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Consider an i.i.d. sequence of random variables whose distribution f*
lies in one of a nested family of models (Mg)qen, Mg C Mg+1. The smallest
index ¢* such that M4+ contains f* is called the model order. We establish
strong consistency of the penalized likelihood order estimator in a general
setting with penalties of order 7(q) loglogn, where n(q) is a dimensional
quantity. Moreover, such penalties are shown to be minimal. In contrast to
previous work, an a priori upper bound on the model order is not assumed.

The local dimension 1(q) of the model M, is defined in terms of the
bracketing entropy of a class of weighted densities, whose computation is a
nonstandard problem which is of independent interest. We perform the req-
uisite computations for the case of one-dimensional location mixtures, thus
demonstrating the consistency of the penalized likelihood mixture order es-
timator. The proof requires a delicate analysis of the local geometry of the
mixture family M, in a neighborhood of f*, for ¢ > ¢*. The extension to
more general mixture models remains an open problem.

1. Introduction. Let (X})ken be a sequence of random variables whose dis-
tribution f* lies in one of a nested family of models (Mg)4en, indexed (and or-
dered) by the integers. We define the model order as the smallest index ¢* such
that the true distribution of the model lies in the corresponding model class. Model
order estimation from observed data is a statistical problem of significant practical
interest. On the one hand, the model order typically determines the most parsimo-
nious representation of the true distribution of the underlying model (for example,
it might determine the parametrization of the model which has the smallest possible
dimension). On the other hand, in many cases the model order has a concrete in-
terpretation in terms of the modelling of the underlying phenomenon (for example,
the estimation of the number of distinct clusters in a data set, or the estimation of
the number of regimes in an economic time series). For these reasons, order estima-
tion problems appear in a wide variety of applications. Typical examples of order
estimation problems include Markov order estimation, hidden Markov model or-
der estimation, and mixture model order estimation. From both the theoretical and
practical prespective, a challenging problem is to develop strongly consistent or-
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der estimators which can be applied in a general setting and which do not suffer
from restrictive assumptions which are rarely satisfied in applications, such as the
availability of an a priori upper bound on the model order.

In this paper, we focus on independent and identically distributed sequences
(Xk)ken and on penalized likelihood order estimators of the form

Gn = argmaX{ sup (,(f) — pen(n, q)} :
geN | fem,

where £,,(f) is the log-likelihood of the sequence (X}, )x<, with distribution f and
pen(n, q) is a given penalty function. In this setting, we aim to determine which
penalties pen(n, q) give rise to strongly consistent order estimators (that is, such
that g, — ¢* a.s. as n — 00). The investigation of strong consistency requires
a detailed understanding of the fluctuations of the likelihood ratio statistic. The
guiding motivation for this paper was to obtain an understanding of mixture order
estimation problems, where the behavior of the likelihood ratio statistic is notori-
ously complicated due to a fundamental lack of identifiability. However, the main
results of this paper establish consistency and inconsistency results for model order
estimation problems in a very general setting, going far beyond the problem of mix-
ture order estimation. In addition to these general results, we will obtain specific
results for mixture models which require a rather delicate analysis of their geo-
metric structure. The latter sheds light also on other statistical problems in mixture
models (such as hypothesis testing) and is of independent interest.

1.1. Previous work. There are two main approaches towards studying strong
consistency of the penalized likelihood model order estimator.

The first approach (which forms the foundation also for this paper) stems from
the observation that the likelihood ratio statistic can be approximated by the square
of an empirical process. In regular parametric models, this follows by a simple
Taylor expansion argument, similar to the one used in the chi-square theory of
likelihood ratio tests. The situation is more delicate in non-identifiable models, but
such a correspondence was nonetheless obtained in a very general setting by one of
us [10] (see also [17] for related results). Once this equivalence is established, the
law of iterated logarithm implies directly that the likelihood ratio statistic has path-
wise fluctuations of order log log n, thus giving rise to strongly consistent penalties
of order pen(n, q) ~ loglogn. This approach has been employed in a variety of
order estimation problems: for ARMA models in [14], for regular parametric mod-
els in [19], for Markov order estimation in [9], and for mixture order estimation
in [15, 4]. However, the drawback of this approach is that the law of iterated loga-
rithm only applies to the likelihood ratio statistic for a single model class, so that
one has no control over the fluctuations of the likelihood ratio statistic uniformly
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in the model order. For this reason, the results in the above references must assume
that one has prior knowledge that the true model order is upper bounded by some
known constant. As is pointed out in [7], this restriction is unsatisfactory as such
an upper bound is rarely available in practice.

The second approach is entirely different in nature and is based on the approx-
imation of penalized likelihood order estimators by minimum description length
(MDL) order estimators, which can be studied using techniques from information
theory (see [3], Chapter 15 for a primer). This approach was employed for the hid-
den Markov model order estimation problem in [9, 11, 5], and for Gaussian or Pois-
son mixture order estimation in [5]. In contrast to the first approach, the information
theoretic approach does not require an a priori upper bound on the model order. On
the other hand, the strongly consistent penalties obtained through this approach are
typically of order pen(n,q) ~ logn and grow rather rapidly in the model order
q. Therefore, such penalties are substantially larger than those obtained through
the first approach, and are therefore expected to be suboptimal in most cases (it
should be noted that small penalties are highly desirable in practice, as they min-
imize the probability of underestimating the order). In addition, the computations
involved in the information-theoretic approach are specific to particular families of
densities (such as discrete distributions [9, 11] or Gaussian mixtures and Poisson
mixtures [5]) and do not appear to admit a general consistency theorem that applies
simultaneously to a large class of order estimation problems.

The inadequacies of these approaches was highlighted in the work of Csiszar and
Shields [7, 6], who present a detailed study of the Markov order estimation prob-
lem. They establish consistency of the BIC Markov order estimator pen(n,q) =
% dim(q) log n, where dim(g) is the dimension of the parameter space of the model
of order ¢, without a prior upper bound on the order. The analysis in these papers
is very delicate, however, and relies heavily on the availability of an explicit ex-
pression for the maximum likelihood estimator for Markov chains. Such explicit
expressions are rarely available in more general order estimation problems.

Recently, one of us has shown [24] that penalties of order log log n already lead
to strongly consistent estimators for Markov order estimation, even in the absence
of a prior upper bound. This refinement of the results of [7, 6] requires an en-
tirely different method of proof: the key idea is to use martingale concentration
inequalities and techniques from empirical process theory to obtain a law of iter-
ated logarithm for the likelihood ratio statistic which holds uniformly in the model
order. In particular, this approach does not rely on an explicit expression for the
maximum likelihood estimator, and is therefore much more generally applicable.

1.2. Contributions of this paper. The goal of this paper is to investigate which
penalties give rise to strongly consistent model order estimators in the i.i.d. setting.
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Our main contributions are threefold.

First, Theorem 2.4 establishes in a very general setting that the penalized like-
lihood model order estimator with penalty of order 1(q) loglogn is strongly con-
sistent in the absence of a prior upper bound. Here 7)(¢) is a dimensional quantity
related to the bracketing entropy of a certain weighted class of densities D, derived
from the model class M. The proof of this result is inspired by the method devel-
oped in [24] for Markov order estimation, though we follow a somewhat different
approach here to obtain a much more widely applicable result.

Second, Theorem 2.10 shows that penalties of the form C'n(q) log log n give rise
to inconsistent order estimators when the constant C' is chosen sufficiently small.
This implies that penalties of order log logn are in fact minimal when the aim is to
achieve strong consistency. Thus our results essentially characterize those strongly
consistent penalties which minimize the probability of underestimating the order.
The main ingredient of the proof of is an exact characterization of the fluctuations
of the generalized likelihood ratio test, which may be of independent interest.

Finally, we aim to apply our general results to the mixture order estimation prob-
lem. The key difficulty here is to compute the bracketing entropy of the weighted
model classes D,. To our knowledge, this has hitherto remained an open problem:
despite that one may find various claims [15, 4, 1] that the bracketing numbers
are polynomial, no proof supports these claims. Moreover, as we aim to establish
results that hold uniformly in the model order, it is of key importance that the con-
stants that appear in estimated on the bracketing entropies are independent of the
model order. The computation of entropies of weighted model classes appears to be
a nonstandard problem in empirical process theory,' and the lack of identifiability
in mixture models makes this a novel and rather delicate problem.

In Theorem 2.12, we establish explicit (polynomial) bounds on the bracketing
entropies of the weighted classes D, in the case of one-dimensional location mix-
tures. The requisite assumptions are mild and easily verified: we require only some
smoothness assumpions and the existence of exponential moments. This result is
of independent interest, and could have a variety of applications to other statisti-
cal problems involving mixtures. The proof of Theorem 2.12 requires a delicate
analysis of the local geometry of mixture models in the neighborhood of the true
distribution. We believe that essentially the same results should hold in much more

!The standard approach for dealing with weighted empirical processes is to employ a so-called
peeling device (see [23]) to reduce the problem to the computation of entropies of unweighted model
classes. Unfortunately, in parametric models, this gives rise to additional terms of order log n unless
on can compute the local entropies of the model classes. In nonidentifiable models such as mixtures,
whose geometry is notoriously delicate, such local entropy computations do not appear to be feasible.
Therefore, the direct computation of the entropies of weighted model classes becomes essential in
such models. Note that any additional logn factors would dominate entirely the correct loglogn
growth rate of the likelihood, and would therefore lead to far from optimal results.
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general mixture models, but we were not able to complete one key part of the proof.
This remains a challenging open problem.

1.3. Organization of this paper. The remainder of this paper is organized as
follows. Section 2 describes our main results: the strong consistency theorem (sec-
tion 2.1), the inconsistency theorem (section 2.2), and the application to mixture
order estimation (section 2.3). The proofs of the results in these sections are given
in sections 3, 4, and 5, respectively. Finally, the Appendix recalls some inequalities
for empirical processes that play a fundamental role in our proofs.

2. Main results.

2.1. Consistent order estimation. Let (E, €, 1) be a measure space. For each
g € N, let M, be a given family of strictly positive probability densities with
respect to p (that is, we assume that [ fdu = 1 and that f > 0 p-a.e. for every
f € My). Moreover, we assume that (M) qen is a nested family of models, that is,
My C Mg+ forall ¢ € N. We also define M = ey M.

