1)
< Klog(l+ N) < Klog (3> .
€
This concludes the proof of Lemma A.2.

Proof of Lemma A.4

The result is just the combination of the two following claims and the triangle inequality.

e First claim: For any probability distribution R, any nonnegative measurable functions ¢1, ¢, g and any
w € (0,1) we have

¢ o (war + (1 —w)g) — ¢ o (wgz + (1 —w)g)l 1, () < ﬁ lpoqr —doall,m- (A.11)
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e Second claim: Let g1,...,gx be K densities. For w,v € Wk 5, we have

2
@0 (wigr + - +wigr) = $o (vigr+ - + vk gx)la(m) < 5w = vlloo- (A.12)

(o) (5

K
+ Y 6o (hier) = do (i)l Ly m)
k=1

K

[lw = vf|oo + Zfllfb (g6) = b o (fi)llyem)

Combining those inequalities, we have

(o) o)

La(R) La2(R)

<

SR N

<

K
||w_v‘|oo Z QSO(fk’)HLQ(R)a

SARN

with hkung]Jr Z v fj.

=1 j=k+1

e Proof of (A.11).
For two probability densities f; and fs, for z such that p(x) > 0 and fi(z) + fo(x) > 0, computation gives

90 filw) — 6o fo@)| = o (V@) — v (VEE@)]

\/%(x) 1 \/f%(x) 1

\/%(x)Jrl \/f%(x)Jrl

:( L(w)+1) (2@ +1) <\/f77(z)+ %(x))'

For fi = wq + (1 —w)g and fo = wgy + (1 — w)g, dropping z in the notation, we get

(A.13)

|p o (wgr + (1 —w)g) — ¢ o (wgz + (1 —w)g)|

2’LU Q1:qz
_ p
wai+(1-w)g w2+ (1-w)g wqi+(1-w)g wgz+(1-w)g
(\/ 5 +1> (\/ 5 +1) (\/ 5 +\/ 5 )
2 q1—q2 lI2

E ) E
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a a2 a a2
y o5+ (Vi) (VB + V%)
wqi+(1-w)g wgz+(1-w)g wqi+(1—w)g wyge+(1-w)g
(Vo) (VEmigesm ) (st frnif)

ey | ve(EY)

= |¢Oq1 —d)0q2| X (1 ) X . +(1 )g
wqi+(1—w waq2 —w
( q1 S g+1> A/ 5 +1
/9L 92

X .
\/wq1+(1*w)g+\/wq2+(§1*w)g

iz

For w € (0,1) and any y1, y2, 2 > 0 such that y; + y2 + z > 0, we have
Vit VY2 y Vw (o +1)

Vwy +(T—w)z+ Vwya + (1 —w)z Jwyr + (1 —w)z+1

Vi (VI +1)

X
Vwys + (1 —w)z+1
<

L VEVE YOI VEEY L
T Vwpt Yoy Jwgn+l Vuyz+1 7w

Finally, for z such that p(x) > 0 and ¢1(z) + g2(x) + g(z) > 0, we have

¢ 0 (w1 + (1 —w)g)(x) — ¢ o (wgz + (1 —w)g)(z)| < % |60 qi(z) = doga(z)]. (A.14)

We now considered the atypical cases given the convention established in section 3.1. If ¢;(z) = g2(z) =

r(z) = 0, we have
¢ o (wgr + (1 —w)g)(z) — ¢ o (wgz + (1 —w)g)(x)] =0

whether p(x) is positive or not. This equality is also true when p(x) = 0, ¢1(z) +g(z) > 0 and ¢2(2z) + g(x) >
0. The last case is for p(z) = ¢1(x) = g(x) = 0 and ¢2(x) > 0 (¢1 and g2 being interchangeable). We have
¢ o (wgr + (1 —w)g)(z) — ¢ o (wgz + (1 — w)g)(z)]

1
=1=|¢oq(r)—¢ogr)| < 75 |¢oq(x) — ¢ oga(z)].
Therefore, inequality (A.14) is always valid and taking the Lo(R) norm provides the desired result. [

e Proof of (A.12).
—We first prove an inequality for mixtures with fixed emission densities. Let r and ¢ be any probability
densities on (27, X). Let w and v be in (0,1). Using (A.13) and dropping z in the notation, for r # ¢ we

have

¢ o (wr+ (1 —w)g) = ¢o(vr+ (1 —-v)g)
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2w —v|

r—q ’

= ( wr+(1 w)q+1)< vr+(1 vq+1) (\/wr+(1—w)q+\/vr+(1—v)q>
p p
(v

2|w— ’U||T 4

ifr>gq

w\r q\+<1 w)g v|r q|+(1 v)q wir—al+(1—wq vlr—ql+(1—v)q )
+1) =)

IN

2w—v|| 5|

)
(\/(1 w)lo— r\+w+1> (\/(kv)\qﬁ—rwrﬂ) (\/<1—w)|t%—r|+wr+\/(kvﬂ%—rww)

if r <gq.

2|va-vol /[57]

VE= q‘+1)< E= ‘1‘+1)’

2|vVI—w—vI—v|\/| 52|

a- w)\q r\+1)( /(1 qu r|+1>’
P

ifr>gq

IN

ifr <gq.

One can easily check that the function z — ( is bounded above by (a1/4 +B1/4)_2

VT
\/aerl) (\/Bx+1)
Therefore, we get

¢ o (wr+ (1 —w)g) = ¢o(vr+(1—-v)g)

SZ( w—f|2v Wl— ~ VT )
(w1/4+v1/4 1/4 (1—0)1/4)

_2<’w1/4—w1/4| ’ 1—w)1/4—(1—v)1/4’>

w4 o/t V(1) (1 0)i/e

The inequality obviously stands for = such that r(z) = ¢(z). Therefore we can take the Ly(R)-norm and
get

60 (wr+(1-w)g) = o (or+(1-v)gll
g(w lylos WHMV“\)_ (a15)

wl/A § /4 —w) /A (1 —)l/4

—We can now prove (A.12). Let g1, ..., gk be K probability densities. Let w,v € Wk 5. If w = v the proof
is obvious. Therefore we consider w # v. The idea is to rewrite wyg; + - - + wxgrx and vig1 + - + Vg g
as 2 component mixtures with the same emission densities, allowing us to use (A.15). We define

Wy — Vg,
t;:= max ——— — € [0,1] and ¢3 := max ————
1<k<K Loy, sop — Uk 1Sk<K Ly sy, — Wk

L

Since w # v, we have t1,t5 > 0. We define two probability densities f; and fs by

Nngle

K
Wg — Vg Ve — Wk
= v and = w .
k_{kvL t ]gk fa E [k+ ' ]gk

k=1
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One can check that we have

ta(1 —tq) h

> wn =
k9k ot ta(l— 1) 1

t1 +to(1 —t1)

to

Zv =ts) o
LIk = t +t1(1—t2) 1

We get straight from (A.15) that

¢ o (wigr + -

+ wrgK) —

f2) p.

to + tl(l — tz)

po(vigr+---
ta(1 —t1)

+ vk 9|, 0)

— o tl
B H¢ (t1 +t2(1 —tl)

1ty +t2(1—t1)f2)

O G e L
1 2
t2+t1 1—t2 to +t1(1 —t2) L2(Q)
to(l—ty) 1/4 _ ta 1/4 ot 1/4 _ta(l—ty) 1/4
2 ti+ta(I—t1) T\t (i=t2) ti+t2(1—t1) - \Bta(-t)
<
> 1/4 1/4 1/4 1/4
ta(1—t ¢ t1(1—t2)
(tljtz(l tl)) + (t2+t1(21 tz)) (t1+t2(1 t1) ) + (m)
(L=t - | V ()"~ (-
(t2(1—t)) + (02) Y )“4 +(ta(1 = t2))
oy Vi Rl Uk
(1—t)V/4+1 14 (1 —t9) 1/4

tq

<

to
_2<((1‘t1)1/4+ o) (1= ta)1/4 +1) ((1—t2)1/2+1)>

< 2(t1 V tg).

