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Abstract: In this paper, we consider nonparametric multidimensional fi-
nite mixture models and we are interested in the semiparametric estimation
of the population weights. Here, the i.i.d. observations are assumed to have
at least three components which are independent given the population. We
approximate the semiparametric model by projecting the conditional distri-
butions on step functions associated to some partition. Our first main result
is that if we refine the partition slowly enough, the associated sequence of
maximum likelihood estimators of the weights is asymptotically efficient,
and the posterior distribution of the weights, when using a Bayesian pro-
cedure, satisfies a semiparametric Bernstein-von Mises theorem. We then
propose a cross-validation like method to select the partition in a finite
horizon. Our second main result is that the proposed procedure satisfies an
oracle inequality. Numerical experiments on simulated data illustrate our
theoretical results.
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1. Introduction

We consider in this paper multidimensional mixture models that describe the
probability distribution of a random vector X with at least three coordinates.
The model is a probability mixture of k& populations such that the coordinates
of X can be grouped into 3 blocks of random variables which are conditionally
independent given the population. We call emission distributions the conditional
distributions of the coordinates and 6 the parameter that contains the proba-
bility weights of each population. It has been known for some time that such
a model is identifiable under weak assumptions. When the coordinates of X
take finitely many values, Kruskal [23] in 1977 provided an algebraic sufficient
condition under which he proved identifiability. See also [28]. Kruskal’s result
was recently used by [1] to obtain identifiability under almost no assumption on
the possible emission distributions: only the fact that, for each coordinate, the
k emission distributions are linearly independent. Spectral methods were pro-
posed by [2], which allowed [10] to derive estimators of the emission densities
having the minimax rate of convergence when the smoothness of the emission
densities is known. Moreover, [11] proposes an estimation procedure in the case
of repeated measurements (where the emission distributions of each coordinate
given a population are the same).

In this paper, we focus on the semiparametric estimation of the population
weights when nothing is known about the emission distributions. This is a semi-
parametric model, where the finite dimensional parameter of interest is § and
the infinite dimensional nuisance parameters are the emission distributions. In
applications, the populations weights have direct interpretation. As an example,
in [25] the problem is to estimate the proportion of cells of different types for
diagnostic purposes, on the basis of flow cytometry data. Those data give the
intensity of several markers responses and may be modelled as multidimensional
mixtures.
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We are in particular interested in constructing optimal procedures for the es-
timation of §. Optimal may be understood as efficient, in Le Cam’s theory point
of view which is about asymptotic distribution and asymptotic (quadratic) loss.
See [24], [8], [33], [34]. The first question is: is the parametric rate attainable in
the semiparametric setting? We know here, for instance using spectral estimates,
that the parametric rate is indeed attainable. Then, the loss due to the nuisance
parameter may be seen in the efficient Fisher information and efficient estima-
tors are asymptotically equivalent to the empirical process on efficient influence
functions. The next question is thus: how can we construct asymptotically ef-
ficient estimators? In the parametric setting, maximum likelihood estimators
(MLEs) do the job, but the semiparametric situation is more difficult, because
one has to deal with the unknown nuisance parameter, see the theorems in
chapter 24 of [33] where it is necessary to control various bias/approximation
terms.

From a Bayesian perspective, the issue is the validity of the Bernstein-Von
Mises property of the marginal posterior distribution of the parameter of interet
6. In other words: is the marginal posterior distribution of § asymptotically
Gaussian? Is it asymptotically centered around an efficient estimator? Is the
asymptotic variance of the posterior distribution the inverse of the efficient
Fisher information matrix? Semiparametric Bernstein-Von Mises theorems have
been the subject of recent research, see [31], [12], [29], [15], [14], [9], [17] and
[29].

The results of our paper are twofold: first we obtain asymptotically efficient
semiparametric estimators using a likelihood strategy, then we propose a data
driven method to perform the strategy in a finite horizon with an oracle in-
equality as theoretical guarantee.

Let us describe our ideas.

For the multidimensional mixture model we consider, we will take advan-
tage of the fact that, we can construct a parametric mixture model based on
an approximation of the emission densities by piecewise constant functions - i.e
histograms - which acts as a correct model for a coarsened version of the obser-
vations (the observations are replaced by the number of points in each grid of
the histograms). So that as far as the parameter of interest is concerned, namely
the weights of the mixture, this approximate model is in fact well specified, in
particular the Kullback-Leibler divergence between the true distribution and the
approximate model is minimized at the true value of the parameter of interest,
see Section 2.1 for more details. For each of these finite dimensional models, the
parameter of interest, i.e. the weights of the mixture, may then be efficiently
estimated within the finite dimensional model. Then, under weak assumptions,
and using the fact that one can approximate any density on [0, 1] by such his-
tograms based on partitions with radius (i.e. the size of the largest bin) going to
zero, it is possible to prove that asymptotically efficient semiparametric estima-
tors may be built using the sequence of MLEs in a growing (with sample size)
sequence of approximation models. In the same way, using Bayesian posteriors in
the growing sequence of approximation models, one gets a Bernstein-Von Mises
result. One of the important implications of the Bernstein-von Mises property
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is that credible regions, such as highest posterior density regions or credible el-
lipsoids are also confidence regions. In the particular case of the semiparametric
mixtures, this is of great interest, since the construction of a confidence region
is not necessarily trivial. This is our first main result which is stated in Theorem
1: by considering partitions refined slowly enough when the number of observa-
tions increases, we can derive efficient estimation procedures for the parameter
of interest § and in the Bayesian approach for a marginal posterior distribution
on # which satisfies the renowned Bernstein-von Mises property.

We still need however in practice to choose a good partition, for a finite sam-
ple size. This can be viewed as a model selection problem. There is now a huge
literature on model selection, both in the frequentist and in the Bayesian litera-
ture. Roughly speaking the methods can be split into two categories: penalized
likelihood types of approaches, which include in particular AIC (Akaike’s In-
formation Criterion), BIC (Bayesian Information Criterion), MDL (Minimum
Description Length) and marginal likelihood (Bayesian) criteria or approaches
which consist in estimating the risk of the estimator in each model using for
instance bootstrap or cross-validation methods. In all these cases theory and
practice are nowadays well grounded, see for instance [22], [30], [6], [26], [7],
[5], [16], [3]. Most of the existing results above cover parametric or nonpara-
metric models. Penalized likelihoods in particular target models which are best
in terms of Kullback-Leibler divergences typically and therefore aim at esti-
mating the whole nonparametric parameter. Risk estimation via bootstrap or
cross-validation methods are more naturally defined in semiparametric (or more
generally set-ups with nuisance parameters) models, however the theory remains
quite limited in cases where the estimation strategy is strongly non linear as en-
countered here.

The idea is to estimate the risk of the estimator in each approximation model,
and then select the model with the smallest estimated risk. We propose to use
a cross-validation method similar to the one proposed in [13]. To get theoretical
results on such a strategy, the usual basic tool is to write the cross-validation
criterion as a function of the empirical distribution which is not possible in our
semiparametric setting. We thus divide the sample in non overlapping blocks of
size a,, (n being the the sample size) to define the cross validation criterion. This
enables us to prove our second main result: Theorem 2 which states an oracle
inequality on the quadratic risk associated with a sample of size a,, observations,
and which also leads to a criterion to select a,,. Simulations indicate moreover
that the approach behaves well in practice.

In Section 2, we first describe the model, set the notations and our basic
assumptions. We recall the semiparametric tools in Section 2.2, where we define
the score functions and the efficient Fisher information matrices. Using the fact
that spectral estimators are smooth functions of the empirical distribution of
the observations, we obtain that, for large enough approximation model, the
efficient Fisher information matrix is full rank, see Proposition 1. Intuition says
that with better approximation spaces, more is known about all parameters
of the distribution, in particular about . We prove in Proposition 2 that in-
deed, when the partition is refined, the Fisher information associated to this
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partition increases. This leads to our main general result presented in Theorem
1, Section 2.3: it is possible to let the approximation parametric models grow
with the sample size so that the sequence of maximum likelihood estimators
are asymptotically efficient in the semiparametric model and so that a semi-
parametric Bernstein-von Mises Theorem holds. To prove this result we prove
in particular, in Lemma 1, that semiparametric score functions and semipara-
metric efficient Fisher information matrix are the limits of the parametric ones
obtained in the approximation parametric models, which has interest in itself,
given the non explicit nature of semi-parametric efficient score functions and
information matrices in such models. This implies in particular that the semi-
parametric efficient Fisher information matrix is full rank follows. In Section 3,
we propose a model selection approach to select the number of bins. We first
discuss in Section 3.1 the reasons to perform model selection and the fact that
choosing a too large approximation space does not work, see Proposition 3 and
Corollary 1. Then we propose in Section 3.2 our cross-validation criterion, for
which we prove an oracle inequality in Theorem 2 and Proposition 4. Results of
simulations are described in Section 4, where we investigate several choices of
the number and length of blocks for performing cross validation, and investigate
practically also V-fold strategies. In Section 5 we present possible extensions,
open questions and further work. Finally Section 6 is dedicated to proofs of
intermediate propositions and lemmas.