Consider an i.i.d. sequence of E-valued random variables (X} )xcn whose com-
mon distribution under the measure P* is f*du, where f* € Mg+ \ clMyx_; for
some ¢* € N (here cIM, denotes the L' (du)-closure of M,). The index ¢* is
called the model order. Neither ¢* nor f* are presumed to be known. Our aim is to
estimate ¢* from an observation sequence (X )ren- To this end, let

Ca(f) = _log f(Xi), fem.
i=1

Evidently 4,,(f) is the log-likelihood of the i.i.d. sequence (X} )x<, under the mea-
sure where X, ~ fdu. The penalized likelihood order estimator is defined by

n = argmaX{ sup £ (f) — pen(n, Q)} ,
qeN feM,

where pen(n, q) is a penalty function. Our main goal is to show that the penalized

likelihood order estimator is strongly consistent, that is, §, — ¢* asn — oo P*-

a.s., for a suitable choice of penalty. Let us emphasize that the maximum in the

definition of ¢, is taken over all model orders ¢ € N, that is, we do not assume that

an a priori upper bound on the order is available.

REMARK 2.1. To avoid measurability problems and other technical complica-
tions, we employ throughout this paper the simplifying convention that uncount-
able suprema (such as sup ey, £,(f)) are interpreted as essential suprema with
respect to the measure P*. In applications the model classes M, will typically be
separable, so that the supremum and essential supremum coincide.
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Let us begin by recalling the notion of bracketing.

DEFINITION 2.2. Given a class Q of measurable functions g : £ — R, a finite
collection of pairs of functions { giL, giU }i=1,.. n is called a (Q, §)-bracketing set if
forevery g € Q, thereisa j € {1,..., N} such that

gy <g<gy, E*[(¢5 (X1) — g} (X1))%] < 6%
We denote as N(Q, §) the cardinality IV of the smallest (Q, §)-bracketing set.

Our general consistency result is stated in terms of the bracketing numbers of a
certain class of weighted densities ‘D, derived from M, which we define presently.
The significance of D, follows immediately from the likelihood inequality ob-
tained in Lemma 3.1 below, which plays a fundamental role in the proof.

DEFINITION 2.3, Forany ¢ > ¢* and f € M, (f # f7*), define

7\/f/f*_1 * o *2
df—Wa h(fvf)2—/(\/7—ﬁ)du

(that is, A(f, f*) is the Hellinger distance between the densities f and f*). Define
Dy=A{dy: feMy, f#f}forqg>q~ andletD =, - Dy.

‘We can now formulate the main result of this section.

THEOREM 2.4. Assume that the following hold.

1. There is an envelope function D : E — R such that |d| < D forall d € D
and R?> = E*(D(X1)?) < co. Moreover, for every q > q*, we have

R
/ log N(Dy, u) du < .
0
2. Forevery q < q*, the family

e (V7o) <2

is a P*-Glivenko-Cantelli class.

Define the penalty
pen(n,q) = n(q) w(n)loglogn,

where w is any function such that w(n) — oo as n — oo (arbitrarily slowly),

n~lw(n)loglogn — 0asn — oo, and n is any function such that n(q) > n(q—1)

for all ¢ > q* and such that for some constant 3 > 0, we have for every q > q*

ViBq V/OR\/logN(Dq,u)du < \/@< 00.

Then ¢, — q* as n — oo P*-a.s.
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The proof of this theorem is given in section 3.

REMARK 2.5. The scaling function 7(q) is closely related to the dimension
of the the model M. Indeed, if D, is a finite-dimensional family, one would typ-
ically expect that [ log!/2N(Dy,u)du o (dimD,)/2. As the scaling factor
h(f, f*)~! in the definition of d 7 becomes singular as f — f*, one could think of
1n(q) as the “local dimension” of M, in a neighborhood of the true density f*.

REMARK 2.6. An alternative set of assumptions under which the conclusion
of Theorem 2.4 holds can be obtained by adapting the method of proof used in [24]
for the Markov order estimation problem. The key requirement here is that

N(M,(¢),9) < (C(;s> n(q)

for some constant C' and for any £, > 0 and g € N, where we have defined the
Hellinger balls My(¢) = {/f : f € My, h(f, f*) < e}. In this case, a peeling
device can be employed to avoid dealing with the weighted class D,. However,
the proof relies crucially on the exact dependence of the local bracketing entropy
log N(M,(¢), 6) on €/0 given above. It is not sufficient to obtain a global entropy
bound (that is, where the scaling in ¢ is omitted), as additional logarithmic factors
then appear in the proof which give rise to suboptimal penalties.

We must therefore choose between two alternatives: either establish (i) a local
entropy bound directly on the model class Mg, or (ii) a global entropy bound on
the weighted model class D,,. Alternative (i) implies essentially that the family M,
endowed with the Hellinger distance, has the same metric structure as a subset of
R7(@) endowed with the Euclidean metric. However, in the examples we have in
mind, this is not typically the case. For example, finite mixture models (cf. section
2.3) possess a notoriously complicated geometry which is qualitatively different
than that of Euclidean space, so that the local entropy approach is not well suited
to such models. In this paper, we have therefore chosen to develop the more flexible
alternative (ii). The interested reader may easily adapt the proof in [24] to obtain a
version of Theorem 2.4 under assumptions corresponding to alternative (i).

Alternative definitions of the weighted model class D, are possible, however,
without changing the conclusion of Theorem 2.4. See Remark 3.2 below.

2.2. Minimal penalties. Theorem 2.4 shows that any penalty that increases
faster than 7(q) log log n defines a strongly consistent order estimator. In this sec-
tion, we will establish (under some mild additional assumptions) that this result is
essentially optimal: we will show that the order estimator with penalty pen(n, q) =
C'n(q)loglogn is inconsistent when the constant C' is chosen sufficiently small.
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Therefore Theorem 2.4 identifies in essence the minimal penalty that gives rise to
strong consistency. The identification of the minimal penalty is relevant in practice,
as such penalties minimize the probability of underestimating the order.

REMARK 2.7. Though the penalty pen(n,q) = Cn(q)loglogn gives an in-
consistent order estimator for sufficiently small constants C', we have not yet dis-
cussed the consistency of this penalty for larger C'. A careful reading of the proof
of Theorem 2.4 shows that consistency is in fact achieved even for penalties of the
form pen(n,q) = Cn(q)loglogn, provided that C' > Cj for a certain thresh-
old Cj (see Remark 3.4). Unfortunately, the value of Cjy depends on ¢*, so that
such penalties cannot be used for the purpose of order estimation in the absence of
a prior upper bound on the order. It therefore appears that we can identify three
regimes: that of inconsistent estimation (pen(n,q) = Cn(q)loglogn with C
small), consistent estimation with a prior upper bound on the order (pen(n,q) =
C'n(q)loglogn with C large), and consistent estimation without a prior upper
bound on the order (pen(n, q) = n(q) w(n)loglogn with ww(n) — o).

To state the main result of this section, we will need some additional notation.
DEFINITION 2.8. For ¢ € N and € > 0, define the families

Dyl(e) ={ds: feMy, 0<h(f, f*) <el, @q = ﬂ clDy(e),
e>0

where the closure cl D (¢) is in L2(f*dp).

Evidently Dy, is the set of all possible limit points of d as h(f, f*) — 0in M.
We will require some assumptions on the richness of neighborhoods of D,.

DEFINITION 2.9. A point d € @q is called continuously accessible if there
is a path (fi)ieo,1) € Mg\{f*} such that the map ¢ +— h(f;, f*) is continuous,
h(fi, f*) — Oast — 0, and ds, — d in L?(f*dp) as t — 0. The subset of all
continuously accessible points in ®q will be denoted as @g.

‘We can now formulate the main result of this section.

THEOREM 2.10. Assume there exists q > q* such that the following hold.

1. There is an envelope function D : E — R such that |d| < D forall d € D,
and D € L*T9(f*du) for some o > 0. Moreover,

1
/ \/10gN(Dy, u) du < 0.
0
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2. @g\@q* is nonempty.
Define the penalty
pen(n, q) = C'n(q)loglogn,
where 1 is any nonnegative function such that n(q) > n(q*). If the constant C' > 0
is chosen sufficiently small, then §,, # q* infinitely often P*-a.s.

The proof of this theorem is given in section 4.

REMARK 2.11.  The proof of Theorem 2.10 will show that sup sepg, €n(f) —
pen(n,q) > SUD fen, v 0, (f) — pen(n, ¢*) infinitely often P*-a.s. Thus imposing
a prior upper bound on the order does not alter the conclusion of Theorem 2.10.

2.3. Application to mixtures. The general mixture order estimation problem
can be defined as follows. Let P be a given family of strictly positive probability
densities with respect to p1. For ¢ € N, we define the model class

q q
Mq = {Z"Tzfz T2 0, Z?TZ' = 1, f, € fp}
i=1 i=1
to be the family of mixtures of ¢ elements of {P. In this setting, the model order is the
smallest number of mixture components that is needed to describe the distribution
of the data (X})x>0. We aim to apply Theorem 2.4 to obtain strongly consistent
penalized likelihood mixture order estimators.

The key problem is evidently to bound the bracketing number N(D,, d). This
appears to be a novel and nontrivial problem. As the normalizer h(f, f*)~! in the
definition of the weighted class D, becomes singular as f — f*, it is the local ge-
ometry of the mixture family in a neighborhood of f* that is of interest (in contrast
to the unweighted entropy computations in [12, 13]). Unfortunately, the geometry
of finite mixtures is notoriously complicated due to the lack of identifiability (see,
for example, [8]), and we are not aware of any quantitative results in this direc-
tion. To complicate matters further, the application of Theorem 2.4 requires that
our bounds on N(D,, §) hold uniformly in the model order g¢.

In the present paper, we provide a detailed analysis of the local geometry of one-
dimensional location mixtures, which leads to the requisite bounds on N(D,, ¢) in
this setting. Let ' = R and let i be the Lebesgue measure on R. We fix a constant
T > 0 and a strictly positive probability density fo with respect to p. We will
consider mixtures of probability densities in the class

P={fo:0e[-T,1}, fo(z) = fo(z —0) Vz € R.

The mixtures in M, are known as location mixtures, as each mixture component is
obtained from the mother function fj by a shift of location.
To obtain our main result, we impose some regularity assumptions on fj.
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ASSUMPTION A. fp has three continuous derivatives, such that:

1. The functions x — €' fo(z), z +— e fi(x), v — @ f(x) are in L' (du)
and z — €' fo(z), z +— €' f{(z) vanish at infinity for each t € R.

2. Define the functions z +— Hy(z) = supge[_r 1 0% fo(x)/0x"|/ f*. Then
Hy, € L*(f*du) for k = 0,1,2 and Hs € L?(f*du).

It is easily verified that Assumption A is satisfied for fo(z) = e~*"/27° /\/27 02
(and any f* € M), so that our results apply directly to Gaussian location mixtures.
We can now formulate the main result of this section.