(1 —t)/24+1)

We end the proof of (A.12) with the following upper bound on t; V t3. We have

Vg — Wk
\/ )
]1vk>w;C - wk

Wk — Vg

tl \Y t2 = max
1<k<K \ Ly >v, — Vk

= _ 1—
1£r}ﬁa<xK{\wk vg| x max ((1—vy) "

<5 M w—vl|,. O

(1= wi) ™t o, wie) }

The proof of Lemma A.4 is now complete.

APPENDIX B. THEOREMS
In this section we provide a very general result from which we will derive Theorems 3.1, 3.3, 4.1 and 4.3.
Theorem B.1. Any p-estimator P on 95 satisfies, with probability at least 1 — e~¢,

h? (P*,P®”) (B.1)

< Hilel(f_){co (W2(P*, 2(0)) + n(K — 1)5(6))
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teo (116.1V(0) [5.82 +log (W) +log, (vr(be)ﬂ + A(0)> }

+ 61(1.49 + §)

with cg = 300 and ¢; = 5014. Moreover, for K > 2 and §(0) = n(vK(ﬂ)l) A %, we have

log <(K6(+9)1)2) +log, (VZ%) < (2 + log, (9)) log <V(§)nm> (B.2)

and n(K —1)6(0) <n AV(0).

B.1 Proof of Theorem B.1

We recall that the function 1 defined by (3.2) satisfies Assumption 2 of Baraud and Birgé [3] with ag =
4,a; = 3/8 and a3 = 3v/2 (see Prop. 3 [3]). Using Proposition A.1, we can apply Theorem 2 [3] with

D,.(8,0) = 545.3V/(6) [5.82 +log (W) +log, (V?G))] :

There exist constants v and x (given by (19) in [3]) such that, with probability > 1 — e~¢, we have

2 * P : 2 * 4£ Dn(é’g)
h (P ,P) < jnf {vh (P*, 25(0)) +

o (2537 ra0)

+ %(1.49 +&).
Lemma B.2. For all K > 2 and 0 € ©, we have
VP e P, h(P,250)) < /(K —1)5(0) +h(P,2(0)). (B.3)
Using this inequality, we get

h? (P*, 13) < inf [29 (h*(P*, 2(6)) + n(K (9) — 1)5(6))

+ %’f (116.11/(9) {5.82 + log <(K;1)2) +log, (V?H)ﬂ + A(o))]

1
+ 149 +9).
a

From Baraud and Chen [5] (see proof of Thm. 1), we get that v < 150 and 4x/a; < 5014. Let us now prove

(B.2). We consider # such that K > 2 and we take §(0) = n(vléﬁ)l) A+

o If V(0) <n(K —1)/K, then

log (W) T log, (VT(LH)) o ((K2 - 1)((£2+ 1)n2)

=
~ 3log (;{(Z)) T log ((K2 - 1)}({I§n+ 1)V(9)>
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e Otherwise V(0) > n(K —1)/K and

K? 42K +1

< 3log(K) + log (9/2)

o 0= Ry
< (2 -+ logy(9)) log (V(gnm) .
Finally, one can check that n(K — 1)§(8) < n AV ().
Proof of Lemma B.2
For K > 2 and § € (0,1/K], we define Wk s by
We.s = Wi N [5,1]%. (B.4)

We prove by induction that

V6 € (0,1/K], sup h?(w,Wks) <1—+/1— (K —1)é. (B.5)

wEWK

e Assume (B.5) holds true for K > 2. Let § be in (0,1/(K + 1)) and w be in Wy 1. Without loss of generality
we consider w; < wg < - <wg < wg41. We define the function r by

Wr+1 — Wk

. wo w3 W K
" w (1_w1,1_w1,...,1_w1> for wy # 0,
1 1 1 —
(f’f""’f) fOr'LUl—l,

and informally r—! by
ey Wegk X [O, 1) — Wk
1 (W' a) — (a,(1 —a)wi,...,(1 —a)wl).

o If w; > 6 then w € Mg41,5 and h (w, Wgky15) =0.
e Otherwise w; < ¢ and we build a distribution v € Wi 1 5 to approximate w. Taken = §/(1—40) € (0,1/K].
From (B.5), there exists v/ € Mg, such that h?(r(w),v’) <1— /1 — (K — 1)n. Now take v = r~1(4,0').

We have v1 = ¢ and for j > 2, v; = (1 —0)vj_; > (1 — d)n = &. Therefore v belongs to Wk 11,5. We also
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have

W2 (w,v) = [(W f) (VI=w - vi=3) }
+ V1T —wiV1 = 6R%(r(w), ')
g{1—ﬂ}+ﬂ[l— 1—(K—1)77}

=1-V1-0y/1-(K-1)5/(1-9)
=1-+v1-K§.

e We now prove (B.5) for K = 2. Let w be in Wy and without loss of generality assume that wy < 1/2 < ws.
Once again we only need to consider w; < §. Then we take v = (4,1 — §) and we get

h?(w, Wy5) <

2w,
[ (Vi - ﬁ)}

'—‘NJ\)—ID“

This ends the proof of (B.5). We can now prove Lemma B.2. Let P € & and P, r € £2(60). There is v € Wk s
such that P, p € 25(6) and

h? (w,v) <1 —+/1— (K —1)6 < (K —1)4.
By a density argument we can assume that v € Q. Therefore,

h (P, 25(0)) (P,Py.r)

(PU,vaw,F)+h(Pan,F)

< V(K =1)6 4+ h(P, Py r)

where the last inequality comes from Lemma B.3. Then, taking the infimum over 2(0) ends the proof. O

<h
<h

B.2 Proof of Theorem 3.1

It is a direct application of Theorem B.1 in the specific situation where
©={0= (K, 1,),...,Ax)}

Then, taking A(6) = 0, inequality (B.1) becomes

h? (P*, (P5)®") < co (h*(P*, 2k) + n(K — 1)J)

_ K 41)?
+ 11617 {5.82 +log <(“5L)) +log, (Sﬂ

+¢1(1.49 4 ¢).
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With (B.2), we have

h? (P*, P?") < ¢ (h%(P*, 2) + n A T)

_ K
+¢1116.1 (2 + log,(9)) V [5.82+10g ( & )}
VAn

T i (149 +€),
for K > 2. One can easily check that it still holds for K =1 (see [3]). Therefore (3.7) is proven.