2. Asymptotic efficiency
2.1. Model and notations

Let (X,)n>1 be a sequence of independent and identically distributed random
variables taking values in the product of at least three compact subsets of Eu-
clidean spaces which, for the sake of simplicity, we will set as [0, 1]3. We assume
that the possible marginal distribution of an observation X,,, n > 1, is a popula-
tion mixture of k distributions such that, given the population, the coordinates
are independent and have some density with respect to the Lebesgue measure
on [0,1]. The possible densities of X,,, n > 1, are, if x = (21,29, x3) € [0,1]3:

k 3
go0(x) = > 0 [[ fiewe) D 05=1, 6;>0,Vj (1)
j=1 =1 j=1

Here, k is the number of populations, 6; is the probability to belong to pop-
ulation j for j < k and we set 8 = (61,...,0;-1). For each j = 1,...,k, fj.,
c=1,2,3, is the density of the c-th coordinate of the observation, given that the
observation comes from population j, and we set f = ((fj.c)1<e<3)1<j<k. We de-
note by P* the true (unknown) distribution of the sequence (X,,),>1, such that
P* = P, dPys g+(x) = g ¢+ (x)dx, for some §* € © and f* € F3*, where
O is the set of possible parameters 6§ and F the set of probability densities on
[0,1].
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We approximate the densities by step functions on some partitions of [0, 1].
We assume that we have a collection of partitions Zp;, M € M, M C N, so that
for each M € M, Iy = (In)1<m<ar 18 & partition of [0, 1] by Borel sets. Then
I, changes when M changes. For each M € M, we now consider the model of
possible densities

M
o) =30 T (32 %m0 8

Here, |I] is the Lebesgue measure of the set I, w = (W) c,m)i<m<nr—1,1<c<3.1<5<ks
and for each j =1,...,k, eachc=1,2,3,each m=1,....M — 1, wjcm > 0,
ZM 110.)] em <1, and we denote wj e =1 — Z%;ll Wi.em-

We denote Q, the set of possible parameters w when using model (2) with
the partition Zj;.

For any partition Zps, any w = (wWp)1<m<m—1 such that w, > 0, m =

M, with w,, =1 — ng;ll W, denote f, the step function given by

Z et n = [ 00 ?

When w € Qyy, let £, = ((fwj,c)1§c§3)1§j§k~

Possible extensions of our results to model (1) with non compact support,
or with more than three coordinates, or with multivariate coordinates, and to
model (2) with different sequences of partitions for each coordinate are discussed
in Section 5.

An interesting feature of step function approximation is that the Kullback-
Leibler divergence K L((0*,f*),(6,f,)) between the distribution with density
g6+ ¢+) and that with density g(g,.;nr), when (6, w) € © x Qy, is minimised at

1
0=t w=wipi= ([ i, ) .
0 1<m<M—1,1<c<3,1<j<Fk

Indeed

KL((6%,£), (6.£.)) = B* {log (%)]

KL, (0" £.0) +IE*( 3 H]lXGI 10g<ge o M(X)>>

1<mi1<M c=1 gGwM(X)

1<mo<M
1<mz<M

= KL((0%, %), (6%, £.:)) + KL((6*, £:), (6, £.,)).

This particularity can also be obtained considering Y;:= (17, (X, .))1<m<ari<e<s
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when the X;’s have probability density (1). Indeed, the density of the observa-
tions Y; is exactly the probability density (2) with

* *
=0 w=uwy

This cornerstone property is specific to the chosen approximation, i.e. the step
function approximation.
Let £,,(0,w; M) be the log-likelihood using model (2), that is

Cn(0,w; M) =" 10g gp s (Xi).
=1

We denote, for each M € M, (aM,@M) the maximum likelihood estimator
(shortened as MLE), that is a maximizer of ¢,,(0,w; M) over © x Q.

Let IIj; denote a prior distribution on the parameter space © x ;. The
posterior distribution /(-] X71,...,X,) is defined as follows. For any Borel
subset A of © x Qjy,

I1321 9.wine (Xi)dIng (0, w)
M (Al X1, X)) = JuIl; Rl i :

f@xQM Hi:l 96.w;m (Xi)dl (0, w)
The first requirement to get consistency of estimators or posterior distributions
is the identifiability of the model. We use the following assumption.
Assumption (A1).

e Forallj=1,...,k 07 > 0.
e Forallc=1,2,3, forallj=1,....k, f7. is continuous and almost surely
positive and

* (x * (x
le,jg < k, 0 < inf j*l’C( ) < J*I’C( ) < 400 (4)
r jz;c(x) z jzyc(x)
e Forallc=1,2,3, the measures ff .dz, ..., f,:7cdx are linearly independent.

Note that the two first points in Assumption (A1) imply that for all M,
(0*,w},) lies in the interior of © x Q.

It is proved in Theorem 8 of [1] that under (Al) identifiability holds up to
label switching, that is, if 7y is the set of permutations of {1,...,k},

V0 € ©, Vf € F3* gy = gor g+ = Jo € T, such that 70 = 6*, 7f = £*,

where 0 € © (resp. °f € F3* 70, = 0,0y, “fic = [o(j)er ¢ € {1,2,3},
j €{1,,...,k}) denotes the image of § after permuting the labels using o. This
also implies the identifiability of model (2) if the partition is refined enough.
We also need the following assumption to ensure that all functions f7 . ,, tend
to f;. Lebesgue almost everywhere, where f7 . ), is the function defined in (3)

with w = (W} . )m-
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Assumption (A2).

e For all M, the sets I, in Iyr are intervals with non empty interior.
o As M tends to infinity, maxi<m<m |Im| tends to 0.

Then, if (A1) and (A2) hold, for M large enough, we have that for all ¢ =
1,2,3, the measures ff’c;de, ceey f,;c;de are linearly independent. We give
a formal proof of this fact in Section 6.1. Thus, using again the identifiability
result in [1], under (A1) and (A2), for M large enough,

Vo € 63 Vw € QMa 96,w;M = 90*,w ;M
= Jdo € Tj such that 70 = 0, “w = wy,,

where “w € Qp and “Wj.e.m = Wo(j),e,m, for all m € {1,..., M}, c € {1,2,3},
jed{l,...,k}.

2.2. Efficient influence functions and efficient Fisher informations

We now study the estimation of # in model (1) and in model (2) from the semi-
parametric point of view, following Le Cam’s theory. We start with model (2)
which is easier to analyze since it is a parametric model. For any M, gg . (X)
is a polynomial function of the parameter (6,w) and the model is differentiable
in quadratic mean in the interior of © x Q. Denote by S3, = (5§ 155 )
the score function for parameter (0, w) at point (0*,w3,) in model (2). We have
forj=1,...,k—1

* Hi:l fW*- oM Hi:l f‘“* oM
(Si), = e bt ®)

g@*,wju;M

and for j=1,...,k,c=1,23, m=1,... M -1

x (Lrp,(®e) _ 11 (zc)
9j< [T ] \A-/’IMI )Hc'ie'fw;,c’;M

90wt ;M

(S:!,M)j7qm =

Denote by Jas the Fisher information, that is the variance of S}, (X):
Tur = B[S (X) S5, (X)"]

Here, E* denotes expectation under P*, and S3,;(X)7T is the transpose vector of
Sh(X).

When considering the question of efficient estimation of 6 in the presence
of a nuisance parameter, the relevant mathematical objects are the efficient
influence function and the efficient Fisher information. Recall that the efficient
score function is the projection of the score function with respect to parameter
0 on the orthogonal subspace of the closure of the linear subspace spanned by
the tangent set with respect to the nuisance parameter (that is the set of scores
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in parametric models regarding the nuisance parameter), see [33] or [34] for
details. The efficient Fisher information is the variance matrix of the efficient
score function. For parametric models, a direct computation gives the result. If
we partition the Fisher information Jy; according to the parameters 6 and w,
that is

[Iarlo.o = E* [S5 0 (X) S5 0 (X)) [arlww = B* [ 0 (X)SE 0 (X)7]

[Tarlow = E* [S50r(X)SE m (X)T] s adlwo = [Tn)f s

we get that, in model (2), if we denote Yar the efficient score function for the
estimation of 6,

Vs = Shar — [Int)ow ([Tarlww) ™ S ars
and the efficient Fisher information Jy; is the (k — 1) x (k — 1)-matrix given by

Jur = [Tuloe — [JM]O,w([JM}w,w)_l[JM}£W~

To discuss efficiency of estimators, invertibility of the efficient Fisher information
is needed. Spectral methods have been proposed recently to get estimators in
model (2), see [2]. It is possible to obtain upper bounds of their local maximum
quadratic risk with rate n='/2, which as a consequence excludes the possibility
that the efficient Fisher information be singular. This is stated in Proposition 1
below and proved in Section 6.1.

Proposition 1. Assume (A1) and (A2). Then, for large enough M, Jus is non
singular.

In the context of mixture models, all asymptotic results are given up to label
switching. We define here formally what we mean by ‘up to label switching’ for
frequentist efficiency results with Equation (8) and Bayesian efficiency results
with Equation (10).

By Proposition 1, if (A1) and (A2) hold, for large enough M, Jy; is non
singular, and an estimator 0 is asymptotically a regular efficient estimator of 6*
if and only if

which formally means that there exists a sequence (0,,), belonging to 7 such
that

Jr (angf 9*) _ % ZW (Xi) + op-(1). (8)

To get an asymptotically regular efficient estimator, one may for instance use
the MLE 6, (see the beginning of the proof of Theorem 1). One may also
apply a one step improvement (see Section 5.7 in [33]) of a preliminary spectral
estimator, such as the one described in [2].
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In the Bayesian context, Bernstein-von Mises Theorem holds for large enough
M if the prior has a positive density in the neighborhood of (60*,w3,), see The-
orem 10.1 in [33]. That is, if || - |7y denotes the total variation distance, with
I 9 the marginal distribution on the parameter 6,

= op«(1), up to label switching,
TV

~J!
HM,G (~|X1, . aXn) —N <9’ %)

where 6 verifies Equation (7), which formally means that

= Op~* (1),

(10)

sup
ACO

71
Mye(Fo €T 70 AlXy,... . X,) - N <U"9; J%) (A)

where (0,,) and g satisfy Equation (8).