THEOREM 2.12. Suppose that Assumption A holds. Then there exist constants
C* and 6*, which depend on f* but not on q or 6, such that

C* 36q
N(Dy,9) < (6) forall g > q*, 6 < 6.
Moreover; there is a function D € L*(f*du) such that |d| < D forall d € D.

The proof of this result is given in section 5. Though the general approach of
the proof should extend to a much larger class of mixture models, the details of the
analysis of the local geometry of M rely on Laplace transform techniques which
are specific to the location mixture model under consideration. The extension of
our results to more general mixture models remains a challenging open problem.

REMARK 2.13.  We have made no attempt to optimize the constants in Theo-
rem 2.12. In particular, the factor 36 in the exponent can likely be improved.

Combining Theorems 2.4 and 2.12, we can now obtain the following result.

COROLLARY 2.14. Suppose that Assumption A holds. Define the penalty
pen(n, q) = qw(n)loglogn,

where w is any function with w(n) — oo and n~'w(n)loglogn — 0 asn — oc.
Then the penalized likelihood mixture order estimator is strongly consistent.

On the other hand, Theorem 2.10 can be used to prove the following.

PROPOSITION 2.15.  Suppose that Assumption A holds. Define the penalty
pen(n,q) = C qloglogn.

If the constant C' > 0 is chosen sufficiently small, then the penalized likelihood
mixture order estimator is not strongly consistent.

The proofs of Corollary 2.14 and Proposition 2.15 are given in section 5.
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3. Proof of Theorem 2.4. Define the empirical process

Z{g (9(X1))}-

The proof of Theorem 2.4 is based on a simple likelihood ratio inequality, which
relates the log-likelihood ratio ¢,,(f) — £,(f*) to the empirical process. Related
inequalities appear in [10, 4], but the following form is perhaps the most natural.

LEMMA 3.1.  For any strictly positive probability density f # f*, we have

Ca(f) = Ea(f*) < vn(dp) .

PROOF. Note that
WS =2 [ 2T dn = —2h(f, £ B (dy (X)),

Using log(1 + x) < z, we can estimate

n

Ua(f) = tn ZQlog (L+h(f, ) dp(X2)) < Y 2h(f, f*) dp(X))

=1 =1

= 2va(dg) B(f, f) v/ = h(f, f >n<sup{2 w(dg)p—p*}.

peR

The proof is easily completed. O

REMARK 3.2. Along similar lines, one can prove the inequalities

. ( log(/f*) ) 2
D7)

1

balf) —balf?) < 5

(which improves on [4], Proposition A.1) and

. ( log({f +/*}/2/") ) :
VDT + F172)

where D(f*||f) = [log(f*/f)f*du is the relative entropy. By using these in-
equalities instead of Lemma 3.1, the proof below can be repeated to show that
Theorem 2.4 still holds if we replace the definition of dy in Definition 2.3 by dy =

log(f/f*)/vD(f*IIf) orby dy =log({f + f*}/2f*)/VD(f*II{f + f}/2).

At the heart of the proof of Theorem 2.4 lies the following law of iterated loga-
rithm, which holds uniformly in the model order ¢ > ¢*.

1

ba(f) = a(f7) <

)




12 E. GASSIAT AND R. VAN HANDEL

THEOREM 3.3.  Assume that supgcp |d| < D for a function D : E — R with
R? = E*(D(X1)?) < oo, and that 1 : N — R, and 3 > 0 are defined such that

R
\//0 logN(Dy,u) du < 1/n(q) < oo

for every q > q*. Then

1 1 ~
lim sup sup sup £n(f) — sup £o(f)p <C P*-as.
n—00 10g10g”!1>q n(a) | ren, FEM«

for a sufficiently large constant C>0( depending only on 3 and R).

PROOF. We proceed in several steps.
Step 1 (blocking and truncation). By Lemma 3.1, we have

sup £n(f) = sup Lo(f) < sup {€u(f) = €a(f*)} < sup |vn(dy)[*.
feM, feMyx feM, feMy

Therefore, we can estimate as follows:

1 sup L {SUp lo(f) — sup ﬁn(f)}

max
n=2N__2N+1 loglogn g>q* 1(q) | fenm, FEN

IN

2
n(d
( 2N+1 loglognq>q \/7 sup [vn fﬂ)

< n(dilpsq
- < Tan loglogn oo Ffseuﬁqw [dr1D>an)]

2
n(dflpeg ,
+ 2N+1 loglogn q>q \/7 Sup vn(drlog N(q))o

where we introduce

2N
an(g) = Con(q) loglog 2V’

and C is a constant to be chosen later on.
Step 2 (the first term). Note that forn = 2V, ... 2N+1

|V”(df1D>CLN(q) ) |

{df(Xi)1D>aN(Q)(Xi) - E*(df(X1)1D>aN(Q) (Xl))}‘

WE

1

P
Il

IN

sl sl
sl

s
Il
—

{D(XmDm(q) (X2) + B (D(X1)1psay (g (X1)) }

2N+1

Z{ )+ B2

| /\
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Therefore,
lim sup SUP ‘Vn(df1D>aN(Q)>‘
N—oo n= 2N 2N+1 \/loglognq>q VN
N+1
2,/C; * 2 2 2
< lim T0F >0 {D(Xi) + R} = 4R*\/C; Pras.

i=1

by the law of large numbers.
Step 3 (the second term). Let C's be a constant to be chosen later on. Note that

sup [Vn(dflp<ay(q)l > 3Cs3

P*
[ 2N+1 \/loglogn q>q Vv

P* a s Sy (dsl > 3C 2N Jog log 2V
qg:ﬂ Lﬁ..ﬁmgéﬁﬁq' n(dflp<an(e) 3\/77(61) glog

where S, (f) = v/nvn(f). By Proposition A.2, we have

del > 3C
2N+1 loglogn q>q F Sup lon Jopsan q))| ’

> 3 max_P* [sup [Vn(d1p<ay(q)| > Cg\/ n(q)loglog 2V | .

N N+1
g=q +1 n=2 2 deDy

Now note that

Sup HdngaN(q)HOO < aN(q)’ sup E*[{d(X1)1D<aN(q)(X1)}2} < RZ?
deD, deD,
and
C3 R2 V 2N C3 R2f
3\/277((1) oglog 7220, ) an(e) = \m2vacy) an(q)

foralln = 2N ... 2N+L Moreover, if {f£, fV} is a (Dy, 6)-bracketing set, then
{fl-LngaN(q), fiU]-DSaN(q)} isa (Dy1lp<ay(q), 0)-bracketing set. Therefore

R
C\Cr +1 /0 VIOEN(Dy1pe (g 0) du
R
N 1/ log N(Dy, u) du
0
< OVC1 + 1y/n(q) < C3y/ 3n(q) loglog 2V
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for all ¢ > ¢* simultaneously when N is sufficiently large, regardless of the choice
of C. Choosing C; = Cg/RZ\/QCQ, Proposition A.1 gives

P* n(drlp<, > 3C!
[ 2N+1 loglogn q>q \/7 Sup Waldrlos v q))| 31

C3n(q) loglog 2V
< _
> q;—i_l 6 exp [ 202(01 i 1)R2

for N sufficiently large. But we clearly have

i 6 o | Cinla) loglog 2%
P T 902(C) + 1)R?

< i 6 <€_C§ log log2/202(Cl+1)R2N_C§/202(Cl+1)R2)n(q)
q
<12e —BC2loglog 2/2C%(C14+1)R QN_ﬂC§/2CQ(Cl+1)R2

for N sufficiently large. As C; = C3/R?\/2C5, we may choose Cy = C3/2R*
and Cj sufficiently large so that 3C3/2C%(Cy + 1)R? = C3/4AC?R? > 1. Then

P* s drl > 3C:-
NZ:I [ ..... 2N+1 log logn q>q \/7 up Pnldslnson(a) ’
< 00,

so that in particular P*-a.s.

li (dr1 < 3C

lzglj;lopn 2N . 2N+1 log logn q>q \/7 Sup [vn(ds1p<ay @)l < 3Cs
by the Borel-Cantelli lemma.

Step 4 (end of proof ). Putting it all together, we obtain

I 1 1 () ()

imsup  ma su sup — su

N—ooo n=2N_. 2N+1 log logn q>£ n(q) | rem, " fegvg* "

2
<C3 (3 + 2\@) P*-as.
for C3 > 2C'R/+/[3. The proof is easily completed. O

We can now complete the proof of Theorem 2.4.
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PROOF OF THEOREM 2.4. By Theorem 3.3 and easy manipulations, we have

lim sup sup ! { sup £n(f) — sup Zn(f)}

n—oo gq>¢* Pen(n,q) — pen(n, q*) | rem, FEMx

*+1 1
n(g” +1) lim sup

—_— X
~ n(g*+1) —=n(g*) n—oo w(n)loglogn

sup 1{ sup n(f) — sup Kn(f)} =0 P*as.

a>q* 1(q) feMy FEMx

Therefore, P*-a.s. eventually as n — oo

sup n(f) — pen(n, q) < sup ln(f) — pen(n,q")
FeM, FEM

for all ¢ > ¢*. It follows that limsup,, ... ¢» < g* P*-a.s., that is, the penalized
likelihood order estimator does not asymptotically overestimate the order.

On the other hand, note that as log x is a concave function, we have the basic
inequality log z < 2log({z + 1}/2) for all z > 0. Therefore, we obtain P*-a.s.

1 En — tn *
lim sup — { sup £,(f) — sup En(f)} < limsup sup M
n—oo N | feMy FEM n—oo  feMy n

| 1 FOX0) + F4(X0)
gnlfi‘ofi“ﬁqngmg( 2/ (X0) >

2y B fog (L2 ODY]

feMy 2f*(X1)
. WSS
=2, P (f 2 )

for ¢ < ¢* using the Glivenko-Cantelli property, where D(f*||f) denotes the rela-
tive entropy (see Remark 3.2). We now claim that
min inf D ( I

*
f+f) >0
q<q* feMy 2

Indeed, suppose this is not the case. Then for some ¢ < ¢*, there is a sequence
(fn)nen C Mg such that D(f*||{f, + f*}/2) — 0 as n — oo. By Pinsker’s
inequality, this implies that f, — f* in L'(du), so that f* € cIM, for some
g < ¢*.ButcdM,; C cIMg—1 and f* € Mg+\ cl My+—1 by assumption, giving
a contradiction. Thus the claim is established. To complete the proof, it suffices to
note that by assumption pen(n, q)/n — 0 as n — oo. Therefore P*-a.s.