B.3 Proof of Theorem 3.3
Let 2k €] be the model defined by

K
k(e = {Zkak;w € Wk, Fi, € File),Vk € [K]} .
k=1

Since the class .7, is totally bounded, the set .%;[e] is finite for all k¥ € [K]. We satisfy Assumptions 1 and 2
and therefore can apply Theorem 3.1 with

K K ag
V=Y onsdn <3 ()
k=1 k=

1

Let P = Ps be a p-estimator on Lk se]. For all £ > 0, we have

h? (P*, (P5)®") < co [02 (P*, 2xe]) + n(K — 1)d]

_ K4 1)
411617 [5.82 +log <(§)) +log, (3)}

+ 61(149 + 5)7

with probability at least 1 — e~.
Lemma B.3. Let w and v be in Wk . Let Fy, and Gy, be in & for all k € {1,...,K}. We have

K K
h F G| <h h(Fy,Gg) .
<Zwk mzvk k) < h(w,v) +I?€1%§] (Fi, Gk)
k=1 k=1
This lemma implies that 2k [e] is a e-net of 2 with respect to the Hellinger distance, and in particular
h? (P*, 2k[e]) < 2h? (P*, 2k) + 2ne>.

_ K .
Therefore, if we use (3.7) with V = > (2£)™* we get
k=1

K
A\ ®n
Ch? (P*, (P,;) ) < 207 (P*, 2) + 2n€” + € o 3 A (14 log(Kn)] + &,
k=1
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Finally, for e =n"~ amalx+2, there exists a positive constant C' such that for all £ > 0, we have
K

A\ ®@n amax
Ch2 (P*, (pé) ) < 1% (P*, D) + namet® Y A [+ log (Kn)] + €,
k=1

with probability at least 1 — e,
Proof of Lemma B.3

With Young’s inequality, we can easily prove the following inequality

2

V:c,y,z eRfa \/Z £L'lczk_\v/z TEYk S Z fk(ﬁ_@)z

kE[K] ke[K] ke[K]

Therefore, we get an upper bound on the Hellinger distance between mixture distributions. For w,v € Wk and
Fy, Gy € & for all k € [K|, we have

h Z wi F, Z veGr | <h Z wi F, Z wrGr | +h Z wr G, Z v G

ke[K] ke[K] ke[K] ke[K] ke[K]
Z wkh2 (Fk7 Gk) +h (w,v)
kE[K]

< max h(Fy, Gi) + h(w,v).
ke[K]

B.4 Proof of Theorem 4.1
Applying Theorem B.1 in the described setting, we get

h? (P*, 15) < inf {co (R2(P*, 2(\) + (K —1)5(\))

n CQ{HG'?/(A) {5.82 +log <(K5(+A)1)2> +1log, (V?)\)ﬂ + A()\)H
A9 e

n

with probability at least 1 —e~¢. As K > 2 and 6(\) = % A 7 we have the following with (B.2). and finally

we have

h? (P* P®”) < inf {eo (h2(P*, 2(0) +n A V()

+er (116.11/()\) [5.82 + (24 logy(9)) log (V(f)”mﬂ + A(/\)) }

+c1(1.49 +€)
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< C inf {h2 (P*,2(\) + V() [1 + log (V(fﬁ\n)] + A(A)} +¢,

AEL

where C' is a positive numeric constant that does not depend on L.

B.5 Proof of Theorem 4.3
Applying Theorem B.1, we get

h? (P*,P) < inf [co (R2(P*, 2(K)) + (K — 1)5(K))

exX
CQ{HMKKV [5.82 +log (W) +log, (K"V)} + A(K)H
A9t

with probability at least 1 — e~¢. For K =1 and §(K) =1 we have (K —1)§(K) =0 < KV An and

log (W) +log, (KLV) = 2log(2) + log (KVn/\ n) .

Combining this inequality with (B.2), we have

582+ log (W) +log, (777 ) < (5:82 + 210g(2)) + (2 + log,(9)) log (m[/ﬁ; n)

for all K > 1. Finally, there is a numeric constant C' > 0 that is universal, such that for all £ > 0 we have

Ch? (P*,ﬁ) < inf [hQ(P*,Q(K)) + % {KV {1+log <K{/{Zn)] +A(K)H + %

with probability at least 1 — e~¢.

APPENDIX C. DENSITY ESTIMATION

This section gathers the proofs of density estimation results, namely Theorems 3.6 and 4.5.

C.1 Proof of Theorem 3.6

The Gaussian location-scale family of density functions is VC-subgraph with VC-index V(C) < 5 (see Lem.
3.12). Proposition 3.5 provides an approximation bound for € (A, R). The proof can be found on page 439. We
can now apply Theorem 3.1 with those two propositions. With (3.7), there exists a universal constant C' such
that for P* = (P*)®", ¢ > 0, with probability at least 1 — e~¢, we have

A~ I(1/2 3\/?
2 * 2 * 1/4
Ch (P 7P) < h?(P*,%(A,R)) + exp <_12\/6 2) K/ 7\/6771/4 + R

+Klog(n)+§
n
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! [ V2 (souRblog2(n) + 1) + R

2 *
SHPLEAR) 4 S

N (864R*log*(n) + 1) log (n) + ¢
n

One can check that the assumptions ensure that log(n) > 1 and therefore

ch? (p*,p) < h?(P*,€(A,R)) +

n (em)1/271/4

Rlog'/*(n) [3\/58651/4 ] 865R* log?(n) + ¢
= .

Finally, there exists a numeric constant C' > 0 such that, for K = [864R*log?(n)] > 2 (2442 + 1)2, for all € > 0,
with probability at least 1 — e~¢, we have

R*log®(n) + ¢

Ch? (p*, 15) < h2(P*,4(A,R)) + -

The different conditions are satisfied for n > exp (,’;—2 %)

C.2 Proof of Proposition 3.5
We first need the following result.

Lemma C.1. Let k be a positive integer. For any probability distribution H on [—a, a] X [0, 7], there is a discrete
probability distribution H' supported by k(2k — 1) + 1 points in [—a,a] X [o,7] such that

dry (Py, Par) < int { ETL - <6a2(1 i m)2>k + %exp (—(m_w) } .

m>1 g 2ko? 252

The proof is postponed at the end of this one. Let A and R be two real numbers respectively greater than 0
and 1. As a direct consequence of this lemma, for any [ € R, any probability distribution H on [l + ¢ 4] X [o, Ro]
and for K > k(2k — 1) + 1, we have

k
2 . eA%(2 +m)? R _m2A2
h*(Pu,9¥k) < ;Ln>f0 {\/ 2/mA(1+m) <2k +oep |~ ) o

The goal is to have an upper bound without an infimum. For that we are going to take a value of m given by
the parameters A and R. Now

3 eA24m2\ * R m2A2?
2 < 1 — _ [,
h*(Py, %K) _#ln>f2{\/2/7rA2m< o ) + 5 exp< 5R? >}

e L3 (2PN R m? A2
Tz | vor o\ k 2 P\ 2R ) [
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Let W denote the Lambert W function restricted to (0;00) such that W(x) is the only positive number such

that W (z)eV(®) = 2. For m = wklﬂ and k > WL to ensure that m > 2, we get

(I/4eR%)RZ2’

h*(Py,%k) < %\/2W(1/46R2)Rk1/2 (46R2W(1/46R2))k + gexp (—kW (1/4eR?))
= Rexp (—kW (1 /4eR2)) {kl/Zs W (1/4eR2) /7 + 1/2} .