A naive heuristic idea is that, when using the Y;’s as summaries of the X;’s,
one has less information, but more and more if the partition Z, is refined. Thus,
the efficient Fisher information should grow when partitions Z,; are refined. The
following proposition is proved in Section 6.2.

Proposition 2. Let Iy, be a coarser partition than Iy, that is such that for
any I € Tyy,, there exists A C Iy, such that I =Upeal’. Then

jM2 > le

in which “>” denotes the partial order between symmetric matrices.

Thus, it is of interest to let the partitions grow so that one reaches the largest
efficient Fisher information.

Let us now come back to model (1). Let, for j = 1,...,k, ¢ = 1,2,3, H;.
be the subset of functions h in L?(f}.dz) such that [hf.dx = 0. Then the
tangent set for f at point (6*, f*) is the subspace P of L?(gg~ ¢ (x)dx) spanned
by the functions

h(z.) Hi/=1 j*,c/ (zer)

X — yheHje, 5=1,...,k, c=1,2,3.
gor £+ (X)

Notice that for each j =1,...,k and ¢ = 1,2,3, H, . is a closed linear subset of
L?(f}.dx) and that P is a closed linear subset of L?(gg« ¢+ (x)dx). The efficient

score function 1[) for the estimation of # in the semiparametric model (1) is given,
forj=1,...,k—1, by

~ * * * Hi: *C_Hi: f*c
By = (55), — A(Sp), . (55), = e emtike

(11)

with A the orthogonal projection onto P in L?(gg» ¢+ (x)dx). Then, the efficient
Fisher information J is the variance matrix of ).
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If J is non singular, an estimator g is asymptotically a regular efficient esti-
mator of §* if and only if

PN S .
NG (9 —9 ) = ;u; (X;) +op-(1), up to label switching  (12)

and a Bayesian method using a nonparametric prior II satisfies a semiparamet-
ric Bernstein-von Mises theorem if, with IIy the marginal distribution on the
parameter 6,

= op+(1), up to label switching (13)
TV

Jt
Hg (|X1,,Xn) —N (9, T)

for a 6 satisfying (12).

2.3. General result

When the size of the bins in the partition decreases, we expect that the efficient
score functions in (2) are good approximations of the efficient score functions in
(1) so that asymptotically efficient estimators in model (2) become efficient esti-
mators in model (1). This is what Theorem 1 below states, under the following
additional assumption:

Assumption (A3). For all M large enough, Iy is a coarser partition than
This1-

We first obtain:

Lemma 1. Under Assumptions (A1), (A2) and (A3), the sequence of score
functions (Yar)p converges in L2 (g« g+dx) to the score function 1, and the
sequence of efficient Fisher informations (jM)M converges to the efficient Fisher
information matriz J, which is non singular.

The invertibility of J is a consequence of Proposition 1, Proposition 2, and
the convergence of Jy; to J.
We are now ready to state Theorem 1.

Theorem 1. Under Assumptions (A1), (A2), and (A3), there exists a sequence
M, tending to infinity sufficiently slowly such that the MLE 0y, is asymptoti-
cally a regular efficient estimator of 0* and satisfies

1

Vn <9Mn -0 ) = NG ;w (X;) +op«(1), up to label switching.  (14)

Moreover, under the same assumptions and if for all M, the prior Iy has a
positive and continuous density at (60*,w%,), then there exists a sequence L,
tending to infinity sufficiently slowly such that
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= Op~* (1)7

L, ey 9* E J
170 ( |X] P X’I’L) ( + RN ’(/J >
TV

up to label switching. (15)

Note that, in Theorem 1, any sequence M) < M, going to infinity also
satisfies (14) and similarly (15) holds for any sequence L/, < L,, going to infinity.

Proof. As explained in Section 2.1, model (2) is the correct model associated
with the observations made of the counts per bins and under Assumption (Al)
it is a regular model in the neighborhood of the true parameter. Also, using the
identifiability of the model and the trick given in [33] p. 63, we get consistency
of the MLE. Thus, it is possible to apply Theorem 5.39 in [33] to get that for
each M, the MLE 5M is regular and asymptotically efficient, that is

\/_<UHM<9M—9*)_J_ Z:iz i) + Rn (M),

where for each M, o, p is a sequence of permutations in Ty, and (R, (M)),>1
is a sequence of random vectors converging to 0 in P*-probability as n tends
to infinity. Therefore, there exists a sequence M,, tending to infinity sufficiently
slowly so that, as n tends to infinity, R,,(M,,) tends to 0 in P*-probability. Now,

21;n A

,1 _

L

(1/fM — ) (X3)

Ku

: =
Al

X %‘ 1
M:

%
HM:

ey

_|_

T n

= TZ +O]p* 1)

since, by Lemma 1, E*Hﬁ E?:l(qﬁMn =) (X)) ? = 1o, — ¢H%2(g9*yf* (x)dx)
tends to 0 as n tends to infinity and (Jyz,)~" converges to (J) ™!
infinity, so that the first part of the theorem is proved.

On the Bayesian side, for all M, there exists a sequence V,,(M) of random
vectors converging to 0 in P*-probability as n tends to infinity such that

as n tends to

On, M~ jfl
sup HM79(E|O'E77€: 09€A|X1,...,Xn)./\/'< MQM, M ) (A)
AC®O n

Arguing as previously, there exists a sequence L,, tending to infinity sufficiently
slowly so that, as n tends to infinity, both V,,(L,) and R, (L) tend to 0 in P*-
probability. Using the fact that the total variation distance is invariant through
one-to-one transformations we get



Efficiency for multidimensional miztures 715

Gui~ Iyt J 1T - J-1
HN< O TA;I ) —N<9*+TZ¢(X1);T>

"is TV
o
= NV AP1m (7 0y — 6 I @(XJ]Jd)-N 0; JarJ
e (e (=) - 22 (o))
7—1
< N<j1/2[\/ﬁ Un,Alé\M_e* _J_Z ) 0 Id
" ( ) v i=1 TV

(0, Id) N(o Jad™ )H

But for vectors in m € R¥~! and symmetric positive (k — 1) x (k — 1) matrices
3 we have
N (m, Id) = N (0; 1d) | 7y < [Im]|

and

IV (0,1d) = N (0: )|y, < P (IZ2U2 — U] 2 logldet(x)))
=P (U2 = 27202 = log[det()] )

where U ~ N (0, Id). Thus the last part of the theorem follows from the tri-
angular inequality and the fact that using Lemma 1, as n tends to infinity,
Jr, J~! tends to Id, the identity matrix, and V,(L,) and R, (L) tend to 0 in
P*-probability. O

3. Model selection

In Theorem 1, we prove the existence of some increasing partition leading to
efficiency. In this section, we propose a practical method to choose a partition
when the number of observations n is fixed. In Section 3.1 we prove that one
has to take care to choose not too large M,’s since sequences (M), tending
too quickly to infinity lead to inconsistent estimators. In Section 3.2, we pro-
pose a cross-validation method to estimate the oracle value M} minimizing the

unknown risk as a function of M: M — E* [||§M - O*HQ} (up to label switching).

3.1. Behaviour of the MLE as M increases

We first explain why the choice of the model is important. We have seen in
Proposition 2 that for a sequence of increasing partitions, the efficient matrix
is non decreasing. The question is then: can we take any sequence tending to
infinity wih n? Or, for a fixed n, can we take any M arbitrarily large? As is
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illustrated in Figure 2, we see that if M is too large (or equivalently if M, goes
to infinity too fast) the MLE (or the Bayesian procedure) is biased.

In Proposition 3, we give the limit of the MLE when the number n of obser-
vations is fixed but M tends to infinity.

Proposition 3. Under Assumptions (A1) and (A2). For almost all observations
X1, ooy Xng O (Xy, ..., X,) tends to

0, = (In/k]/n,....|n/k]/n,[n/k]/n,..., [n/k]/n)

ri=n—k|n/k| k—r

up to label switching, when M tends to infinity.

Proposition 3 is proved in Section 6.4.

Using Proposition 3, we can deduce a constraint on sequences M, leading
to consistent estimation of 8*, depending on the considered sequence of parti-
tions (Zar)amrem, which may give an upper bound on sequences M,, leading to
efficiency. We believe that this constraint is very conservative and leads to very
conservative bounds. Corollary 1 below is proved in Section 6.5.

Corollary 1. Assume that (A1), (A2) and (A3) hold. If é\Mn tends to 6* in
probability and if 0* is different from (1/k,...,1/k), then there exists N > 0
and a constant C > 0 such that for alln > N,

m< My,

2
n? ( max Im|) M, > C.

In particular, if there exists 0 < Cy < Cy such that for allmn € N and 1 <m <
M,
Cq Co
L <L < =2 16
o <Ml < 57 (16)

then there exists a constant C > 0 such that,
M, < Cn?.