1
limsupmax —{ sup £,(f) — pen(n,q) — sup £,(f)+ pen(n,q¢*)y <0,
n—oo 4<¢* N femy FEMyx
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so that P*-a.s. eventually as n — oo

sup n(f) — pen(n, q) < sup lu(f) — pen(n,q")
FeM, FEM

for all ¢ < ¢*. It follows that lim inf,, . ¢, > ¢* P*-a.s., that is, the penalized
likelihood order estimator does not asymptotically underestimate the order. 0

REMARK 3.4. If we were to choose ww(n) = Cj to be constant, rather than
w(n) — oo as required by Theorem 2.4 (see section 2.2), then we would obtain in
the first equation display of the above proof the upper bound

n(g+1) O

n(q* +1) = n(q*) Co’

where C' depends on 3 and R. To obtain a consistent order estimator, we must
choose Cj sufficiently large so that this constant is less than one. As typically
sup,>o{n(g+1)/(n(qg+1)—n(q))} = oo, however, we cannot control this constant
without prior knowledge of ¢*. It is for this reason that we must require w(n) — oo
to obtain a computable order estimator. Let us note that even if we were to have
sup,>o{n(g+1)/(n(g+1)—n(q))} < oo (that is, when 7(q) grows exponentially
with ¢), it will still typically be the case that the bracketing numbers N(D,, )
depend on f* (as the class D, itself depends on f*), so that we cannot choose Cj
without prior knowledge of f*. The Markov order estimation problem treated in
[24] is a special case where all these parameters can be chosen independent of ¢*
and f*, which accounts for the slightly smaller penalty used there.

4. Proof of Theorem 2.10. The main ingredient of the proof of Theorem 2.10
is a precise characterization of the fluctuations of the likelihood ratio test for two
model classes M, and M,, which may be of independent interest. The proof of
Theorem 2.10 will follow easily from this result. In the sequel, we denote by
(f,g) = [ fgf*du be the Hilbert space inner product in L?(f*dyu), and we de-
note by ||g||2 = (g, g) the corresponding Hilbert space norm.

THEOREM 4.1. Let ¢* < p < q. Assume that

1
/ \/910gN(Dy, u) du < oo,
0
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and that |d| < D for all d € Dy with D € L*>T%(f*dy) for some o > 0. Then

limsup ———— < sup £, (f) — sup £.(f) ¢ >
n—oo loglogn | ren, feM,
sup sSup (<f7 g))a— — Ssup (<f7 g>)3— P*—a.s.,
geLi(f*dp) | fedy feDy
as well as

1
limsup ———— < sup £, (f) — sup €,(f) p <
n—oo loglogn | e, fen,

sup {sup(<f,g>)2+—Sup(<f,g>)i} P*-as.,

geLi(f*du) | feD, fede

where L3(f*du) = {g € L*(f*du) : |lgl2 < 1, (1,g) = 0}.

REMARK 4.2.  When D, and D,, each contain an L?(f*du)-dense subset of
continuously accessible points (which is typically the case in sufficiently smooth
models), then Theorem 4.1 provides the exact characterization

limsup ————— 9 sup £, (f) — sup 4,(f) p =
n—oo loglogn | ren, fem,
sup { SUP (<fv g>)2+ - SuP (<f7 g>)i} P*—a.s.
geLF(frdu) \fE€D, feDy

However, only the first (lower bound) part of the theorem will be needed to prove
Theorem 2.10. We provide the more precise version of the theorem here due to its
independent interest: we are not aware of a similar characterization of the pathwise
fluctuations of the likelihood ratio test in the literature.

The proof of Theorem 4.1 is based on a sequence of auxiliary results. First, we
will need a compact law of iterated logarithm for the Strassen functional

1 n

In(g9) = Vonloslosn ; {9(Xi) — E*(9(X1))} -

We state the requisite result for future reference.
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THEOREM 4.3. Let Q be a family of measurable functions f : E — R with

1
/ \/10g N(Q, u) du < 0.
0

Then, P*-a.s., the sequence (I,,),>0 is relatively compact in {~(Q), and its set of
cluster points coincides precisely with the set X = {f — (f,g) : g € L3(f*dp)}.

Proofs of this result can be found in [20], Theorem 4.2 or in [16], Theorem 9.
We will also need the following simple result on partial maxima.

LEMMA 4.4. Let (X;);>1 be an i.i.d. sequence of random variables, and sup-
pose E[| X1|P] < co. Then n-1/p max;—1 . |Xi| = 0as. asn — oo.

PROOF. Fix o > 0. As E[|X1|P] < oo and (X;);>; are i.i.d., we have

oo o
S PX,| > n'Pa] = Y PlXiP/af > n] =
=

n=1

i [* PIxiP/07 > [])ds < EXP)o? < .

By the Borel-Cantelli lemma, | X,,| < n'/Pa eventually a.s. Let 7 < oo a.s. be such
that | X,,| < n/Pa foralln > 7. Then max;—=1 . |X;| < nl/pa\/maxizl,mﬁ | X |
for all n > 7. It follows directly that lim sup,,_, ., n=1/p max;—1,.n|Xi| < aas.
But as « was arbitrary, this establishes the claim. O

We can now obtain the following asymptotic expansion of the log-likelihood,
which provides an almost sure counterpart to the corresponding results in [10, 17].

PROPOSITION 4.5.  Let ¢ > ¢*. Assume that
1
/ log N(Dy, u) du < oo,
0
and that |d| < D for all d € Dy with D € L*>T%(f*dy) for some o > 0. Then
2n 2n
sup {QIn(df)h(fjf*) ll_h(f’f*)2ll}
feMy(44/loglogn/n) oglogmn oglogmn

1
- _ * n—oo P _
loglogn {fsEuqu lf) = tulf )} — Y @

where we have defined My(c) = {f € My : h(f, f*) < e}.



CONSISTENT ORDER ESTIMATION 19

PROOF. We proceed in several steps.
Step 1 (localization). As ¢ > ¢* (hence f* € M), clearly

sup Ln(f) = Lu(f*) = sup {n(f) = Lu(f7)}-
feMy FEMGln (f)—Ln(f*)=0

Now note that, as in the proof of Lemma 3.1,

Cn(f) = Ca(f*) < 2vn(dg) RS, f*) V0 — B(f, )’ .

Therefore, we can estimate

sup h(f, f*)
fEMqlgn(f)_gn(f*)ZO
o In(f) = a(f7)
< h AL LA LA
- fquzén(Sfl)lpén(f*po{ 1+ nh(f, f*) }

2 8logl
< —= sup vn(dy) < \/M sup I (d).
VIV FEM it ()b ()20 no dev,

Now note that we can estimate

sup In(d) € inf  sup [Io(d) — (dg)| + sup  sup  (d,g).
deD, geL3(f*dp) deD, d€Dq geL2(f*dp)

The first term on the right converges to zero P*-a.s. as n — oo by Theorem 4.3,
while the second term is easily seen to equal supyep, [|d—(1,d)||2 < 1. Therefore

log1
sup h(f, f*) <(1 +5)\/W
FEMg:ln (f)—Ln(f*)20 n

eventually as n — oo P*-a.s. for any € > 0. In particular, we find that

(7 €M, (1) = () 2 01 € { £ €20, 5 (1. ) < 4y loglogn/n}
eventually as n — oo P*-a.s. This implies that P*-a.s. eventually as n — oo

sup gn(f) _en(f*) < sup {en(f) _gn(f*)}
feMy FEM:(f,f*)<44/loglogn/n

But the reverse inequality clearly holds for all n > 0, so that in fact

sSup gn(f) _En(f*) = sup {gn(f) _gn(f*)}
feMy FEMy(44/loglogn/n)
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eventually as n — oo P*-a.s.
Step 2 (Taylor expansion). Taylor expansion gives 2log(1 + z) = 2z — 2% +
22R(z), where R(z) — 0 as  — 0. Thus we can write, for any f € M,,

Cn(f) — bl f ZQlOg +h(f, f*)dp(X;)) =
=1
Z{ )+ 5 hU I | = B Y (X2
i=1 i=1
—nh(f, f*)? +h(f, )2 Y (dp(Xa))2R(A(f, f*) df (X))
i=1
Using that E*(dy(X1)) = —h(f, f*)/2, we therefore have
1 e
loglogn {n(f) = ()} =
" 271 * 2n nh(f7f*)2
21,(dg) h(f, f7) m—h(ﬂf ) log log 1 " Toglogn
where we have defined
Ryn =~ 2{1— (dp(Xi)*} + = de h(f, %) dy(Xi)).

It follows easily that

sup {2In<df>h<f,f*> LY }

FEM, (4y/TogTog /) loglogn loglogn

———— < sup Lp(f) — O (f”
loglogn {fej\% () 4 >} ‘
<16 sup |R¢ ]

nh(f, f*)?
< sup Ryl Toglogn =
FEMy(44/loglogn/n) FeMy(44/loglogn/n)

eventually as n — oo P*-a.s.
Step 3 (end of proof). We can easily estimate

1>
sup [Rpn| < sup | = {(dp(X3))* — 1}
feMy(44/loglogn/n) feMy |
1
- ( sup |R<:c>r> Ly ooy
|z|<44/loglogn/nmax;—1,.. D(X;) i=1
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As N(D,,8) < oo for every § > 0, the class {d? : d € D,} can be covered by a
finite number of brackets with arbitrary small L' (f*dy)-norm and is therefore P*-
Glivenko-Cantelli. Moreover, by construction E*[(d(X;))?] = 1 for all f € M,.
Therefore, the first term in this expression converges to zero as n — oo P*-a.s. On
the other hand, by Lemma 4.4 and the fact that D € L?*%(f*du), we have P*-a.s.

vlogl -
loglogn/n max D(X;) = VOBT0BTL, —1/(24a) ‘max D(X;) === 0.
1= n

=1,..., o na/2(2+a) i=1,....n

Therefore the second term converges to zero also, and the proof is complete.  [J

PROPOSITION 4.6. Let q > q*. Assume that

1
/ \/910g N(Dy, u) du < oo,
0

and that |d| < D for all d € Dy with D € L*>T*(f*dy) for some o > 0. Then

o 1 * *
lim inf { sup (I,,(d))7 — loglog {fseuJ\I/)rq Uo(f) — (S )}} >0 P*-as.

n—00 deD,

PROOF. By Proposition 4.5, we have

liminf{ sup (In(d))2 — ——— < sup Lo(f) — b (f*
im in {d@q( (d)% loglog n {fqu (f) = ta(f )}}
> liminf { sup (I,(d))% — sup sup {2 L,(dy) p —pz}
o deDy FEMy(44/loglogn/n) p=0
= lin_l)inf sup (In(d))a_ — sup (In(df))i .
n—oe deDy FEMy(44/loglogn/n)