Let us simplify this bound using simple properties of the function W.

e Forallz > 0,0 < W(z) < x.
e Forall z € (0,1),z(1 —z) < W(x). Therefore,

W(1/4eR?) > ! (1 1)

4eR2 \"  4eR?
(1—1/4e)  4de—1 1
=~ 4eR?2  16€2R2 ~ 12R?’

Therefore, we have

k 3
2(pP, < - 122 11/2].
h ( H,%}()_RCXp( 12R2> [k 5R ?W—F / :|

Since K > 2 (24A2 + 1)27 one can check that the set

242
B= K > k(2K —1)+1 . L —
{keN > k(2k — 1) + andk_RQW(1/4eR2)}

is not empty, e.g. [24A4%] € B. We set k = maxB > 1, i.e. k = H + /(K — 7/8)/2J < \/E%, we have

Ke{n@n-1)+1....Cnt)n+1)}=k=n>VK @n+D(n+1)

Since z — m is non-decreasing on [1,+00), we have k > \/f/\/g for all K > 2. Finally, we have

k 3
2 < _ 1/2
h* (P, 9k ) < ReXp( 1232) [k 2R\/em 1/2}

1/2
< Rexp ,Ki K1/437\/§
126 R2 2R+ /enTl/4

1 K1/2
e ) o
2 12v/6R?

VerTt/4
One can see that o does not play a role here and is equivalent to s in the definition of C(A, R).

+1/2

+R|.

Proof of Lemma C.1

The bound is obtained following the proofs of lemmas in Ghosal and van der Vaart [15]
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e 1st step:
For |z| > a we have,

1
V2ro? P

< J;W?exp (-& “>2> . (€.)

e 2nd step:
See Lemma A.1 in Ghosal and van der Vaart [15]. Take N = k(2k — 1) + 1. There is a discrete distribution
H' with at most K support points in [—a, a] x [g,7] such that

/zlaf(QjH)dH(z,a) = /zla(zjﬂ)dH'(z,a) (C.2)

for/=0,...,2k—2and j =0,...,k — 1. Because of (C.2) we get

/Z 1)i —(2g+1)(x_z) (o) /Z 2;+1)(m—z) dH' (2, o),

for € R. Taylor’s expansion of the exponential function ([15]),

z—2)? i
ex (x—zQ < 1(_(2‘72)) < e(z — 2)° :
P 2 =\ k202

Therefore,

V2r sup |pu(x) — pr(z)]

lal<M
Si%‘/exp< z’z) )dH(z o)
(- <>) 420

~ sup /l exp (_(95—2)2) _Z (—(w;,?z)j e

2 il
20 = 7!

—

lz|<am |/ O
3 (2—2)>2 J
1 (r —2)? e (_ 202 ) ,
— [ = —_ ] - -~ 7 | dH
/U exp( 952 > Z ;! (z,0)

=0
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—2\*
<2y 1 (220
|:E\§MU k20
[z|<a

o<o<co

2 (e(M + a)? F
< - —— .
T k202

Obviously, the inequality (C.1) holds also for pg/. We combine it with the last one we obtained in order to
bound the total variation distance. Therefore, for M = ma, m > 1, we have

drv (Pu, Pu) = /|pH — pa(z)|dz
1
<M sup |pu(z) - pu(z |+f/ 2) V par ()
|| <M 2 \z|>M

+

2/77 a)? F
<
- o 2k02
ko _
2/7T o] (x — a)?
< - ——|d
- ( 2ko? ) + O’/ Vora? P ( 252 .
2/m ea?(1+ m)2 T (m —1)%a?
< ~ - __95 .
I am ( 2ko? + 20 P 262
Finally, writing A = a/c and R =5 /o, we have

dry (P, P) < inf { velT <€“2(1 i m)2>k + %exp (—(7”_12)2@2) } .

m>1 g

This concludes the proof of Proposition 3.5.

C.3 Proof of Theorem 4.5

We firs provide the proof of Lemma 4.4 which provides the necessary bound for the approximation.

Proof of Lemma 4.4

We will use notation from [20]. With Lemma 7.23 [19] and an inclusion argument, we have
1
h? (P, %) < h? (P,Sk) < 5 Dxr (P||Sk) .

Combined with Lemma 6.1 [20], we get

W (P. %) < =M1
Co7 25
_ 52’6 (%K—l (1nK)3/2)
(In K)**
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with C’@ = C3505 /2 O

The Gaussian location-scale family of density functions is VC-subgraph (see Lem. 3.12). For 0 < 8 < B and

B € [B,8), let H (B,P(B,5)) be the class of density functions defined in Maugis and Michel [20]. One can check
that

Z e A <,

ket

for A(K) = K. Applying Theorem 4.3, for £ > 0, with probability at least 1 — e~¢, we have

Ch?(P*,P) < inf {hQ(P*’gK)JFK(510g(n)+1)+€}

Kex n
(log K)*? K (5log(n) + 1) 13
K28 + n + n

< 20*(P", ¥ (8, P(8,5))) + inf, {2%,/3

Therefore, following the proof of Theorem 2.9 of Maugis and Michel [20], we have

. (log K)3?  K(5log(n) + 1) . (log K)3#  Klog(n)
_ < o
KHeng {205 B K28 n ~ BB Kuelgﬁ K26 n
<. (logn) B
~ €38 23 :
n2B+1

Finally, there exists C 3 such that for all £ > 0, with probability at least 1 — e~¢, we have

W} (P*,P) < Cy3 <25+

APPENDIX D. REGULAR PARAMETRIC MODELS
This section gathers the proof of Theorems 3.8, 4.2 and 3.9.

D.1 Proof of Theorem 3.8

We apply the results of Ibragimov and Has’minskii [17] (Chap. 1, Sect. 7.1 and 7.3) to parametric mixture
models. We recall the notation

K—1
w fr (4 +(1—w — —wg_1)fx(;aK)

k=1
K—1
and © = {w €0, D)E=1 3 wy < 1} x Ay x --- x Ag. Obviously, © is an open convex subset of RX =1 x R{ x
k=1
- x R4, We first check that Assumption 3 implies that the model is regular.

e a) = 0 — p(x;0) is continuous on O for p-almost all z € 2.
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e b) = For palmost all x € 2 the function u — p(z;u) is differentiable at the point u = 6. For all
ke{l,...,K}and j € {1,...,d}, we have

Op(x;0) " p(dr) Ofu(z;on)|® w?
/ ’ Oagj | pla:0) /gr’ dan,j p(ﬂ?f@)de)
p(dz)

S/ ‘afk(:c;am ’
x| Oag
It also works with k = K since w is fixed here. For k € {1,..., K — 1} we get
op(x; 0) |* p(dz) _ , 2 p(d)
[ 175 ey = [ = e 555
p(dx)
_wk/ (s ) fr(@; ag)

_ p(dz)
..._wk/fK ) Feioson)

:——i— < Q.
wr 1—wp— - — wg

Folmag)

Therefore, we have a regular statistical experiment (see [17]). Since the Fisher’s information matrix

_ Op (x;0) (Op (x;0 ’ (dzx)
1(9):/% pée )<p(ae )> pu(x;g)

is definite positive. We can apply Theorem 7.6 of Ibragimov and Has’minskii [17] which says that we have

hmlnf||t|| 2h?(Py Pyyy) > A0)/4.

where \(f) is the smallest eigen value of the Fisher’s information matrix I(#). Therefore there exists a > 0 such
that
it |[g—9]"

n n? (Py. Py) > A (9) /8.
9€6:|[0-0]|<a

Finally, there exists a positive constant C ( ) ﬂ ! il}ﬁ h? (Pg, Pg) > 0 such that
0—0||>a
0co

v e, (1480 °) n? (Pp o) = C ().