Note that Assumption (16) holds as soon as the partition is regular, and in
particular for the dyadic regular partitions which forms an embedded sequence of
partitions where M = {2P,p € N*} and for all M € M I,,, = [(m—1)/M,m/M)
for all m < M, Iny = [(M — 1)/M,1].

3.2. Criterion for model selection

In this section, we propose a criterion to choose the partition when n is fixed.
This criterion can be used to choose the size M of a family of partitions but also
to choose between two families of partition. For each dataset, we can compute
the MLE or the posterior mean or other Bayesian estimators under model (2)
with partition Z. We thus shall index all our estimators by Z. Note that the
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results of this section are valid for any family of estimators (A7) and not only
for the MLE (51) But we illustrate our results using the MLE.

Proposition 3 and Corollary 1 show the necessity to choose an appropriate
partition among a collection of partitions Z;, M € M. To choose the partition
we need a criterion. Since the aim is to get efficient estimators, we choose the
quadratic risk as the criterion to minimize. We thus want to minimize over all
possible partitions

Ro(T) = E* [ 102(X10) = 0°I1%; ] (17)
where X1, = (X;)i<, and for all 6, 0 € o,

0 — 0|+ = minl||°0 — 0||s. 1
[ |75 3%‘%” 2 (18)

As usual, this criterion cannot be computed in practice (since we do not know
0*) and we need for each partition Z some estimator C(Z) of R, (Z).

We want to emphasize here that the choice of the criterion for this problem
is not easy. Indeed, the quadratic risk R, (Z) cannot be written as the expecta-
tion of an excess loss expressed thanks to a contrast function, i.e. in the form

E*x [E* {'y(é(Xl:n),X) - 7(9*,)()|X1mH7 where y: © x X — [0, +00). Yet, the
latter is the framework of most theoretical results in model selection, see [5] or

[26] for instance. Moreover decomposing the quadratic risk as an approximation
error plus an estimation error as explained in [5]:

. _x2 . _x2 _
R,.(T) = 0lergIH9 0|7 + Ra(Z) 0lergIH9 0|7, where Oz = ©,

approximation error estimation error

we see that the approximation error is always zero in our model (and not de-
creasing as often when the complexity of the models increases). Hence

R, (Ty) =Var* [ézM (Xl;n)} + HE* [ézM (X1:71,):| A i

D)

variance bias

where Var*(.) is to be understood as the trace of the variance matrix. Here the
bias is only an estimation bias and not a model mispecification bias.

In the case of the MLE, using Theorem 1, for all fixed M (large enough), the
regularity of the mixture of these multivariate distributions implies that the bias
is O(1/n) and the variance converges to the inverse Fisher information matrix
so that

R(Tar) = Var* [0z, (Xi)| +0(1/n) = tr (J3}) +0(1/n)
and if M > M, so that Hjj;ll — J71|| < € we obtain that for n large enough

tr (j_l) —2e < R,(Zp) < tr (j_l) + 2e.



718 E. Gassiat et al.

Minimizing R, (Zys) therefore corresponds to choosing M such that J is close
enough to J (i.e. M large enough) while not deteriorating too much the approx-
imation of R,,(Zyr) by tr(J,) (i.e. M not too large).

Because the approximation error is always zero we cannot apply the usual
methods and we use instead a variant of the cross-validation technique.

Consider a partition of {1,---,n} in the form (By, B_p,b < by), in other
words the partition is made of 2 x b, subsets of {1,--- ,n}. By definition By, N
B_p, = 0 for all by,by < b,. Because an arbitrary estimator, e.g. the MLE,
based on any finite sample size is not unbiased, the following naive estimator of
the risk is not appropriate:

Covi(Z) = Z 102(X,) — 02(X5_,) |5,

This can be seen by decomposing the risk R, (Z) as in Equation (19) and by
computing the expectation of Coy1(Z) in the case where the sizes of By, B_y,
b < b, are all equal,

E* [Covi(T)] = Var* [éz(XBb )} .

Then, the criterion Ceov1(Z) do not capture the bias of the estimator 0.

In the case of the MLE, using Proposition 3, Ccy1(Z) is tending to 0 when
max,, |I | tends to 0. So that minimizing this criterion leads to choosmg a par-
tition Z,, € arg miny Coyq (Z) which has a large number of sets and so 9 (Xamn)
may be close to (1/k,...,1/k) and then may not even be consistent. As an illus-

~ N 2
tration, see Figure 2 where R,,(Z), Var* [GI(XL”)} and HE* {QI(XML)} — 0
k

are plotted as a function of M, for three simulation sets and various values of
the sample size n, see Section 4 for more details. It is quite clear from these plots
that the variances remain either almost constant with M or tend to decrease,
while the bias increases with M and becomes dominant as M becomes larger.
As a result R, (Z) tends to first decrease and then increase as M increases.

To address the bad behaviour of Cov1(Z), we use an idea of [13]. Choose a
fixed base partition Zy with a small number of bins (although large enough to
allow for identifiability). Then compute

Cov(Z Z 102(X,) — bz,(X5_,) |7,

Ideally we would like to use a perfectly unbiased estimator 6 in the place of
ézo (XB_,), see Assumption (A5.2) used in Theorem 2 and Proposition 4. We
discuss the choice of fz,(Xp_,) at the end of the section.

Figure 3 gives an idea of the behaviour of Cey (-) and Ceoyi(+) using the
MLE. It shows in particular that in our simulation study Ccvy (-) follows the
same behaviour as R, (-), contrarywise to Coy1(+). More details are given in
Section 4.
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We now provide some theoretical results on the behaviour of the minimizer
of Cov () over a finite family of candidate partitions M, compared to the
minimizer of R,,(:) over the same family. Let m,, = #M,, be the number of
candidate partitions. We consider the following set of assumptions:

Assumption (A4) (A5).
(A5.1) By, B_p, b < b, are disjoint sets of equal size
#By =#B_y = ay,, forallb<b,

(A5.2) 61,(Xp_,) is not biased i.e. E*[07,(Xp_,)] = 6*.
We obtain the following oracle inequality.

Theorem 2. Suppose Assumption (A5). For any sequences 0 < €, 6, < 1, with
probability greater than

2
1—2m,, exp (—an <en Ig}\f/’l R, (T)+ 5n> ),

20y,

)
1—¢,

we have

(20)

where T,, € argmingze g, Cov(ZT).

As a consequence of Theorem 2, the following Proposition holds. Recall that
n = 2b,a,,.

Proposition 4. Assume (A5). If b, = n?/3log*(n), an, < n'/3/(log*(n)), and
my, < Con®, for some Co >0 and o > 0, then

E* [anRa“@ )} L auRa, (D) + of1),

where fn € argminge Ceov(Z).

Note that for each Z, R, (Z) is of order of magnitude 1/a,, so that the main
term in the upper bound of Proposition 4 is infzepm,, anRa, (Z). Note also that
this is an exact oracle inequality (with constant 1).

In Theorem 2 and Proposition 4, fn is built on n observations while the risk
is associated with a, < n observations. This leads to a conservative choice of Z,,,
i.e. we may choose a sequence Z,, (optimal with a,, observations) increasing more
slowly than the optimal one (with n observation). We think however that this
conservative choice should not change the good behaviour of 9 , since Theorem
1 implies that any sequence of partitions which grows slowly enough to infinity
leads to an efficient estimator. Hence, once the sequence M,, growing to infinity
is chosen, then any other sequence growing to infinity more slowly also leads to
an efficient estimator.
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In Proposition 4 and Theorem 2, the reference point estimate 510 (XB_,)
is assumed to be unbiased. This is a strong assumption, which is not exactly
satisfied in our simulation study. To consider a reasonable approximation of
it, 9~I(, (Xp_,) is chosen as the MLE associated with a partition with a small
number of bins. Recall that the maximum likelihood estimator is asymptotically
unbiased and for a fixed M, the bias of the MLE for the whole parameter 6, w
is of order 1/n. The heuristic is that a small number of bins implies a smaller
number of parameters to estimate, so that the asymptotic regime is attained
faster. Our simulations confirm this heuristic, see Section 4.

To take a small number of bins but large enough to get identifiability, we
observe in Section 4.2 a great heterogeneity among different estimators and also
that some estimators have null components or cannot be computed, when the
number of bins is too small.

4. Simulation study
4.1. On the estimation of the risk and the selection of M

In this section, we illustrate the results obtained in Sections 3.1 and 3.2 with
simulations. We compare six criteria for the model selection based on Cey
with different choices of size of training and testing sets. We choose the regular
embedded dyadic partitions, i.e. when M = {2P,p € N*} and for all M € M,
I, = [(m —1)/M,m/M) for all m < M, Ip; = [(M — 1)/M,1]. Following
Corollary 1, when n is fixed, we only consider M = 2P < M,, = n? (ie. P <
P, :=[3/2log(n)]). In this part, we only consider MLE estimators with ordered
components and approximated thanks to the EM algorithm.