Suppose that the right hand side is negative with positive probability. Then there is
an € > 0 and a sequence 7,, T co of random times such that

(4.1) sup (I, (d))3 — sup (I, (ds)): < —e foralln
deDy FeM,(44/loglog T /Tn)

with positive probability. We will show that this entails a contradiction.
By Theorem 4.3 (which can be applied here as N(Dg,d) = N(cl Dy, §) for all
d > 0), the process (I, )n>0 is P*-a.s. relatively compact in £, (cl D) with

n

(4.2) inf sup |I,(d) — (d,g)] =20 P*-as.
9ELF(f*dp) decl Dy
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Then there is a set of positive probability on which (4.1) and (4.2) hold simul-
taneously. We now concentrate our attention on a single sample path in this set.
For any such path, we can clearly find a further subsequence o, T oo such that
SUPgec1 v, | 1o, (d) — (d, )] — 0as n — oo for some g € Lg(f*dp). Therefore

sup |(Lo,, ()} — ((d,9)3] < sup |L, (d) — (d, g}

decl D, decl D,
+2 sup |Io,(d) = (d,g)| sup [(d,g)| =0,
decl Dy decl Dy
where we have used the elementary estimate |a% — b3 | = |ag — by|(ag +by) <

lar — by|(Jay — by | +2b5) < |a —b|(Ja — b] + 2|b]) for any a,b € R, and the
fact that supge o, [(d; 9)| < supgea o, [|dl2/lgll2 < 1. Thus (4.1) gives

lim inf { sup ((d, g))% — sup (<df,g>)i} =

n—eo deDy feMy(44/loglog on/on)

lim inf { sup (I, (d))% — (Ign(df))i} < —e.

sup
n—oo =
de€Dq FEM(44/loglog o /on)

Butas d — (d, g) is continuous in L?(f*dy) and c1 D, (4+/loglog o, /0y, is com-
pact in L?(f*du) (which follows from N(D,, §) < oo for all § > 0), we have

2 2 N—o0
sup ((ds,9))5 = sup ((d,g)3 —
feMy(44/loglogon/on) decl Dg(44/loglogon /on)
sup ((d.9)3 = sup ({d,9))%-
deﬂnzo cl Dy (4+/loglogon /on) deDy
Thus we have a contradiction, completing the proof. 0

We now obtain a converse to the previous result.

PROPOSITION 4.7.  Let q > ¢*. Assume that
1
/ log N(Dy, u) du < oo,
0

and that |d| < D for all d € Dy with D € L*>T%(f*dy) for some o > 0. Then

lim sup{ sup (I,(d))? sup o (f) — én(f*)}} <0 P*as

e + log logn{ FeM,
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PROOF. Suppose that the result does not hold true. By Proposition 4.5, there is
an € > 0 and a sequence 7, T co of random times such that

27,
sup (I, (d))3 — sup { —h(f, )} ———
deDs FEN,(4y/loglog 7 /7n) loglog 7

27,

+ 21, (dg) h(f, [*) } >¢ foralln

log log 7,

with positive probability. Proceeding as in the proof of Proposition 4.6, we can then
show that there is a sequence of times o, T oo and some g € L3(f*du) such that

] N 20,
limsup ¢ sup ((d, ) sup —h(f, f*)* -
_ loglog o
n—oo deDyg FEMy(44/loglogorn /on) n
20
2(ds, g) h(f, f*) | ——— b b > €.
+ ( fag> (faf ) 10g10g0’n}}_8

We will show that this entails a contradiction.

Let dy € @q be a continuously accessible point. Then there exists an ag > 0
(depending on do) and a path (fa)aco,a0] SUch that h(fa, f*) = a forall a €
10, ] and dy,, — do in L*(f*du) as o — 0. Now choose the sequence

loglog oy,

an = {((do, 9))+ + 0, '} 20

As ((do, 9))+ < ||dol2]lg|l2 < 1, we clearly have

0 < ay < ag Ady/loglog oy, /o,

for all n sufficiently large. In particular f,,, € M,(4\/loglog o, /0c,,), so that

* L _ *)2 ﬂ
fGMq(4\/Sk>ugplogTM) {2<df79> M )m hA ) loglogan}
>2(dy,.,9) {((do,9))+ + '} = {({do, 9))+ + 0, '}

Therefore, we have

. 20,
lim sup { sup ((d, 9))% — sup { — h(f, f*)? ozlos o
n—oo | deDg FEMy(44/loglog o /o) 8708 n
N 20,
+2{dy,9) ([, f") logloga}} Sdsuj_g) ({d. 90)% — ({do, 9))%
n (= 8
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for any continuously accessible element dy € @q. But clearly we can choose d
to make the right hand side of this expression arbitrarily small. Thus we have the
desired contradiction, completing the proof. O

We can now complete the proof of Theorem 4.1.

PROOF OF THEOREM 4.1. We obtain separately the lower and upper bounds.
Lower bound. By Propositions 4.6 and 4.7, we have

limsup# sup n(f) — sup £y(f) ¢ >
n—oo loglogn | ren, feM,

limsup { sup (I,(d))% — sup (I,(d))2 P*-as.
n—oo | deDg deD,

Now fix any g € L3( f*d,u).iBy Theorem 4.3 (which can be applied here as
N(Dg,6) = N(clDy,d) > N(Dy, 6) for all 6 > 0), there is a sequence 7, T 0o of

random times such that I, — (-, g) in oo (D,) P*-a.s. Therefore

sup (Ir,, (d))% — sup (Ir,(d))% == sup ({d,9))} — sup ({d, )7 P*-as.,
deDg deD, deDg deDp

so that certainly

. 1

lim sup ———— { sup £p(f) — sup En(f)} > sup ((d,g))7 — sup ((d,9))7
n—oo 10108 T | feMy FEM, deDg deD,

P*-a.s. But as this inequality holds for every g € L3(f*du), taking the supremum
over g gives the requisite lower bound.
Upper bound. By Propositions 4.6 and 4.7, we have

limsup ———— < sup £,(f) — sup £,(f) ¢ <
n—oo loglogn | renr, feMm,

n—oo T

limsup { sup (I,(d))% — sup (I,(d))3 P*-as.
deDy deDs

It is elementary that for any d, d’ € D, and g € L&(f*du)

(In(d)F = (In(d)}
|(In(d)? = (d: g0+ |(In(d)3 = (d' )]+ ((d.g))T — (', )%
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Taking the supremum over d € @q and the infimum over d’ € @g, we find that

sup (In(d))3 — sup (In(d))%

deﬁq dE@ZC]
<2 sup |(In(d)3 — ((d, 9))3| + sup ((d, 9))3 — sup ((d,9))%
deD, deDy deDg
<2 sup |(1n(d))% — ({d, 9))%]
deDy

+  sup {Su_p(<d,g>)i—Su_p(<d,g>)3}-
g€L3(f*du) | deDy deDg

But as this holds for any g € LZ(f*dp), we finally obtain

sup (In(d))3 — sup (In(d))3 <2 inf  sup |(1a(d)] — ((d, 9))} ]
deDy deDs 9eLg(f*dn) deD,

+  sup {sup((d,g>)iSup(<d,g>)2+}-
gELE(frdu) | deDy deDg

It follows as in the proof of Proposition 4.6 that the first term in this expression
converges to zero P*-a.s. The requisite upper bound follows immediately. O

Finally, we now complete the proof of Theorem 2.10.

PROOF OF THEOREM 2.10. It suffices to prove that

(4.3) = sup { sup ((d, g))3 — sup (<d,g>)2+} > 0.
geLd(f*du) | deDg deD x

Indeed, by Theorem 4.1, we have

1
lim sup = sup Lu(f) — sup Ln(f) ¢ 2
n—co pen(n, q) —pen(n,q*) | renm, FEM»
1
" sup sup ((d, )3 — sup (<d79>)2} P*-as.
C{n(q) —n(g*)} gEL3(f*dp) { deDg - deD -

Thus if (4.3) holds, then choosing C' < I'/{n(q) — n(¢*)}, we find that

sup ln(f) —pen(n,q) > sup £y(f) — pen(n, ¢*)
FEM fGMq*
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infinitely often P*-a.s., so that ¢, # ¢* infinitely often P*-a.s.

To prove (4.3), note that as f/f* — 1 = (\/f/f* = 1)(\/f/f*+ 1), we can

estimate for any f € M,\{f*} using Holder’s inequality

[{L,dp)] = ’/dff*dM’ /‘df ;/Lff I

Choose (fn)n>0 C My\{f*} such that h(f,, f*) — 0and ds, — dy € Dy, then

h(fn: f*)
2

)

frdu 5

(1o} = Jim | [ dy, fdu| < Jim, —0.

Moreover, it is immediate that ||dp||2 < 1. We have therefore shown that D, C
L3(f*du). Now choose g € DC\D . As D+ is closed, it follows directly that

sup ((d,9)3 = 1, sup ((d, g))3 < 1.
deDs deD x
Therefore (4.3) holds, and the proof is complete. O

5. Proof of Theorem 2.12.

5.1. The local geometry of M. As f* € Mg+, we can clearly write

q*
=" for-
i=1
Without loss of generality, we will assume that

—T§0f<0§<---<9;*§T.

In the following, let us fix some parameters 61, . . ., 4« € [T, T such that
—T =01 <07 <0y <05 < <0y <O <T.

The precise choice of 01, . . ., 9q* only affects the constants in the proofs below, and
is therefore irrelevant to our final result. We only presume that 6, . .. ,H_q* remain
fixed throughout. Define the intervals A; = [0;,0;,1[ fori = 1,...,¢* — 1 and
Age = [04+,T). Then Ay, ..., Ay partition the parameter set [T, 7] in such a
way that each interval contains precisely one component of the mixture f*.

Let us define for each & > 0 and probability measure A on [—7', T'] the functions

k
b, @) = [ o) M@

Denote by 3(A) the space of probability measures supported on A C [T, T].

3k
Dkfe(af):mfe(x) (=1)
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DEFINITION 5.1. Let us write
D= {(77757977'71/) : naﬁ S Rtl*) P T E Ri]{-’ Ve gp(Al) X X ‘B(Aq*)}

Then we define for each (n, 3, p, 7, v) € © the function

a for D for Dy, fo fo.
6(777ﬂ7p7 71/): {Tll i‘i‘ﬂz *l +pz *Z + 1 :}7
! Z;: f f oy

and the nonnegative quantity
N(T],ﬁ,p,'r,l/) =

q*

Z{|m+nr 4

=1

it [0 07)0itat)| + i+ 5 [0 0:u(a0) |

Denote by || - ||, the LP(f*dpu)-norm, that is, || f[|5 = [ f(2)? f*(x)pu(dz). We
can now formulate the key result on the local geometry of the mixture class M.