We apply Theorem 3.1 so that with probability at least 1 — e~¢ we have

% (b2 (P*, P™) + Viog(n) + ¢| > Ch? (Py, ;) = _C x C(9)

1+H57éH
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o

2 17%0 x C(0),

K—-1
for any b > 0. Since |[w — @[|* < K Y (W) — wx)? and
k=1

K-1 K K-1
X @ a3 - anl*11] < X -+ | Yl e 1
k=1 k=1 1

IN
=i

M

5

|

K
(Wg — ) —I—ZHO&k—OxKH ‘| ANEK+1)
k=1

[

—0

Qb\ﬁ

/\ (K +1),
we get, with b= K + 1,

C x C(9)

K
%[h? (P*. PE"™) + Viog(n) + ¢ > [;|ww|2+2||akak|2m] e

k=1
with probability at least 1 — e ™.

D.2 Proof of Theorem 4.2

Assumption 2 is satisfied with Lemma 3.12. For all j in {0,..., K}, we have Vj = 5K. We apply Theorem
4.1 with A; =log(K + 1) for all j € {0,...,K}. This induces a constant penalty function and one can check
that this does not modify the definition of p-estimators compared to a null penalty function. Therefore, the
estimator can be computed with a null penalty. There exists a positive constant that does not depend on P~
such that for n > 5K, any p-estimator Ps on 25 satisfies, with probability at least 1 —e~¢,

Klog (n(K +1)) +§‘

Ch2?(P*,P) <

The following lemma allows to prove that for n large enough, the estimator P belongs to the true model 2;-
with high probability.

Lemma D.1. Let j € {0,...,K} and assume there is a sequence

J
N
E Wi N (25, ak n E Wk.n Cavuchy(z n, Ok.n) € Qj
k=1

k=j+1 "

such that lirn h(P,,P*) = 0. Then, j = j* and there is a subsequence (Pw(n))n such that

Tim (25 (). Uk z/;(n))1<k<K = (Zk, 0k)1<k<K-

This implieb that o = inf 2« h (P*,2;) > 0. For n > ng = inf{n > 1: C~'a 'K < n/log(n(K + 1))} and
0<é< W’ there is an event )¢ ,, of probability 1 — e~¢ such that

_ Klog(n(K +1))+¢

Ch*(P*,P) < and P € 2;..

n
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From now, we follow the proof of Theorem 3.6 to prove a lower bound on the Hellinger distance h(P*, P) for
Pe o@j*.

pr

Lemma D.2. There exists a positive constant @ such that for all Py = Y wiN(z,0%) +
k=1

K

> wiCauchy(zy, or) € 2j+,

k=g +1

J*
h? (P*, Py) > a( llw —w|* + 3 || (25, 08) — (z5.72) |5 AL
k=1

K
+ 2 Il(zwk)(zk,ok)@M).

k=j*+1

Finally, there is a constant C such that for £ and n, on the event Q¢ n, we have

J K
Cllle—al” + Y ||(2.62) — Ead)|laAl + > 11k 6%) — EraolE AL
k=1 k=j*+1
< Klog(n(K+1))+¢
< - .

We still have to prove Lemmas D.1 and D.2.

Proof of Lemma D.1

Let j € {0,..., K} and assume there is a sequence

J K
(P = Zwk,n/\/(zk,m Trn) + Z Wy Canchy(2e,n, 0kn) | € 25
k=1 k=j+1

such that lim h(P,, P*) = 0. The mixing weights are bounded so we can assume we are already considering a
n—oo
sequence such that wy , —— wg o for all k € {1,..., K}. For the other parameters, it is always possible to
n—oo

extract a subsequence Py, such that for all k

Zk,00 € R,
and U]Cﬂl)(’ﬂ) —_—

z —_— Tk,00 € R+’
kp(n) n—oo or :|:OO, n— 00

or -+ oo.

We now counsider the different cases possible (dropping the dependency on v in the notation).

o If z;, , —— +oo (without loss of generality we consider +oo in the proof), for b € R, we have
n—oo

P ([b, +00[) = Wi [Lr<iN (2k.m, 0% ) ([b, +00])
+ 1i>; Cauchy (zk,p, ok ) ([b, +00[) ]

> % for n large enough.
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Assume wy, oo > 0. Since P*([b, +00]) P 0, there exists b such that P*([b, +00[) < wjo0/4. On the
—00
other hand we have P*([b,+o00[) = lim Py, ([b, +00[) > Wk, o0/2. Therefore, it means that wy - = 0 and
n— oo

it also holds for z , — —oc.
o If 2, —— 21,00 € Rand oy, —— 0, for b > 0 we have
n— oo

n— oo

Po([2k,00 = b, 2k,00 + b)) = whn (Te<jiN (2 07 ) ([b, +00])
+1Lk>jCauChy(zk,n, O’k,n)([b, +OOD) — Wk, 00-

Assume wy, o > 0. Since P*([2k,00 — b, 2k 00 + B]) ﬁ 0, there exists b > 0 such that P*([zk,00 — b, Zk,c0 +
—
b)) < wj 00/2. On the other hand we have P* ({2 00 — b, 2k,00 +b]) = ILm Po([2k,00 — b, 2k 00 + b]) > Wk 00-

Therefore, it means that wy, o = 0.
o If 2, = 2k,00 € R and oy, — 00, for a > 0 we have

Pn([—a,a]) <(1- wk,n)
+ win (Lk<iN (2hns 0 ) ([0 a]) + Lgs jCauchy (2,0, ox0) ([0 a]))

—— (1 — wg00)-
n—00

Since P*([—a, +a)) = 1, we get wg,0o =0
a——+0o

This proves that P,, converges to

Po= Y whooN(2hoo:0hoe) ¥ Y, WhooCauchy(2k o, 0k 00),

k<j(N) k>j(X)
wk,W>O wk,oo>0

and necessarily P* = P,,. Lemma D.1 with the assumptions on P* implies j = j* and there exist two permu-
tations 7, 7. respectively on {1,...,5*} and {j* +1,..., K} such that (7y,Zx,0k) = (Wr,(x), 2r, (k) Tr, (k)) fOT
kin {1,...,5*} and (Tx, Zk, 0k) = (’LUTC(k), ZTC(k),O'TC(k)) for kin {j*+1,...,K}.