For n fixed, the choice of the model, through P, is done using the criterion
Ccv based on two types of choice for (By), (B_p). First, we use the framework
under which we were able to prove something, i.e. Assumption (A5.1) where all
the training and testing sets are disjoints. In this context we use different sizes
a, and b,:

e b, = [n*/3log(n)/(20)] and a,, = |n/(2b,)]| (Assumption of Proposition

4, up to log(n)), leading to the criterion C’g{,l and the choice of P noted
13”[)’1 € argminp.p Cg"/l (Zyp),
e b, =[n'/3], a, = [n/(2b,)], leading to the criterion C’g{f and the choice
of P noted PP € argminp_p CH7(Zyr),
e a, = |n/10], b, = |n/(2a,)], leading to the criterion C5;* and the choice
of P noted PP3 ¢ arg minp.p CER(Tyr)
We also consider the famous V-fold, where the dataset is cut into b,, disjoint
sets By of size an, leading to training sets By, = B, and testing sets B_, =
{1,...n}\ By. We also use different sizes a,, and by,
e a, = |n'/3|, b, = |n/a,], leading to the criterion C%;> and the choice of
P noted ﬁxl € argminp p Cg‘} (Zyr),
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e a, = |n?3/2], b, = |n/ay], leading to the criterion Cfi and the choice
of P noted PV*2 € arg minp.p, CL2(Tyr),

e a, = |n/10], b, = |n/ay,|, leading to the criterion O and the choice of
P noted ﬁ,‘l/g’ € argminp.p, C’gé (Zyp) .

Note that for criteria

® C%"%/7 j € {D,V}, a, is proportional to n'/? up to a logarithm term,
. ngz/v j € {D,V}, a, is proportional to n?/3,
. C%’EO’/, j € {D,V}, a, is proportional to n.

We now explain how we choose Zy. As explained earlier M, has to be taken
small, but not too small since otherwise the model would not be identifiable.
We propose to choose the smallest My = 270 such that My > k+2 (equivalently
Py > log(k + 2)/1og(2)). This lower bound ensures that generically on Zy the
model (2) is identifiable.

We consider three different simulation settings. In each one of them we con-
sider the conditionally repeated sampling model, i.e. f;1 = fj2 = f; 3, both for
the true distribution and for the model. In the three cases, £ = 2 and the other
parameters are given in Table 1. So that, we work with Py = 2 and My = 22 = 4.

Simu. || k | 0* | ffyldx = fiydx = ff qdx ‘ f;yld:r = f3qodx = [} qdx ‘
1 2 [ (0.3,0.7) [ N(4/5,0.07%) truncated to [0,1] | N (1/3,0.1%) truncated to [0, 1]
2 2 ] (0.2,0.8) | U((0,1)) N(2/3,0.052) truncated to [0, 1]
3 2 1(0.3,07) | B(L,2) B(5,3)

TABLE 1

Values of the true parameters for simulation 1 to 3

The different emission distributions are represented in Figure 1.
In Figure 2 we display the evolution of the risk R, (Z,r), the squared bias

n 2 .
HE* [sz (le)] — 0 . and the variance Var* {HQP (Xlzn):| defined in Equation
k

(19) as the number of bins 2% increases, for different values of n and for each
of the three true distributions. The risks, bias and variances are estimated by
Monte Carlo, based on 1000 repeated samples and for each of them we compute
the MLE using the EM algorithm. We notice that typically the bias first is
either constant or slightly decreasing as P increases and then increases rapidly
for larger values of P until it stabilizes to the value [|0,, — 6*||7,,, which is what
was proved in Proposition 3. On the other hand the variance is monotone non
increasing as P increases until P becomes quite large and then it decreases
to zero (which also is a consequence of Proposition 3) when P gets large. As a
result the risk, which is the sum of the squared bias and the variance, is typically
constant or decreasing for small increasing values of P and then increasing to
16,, — 6*|7, when P gets large.

In real situations R, (Zyr) is unknown, we now illustrate the behaviour of
the different criteria Coy and Ceyy and see how close to R, (Zor) they are.
For the sake of conciseness we only display results for simulated data 1 and 2
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(a) Simulation 1 (b) Simulation 2

(c) Simulation 3

Fic 1. Representation of the true emission distributions for simulations 1, 2 and 3.

and for n = 100, 500 since they are very typical of all other simulation studies
we have conducted. The results are presented in Figure 3, where the criteria
Ceov,Ceoy1 are computed based on a single data X;.,,. We see in figure 3 that
contrarywise to C'cy, the basic cross-validated criterion Coy1 does not recover
the behaviour of R, (Zyr) correctly as it fails to estimate the bias. Note that we
do not compare the values but the behaviour. Indeed, the criteria are used to
choose the best P by taking the minimum of the criterion so that the values are
not important by themselves. Besides, we know that the criterion Cey is biased
by a constant depending on Zy. As theoretically explained in Section 3 and as a
consequence of Proposition 3, we can see that the criteria Ccy1 are tending to
0 when P increases while it is not the case for the criteria Coy . It is interesting
to note that from Figure 3, the minimizer in P of C¢y corresponds to values of
the risk that are close to the minimum, we precise this impression with table 2.

Finally we compare the six criteria ng?,, j€{D,V}, c € {1,2,3}, by esti-
mating the squared risk of the associated estimator 5213#7 presented in Table
2 across different sample sizes n and the three simulation set-ups (simulated
data 1, 2 and 3) described above. We can compare the six squared risk to
V/minp<p, R,(2F) and /R, (2%). The different risks are estimated by Monte
Carlo by repeating 100 times the estimation. The differences of performance be-
tween the different criteria are not obvious. Besides, the performances of all the
criteria are satisfactory, compared to \/ minp<p, R,(2F). Yet, we suggest not to
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FI1G 2. Patterns of the risk (with black squares), the squared bias (with blue dots) and variance
(with magenta triangles) with respect to P = log(M)/log(2) for simulations 1, 2 and 3 and

different values of n.

use criterion Cg‘} because it is computationally more intensive than the others,
particularly when n is large (because of large b,,). In our simulation study C’g{,l

V,2

and Cpj, seem to behave slightly better than the others.

These results confirm that by using My small, the criterion behaves correctly.
Moreover, the fact that the choice of I,, corresponds to a risk associated with
a, < n observations does not seem to be a conservative choice even in a finite
horizon (i.e. when n is fixed). We were expecting this behaviour asymptotically

but not necessarily in a finite horizon.
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Fic 3. behaviour of Coyi vs Coy as a function of P

Simulation 1 1 1 1 1 2 2 2 3 3 3
50 100 500 1000 2000 | 50 100 500 50 100 500
\/mmp< P, Bn (2P) 0.062 0.043 0.020 0.014 0.010 | 0.058 0.046 0.020 | 0.096 0.078 0.036

2F0) 0.063 0.046 0.021 0.015 0.010 | 0.067 0.046 0.022 | 0.10 0.082  0.042

|6 pDL (X1m) — G*HQ} 0.069 0.047 0.019 0.014 0.011 | 0.075 0.056 0.019 | 0.12 0.087  0.037

16 PD;(Xln)79*H2} 0.073  0.046 0.022 0.015 0.010 | 0.065 0.056 0.025 | 0.10 0.087  0.046

E* HA Vl(X1n)—9*|2 0.091 0.046 0.021 0.013 0.009 | 0.104 0.055 0.022 | 0.11 0.087  0.053

0.103  0.046 0.019 0.014 0.009 | 0.10 0.049  0.022 | 0.14 0.083  0.035

VRl
Ve s,
Vel
\/IE* [Hl (Xl,L)—G*\Z} 0.086 0.047  0.021 0.014 0.010 0.087 0.056 0.026 0.11 0.087 0.041
Ve o
Vel
JE 116,

HGZPVg Xln)79*|1] 0.069 0.046 0.019 0.013 0.010 | 0.070 0.049 0.022 | 0.12 0.084  0.036

TABLE 2
Comparison of the squared risk of estimators associated to different criteria

4.2. On the choice of My

To compute the different criteria CCV, j €{D,V}, i€ {1,2,3}, we proposed
to choose My as small as possible but for which the model is identifiable up to
label switching. Given minj<;<j 7 > 0, the model associated to the parameter
space is identifiable as soon as the k vectors (wi . . )ag, - -+ (Wi .. )Mo I Apgg
are linearly independent for all ¢ € {1,2,3}. Considering the dimension of linear
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spaces, we may choose My =k + 1 or k + 2. Then we should generically avoid
issues with identifiability. We chose such a M in the previous simulations. We
now study the impact of a choice of My that would be too small.

To do so we have simulated data from f3;(y) = f32(y) = f33(y) = 1 and
fi1(y) = fiay) = fi3(y) = 1+ cos(27(y + ¢€)), for € = 0.25, 0.3, 0.4 and 0.5
and n = 500, 1000 and 2000. In this case the smallest possible value for My
based on the regular grid on [0, 1] is My = 2 for € # 0.5 whereas if € = 0.5 the
model is non identifiable at My = 2 but becomes identifiable when My = 4. For
each of these simulation data we have computed various estimators: MLEs based
on the EM algorithm initiated at different values, the posterior mean and the
MAP estimator computed from a Gibbs sample algorithm with a Dirichlet prior
distribution on # and independently a Dirichlet prior distribution on each wj 1,
for 1 < j < k. We noticed that the EM algorithm with different initializations
were very heterogeneous. Moreover, the MAP estimator, posterior mean and
spectral estimators often had one of the éj null or close to 0. Sometimes, the
spectral estimator could not be computed.

The explanation for such behaviour is that when the model is not identifiable,
one 05 may be null or the vectors (Wi .. )m, ---, (Wi . )M, may be linearly
dependent for some ¢ € {1,2,3}. In this case, the likelihood will have multiple
modes (apart from those arising because of label switching). Hence a way to
check that My is not too small is to compute multiple initialisation of the EM
algorithm if the MLE is estimated or to look for very small values of f; in the
case of Bayesian estimators (possibly also running multiple MCMC chains with
different initial values). In practice we suggest that this analysis be conducted
for a few number of values M, and then to select the value that leads to the
most stable results.