THEOREM 5.2.  Suppose that Assumption A holds. Then there exists a constant
c* > 0 (depending on f* and 01, . .., 04 but not onn, 3, p, T,v) such that

||£(n7/67p’7-7y)||1 2 C*N(,r/?ﬁ?p?T?V) forall (777ﬁ7p77—’y) E ©'

This result has several important consequences. To provide some basic intuition,
recall that the total variation distance between f and f* is defined as

[T
f*

Let f € My, so that we may write f = .7, 7; fp,. Then Theorem 5.2 shows that

||f—f*||Tv=/\f—f*|du:‘

1

*

]936141

o
If = frlloy = > {

i=1

+: X m(ej—e:)?}.

]6]6141

As || f—f*llrv < 2R(f, f*) (see, for example, [21], chapter III, section 9) this pro-
vides control on the geometry of Hellinger neighborhoods of f* when viewed as
a subset of the mixture parameters (71, ..., 7y, 01, ..., 6,). Similarly, using Theo-
rem 5.2 and a Taylor expansion of fy, one can show that any limit point of dy as
f — f*isin the closure of {{(n, 3, p,T,v) : (n,5,p,T,v) € D}. The proof of
Theorem 2.12 is based on more precise variants of these ideas.
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We now turn to the proof of Theorem 5.2. Define the bilateral Laplace transform

LIfI(t) = [ € f(2)dx
for all t € R. Note that under Assumption A, integration by parts gives

LIf)(t) = =t LIfI(t), L") = £ LIfI),

and we have
LDy fo](t) = t* P L[f] (1), k=0,1,2.

The fundamental use of Laplace transform techniques in the proof of Theorem 5.2
is the main reason that our main result is restricted to location mixtures. We conjec-
ture that the conclusion of Theorem 5.2 holds in a much more general setting, but a
proof for general mixture models would likely require a different approach. Let us
note that the use of Laplace transforms is somewhat reminiscent of the approach
used in [22] to establish weak identifiability of finite mixtures.

PROOF OF THEOREM 5.2. Suppose that the conclusion of the theorem does not
hold. Then there must exist a sequence of coefficients (n™, 5", p",d", V") € D
such that [[¢(n™, 5™, p™, 6™, v™)||1 /N (0™, 5", p", 0™, v™) tends to 0.

Applying Taylor’s theorem to 6 — fy, we can write

for D1 for D for fon

e B e T

e O i
:(ni+Ti)f*z+(ﬁi+Ti /(H—Gi)yi(de)) f*l‘f'Pz’ f*l

Tin *\2 . n ! D2f93+u(9*9;) n
+7/(9—9i) V! (d@)/{/@ f*2(1—u)du})\i(d9),

where A7 is the probability measure on A; defined by

) (6 — 6x)2 v (df
[ at0eia0) = LT

(it is clearly no loss of generality to assume that ;* has no mass at 6 for any 7, n,
so that everything is well defined). We now define the coefficients

o _ BT [0 = 07) v (d)
' N(n, g, pm,omvm)
o p (0~ 01wy (de)
CTNGrL gty T T NG B )

o — n 4T
! N(n”?ﬁ”?pn75n7yn)’
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Note that .

q
> Alaf |+ 07| + || + |} =1
i=1
for all n. Moreover, the intervals A; have compact closure. We may therefore ex-
tract a subsequence such that the following hold:

1. There exist constants a;,b; € R and ¢;,d; € Ry (fori = 1,...,¢*) such
that 22:1 {|a2] + |bz‘ + ‘Cz’ -+ |dz‘} = 1, and we have a? — Qy, b? — b;,
cif = c¢,andd] — d;jasn —ooforalli =1,...,¢"

2. There exist probability measures \;, ¢ = 1, ..., ¢", such that \; is supported
on cl A; for each 4, and A} converges weakly to \; foralli =1,...,¢".

Then £(n™, 5", p", 6™, V™) /N (n", 5", p", 6™, ™) converges pointwise along this
subsequence to the function h/ f* defined by

q*

h=>" {ai for 4 bi D1 for + ¢i D2 for

=1
1
+di/{/0 D2f0;+u(070;)2(1_u) du} )‘i(de)}‘

Butas |[(n™, 57, p™, 0™, v™)||1 /N (n™, ", p", 6™, V") — 0, we have ||h/f*||[1 =0
by Fatou’s lemma. As f* is strictly positive, we must have h = 0.
To proceed, we need the following lemma.

LEMMA 5.3. The Laplace transform L[h|(t) exists for all t € R:

*

ﬂgg = i:l {ai "l 4 bitelit 4o t? el 4 di t? e‘%’*t/gﬁ((a —07)t) Ai(de)}.

Here we defined the positive increasing convex function ¢(u) = 2(e% —u — 1) /u>.

PROOF. The a;, b;, c; terms are easily computed using Assumption A and inte-
gration by parts. It remains to compute the Laplace transform of the function

1
EI(SU) = / { /0 D2f9i*+u(9—9;) 2(1 - u) du} )\Z(d9>

We begin by noting that, using Assumption A,
1
/ / /0 €' | D fyr (oo 201 — ) du \i(d0) dr =
1
/em |f" ()] dz x / { / O tu=60) 2(1 — ) du} Ai(df) < oo
0
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for every ¢t € R. We may therefore apply Fubini’s theorem, giving

LIEN®) = " L)) [ { [ e a0 ) du} \i(d0)

_L[f / $((6 — 61)8) \i(d6),
where we have computed the inner integral using integration by parts. O

By this lemma, and as L[f](¢) > 0 and L[h](t) = 0 for all t € R, we must have

*

q
5.1 ®(t) :Z{a it 4 b tel +cit269?t+dit269?t<1>i(t)} =0

i=1
for all ¢ € R, where we have defined

0= [ 60— 090 M(a).

In the remainder of the proof, we argue that (5.1) can not hold, thus completing the
proof by contradiction. We distinguish between three different cases.

Case 1. Suppose that A« ([0;.,T]) > 0. As ¢ is positive and increasing, we
can estimate ®g«(t) > Ag«([0;:,T]) > 0 for all t+ > 0. Now divide (5.1) by

12 Pt @, (t), and let t — +00. As )\; is supported in [T, 6,+] for every i < ¢*,

t2 Q;t q)z t 7Y _ oo
(5.2) ee%*t() <tZe (07 —07)t &((0g — O1)1) =t

for every ¢ < ¢*. It follows easily that for some constant X > 0

0= hmsup% =dg + Kcge.

t—too t2e 0" Dy (t)
As cg=,dg~ > 0, this clearly implies that dg~ = 0. Using (5.2), we now obtain
limy_ 00 ®(t) /2 e bt = = ¢4+ = 0, which implies lim;_, o, ®(t)/t ot = by =
0, and consequently lim;_, o ®(¢)/ ot = ag = 0.

Case 2. Suppose that Ag« ([0, T]) = 0 and Ag(J04+, 6%.[) > 0. It is easily
established, using the dominated convergence theorem and equation (5.2), that
limy 400 ®(£) /12 %" = ¢4, s0 that cg» = 0. Next, dividing (5.1) by e’ and
taking two derivatives with respect to ¢, we obtain for all £ > 0

d? (D(t) (6030t = (6%, —6%)t
:dt2<) o fe A0+ 3 g qaie

Lbpte 00t o g2 om0 =00t | .42 o= 05 =00 @i(t)},
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where the derivative and integral may be exchanged by [25], Appendix A16. Now
note that as Agx (]0g+, 07+ [) > 0, there is an & > 0 such that Ag« ([0 +¢,07.[) > 0
Therefore, as ¢ is positive and increasing, we can estimate for all ¢ > (

/ 6(970;*% )\q* (d@) > e(éq* +579;* )t )\q* ([éq* +e, 9;* D >0
On the other hand, as (e” — 1) /x is positive and increasing, we obtain

_ 2
~Ogs+e=03)t | T o (07 -0t g
€ e i(®)

_ o Ottt (05000t

w}—ﬂn%/ﬁmw—ﬂnw&ww
(0-67)t _
—2(9;*—9;)/6609 ;*1 (@0) + [ 000 ‘

S e(éq*ﬁai*)t{(@’qi = 072 6((011 — 070

(§i+1—0;)t -1 _

(& *
2(0%, — %) ——— 1 (O =O)t
+2( 7) a— +e :

which converges to zero as ¢ — 4oo for every i < ¢*. It follows easily that

fe(efog*)t )\q* (d@) dt2 69;*1‘ q*-

Finally, using (5.2), we obtain lim;_, -, ®(¢)/t ot = by = 0, and this subse-
quently gives lim;_, 1o, ®(t)/ §0q*t =ag =0. B

Case 3. Suppose that Ay« (]04+,T]) = 0. Then ®y+(t) = ¢((9 « — 07.)t) for all
t. Using equation (5.2), we now obtain lim;_, | o, ®(¢)/t = ¢4+ = 0, then

limy 400 (2)/t et = bg» = 0, and limy_, | o @(t)/ee = ag~ = 0. Finally,

2t Dy(t) t—+o00
12" (B — 0%0)1)
for all i < ¢* by (5.2) and as t* ¢((04~ — 0} )t) — +00 as t — 4-o00. Therefore

B(1) 0

0 = lim sup = =
t—tos 120 (G0 — O3)1)

0
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End of proof. We have now shown that ag«, bg+, cg+, dg = 0, and we are left
with ¢* — 1 terms in equation (5.1). But proceeding by induction, we find that
a;, b, ¢i,d; = 0 for all 7. This is impossible, as 37 1{|al\ +1bi| + |ci| +|di|} =1
by construction. Thus we have a contradiction, and the proof is complete. O

5.2. Proof of Theorem 2.12. The proof of Theorem 2.12 consists of a sequence
of approximations, which we develop in the form of lemmas. Throughout this sec-
tion, we always presume that Assumption A holds.

We begin by establishing the existence of an envelope function.

