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Abstract

We propose a new definition of the Neyman chi-square divergence between distributions. Based on con-
vexity properties and duality, this version of the 12 is well suited both for the classical applications of the
%2 for the analysis of contingency tables and for the statistical tests in parametric models, for which it is
advocated to be robust against outliers.

We present two applications in testing. In the first one, we deal with goodness-of-fit tests for finite and
infinite numbers of linear constraints; in the second one, we apply xz-methodology to parametric testing
against contamination.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

The scope of this paper is to introduce new insights on a y>-type criterion and to promote it
as a tool for testing. In contrast with the classical approach (see e.g. [12]), the definition of the
y2 criterion to be adopted here is the so-called Neyman z> in the terminology of [9]. It will be
argued that this 2 is adequate for various types of models, discrete or continuous, parametric or
not. Based on convexity arguments a new form for the > distance between two distributions on
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R¢ is derived. It allows for a direct plug-in technique which defines good test statistics avoiding
the bias inherent either to grouping or to smoothing. Also, the optimization of the Neyman >
distance between a given distribution and any set of distributions Q reduces to the optimization
of a linear functional on Q; this property is not shared by other criterions such as the Kullback—
Leibler, Hellinger, likelihood, the standard 2 or others, and plays in favor of this > for numerical
simplicity. Some statistical difficult problems can be solved using this y2. We will consider a
classical example, namely a test for contamination, which can be stated as follows. Given an
observed data set, can we claim for homogeneity, or do we have to consider that some proportion
of the data is generated by some exogeneous contamination mechanism? This is a two components
mixture problem with two nonhomogeneous components, and the focus is on the test for the weight
of the contaminating distribution at the border 0 of the domain [0, 1]. More classical problems
will also be handled, such as goodness of fit, comparing the empirical distribution with the set of
distributions satisfying a number of linear constraints; in this respect we will provide information
for the maximal number of such constraints (with respect to the sample size) that will allow for
such test based on this y2-statistics. Also, in these examples the advantage of using this version of
the y2 is clear: the test statistics always exists, in contrast with empirical likelihood approaches
for the same problems, and its calculation is simple; further its limit distribution is classical.

For categorized distributions p := (p1,..., px) and ¢ := (q1, ..., qx) sharing the same
support the Neyman y2-distance writes >(g, p) = Zle ("";%)2, the averaged square relative
error committed when substituting p by ¢. Note that the classical > is just y*(p, ¢) in our
definition. From now on we will simply call > what is usually intended as the Neyman 2. In
order to handle general models an adequate formula is given by

2
J (de_de) dP, Qisac.wrt. P,
o0 otherwise,

70, P) = { (1)

where P is a probability measure, and Q is an element of M, the vector space of all finite
signed measures on R?. This definition may seem strange, but consider the above-mentioned
contamination problem: P is the unknown distribution of the data, and Q runs in the whole family
of contaminated (or uncontaminated) distributions, hence with density (1 —2) fp(x)+2r; (x); here
fis the density of the “good” data, ris the contaminating density and A is the rate of contamination.
Both 6 and 5 are unknown. In order to get a properly defined test for A = 0 it is necessary to
make this null hypothesis an interior point in the set of all contaminated densities; this forces the
model to include negative values for A, which turns to justify definition (1) with Q in M. Note
also, as will be advocated further on (see Section 5), that this example is in favor of a Neyman y>
approach instead of the likelihood ratio one.