To illustrate this, we present a simulation study where the number of estima-
tors is S = 14. The 10 first estimators were obtained using the EM algorithm
with different random initializations, we also considered the spectral estimator
proposed in [2] and an estimator obtained with the EM algorithm with the spec-
tral estimator as initialization. The last two estimators were the MAP estimator
and the posterior mean. We considered regular partitions with My = 2, 4 and
6 bins. To present the results in a concise way we have summarized them in
Figure 4, using the indicator

S ]lvsgs, j<2, 9?40,j>1/\/5

ID(Mo) = — - s 0
2o (mmj:u 00ty = 5 2opmg MiNj=12 95\404)

with £ = 2 and 0* = (0.7,0.3). Thus when ID(Mj) = 0, there is a suspicion
that the associated model is not identifiable and another partition should be
chosen. It appears that for all n, when € = 0.5 My = 2 always appears as having
a pathological behaviour and for the other values of € this value is accepted for
large values of n.
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€e=025 €=03 €e€=04 €=0.5

My =2 0 0 0 0
My =4 24 0 58 0
Mo =6 24 10 0 28
(a) m =500
e=025 €=03 €e€=04 €=0.5
My =2 0 0 0 0
My = 26 28 25 63
Mo =6 0 26 16 10
(b) n = 1000
e=025 €=03 €e€=04 €=0.5
My =2 113 116 0 0
Mo =4 31 38 38 47
Mo =6 18 40 14 19
(¢) n = 2000

Fi1G 4. The identifiability criterion ID(My) for different Mo, n and e.

5. Conclusion and discussion

To sum up our results, we propose semiparametric estimators of the mixing
weights in a mixture with a finite number of components and unspecified emis-
sion distributions. These estimators are constructed using an approximate model
for the mixture where the emission densities are modelled as piecewise constant
functions on fixed partitions of the sampling space. This approximate model
is thus parametric and regular and more importantly well specified as far as
the weight parameters 6 are concerned. From Theorem 1 we have that for

all M > My, v/n <§Mn - 0*) ~ N (6*,jj\_~41) as n goes to infinity and that

j]al — J~1 as M goes to infinity (and similarly from a Bayesian point of view).
Moreover we have proved in Section 3.1 that for all n, as M goes to infinity,

Orpn — 0, and that as n — +o0, 0, — (1/k,---,1/k) whatever the true
value 6* of the parameter. These two results show that we can find a sequence
M,, going to infinity such that /n (é\an — 0*) ~ N ((9*7 jil) but also that
we cannot choose M, going to infinity arbitrarily fast. It is thus important to
determine a procedure to select M, for finite n.

To choose M,, in practice, for finite n, we propose in Section 3.2 an approach
which consists in minimizing an estimate of the quadratic risk R,,(Z) in the par-
tition Z, as a way to ensure that the asymptotic variance of \/ﬁ(é— 0) is close to
J~1 and that the quantity \/ﬁ(a —0) is asymptotically stable. The construction
of an estimator of R, (Z) is not trivial due to the strong non linearity of the
maximum likelihood estimator in mixture models and we use a reference model
with a small number of bins Mj as a proxy for an unbiased estimator €, together
with a cross validation approach to approximate R, (Z for all partition Z with
apn, = o(n). This leads at best to a minimization of the risk R, (Zys) instead of
R, (Zpr), however this is it not per se problematic since a major concern is to
ensure that M, is not too large.
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In the construction of our estimation procedure (either by MLE or based on
the posterior distribution) we have considered the same partitionning of [0, 1] for
each coordinate ¢ € {1,2,3}. This can be relaxed easily by using different parti-
tions accross coordinates, if one wishes to do so to adapt to different smoothness
of emission densities for instance. However, this would require choices of M for
each coordinate. We believe that our theoretical results would stay true. We did
more simulations in this setting and we observed that, when the emission distri-
butions are distinct in each direction, choosing different M for each coordinates
is time consuming and does not really improve the estimations of 6, at least in
our examples.

We have also presented our results under some seemingly restrictive assump-
tions, which we now discuss.

5.1. On the structural assumptions on the model

In model (1), it is assumed that each individual has three conditionally inde-
pendent observations in [0, 1] each. Obviously this assumptions can be relaxed
to any number p of conditionally independent observations with p > 3 without
modifying the conclusions of our results.

Also, the method of estimation relies heavily on the fact that the X; .’s belong
to [0,1]. This is not such a restrictive assumption since one can transform any
random variable on R into [0,1], writing X; . = GC()N(LC), where G, is a given
cumulative distribution on R and X'Z-,C is the original observation. Then the
conditional densities are obtained as

f;c(xc) = fX;j,c(Ggl(zc))/gC(Ggl(zC>)7 J<kce {1’ e 73}
and Assumption (4) becomes that for all ¢ € {1,--- 3},

P elGe () limsup P elGe ()
fk%jz,c(Ggl(xc)) a " f)z;j27c(Ggl(xC))

which means that the densities of the observations within each group have all the
same tail behaviour. Note that a common assumption found in the literature for
estimation of densities on [0, 1] is that the densities are bounded from above and
below, which in the above framework of transformations G. amounts to saying
that fg ; .’s have all the same tail behaviours as g(+). This is a much stronger
assumption because it would mean that the tail behaviour of the densities f Kijr e
is known a priori, whereas (21) only means that the tails are the same between
the components of the mixtures but they not need to be the same as those of g.

Finally we have considered univariate conditional observations X;. € R,
again this can be relaxed easily by considering partitions of [0, 1]¢ with d > 1 if
X € [0,1]% In this case the first part of Assumption (A2) needs to be replaced
by:

0 < liminf,_ < 400, (21)

e There exists a > 0 such that for all M, for all I,, in Z,s, there exists an
open ball I such that I,,, C I and |I,,| > al].
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5.2. Extensions to hidden Markov models

Finite mixture models all have the property that, when the approximation space
for the emission distributions is that of step functions (histograms), then the
model stays true for the observation process, but associated to the summary
of the observations made of the counts in each bins. This leads to a proper
and well specified likelihood for the parameter 8, w and there is no problem of
model misspecification as fgar as 6 is concerned even when the number of bins
is fixed and small. We expect the results obtained in this paper to remain valid
for nonparametric hidden Markov models with translated emission distributions
studied in [21] or for general nonparametric finite state space hidden Markov
models studied in [18], [35] and [19]. In the latter, the parameter describing
the probability distribution of the latent variable is the transition matrix of the
hidden Markov chain. However, semiparametric asymptotic theory for depen-
dent observations is much more involved, see [27] for the ground principles. It
seems difficult to identify the score functions and the efficient Fisher informa-
tion matrices for hidden Markov models even in the parametric approximation
model, so that to get results such as Theorem 1 could be quite challenging,
nevertheless we think that the results obtained here pave the way to obtaining
semi-parametric efficient estimation of the transition matrix in nonparametric
hidden Markov models.

6. Proofs
6.1. Proof of Proposition 1

Let us first prove that for large enough M, the measures f7 . \dz, ..., fi . dx
are linearly independent. Indeed, if it is not the case, there exists a subsequence
M,, tending to infinity as p tends to infinity and a sequence (a(P)),>; in the unit
ball of R¥ such that for all p > 1,

Z Ck(p) j*,c,M ) — 0

Lebesgue a.e. Let o = (ay,...,ax) be a limit point of (a(P)),>; in the unit ball
of R*. Using Assumption (A.2) and Corollary 1.7 in Chapter 3 of [32], we have
that as p tends to infinity, f;c;Mp () converges to f;c(x) Lebesgue a.e. so that
we obtain Zle a;fr.(z) = 0 Lebesgue a.e., contradicting Assumption (Al).
Fix now M large enough so that the measures ff .,/ dx,...,f; .\dx are
linearly independent. Then, one may use the spectral method described in [2]
to get estimators 678,, and @ps,sp of the parameters 6 and wjs from a sam-
ple of the multinomial distribution associated to density gg w;nr. The estimator
uses eigenvalues and eigenvectors computed from the empirical estimator of the
multinomial distribution. But in a neighborhood of 6* and w*, this is a contin-
uously derivative procedure, and since on this neighborhood, classical deviation
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probabilities on empirical means hold uniformly, we get easily that for any vec-
tor V € R¥, there exists K > 0 such that for all ¢ > 0, for large enough n (the
size of the sample):

sup  Eg {(\/ﬁ@p - e,v>)1 <K.

lo—61< &=

Now, the multinomial model is differentiable in quadratic mean, and following
the proof of Theorem 4 in [20] one gets that, if VT JpV = 0, then

N 2
lim  lim sup Ey [(\/E(QSP -0, V>) ] = 100.

c—+oo n——+oo ”9 9*H<\;_

Thus for all V € R¥, VT .Jy,V # 0, so that Jy is not singular.