Proof of Lemma D.2

e The map (2,02%) — g(z;2,0%) = ¢(z — 2) is continuous and differentiable on R x R** with

(z - 2)

az¢o(m - Z) = Qso(x - Z) o2
(x —2)? 1 ] .

Osd(a —2) = dnle - 2) |

204 202

1 1

o AT is continuous and differentiable on R x R** with

Similarly (z,0) — f(z;2,0) =

1 r—z
0-f(:2,0) = =5 Bz o)
1 2
&Tf(SU,ZaU) - 7.[.0.26(3;;270') |:1 B C(gj;z’()'):| .
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Moreover, on can check that we have

d _ 2
/R|3zg(x§2702)|2 g(m;:’UQ) —/R(Iaf) o (x — 2)dz < 00

/R\agzg(x;z,UQ)f dr —/}R[(‘p‘”_z)2 12}2¢g(xz)dx<oo

g(x; z,02) 204 20

/|azf<x;z,o>|2dx:/wdx<oo
R R

flx; 2,0) wodc3(x; z,0)

o oy2 dx 1 7 2 2
/R‘aozf(x,z,a ) flz;2,0) /R node(w; z,0) {1 c(x;z,a)] da < cc.

e The function 6 — ¥ (-;0) = %plp(-; ), where

K

5*
1
0=Fmon-ar 3
p(l‘a ) wk(bak(x zk)+ 4 TI'O'C(I’;Z,O')
k=1 k=j5*+1
and
9:(wl,...,wK,l,zl,...,zK,af,...,a?*,aj*ﬂ,...,a;(),

is continuous in the space La(p).
e We apply Theorem 1 of Meijer and Ypma [23]. For j* < K,

det(1(0)) = 0

J
S A0S bl — ) (W Fuwh {@:—ZV 1 } Hwk)
k=1

1 2
o 20, 20%,

K-1
n Z WAz, (T — 2k) n Wi Ao, 1 B 2 n Aw,,
. no3c?(x; 2y, o) noy  |e(x;ze,0n) (% 2k, 0%) nope(x; 2k, ok)

k=j*+1
Aoy (@ = 2K) A 1 2
1wy — e —wp « ) .
e v <WU%C2(x;ZK’UK)+7W?< c(w; zx,0x)  A(x;2K,0K)
1 K-1
- Awy, = 0 for p-almost all .
Tokc(T; 2K, 0K ) ; k or pu-almost all x
For j* :K’
det(1(0)) =0
K—1
(v — zg) (‘T*Z)2 1
éEA#OaZQSgg(:c—zk) <wk>‘zk02+wk>\gg Lo L o
k=1 2 i 2
(x — zK) (37—2)2 1
+¢O’K(x_ZK){(1_w1—..._wK1) (AZKO’%(+>\U§( W_Q

K-1
- Z )‘wk} = 0 for p-almost all x.
k=1
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Lemma D.3. Let (21,01),...,(2K,0K) be distinct elements of R x RT™. For any integer n, the families
A={z— g (x—2)ie€{l,...,K},j € {0,...,n}}

and

B—{xe ;ie{l,...,K},le{1,2},je{0,1}}

w25, 04)

are linearly independent. Moreover, the linear spaces Spang(A) and Spang(B) are orthogonal.

This proves that I(6) is non singular.
e We now check inf|5_g -, h*(Pj, Py) > 0,Va > 0. It is a direct consequence of Lemma D.1.
Py GQJ'_*
e 2(\*) is a regular parametric model. We consider the parameter to be o for the Cauchy distribution and

o2 for the Gaussian distribution. Obviously, (z,0) = g(z;2,0) = Tlac(zilzay with ¢(x;z,0) =14 (%)2

is continuous and differentiable on R x R™* with
2(x — z)
wo3c(x; z,0)
1 2
no2c(z;z,0)  wo2c2(x;z,0)

0:9(x;2,0) =

Moreover, on can check that we have

N2
[ogtwnof 2= [T g <o
R 9( R

x;2,0) wodcd(x; 2, 0)

and

fonstrscolt 5525 = [ et [ )
. cg\T; 2, 0 g(.T;ZvJ)_ R7r03c(1';2,0) C(.’[;Z,U) e

e With the results of [17], we get that there is a constant a* > 0 such that

_ N2

VP € 2(\*), aF —1Z UL
b€ 2 )a1+||9—9|\2*

Proof of Lemma D.3

e Let f be any function in Spany(A) N Spany(B). Therefore there are constants (g ;)i<i<k, and
0<j<n
(Aesit,j) 1<i<k, such that
0<j<1<i<2
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Since f € Spang(A), we have f(r) = 01 (27%),Vk € N. Therefore A.;;,; = 0 for all 4,5,1 and f = 0.
This proves Spang (A4) N Spang(B) = {0}.
e One can check that > is a strict total order such that

(z1,01) > (22,02) = 2/ do, (T — 22)/Po, (x — 21) —— 0,

xr——+00

for any j € N. Let A be such that > \; j27¢,, (x — 2;) = 0 for all z. Without loss of generality, we assume
4,J
(21,01) > -+ > (2K, 0K ). Therefore,

0= Z Ai1j$j¢gi (fE — Zl)
‘7j

— Z )\i,jffj¢m (x = 2)/o, (x — 21) + Z Al,jxj
J

%]

= Z )\ijj + 0+oo(]-)~
J

It implies that A;; = 0 for all j. Then, we have Y. \;;j2’/¢,,(z — z;) = 0. By induction, we get that

22,5
A = 0 which proves that the family is indeed linearly independent.
e The partial fraction decomposition theorem implies that B is linearly independent. O

This concludes the proof of Theorem 4.2.

D.3 Proof of Theorem 3.9
We apply Theorem 3.1 and Lemma D.2 (see page 446) with j* = K.

APPENDIX E. TWO-COMPONENT MIXTURE MODELS

This section gathers the proofs of the results for the two-component mixture model with one known
component, namely Theorems 3.11 and 3.13.

E.1 Proof of Theorem 3.11

We take M = ||z*||o + 1 to have (E.1). With Proposition 3.10, there exists a positive constant C' (depending
on ¢ and M) such that for all z € [-M, M]¢, and all A € [0,1], we have

* * 2 %2 * 2
C(&, M)II2*112 (112112 " = A% + (W) |1z* = 21°) < llpas.ae =PIl
One can prove (using Prop. 2.1 in [13] and A* # 0) that we have

inf ||pxsze —paelP > 0. (E.1)
2¢[—M,M]?,
A€[0,1]

Therefore, there is a constant C(¢, \*, 2*) such that for all z € R? and all A € [0, 1],

(62" =) (12112 A1) 7 = 2+ 0 (117 = 21 A1) ) < llpaeo = Pl
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Since ¢ is bounded, with inequality (3.20), there is another constant C(¢, \*,z*) such that for all z € R? and
A € ]0,1] we have

O, \*, ") ((||z|\2 A1) (A" = A)2 + (A7) <||z* — 2|2 A 1)) < h2(Pye .o, Py.).