Some robustness argument plays in favor of the Neyman y2. A notion of robustness against
model contamination is found in Lindsay [14] and in Jimenez and Shao [10] which provide an
instrument to compare estimators associated to different divergences. Although their argument
deals with finite support models and is related to estimation procedures, it can be invoqued for
testing. A test statistic should bear some robustness properties with respect to outliers (excedances
of data in or outside the range of the variable) or inliers (missing data or subsampling in the range of
the variable). For finitely supported models a family of minimum divergence test statistics writes

D(Q, P,) =infpeq ) e Q)P (%), where S is the common support of all distributions in
Q, and ® is a strictly convex function from (0, +00) onto R with ®(1) = 0. In the case of the

Neyman y2, ®(x) = (x — 1)?/2x. The robustness properties of a statistical estimate are captured
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by the Residual Adjustment Function Agp (RAF). In the case of the Neyman 72, A(x) = %
The robustness of the test statistics against outliers or inliers is a consequence of the behavior of
the RAF at +o00 or at —1. The smallest its variations at +00 and —1, the most robust the test
statistics. Minimum Hellinger distance test provides a good compromise since both variations are
small (see the discussion in [2,10]). When the model might be subject to outlier contaminations
only, as will be advocated in the present paper for contamination models, then minimum Neyman
x>-divergence test behaves better than all classical minimum divergence estimates (Hellinger,
Kullback—Leibler, Likelihood, Pearson xz, etc.), as easily seen through the calculation of RAF
functions following [10].

This paper is organized as follows. Section 2 presents what is needed for the definition of the dual
form of the Neyman y2. We adapt general results obtained in [8] for differentiable divergences,
and state explicit results for sake of completeness. Section 3 presents the estimates together with
general convergence results. Section 4 presents specific examples in the range of tests of fit, and
also includes some results on Neyman y> goodness-of-fit tests based on sieves. In Section 5, we
handle the aforementioned test for contamination. Most proofs are postponed to Section 6.

2. A new definition of the y? statistics
2.1. The dual form of the y*

Denote M the set of all probability measures on ([Rd , B). The > distance defined on M
for fixed P in M through (1) is a convex function. As such it is the upper envelope of its
support hyperplanes, a statement which we now develop, adapting [8]. Let F be some class of
B-measurable real valued functions f (bounded or unbounded) defined on R?. Denote B, the set
of all bounded B-measurable real-valued functions defined on R¢, and (F U Bp) the linear span
of F U By. Consider the real vector space

Mr :={Q€M such that /|f|d|Q| < 00, forallfin]-"},

in which | Q| denotes the total variation of the signed finite measure Q. When F = B, then
Mxr = M. On Mr the T topology is the coarsest which makes all mappings Q € Mfx —
[ f dQ continuous when f belongs to F U By.

The hyperplanes in M £ are described through

Proposition 1. Equipped with the tr-topology, M r is a Hausdor{f locally convex topological
vector spaces. Its topological dual space is the set of all mappings Q — [ f d Q when f belongs
to (F U Bp).

The function Q € [Mr; tr] — xz(Q, P) is lower semi-continuous (l.s.c.); see [8], Propo-
sition 2.2. This allows to use the Legendre Fenchel theory in order to represent the mapping
Q0 — 7%(Q, P) as the upper envelope of its support hyperplanes.

On (F U Bp) define the Fenchel-Legendre transform of ;{2(-, P)

T(f.P):= sup /fdQ—f(Q,P) =/fdP+1/f2dP @)
QeMF 4

forall f € (F U Bp), see e.g. [1, Chapter 4].
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Lemma 1. It holds

720, P)=sup /fdQ—T(f, P). 3)
fe(FUBy)

The function f* = 2 (% — 1) is the supremum in (3) as a consequence of Theorem 3.4 in
[8]. When f* belongs to F then

7(Q, P) = sup / my(x)dP(x), 4)
feF

where

my(x) = / fdo - (f(x) + j—‘fz(X)> :
Call (4) the dual representation of the 2.
2.2. y? projections

Let Q be a set of measures in M. A statistic for the test HO : P € Q against H1 : P ¢ Qs
an estimate of inf g %2(Q, P). First say that a measure Q* in Q is a y>-projection of P on Q if
22(Q*, P) < oo and for all measure Q in Q, y>(Q*, P)<x*(Q, P).

Using the dual form of the ¥ it holds

7(Q, P) = Qirglf(Q, P) = Qir;g sup / my(x)dP(x). (5)

Specifying Theorem 3.3 in [8] to the modified y*> divergence the existence and characterization
of the % projection of P on a general set Q in M are captured in the following statement.