6.2. Proof of Proposition 2

We prove the proposition when My = M, My = M+ 1, Zpy = {L1,...,In}
and IM+1 = {Il, - ,IM70,I]\/[71} with Iy, = IM70 U IM71, which is sufficient by
(M)

induction. We denote (w;,. ,,

)j,c,m the parameter w in the model with partition

Ty and (wj(-f\f;l))j,qm the parameter w in the model with partition Zy;1. Define

be(0,1), aj.€(0,1),j=1,...,k, ¢=1,2,3 so that

M1 M
[Iarol = (1 =0)Inrly el = 0], j(cL) (1—aje )wﬁ»c)M,
(M+1) (M)

]cM—i—l aJijcM

Then, we may write

3 M (M) 1r,, (zc)
o) =30, T TT ( Wﬂ)

and

90,w;M+1(X)

k 3 M—1 /, (M+1) L1y, (zc) (M+1)\Yar0(®e) /1 (M41) \Tar (Te)
29‘ H H YWiem Wie,M Wie,M+1
= am \ Dl [ Tasol ,
k

3 M 0 NEmE T e\ Maro @)
9]_61;[ 1;[ < JCm) [(ag,c) I < 1_alg),c> ]

Thus, when z. ¢ Ip for ¢ =1,2,3, go,w:m+1(X) = go,0:m(x) and computations
have to take care of x’s such that for some ¢, z. € I;. If we parametrize the

model with partition Zy;41 using the parameter (6, (wj..), (o;.)) we get the

Jj=1
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same efficient Fisher information for 6 as when parametrizing with (6, (w%))).

Define the function D as the difference between the gradient of log gg.w:nr4+1 and
that of log gg.w;m (x) With respect to the parameter (6, (w),), (a;.)):

D(X) =V 1Og g@,w;M+1(X) -V log g9,w;M(X)a

in particular the last coordinates of Vlog gg w:ar(x), which correspond to the
derivatives with respect to (a; ), are zero. Let us denote KM+1) the Fisher
information obtained for this new parametrization, that is

KMHD = E*[(V1og gg,wsnr+1(X))(V 1og go wiar+1(X))"].

Easy but tedious computations give
E*[(Viog gowimt(X)(DX)]=| :+ + |,

so that

KM+ — ( Jé” 8>+A

where A = E*[D(X)D(X)7] is positive semi-definite. As said before, Jys11 is
obtained from K (A{ +1) using the similar formula as from Jjs41. Then usual
algebra gives that Jys11 > Jas since A is positive semi-definite.

6.3. Proof of Lemma 1

Under (A1), the functions f/ . are upper bounded. Let, for any M, Ay be the
orthogonal projection in L? (go~ £+dx) onto P, the set of step functions spanned
by the functions (S&M)j’c’m, j=1...,k,c=1,23 m=1,...,M — 1. Then
forall j=1,...;k—1,

(Wnr); = (Sg.0) ;= Aar (So.00), 5

so that

(8)5 = (Ban)i = (570, = (St00); = s (55), = (S5.00) | + (Ao = A) (55), - (22)

Using Assumption (A2) and Corollary 1.7 in Chapter 3 of [32], we have that as

M tends to infinity, (Sg M) converges to (S} )j Lebesgue a.e. Both functions are
’ J
uniformly upper bounded by the finite constant 1/67 using Assumption (A.1),
so that (S; M) converges to (Sg)j in L?(gg« ¢+ (x)dx) as M tends to +oo and
’ J

(EE

converges to 0 as M tends to +o0o. Thus to prove
L2(gg» ¢+ dx)

J
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that (¥); — (¢¥ar); converges to 0 in L?(gg+ ¢+dx) when M tends to 400, we need
only to prove that || (Aar — A) (S5); [[12(gps ,+) converges to 0. So we now prove

that, for all S € L*(g- ¢+), [|AnS — AS|L2(g,. ) converges to 0 when M tends
to +o0.

First we prove that A S converges in L?(gp«¢+). Let L > M and set
Ys(M, L)= ||AnmS — ApS||L2(ggu ¢v)- For large enough M, we have (M, L) =
|An(ALS) — ALS||L2(ggs ), since using (A3), Pay C Ppr. It is easy to see
that, for all M, ¥g(M, L) is a monotone sequence, non decreasing in L, and
bounded, so that it converges to some %(M) > 0. Moreover, since for all L,
Ys(M +1,L) < ¢g(M, L), at the limit 5(M) is non-negative and monotone
non increasing in M so that it converges. Let g be its limit. Because

ALS = Ap(ALS) + (I — Ay)(ALS) = Ay S + (I — Ap)(ALS),
ApS L (I—Ay)(ALS),

we get that
IALSI® = [1AxSIZ + (T = Aa)(ALS)|* = [[AnrS|? + s (M, L)?.
Let M be fixed. Then we get that

lim [|ALS|* = [[AnS|* + p5(M)?
L—4o00

and if we write ¢ the limit on the lefthandside of the equation, by letting now
M tend to infinity we get that £ = £ + 3. This in turns implies that ¢ = 0.
Now let L,, M, converge to infinity as p goes to infinity in such a way that for
all p L, > M, (which we can always assume by symmetry). Then

Ys(My, L) < v5(M,) "2 0

so that the sequence Aj;S is Cauchy in L2(gg*7f*) and converges. Denote AS
its limit. Let us prove that AS € P. Any function in Pp; is a finite linear
combination of functions S; . as of form

Bjet(we) Lo fur ()

9o+ i ;M (X)

Sje.n(X) = (23)

with hj . v € Hjc is such that hj ¢, Mfw - is a linear combination of indicator
functions. It is thus enough to prove that the limit of any converging sequence of
such functions is in P. Consider a sequence Sj.c,m converging to some variables
S* in L?(gp- ¢+) as M tends to infinity. Note that the almost sure convergence
of f‘*’z ar (xc’)/f“’;,cl;M (zc) towards f7 . (we)/ f} o (wer) together with condition
(4) implies that

/. (IC/) L? (g * ) f@ /
S. cM >< 10 ;M 0r.f S* *c —h :
" H for (e 1 fro(

jyel s M c!
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Observing that

k
M(z Z 07 Sj,e,m( fwzc’;M (')
hje.nr () J:e )
=1 c f“y*',c’.,M (zer)

it turns out that h; . s converges in L*(f,) to h since hj . n € M. for all M,
heH;.and S* € P.

We now prove that all function in P is a limit in L?(gg- ¢-) of functions in
Par- As before, it is enough to prove it for functions S; . of form

h(ze) [ f;cf (zer)

Sj,c(x> = Jor £ (X)

with h € H,;.. We are thus looking for a sequence of functions has € H;.
such that Ay fw; .y is a linear combination of indicator functions and such that
Sjenm as defined by (23) converges to ;. in L?(gg« ¢+). Using Lemma 1.2 in
[32], h may be approximated by a continuous function, which in turns may
be approximated by a (centred) linear combination of indicator functions and
the result follows using again that []_ f‘”},u-,M g6+ w*,:m and [ fFe /g~ £+ are
bounded (by 1/ min; 607).

Thus, we easily get that for all S in L?(gg £+), ApAS — AS converges to 0
in L%(gg- ¢+ ), so that AA = A.

Now, one easily deduces that A = A. Indeed: if S is in P, one has AS = 8,
and then AS = S. If now S is in the orthogonal of P, then for any S € P, one
has (A S, S) = (S, AMS> which leads to (AS S) = (S,AS) = 0, so that AS is
in the orthogonal of P and in P so that AS=0.

6.4. Proof of Proposition 3

Proposition 3 is easily implied by Lemma 2 which formalizes the following.
When the sequence of observations Xi,...,X, and n are fixed, then almost
surely there exists a sufficiently fine partition Zp; such that there exists at most
one component of an observation in each set I,,, m < M. Then we can reorder
the sets I, so that Xj. € [jyn(c—1), for all ¢ € {1,2,3} and i < n. In this
case, the likelihood ¢,,(+,-; M) is maximised at each parameter (6, w) belonging
to the set Sar C Ay x (Apr)F that we explain now (and formalise in Lemma
2). Each element of Sy; corresponds to one clustering of the observations in k
sets (represented by the (A%);<x in Lemma 2) of size as equal as possible. For
each clustering, for all j < k,

o 0; = #A; /n is the proportion of observations associated to A; (then the 6;
are almost equal to 1/k),
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o for all ¢ € {1,2,3} and for all | < M,

1/#A5  ifl—n(c—1) € A} (ie. Xi_pn(e—1) € I} is associated to
the hidden state j),

Wiel =14 0 if l —n(c—1)€{l,...n}\ A (i.e. X;_pn(c—1) € I; is not
associated to j),
0 otherwise (i.e. there is no observation in I;).
Lemma 2. Let X4,...,X, be fized observations, as soon as for all i < n and

c € {1,2,3}, Xi. € Iizn—1) then the likelihood £, (-,-; M) is maximised at
(Oar, @ar) if and only if (Opr,@ar) € Sy where
Sy ={(0,w): 0, =#A%/n, wje1= ]ll—n(c—l)EAJ*./#A;a
(J1, J2) partition of {1,...,k}, #Jo=n—k|n/k| =
(A})j<k partition of {1,...,n}, #A] =|n/k|=:q, for ji € Ji,
#A;, = |n/k] +1=:q+1, forjs» € Jo},
andn=kq+r, 0<r<k-—1.

Proof. Since the set of parameters is compact and the likelihood is a continuous
function of the parameters then the maximum is attained.
If (0, w) maximises the likelihood ¢, (-, -; M),

(P1) then, for all 1 <4 < n, there exists 1 < j < k such that w; ¢ iipne—1) >0
for all ¢ € {1,2,3}.
Indeed, if there exists 1 <14 < n such that for all 1 < j <k, wj citn(c—1) =
0 for some ¢ € {1,2,3}, then

n(0,w; M) Zlog 29 Hw3c1+n(c 1)

+ Zlog(1/(|Iz‘||fz'+n\|fi+2n|)) = —0o0.
=1

constant

(P2) and if there exists j,c,7 such that wj;ine—1) = 0 and €; > 0 then
Wi di+n(d—1) = 0 for all d.
Indeed otherwise you can give the weight w; 4 ;4n(d—1), to one of the other
Wj,d,s+n(d—1) for which wj ¢ st ne—1) > 0, for all e # d (which exist other-
wise take 6; = 0 which would increase the likelihood) and this increases
the likelihood.