One can check the following

WP (Pear, Py ) < C(6,07,27) (W) (J1711P A1) /2= 12" = 2P AL < (I[P A 1)/4

:>||2||/\12@/\1.

We use Theorem 3.1 for an upper bound on h?(Py« .+, P; ,). For n > ng(¢, A*, z*), with

I+ V)[1+1log(2n/(1+V))]
nC(A*)? ([[*|]? A1)

no(¢, \*, z*) :inf{nZl+V’4 SC’(gb,)\*,z*)},

for 0 < ¢ <&, = (1+V)[1+log(2n/(1+ V))], with probability at least 1 — e~ we have
Ch’ (P» 2 Py ) <1 (1+V)|1+log U
D WY I n (V+ 1)
< Cx C(¢.X",2") (A (II2"]17 A 1) /2,

where C is the constant given in Theorem 3.1. Therefore, there is a new constant C'(¢, A\*, z*) such that for
n > ng and £ € (0,&,), with probability at least 1 — e~ we have

1+ V)[1+1log(2n/(1+V))] +§.

O, \*, 2%) (()\* N2 (||z* 2P A 1)) <

E.2 Proof of Theorem 3.13

We need some preliminary results before applying Theorem 3.1.

Proposition E.1. For \* € (0,1] and z* # 0, there is a positive constant C(a, A*, z*) such that for all z € R
and all A € [0, 1], we have

h? (Py« o+, Py.) > Cla, 2%, \*) [(A*)l/a (LA ]z =2 179) + (A = N (1A |z*\)} .

Since s, is unimodal, the class of densities {x > s, (z — %),z € R} is VC-subgraph with VC-dimension not
larger than 10 (see Sect. 3.2). With Theorem 3.1 and Proposition E.1, there exists a positive constant C'(a, A*, 2*)
such that for all £ > 0, we have

A\ 2
Cla, 2", ) [Mé—z*ﬂu (v =4) ] < %

with probability at least 1 — e~¢.
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Proof of Proposition E.1

We write

11—«
f(2) = salx —2) = Wﬂmﬂe(o,ﬂ

We define g by

o) = 1 (VI X o) + 4 o) — /T Nfale) + AL
such that
l—a [T
2h? (Py+ 2+, Pr2) = — | g(z)dz.

Lemma E.2. Assuming z - z* > 0 and |z* — z| < W There exists C(a, z*,\*) > 0 such that

/g(x)dx > O 2t ) [ (LA L2 = 2 172) 4 (0 =22 (A L)

Lemma E.3. For z-2z* <0, we have

1/\ [()\*)(l—a)/a(l _ a)2(1—o¢)/a|z*|1—a]
1-a '

/g(a:)dx > A\ a?

Lemma E.4. For |z —z*| > W and z* -z > 0, we have

/g(m)dx =N (1 A%]).
Combining those three lemmas, there exists a positive constant C'(a, z*, \*) such that
B2 (Pye,aes Povs) 2 €, 2% A7) [N (1A 2 = 2170) 4 (= AP (LA L2

for all Ain [0,1] and 2z in R. Without loss of generality, we assume z* > 0 through the proof of the lemmas.

Proof of Lemma E.2

Without loss of generality, we consider z* > 0 for now.
e For z €] — 1,0[, we have

1 RV 2]
9(0) = 1 (\/1 TN AN T e Leerleo \/1 AT AL e Lesle

If z* Az > 1 then,

2
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and

0 2 1
/ g(w)dzZ(mf\/ﬁ) T—a

-1
Otherwise z* A z € (0,1) then for z €] — 1,2* Az — 1],

21— (1—zAzH)t-@
l-«o ’

/Z*/\Z_1 g(x)dx > (m— \/ﬁ)

-1

Finally,

21— (1-zAz")i®

/0 g(z)dz > (m— \/ﬁ)

—1 1—«
e For x €]2* V z,2* V z + 1], we have
1 | —2* V z|@ | —2* V z|@
= 1-)———1 M1~
9@ = T —voe <\/( A lale.) AT e Hamsrieo)

2

T — z*V 2| T —2" V2@
¢GM|MW@M+M|1mﬁaMO

|| |z — 2|

o If 2 < 2%, with V < =, for @ €]z, 2" + V|z — 2*|[, we have

o=l =al
l|  — 2 7
.|x—z|_ V]z* — 2| <V
|z — 2| (I+V)|z* — 2|
We get
254+ V]z—z"| o 2" +V]z—2"| d
/ g(z)dz > (\/ ¥ — \/V“) / R
- - | — 2* V z|@

_ (\/)?_ \/Wf (V]=" —Zl)l_a'

11—«

We take V = (\)V/(1 — a)?/* < QY 1 and we have

Tor—2 = Tz

g(x)dz > \*a?

254V |z—2*| ()\*)(1*0‘)/0‘(1 — 04)2(170‘)/a|z* — Z|17a
/z l-«o

()\*)1/&0[2(1 _ O[)Z(lfa)/a‘z* _ Z|1foc

l1—«
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o If z > 2* we obtain the same way

/z+1 g(x)dx - )\l/aa2(1 _ Cu)2(1—oz)/oz|z* _ Z|1—a

l1—«

Finally, for any z* in R, using the following inequalities

Va,y € 0,11 — (1 —|z)1 > (1 —a)(1 A Jz]) and (vVZ — v3)° > (& —y)? /4,

we get
A 1/a 2 1— 2(1—a)/a|x _ ,|l—a
[ atern = 1qppen | AEEE EEE T e ae)
A 1/aa2 1—a 2(1—a)/a PR p ol .
Liaj<)or] [( ) o 1)_ | ey (1/\|z|)].
o
o If 2| > |2*|:

o if A > c\*, then

(/\*)1/0‘61/&042(1 _ Q)Q(lfoz)/a|z* _ Z|1fa
dz >
JECE <L

> Ci(aye) (N2 = 2 4+ (1A |2 (A = A

+ =N (A

with Cy(a,c) = 1\ R (1—q)2d-a)/a

-« ’

o otherwise [ g(z)dz > (A*)%(1—c)%(1 A |2*]),

* .k - * * * « 1 *
Aol — 27+ (LA (A = AP < ()Y mﬂlﬂz )
and finally
*\2 _\2 *
/g(x)dxz i 1(/2) (1 10) (LA ]z")) i
AV gz + (LA [27))
X (A*)l/a\z* — 2 (A1) (A = )\)2 .
o If 2| < |2*|:

o if |z| > d|z*|, then

/g(x)da: > (A)2a?(1 — a)2(d=e)/a|zx — z|l-«

11—«

+ (N =A% d(LA|2*])

> Cafad) [(A)Y* |z = 272+ (A = )P (1AL

with Cy(a,d) = d A 0=,

11— ’
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A/ @2 (1_q)2d—a)/a x| l-a ] _g)l-a
11—«

o otherwise [ g(z)dz > ( and

W)Yz =2 (=02 L) < ()Y (1_@% + (A7)
and finally
/g(x)dx > W)V (1 — a1 - d)' /(1 ~ o)
AV yst=ara + (LA [2*])
X [V = 2 (LA (= A
Finally,