LEMMA 5.4. Define S = (Ho + Hy + Ha)/c*. Then S € L*(f*du), and

\f/f* =1
1/ =1

PROOF. That S € L*(f*du) follows directly from Assumption A. To proceed,
let f € My, so that we can write f = >°7_ m; fy.. Then

x4 for fo, — for
I =Z{(Zm—m) Ly . <9 9>}
i=1 | \j:;€A; JO;EA;

Taylor expansion gives fp, ()~ fpr (z) = D1 for (z) (0]-—9;*)4—%D2f9i]. (@) () (0;—
0%)? for some 0;;(x) € [T, T). Using Assumption A, we find that

< S forall f € M.

ff*

Z 7Tj—7T; +

Ji0;€A;

> w0, —07)

]QJEArL

£

=1

+- Y 6 - 9;)2} (Ho + Hy + H>).

j:ejEAi

N =

On the other hand, Theorem 5.2 gives

[T
[ 2e3] £ mem
1 =1 Ji0;€A;
1 *
+ Z (0 — 5 Z (0 —07) }
Ji0;€A; 0;€A
The proof follows directly. O

COROLLARY 5.5. |d| < D foralld € D, where D = 2S € L*(f*dp).
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PROOF. Using || f — f*|lrv < 2h(f, f*) and |\/z — 1] < |z — 1], we find

WITF =1 f/f =1
df| = 25,
=G ST S

where we have used Lemma 5.4. O

Next, we prove that the Hellinger normalized densities dy can be approximated
by chi-square normalized densities for small A(f, f*).

LEMMA 5.6. Forany f € M, we have

‘\/f/f* -1 f/f -1
h(f, f*) (1)

where we have defined the chi-square divergence X*(f||f*) = |l f/f* — 1|3

< {4]IS|I3S + 287} h(f, ),

PROOF. Let us define the function R as
1 _ *
f—lz{f f +R}.
f* 2 f*
Then we have

VITF=1_ f/f =1 _ f/fF-1+R _ f/ff—1 _
WP VRGN /P =1+ Rl /7 =1
(/5 =14 RUUS/T = Vo = I/ F* ~ 1+ Rla} + RIF/f* 14 Rllp
1777 =1+ RI2 1777 = 1]

so that by the reverse triangle inequality and Corollary 5.5

|W—1 £/f1 =1 | _2l|R[25 + |R|
WP EUI T IE =1l

Elementary arguments show that for all x > —1

P Trio1- g 0.
Therefore, by Lemma 5.4,
X\ 2 _fx2 _ _ f*
f* I N | | R Al |

The proof is easily completed using || f — f*||rv < 2h(f, f*). O
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Finally, we need one further approximation step.

LEMMA 5.7. Let ¢ € N and o« > 0. Then for every f € M, such that
h(f, f*) < a, there existn, 3,p € RT, v € RY, and € [T, T)9 such that

q* q*
1 1 2T
E 3 S — + ) E A )
i=1 g ¢ Vera i=1 o Vcra
q* q 1
7 < ) j S )
?:1 il < ;:1 il < ——=—

and
fI-1 ‘< V2
X*(fI1F*) REICORE

where we have defined

7 { for D for D2f9*}

{I|Hs||2 S + Hs} o'

e_z f;+ﬂl oot

+ZJ

PROOF. As f € M,, we can write f = Z?Zl 7; fo,;- Note that by Theorem 5.2

*

q

ISEE DD IR OEE

i=1j:0;€A;

*

Therefore, h(f, f*) < a implies 7;(0; — 07)? < 4a/c* for 0; € A;. In particular,
whenever 0; € A;, either 7; < 2\/a/c* or (0; — 0F)? < 2/a/c*. Define

J = U {j:GjGAi, (9]—0:)2§2 Oé/C*}.
i=1,...,q*

Taylor expansion gives fy,(z) — for (x) = D1 for (x) (6; — 07) + %Dgf@; (x)(0; —
07)2 + § D3 fy,, () () (6; — 07)? for some 0;5(x) € [T, T). Therefore

_ f* q D B
L =L+éz > ﬁj(ejfgi*)iﬂm’

* *
f i=1jeJ:0;€A; f

where we have defined

q . D1 fox
LZZ:{( > Wj—ﬂi*)?iJr > w0, —67) }{9

JjeEJ:0;€A; jeJ:0;€A;

1 ° 2f0*
+§Z (0_9 } Z]f*‘

Jjg¢J
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Now note that

[l =1 Lo\ /= ==Ll | [f/f* =1L

UM L] = I/ =1 IL]2 IL]]2
=1Ll S+ 1f/ -1 - 1
= IZ]J2 ’

where we have used Lemma 5.4. By Theorem 5.2, we obtain
c* q* )
*
1Lz 2 01202530 >0 (8 =69
i=1j€J:0,€A;

Therefore, we can estimate

o

M < Hs X ZjeJﬁjGAi m;10; — 071 < (404)1/4 Hy
|1 L2 T3 YL Y e en (0 — 012 3or

where we have used the definition of .J. Setting ¢ = L/||L||2, we obtain

i1 va
ST | = e s gt

- 3(0*)5/4
It remains to show that for our choice of ¢ = L/||L||2, the vectors 7, 3, p,y in the
statement of the lemma satisfy the desired bounds. To this end, note that

q*
1
IL]]2 > C*Z{ > omom | 2 mOi=0)|+5 TFj(@j—@f)Q}
=1 Ji0;€A; Ji0;€A; Ji0;€A;
by Theorem 5.2, while we have
= ! Z T —mr B; = 1 Z mi(6; — 6y)
Ry T "L e
JjeJ:0;€A; jeJ:0;€A;
1 miliag
T > oml -6 = ﬁLf :
2 je0eA; 2

It follows immediately that Zg;l |pil < 1/c*. Now note that for j ¢ J such that
0; € A;, we have (0; — 07)% > 2y/a/c* by construction. Therefore

C* q*
L]z > 52 Yo om0 —0;)? > Vera d m
=1 jgJ0,€A;

1 jeJ
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It follows that 23'21 |vj] < 1/+/c*a. Next, we note that

+Z7Tj.

J¢J

q*
i=1

D
jeJ:05€

i EA;

*
Z Wj‘”z‘
E

Therefore 23;1 |ni| <1/¢* 4+ 1/+/c*a. Finally, note that

Z —67)

0;€A

+ 2TZ7TJ'.
i¢J

jeJ:b;eA;
Therefore Zf;l |Bi| < 1/c* + 2T /v/c*a. The proof is complete. O
We can now complete the proof of Theorem 2.12.
PROOF OF THEOREM 2.12. Let o > 0 be a constant to be chosen later on, and
Dya = {ds: f € My, [ # [* WS, f*) < a}.

Then clearly
N(Dg,0) < N(Dg,a: ) +N(Dg\Dg,a, ).

We will estimate each term separately.
Step 1 (the first term). Define the family of functions

Lq,oe =

q . D1 for D for !
({42 a2 £ e

q* q

3 1+2T 1
> {Im\+lﬂi|+|pi\}§7+ > |yl < }
=1

From Lemmas 5.6 and 5.7, we find that for any function d € D, ,, there exists a
function ¢ € L, such that (here we use that h(f, f*) < v/2 for any f)

2
\fs/4 {l|Hsl2 S + Hs} o/

4= < {AlSI35 +25%) (a AV2) + 5
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Using a A V2 < 23/8a1/4 for all @ > 0, we can estimate

1 H

d—t <o*U, U= (Jr”g)i”? + 8|97 + 4) {S + S* + Hs},
(c*)¥/

where U € L%(f*du) by Assumption A. Now note that if m; < £ < msq for some

functions 1y, my with ||my — my ||z < e, thenmy — a4 U < d < my + o'/*U

with [|(ma + & /4 U) — (my — o/ U)||3 < € 4 2a'/4||U||2. Therefore

N(Dy.a € + 204U ]|2) < N(Lyare) fore > 0.

Of course, we will ultimately choose &, o such that £ + 2a/4||U||» = 4.

We proceed to estimate the bracketing number N(Lg o, €). To this end, let £, ¢ €
Lg.a. where ¢ is defined by the parameters (1, 3, p,7,6) € Jq o and ¢ is defined
by the parameters (1, ', p’, 7', 6’) € Jg . Then we can estimate

*

q

[0 = 0| < (Ho+ Hy + Ha) > {|ni — il +18: — Bl + |pi — pil}
=1

q

Hy

+ H, i — i+ ——= max |0, — 0],

where we have used that [fp, — fo|/f* < |0 — 93] H; by Taylor expansion.
J

Therefore, writing V' = Hy 4+ Hy + Hs, we have

(=T <V (0.8, p.7,0) = (0, 80", 0l 4 00

where |||, , is the Banach space norm on R37" 24 defined by

1
c*a j=1,...9

q* q
Hl(n,ﬁ,p,%@)ll\q,aZZ{ImIJr|ﬂi|+|pi|}+2|%|+F max [6;].
i=1 =1

Note that if [|(n, 8, p,7,0) — (7', 8, 0", 7", &)l ;. < €', then we obtain a bracket
U=V <l <l +EVofsize [|[({! +£'V)— (' —£'V)|2 = 2¢'||V]|2. Therefore,
if we denote by No(Jg,a: [[[ll,.-€") the cardinality of the smallest proper cover of
Jg,a bY [Illl, o-balls or radius &’ (the cover is called proper if each ball is centered
at some point inside J; ), then we have shown that

N(Lga:8) < No(Tga ll-llg,ar€/2[V2)  fore > 0.

q’a )

But note that Jg q is included in the [|-[], ,-ball

. 3 2437
~ _ 3q*+2q .
Jg0 C Bga = {v eRM T lufl 0 < e Joa }

We now use the following standard facts:
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1. No(S,d,e) < N(S,d,e/2) for any subset S C B of a metric space (B, d),
where N (S,d,¢) is the cardinality of the smallest (not necessarily proper)
cover of S consisting of d-balls of radius ¢.

2. For any n-dimensional Banach space (B, ||]|), the covering number of the
r-ball B(r) = {z € B : ||z|| < r} satisfies N(B(r), |||, &) < (22=)".

£

Using these facts, we can estimate

No(gas llllg.a02/2V12) < No(Byas Il 00 2/211V 2)
3q*+2q
8|V l2(2 + 23L) 4+ 1
< N(Bga: Il 4006741V 2) < ( CE\/{?

for £ /4||V ||z < 1, a < 1. Choosing € + 2a/4||U||2 = &, we obtain

3q*+2
8‘|V||2(3+2+3T)+1) q q

Ve
(6 — 22/4|[Ull2) ver

N(Dq,a>5) < N(Lq,a’(S - 20‘1/4||U”2) < (

for § < 4[|V|]2 and a < (6/2||U|]2)* A 1.
Step 2 (the second term). For f, f' € M, with h(f, f*) > aand h(f', f*) > «,

- d| = \WITF = DIVITF = Ul = VTTF = DIVITF = 1l
A h(f, F)R(f, )
- IWITF = VITFIIVITF = 1+ VR WITT = VT

a?

where we have used that h(f, f*) < v/2 for any f. Now note that
2
Va -] < |va—vb| (Va+vb) = a1t
for any a,b > 0. We can therefore estimate

@ - ) < WINPT+ 1) +VRI — 1/ )
f f - 2 9

(07

where we have used that |\/f/f* — 1| < +/Hy + 1 for any f € M. Now note that
if we write f = >0 m; fg, and f' = 31, «! fy/, then we can estimate
f=r
f*

q
< Hoi; |m; — mi| + Ha igﬁi’}qui — 0.