(P3) and if §; > 0, then w; .; =0ifl —n(c—1) ¢ {1,...,n}.
Indeed, in this case, there is no observation in I; so that w;.; does not
appear in the likelihood and we conclude similarly as the previous point.

Combining all the previous remarks, we know that the maximum can only be
attained (and is at least once) in one of the following sets, indexed by J C
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{1,...,k} which determines the zeros of § and A; C {1,...,n}, j < k, which
determine the zeros of w:

SJ’AI’”.)A,C Z{GEAk: Qj >0, j€ J,ej =0, j€ JC}
k

03¢ {(wj,l,wwj,z,-,wj,s,‘) € (Aum)*:
j=1
lf] € J, Wi, c itn(c—1) >0 ) if i€ Aj7 ceE {1a2a3}
+ using (P2) + using (P3)
and wje; =0, if 1€ {l,..., M}\{i+n(c—1), i€ Aj}}.
Note that we do not assume that (A;) e is a partition of {1,...,n}.

We fix J C {1,...,k} and A; C {1,...,n}, j € J. Now we search for param-
eters (0, @) in Sy 4,,.. 4, which maximize the likelihood. They are zeros of the
derivative of

k 3
(0,0, A 1) = La(0, @ MY+ X[ D0, =1+ pje (Z Wi — 1) . (24)
j=1 c=1 i

with respect to non zero components (6;, Wjeyitn(e—1)s A and pj ., for j € J,
i€ Aj, 1 <c<3). Annulling the partial derivatives give

Wj,1,i95.,2,i4nWj,3,i+2n

= - = —A, VjeJ
i€A; ZSGJ(i) gsws,l,iws,Q,i+nws,3,i+2n

(25)

0 [asze @i.diitn(a—1)

— - —jc, VjeJ i€A;, ce{l,2,3}
ZsEJ(i) esws,l,iws,27i+nws,3,i+2n e J

(26)
Ze_j =1, (27)
jeJ
Z Wj e itn(c—1) = 1, Vied, ce {172,3},
iGA]’
(28)

where J(i) ={se J: ie As}.

Multiplying Equation (26) by W; ¢ j4n(c—1) and then summing the result over
i € A; and using Equation (28), we obtain that j; . does not depend on ¢. Then
using Equations (26) for ¢ =1, ¢ = 2 and ¢ = 3, we obtain

000;,1,i05,2,i4n = 0;005,1,i0j 3,i+2n = 0;0;2,i4n@;) 3,i+2n,

so that

Wj1,i = Wj2i+n = Wj 3 i+2n- (29)
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Furthermore, multiplying Equation (25) by 6; and summing the result over

j € J and using Equation (27), we obtain A = —n. Moreover by multiplying

Equation (26) by @; ¢ i+n(c—1), and then summing the result over i € A; and fi-

nally subtracting (25) multiplied by 6; to the result (ie making » ;. 4 (—6;)(25)+
a)j,c,i+n(cfl)(26))7 we get

0= —HMje — nﬁj. (30)

Then using again Equations (26), (29) and (30), we get

B eitney =n > 0.&5, ., Vi€ (i), Vee{1,2,3},
seJ (i)

so that @; ¢ itn(c—1) does not depend on j € J(i) and

Wjeritn(e—1) = Lica;/ [ n Z 0, |, VjeJg). (31)
seJ(i)

For each Sy 4,,....4, =: S, we have obtained the zeros of the derivative of the
log-likelihood, that we now denote (Sé,sw), to emphasize the dependence with
the considered set S. We now want to know which of these zeros (°0,°w) are
local maxima thanks to the second partial derivatives.

We consider sets Sy 4, ,....a, for which there exists ¢ < n such that there exist
j and [ are in J(i) and j # i. We consider a second partial derivative of

n k
Cn(0,0; M) = log | Y 0;(@;1.0)°
1=1 j=1

that is the log-likelihood (up to an additive constant) associated to the model
where for all 1 < m < k, 1 <5 < n, W15 = Wm,2,54n = Wm,3,s+2n. Assume
without loss of generality that §; > 6;, then (using that 6, =1—5" 0, and

Wj,1,n = 1- Es<n o‘}j71;8)’

m<k

2[ N _ _ _ B B _
;;2" (50,5@; M) =C | 650; Y 50, —3507 | >C(6°0; 50, — 3 °67) >0,
BLe me.J(i)\{5}

where C' > 0. This implies that for all sets Sy 4, ,...,4, := S where there exists i <
n such that #J(i) > 1, every zeros (°6,°@) is not a local maximum. So that the
only possible local maxima of £,,(0, w; M) are the zeros (S741:Ax § S A1 4% )
where #J(i) =1 for all i < n, i.e. when (A4;);cs forms a partition of {1,...,n}.

So we only consider sets A;, j € J which form a partition of {1,...,n} and
@j e itne—1) = Lica,/(nd;) for i € A;, using Equation (31). As Zz‘eA,@j,l,i: 1,
we then obtain that 6; = #A;/n = 1/(nw;1,), for all i € A;. So that we now
only have to choose the best partition (A4;);cs of {1,...,n} and J. Let N; =



736 E. Gassiat et al.

#A;, we know that -, N; = n and the log-likelihood at the local maximum
(°0,5®) associated to Sy, .., = S is

Ly 36‘ w; M) ZN log(N;?) + constant.
seJ

So that we want to minimize

Z N, log(N) under the constraint Z Ns=n (32)
seJ seJ

over J C {1,...k} and N; € N, j € J. This minimization is equivalent to the
minimization of

Z N log(N;) under the constraint Z Ns=n (33)

s<k s<k

over N; € N, j < k (since then the problem (33) is less constrained than for the
minimization of (32) when J is fixed).

And, when k divides n, the minimum of (33) is attained at Ny = n/k. Other-
wise, when & does not divide n, consider only two indices s1, s2 in {1,...,k} and
assume that N, s ¢ {s1,s2} are fixed such that Ny, + N5, = Sy is also fixed.
Then we want to minimise —Nj, log(Ny, ) — (Sny — Ny, ) log(Sn — Ny, ). Studying
the function = € (0, Sy) — —x log(SN) (Sy — ) log(Sy — x), we obtain that
the minimum is attained when N, and N,, = Sy — N, are the closest of Ng/2.
Then in both cases, the MLE is attained at every (0, w) € Ss. O

6.5. Proof of Corollary 1

Suppose that for all N > 0 and all C > 0, there exists n > N such that
2
n? ( max Im|) M, <C.
m< M,
So that there exists a subsequence (¢(n))nen of (n)nen such that
2
2
0?10l M =20 (34)

Set € > 0, by Proposition 3, there exists N7 > 0 such that for all n > Ny,

P ([0rs, (Xsm) = (/s 1/0)| < )
> P ({3 1<i1,i2<6(n), 1<,d<3, m<Myn): Xiy.c € I, Xin.d € Im}©)

#(n) ¢(n) My(n)

>1—ZZ Z zlcEIrmXig,dGIm)

i1=1i2=1 m=1

2
>1—<¢<n>>2M¢<n>max<supg,(supg>2)( i Im|) . (35)

M Mg (n)
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Using Equations (34) and (35) and Assumption (A3), then 5Mn (X1:4(n)) tends
in probability to (1/k,...,1/k) which contradicts the convergence in law of é\MW
to 6*. This concludes the proof.

6.6. Proof of Theorem 2

We first recall Lemma 2.1 in [4]:
Lemma 3 (Sylvain Arlot). Let A,B,C,R: M — R. If for all m,m' € M,

(C(m) = R(m)) = (C(m) = R(m')) < A(m) + B(m),
then for all M € M such that C(i) < infmert C(m) + p, p > 0,
R(7) — B(@) < inf (R(m)+ A(m)} +p.
We are going to use this lemma with R(Z) = R, (), C(Z) = Cov(Z) and
A(T) = B(Z) = €, R(T) + 4y,
Using Hoeffding’s inequality,
P ({~B(@) < Cov(T) - Ra, (D" I0z,(X5_,) - 0°[1%;] < AD))°)
< 2exp (—2b,A(T)?),
since ||07(Xp,) — 01,(Xp_,)||? <1, for all b. We introduce the sets
Sz ={-B(@) < Cov(@) - Ra, (D" |05, (X5_,) - "3 ] <A@} (36)

for all Z € M,,. Using Lemma 3, on the set Nzeaq, Sz, Equation (20) holds and
using Equation (36), we obtain

2
>1_ . .
P(mIEMnSI) >1 2mn exp ( 2bn (677, Iér}\in Ran (I> + 677,) ) .

6.7. Proof of Proposition 4
Using Theorem 2,
E* [anRan Z, )}

1 2
S%( T it R, ()4 2 )

1—e€, ZemMm, 1—¢,
2
+ 2a, My, €xXp <_2bn (En Ig/l\gln R,, (I) + 671) )

we can conclude by taking €, = §,, = 1/(log(n)a,,).
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