/g(x)dx > Ca, 2, M) [ (LA Lz = 212 + (0 = 02 (LA )

with

cl/aa2(1 _ a)2(1—a)/a

C(a,z",\*) = min (1,

l1-«
(AL - (A ALY
(A*)l/am + (LA ]z*])
042(]. _ a)Z(lfa)/a
l-«a
(/\*)1/“@2(1 _ a)2(1—a)/a|2*‘1—a(1 _ d)l_a/(l _ a))
()\*)1/am + (LA [2%])
cl/aa2(1 _a)2(1—a)/a
= 1 1
min ( , o
(A )?(A =X ALY
(A*)l/am + (LA ]z*])
()\*)l/aa2(1 _ a)Q(lfa)/a|Z*‘1fa(1 _ d)lfo‘/(l _ Oz))
(A*)l/“m + (LA [2*])

d,

)

) )

Proof of Lemma E.3

Without loss of generality, we take z* > 0.
e For z €]z*,2*(1 + a)[, a < (2*)~! we have

1 x — z*|¥
9(r) = s (\/(1 - A*)glme(o,u + A

"o — e ]

|z — z*|> |z — z*|
- \/(1 A Laleo + Awﬂlwﬁ\ew,ﬂ

[

2
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and

|x — 2] |z — 2 a
< <a
le—2 = Jz| T 1l+4a”

We get

/:*ng(x)dx . (\/}\T - \/CT@)Q /Zz*+a dz

. . | — z*|
9 x\1—a
= (V¥ = var) e)
11—«
We take a = (A*)Y/*(1 — a)?* < L and we have
2 +a A* (1-a)/« 1— 2(1—a)/a(*\1—a

Otherwise a = 1/2* < (\)Y*(1 — a)*/® and

z*+a 1
/Z* g(x)dzr > A\*a? T

Finally,

/z*+1 g(x)dx - )\*a2 1 /\ [()\*)(lfa)/a(l _ a)2(lfoz)/a(z*)lfa]

- 1l-«
Proof of Lemma E.4
Without loss of generality, we take z* > 0.

. Iszz*—i—W. For z €]2* V 1,(z* + 1) A (2 — 1)[, we have

)\*
g($)7|m—z*|a'
One can prove that
1
-1l 1>
|z — 2%| 1*(1704)2/5‘ 1>1.

o If z* > 1, then We get

)\*
1—a’

z"+1 * _
/z g(:c)dleia[l/\|z—z*|—1}l :

O
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o If z* <1, then

*

>

Az == =1 = (1= 2]
[1 —(1- z*)lfﬂ .

T 11—«
)\*
l—«

(z"4+1)A(2—1)
/ g(x)dx >
1

>

o Ifz*Zz—i—W,weget

Finally,

APPENDIX F. VC-SUBGRAPH CLASSES OF FUNCTIONS

For more detailed introductions to VC-subgraph classes we refer the reader to Van der Vaart and Wellner
[28] (Sect. 2.6.5) and Baraud et al. [4] (Sect. 8).

Definition F.1. Definition 41 [4]
Let € be a non-empty class of subsets of a set Z. If A C = with |A| = n, then

An(€.A)=|{ANB.B €€} and A, (€)= e A%, A).
cE, =n

If V =sup{n € N|A,(%) = 2n} < +o0, then ¥ is a VC-class with VC-dimension V and VC-index V = inf{n €
N|AL(€) < 2n} =V + 1. A class % of functions from a set 2 with values in (—oo, +00] is VC-subgraph
with dimension V' and index V if the class of subgraphs {(z,u) € 2" x R, f(z) > u} as f varies among % is a

VC-class of sets in 2~ x R with dimension V' and index V.
It immediately follows from this definition the following;:

e if % is VC-subgraph with dimension V', then any subset ¥ C .# is VC-subgraph with dimension at most
)

f
e if 7 is a finite set, % is VC-subgraph and its dimension is not larger than V' = log,(|.#|) V 1.

The main reason for using VC-subgraph theory is the uniform entropy property. Namely, if % is a VC-subgraph
set of measurable functions on (27, X) with VC-dimension V and ||f||lec < 1 for all f € .#, it follows from
Lemma 1 in Baraud and Chen [5] that, for any probability P on (£, X) we have

rV
N (e, F,Le(P)) < e(V +1)(2¢)” (2) .

€
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F.1 Proof of Lemma 2.2

Let Cov,.(d) be the set of d x d symmetric and positive-definite matrices. The normal distributions on R?
with mean p € R? and covariance matrix ¥ € Cov,.(d) admits g, 5, defined by

exp (<3 (@ - S @ - p)
@) 3|

)

guy + T —

as a density with respect to the Lebesgue measure on R?, where |%| denotes the determinant of |X|. We have

log(g.5(r)) = — log ((2m)[S)) — 5 (2~ 57 (2~ )

1 1 _ _ 1
=-3 log ((2m)* [2]) — §,uTE RITETED Yt ixTEa:.
For the location-scale family G, := {gmg; pueRLY e COV+*}, we have

d
Gy C exXpoq T +— a-+ Zbi’jxixj -+ Z cxi;a €R, (bl])lgj S Rd(d+1)/2,c S Rd

i<j i=1

d
Since {x —=a+ Y b+ Y cri a € R, (byy) € RAUA+1)/2 ¢ Rd} is a vector space of dimension 1+ d(d +

i<j i=1
3)/2 and exp is monotone, we get that V(¥4,) < 3+ dd+S) Fory e Cov.(d) fixed, the location family Gjoe(2) :=

{9251 € R}, we have 2

i=1

TZ d
Qloc(Z)Cexpo<xl—>—x2x+{xHa+Zbixi;aeR,beRd )

With similar arguments and the fact that « — fﬂ% is a fixed function, we have V (Gio(2)) < 3 + d.

F.2 Proof of Lemma 3.12

The different arguments used in this proof are from Proposition 42 of Baraud et al. [4] and Lemmas 2.6.15
and 2.6.16 from van der Vaart and Wellner [28]. We remind the reader that the VC-index is the VC-dimension
plus 1.

e For the Cauchy location-scale family, we have

CZD_lo{xl—Mra

2
1+<x—z> ];U>O,Z€R},
o)

where 07! is the inverse function on (0, +00). Since

{IHTK’O’

and 07! is monotone, we get that V(C) < 3 + 2.

2
1+<$Z> ];0>0,26R} C Rofz] = {z = az® + bz + ¢; (a, b, c) € R*}
g
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e For univariate normal distribution, it is a direct consequence of Lemma 2.2.

e We have
1 |z — 2|
S P L eR
{x 2bexp( 2 >,z€ ,b>0}

=expo{z— —log(2b) + b '[(z — 2) A (z —2)];2 € R,b > 0}
Cexpo({z— ax+b;a,b e R} A{z+— ax + bja,b € R}).

o
|

Since exp is monotone and {z — ax + b;a,b € R} is a vector space of dimension 2, we get that £ is
VC-subgraph with VC-index not larger than V(£) < 4.701 x 2(2+ 1) + 1 = 29.206.

e Azzalini and Capitanio [2] proved that the probability density function of the skew-normal distribution is
unimodal, therefore the translation family SG,, is VC-subgraph with VC-index at most 10 (see Sect. 3.2).
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