Defining o
W = (VHo + 1)||Ho + Hy |} + V2 (Hy + Hy)Y2,
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we obtain

w q
iy =) < L 10~ O, w0l = D il + a0
(clearly [[-]|, is a Banach space norm on R*?). Note that if [|(, 8) — (7', ¢)[|, <
¢, then we obtain a bracket d’f — EI/QI/V/a2 < ds < d} + EI/QI/V/a2 of size
[(ds + e2W/a?) — (d} — e2W/a?) s = 2eY?||W||2/a>. Therefore
N(Dg\Dg,a,8) < No(Ag x [T, T1% ||\l,, a6 /4| WII3),

where we have defined the simplex A, = {m € RY : 7 | m; = 1}. We can now
estimate the quantity on the right hand side of this expression as before, giving

2q
24 + 16T)||W |3
N(Dg\Dyg,a,6) < <( a462)H H2>

for 6 < 8||W||2 and o < 1.

End of proof. Choose o = (§/4|U||2)*. Collecting the various estimates above,
we find that we have for 6 < min(4||U]|2, 4|V ||2, 8||W||2)

3q*+2q
162 U3V 122 + 22E) + 32||U]f3
(D, 6) < ( - ve -

53

416(24 4 167) || U |03 ) **
+ 518 :

Using that ¢ > ¢*, it now follows easily that there exist constants C* and ¢*,
depending only on ||U]||2, [|V||2, |W||2, T', and ¢*, such that

c* 36q
N(Dy,0) < (6) forall & < ¢6*.

This establishes the estimate given in the statement of the Theorem. To complete
the proof, it remains to note that the existence of D follows from Corollary 5.5. [

5.3. Proof of Corollary 2.14. The first condition of Theorem 2.4 follows di-
rectly from Theorem 2.12. To establish the second condition, note that for any

L eMy f= mifo., f'=X1, Wéfg;, we can estimate

() e () = 5

q
< (Ho+ Hy) <Z |m; — | + max 10; — 92’) :
i=1 Tt
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It follows as above that N({log({f + f*}/2f*) : f € M,},d) < oo forall § > 0,
which implies that {log({f + f*}/2f*) : f € M} is P*-Glivenko-Cantelli.
Now define the functions 7(q) and w(n) as

l /|D||2

o) o) [G/OHD? log (5%) du}

Then all the assumptions of Theorem 2.4 are satisfied, yielding the consistency of
the penalized likelihood mixture order estimator. 0

5.4. Proof of Proposition 2.15. 'We begin by characterizing @q*

LEMMA 5.8. Suppose that Assumption A holds. Then we have

5* _Z* I—i—ﬂ 1f9 5€Rq*i—0
=\ I A

PROOF. Let (f,)n>1 C Mg be such that h(f,, f*) — Oand dy, — do € Dy

By Theorem 5.2, we may assume without loss of generality that f,, = Y7, 7 fgn
with 0" — 6F and 7" — 7} forevery i = 1, ..., ¢*. Taylor expansion gives
i Hy~
nf* = Ln + Ry, |R|<?Z 1(9?—@*)2a
=1
where

a fe leef}
L, = - . 07 — 07 — -
-y Dm0 2

Proceeding as in Lemmas 5.6 and 5.7, we can estimate

Ry,
< 2SI2{20S e + 13 A, £5) + (IS + 1} 1Enll2.

d - _—n
H 4 nllz [ Zn]l2

But using Theorem 5.2, we find that for n sufficiently large

*

q
IZnll2 > [1Znll > ¢ D w767 — 67
=1
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Thus we have

[Ballo _ 1 Halla iy 77 (07 = 61)* _ [ Hollz 67 — g7 2=,

We have therefore shown that Ly, /|| Ly |2 — do in L?(f*dy). Now define

o (O — %) a
=t B = =D {07 -0}
n =1

As SO {|n| + |8} = 1 for all n, we may extract a subsequence such that
nt — n;, B — B;, and Z§;1{|m| + |58i|} = 1. We obtain immediately

L a for D for
dy=-——, L= iy g
T Z{” T }

=1

Clearly Z?;l n; = 0. Thus we have shown that any dy € ﬁq* has the desired form.
~ It remains to show that any function of the desired form is in fact an element of
Dgy+. To this end, fix n, 3 € RY" with > mi =0, and define f; fort > 0 as

*

q

fi = Z(T‘-:’( + i) for 4t /mr-

i=1
Clearly f; € Mg+ for all ¢ sufficiently small, and f; — f*ast — 0. But

*

e A e (.
e > ; + i for i g
=1 =1

Therefore clearly

1fy— f* 1m0 & Jor
tf —’Z{"if*

i=1

Dy for
Rt Qe
62 }

Using Lemma 5.6, we obtain

lim dj, = lim (fe =/t L

R N A Yy P 1A

Thus any function of the desired form is in @q*, and the proof is complete. U

REMARK 5.9. The proof of Lemma 5.8 in fact shows that D« = 'f)g*.
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We can now complete the proof of Proposition 2.15.

PROOF OF PROPOSITION 2.15. We apply Theorem 2.10 with ¢ = ¢* + 1. The
requisite envelope and bracketing assumptions follow directly from Theorem 2.12.
It therefore remains to show that D¢ p +1\D 1S nonempty.

Consider the function f; defined for ¢t > 0 as follows:

fe=— (fort + for—1) +Z7T for.

*
?
Clearly f; € Mgy for all ¢ sufficiently small, f; — f*ast — 0, and

fe— [ wf Jor+e — 2 for + for—t 1—o 7F
2 2 £ 3 Dador:
As in the proof of Lemma 5.8, we find that
(fe = )/ F Dy fo

limdy, = lim = =dp.
=0 TS0 [(f — /2 F N2 [Dafarll2

By construction, dy € Dg* 1 1- But by Theorem 5.2, the functions f@:, Dq f@:, and
Dy fgi* (i=1,...,q") are all linearly independent. Together with Lemma 5.8, this
shows that dy & Dy+. Thus dy € ‘Dg* +1\®q*, and the proof is complete. O

APPENDIX A: EMPIRICAL PROCESS INEQUALITIES

A.1. Two inequalities for the empirical process. In the proof of Theorem 2.4
we will need two maximal inequalities for the empirical process. These inequalities
follow rather easily from standard results in empirical process theory.

First, we need the following deviation inequality for the supremum of an empir-
ical process, similar to [23], Theorem 5.11. A short proof is in section A.2.

PROPOSITION A.1. Let Q be a family of measurable functions f : E — R
Assume that for some constants R, K > 0.

sup | flleo < K, sup E*[f(X1)?] < R®.
fegQ feQ

Then we have

a2
p* W) >al <2exp|l-— X
EW“M—q—emlmanml

foralln € N, a > 0, and Cy > 0 such that
ClRQ\f

CcvC+1 / \/1og N(Q,u) du < « 7

where C is a universal constant (the choice C = 37.5 works).

| /\
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We also need the following variant of Etemadi’s inequality.

PROPOSITION A.2. Let Q be a family of measurable functions f : E — R.
Then we have for every o > 0 and m,n € N, m <n

P*| max sup|Si(f)| > 3«
k=m,...,n feQ

where S, (f) = v/nvn(f).

I

< Skmax P [sup]Sk(fﬂ >«

=m,...,n

The proof is given in section A.3 below.

A.2. Proof of Proposition A.1. The following Bernstein-type deviation in-
equality can be read off from [18], Corollary 6.9, together with the standard fact
that the essential supremum of a family of random variables coincides with the
essential supremum of a countable subfamily (cf. Remark 2.1).

THEOREM A.3. Let Q be a family of measurable functions f : E — R. As-
sume that for some constants R, K > 0

sup || flleo < K, sup B*[f(X1)?] < R
feq feq

Then we have

4Kx
P* |sup |v, > FE(n)+7RV2r + ——
Ley (1) 2 B + TRVE + 3

for every n € N and x > 0, where we have defined

R 10K
E(n) = 27/0 Viog N(Q,u) du+ 3 1og N(Q, B).

foreveryn € N,

<2e7 "

The proof of Proposition A.1 reduces easily to this result.

PROOF OF PROPOSITION A.1. Let a = /C2(C; + 1)R%zx and assume the
given bounds on « hold. Then we can estimate

a? C1R%\/n e ay/n
< X < ,
C?(Ch+1)R?2 - K C?(C1 +1)R? — C°K

xr =

as well as )
- K
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On the other hand, as N(Q, u) is nonincreasing in u, we have

R
CRVCr +1,/log N(Q, R) < C\/Cr + 1/ Jog N(Q, 1) du < a.
0

We can therefore estimate

4Kx 27+ 72 10C, 4
E TRV?2 <
(n) + x+3\/ﬁ—{c\/701+1+3c2(01+1)+302}0‘

< {37 . 5 } <
—+—=ra<la

provided that we choose C' such that 37/C + 5/C? < 1 (e.g., C = 37.5). The

proof is completed by applying Theorem A.3. O

A.3. Proof of Proposition A.2. The proof of Proposition A.2 follows closely
the proof of the classical Etemadi inequality, see [2], Appendix M19.

PROOF OF PROPOSITION A.2. Define the stopping time
T=1inf ¢ k> m :sup |Sp(f)| > 3 p .
feQ

Then we have

P* l max sup |Sk(f)| > 3a| = P*[r < n]

k=m,...,n feQ

n

+> P lT— k and sup |S,(f)| < o] .
feQ

k=m

<PpP”

sup [Sn(f)] = a
feQ

But on the event {7 = k and supscq|Sn(f)| < a}, we clearly have

2ac < sup [Sk(f)| = sup [Sn(f)] < sup [Sk(f) — Sn(f)]-
feq feq feq

Therefore, we can estimate

P* | max sup|Sk(f)| > 3a| <P*|sup|S,(f)| >«
k=m,...,n feQ feQ
Py [ — kand sup [S,(f) — Sy(/)| > 20
[— feQ
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As supreq |Sn(f) — Sk(f)| and {7 = k} are independent, we obtain

P*| max sup|Sk(f)| > 3«

<p*
k=m,....,n fea

sup S, (f)| > a
feQ

+ max P* [Supwn(f) = Se(f)] > 2
k=m,...,n feq

The proof is easily completed. O
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