Proposition 2. If there exists some Q* in Q such that y*>(Q*, P) < oo and for all Q in Q
' eLi©@ and [gqrag'< [qao.

where ¢* = ‘fj%, then Q* is the y*-projection of P on Q.
Conversely, if Q is convex and P has projection Q* on Q, then, for all Q in Q, g* belongs to
Li(P)and [¢*dQ*< [¢*dQ.

Theorem 2.6 in [8] adapted to the Neyman y? divergence assets that any p.m. P which satisfies
J1f1dP < oo forall fin F has a projection on any closed set in M equipped with the t
topology.

The link with the dual representation stated above will now be established. Indeed, the set of
measures € often bears enough information to specify . We will consider two important cases.

In both cases, F will be defined as the smallest class of functions containing f* := 2 (% — l)

when both Q* and P are unknown.
(a) Consider the case when both P and Q belong to a same parametric model indexed by some
class ®, sothat d P = p,du and d Q = py dp for some dominating measure y; then f* belongs
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to the class of functions F := {2 <% — 1) Lo, 0 € ®} a class of functions which is well defined.

Also, for dQ = pydp, and when y>(Q, P) is finite, then Q belongs to M £ (see Lemma 3.2 in
[8]). The contamination problem is precisely of this kind: P is the unknown distribution of the
data (contaminated or not) and Q is the set of uncontaminated distributions. Hence, f* belongs

to F = {2(%—1),0@06@, neH, leA}.

(b) Consider the problems of existence and characterization of y-projections of some p.m. P
on linear set Q of measures in M defined by an arbitrary family of linear constraints. Let G denote
a collection (finite or infinite, countable or not) of real-valued functions defined on (Rd, B). The
class G is assumed to contain the function I pa. The set Q is defined by

Q::{QeMsuchthat /d dQ =1 and /dngzo, forallging\{le}}. (6)
R R

The following result states the explicit form of Q*, the y-projection of P on Q, when it exists.
Adapting [8, Theorem 3.4] for the modified 4> divergence we have

Theorem 1. If there exists a measure Q* in Q such that g* := % belongs to (G) then Q* is

theiz—projection of P on Q. Reciprocally, let Q* be the y>-projection of P on Q; then g* belongs
10 (G), the closure of (G) in L1(R¢, |Q*]).

If G is a finite class of functions, then the vector space (G) is closed in L (R4, | 0*|). Therefore,
it holds

Corollary 1. Let G := {le, F ST gl} be a collection of measurable functions on R?. Let Q*
in Q such that y*(Q*, P) < co. Then Q* is the y* projection of P on Q iff there exists some vector
c:=(co,...,c1) € Rt such that

do*
dpP

1
() =co+ ) _cigix) (1Q*-ae). (7)

i=1

The definition of the class F is deduced from the above corollary, setting

1
Fi=(G)={co+ Y cigi(x), withco,...,c inR} ®)
i=1

which turns out to be a parametric class of functions.

Corollary 1 provides the form of the projection Q* of P on M r but does not give a description
of QT, the projection of P on M, if it exists. The following example shows that this is an
argument in favor of the definition of the 3> distance on subsets of M.

Example 1. Let P be the uniform distribution on [0, 1] and F := {1[0,1], Id}, where 1; is the
identity function. Consider

Q::{Qer such that /dQ:land /(x—1/4)dQ(x)=0}.
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The signed finite measure Q* defined by d Q*(x) = (% - 3x> d P(x) belongs to Q; it has same

support as P and by Corollary 1 it is the y>-projection of P on Q. The projection Q% of P on
Q N M exists and is unique, since Q is closed in the relative topology on M. Therefore, we

also have dQ*(x) = (% — 3x) dP(x) on its support which proves that Q% cannot have the

same support as P, since d O /d P (x) takes negative values for x between % and 1. Therefore, (7)
does not provide a definite description of the projection in this case. This example proves that a
properly defined 2 statistics defined in order to assert whether P lays in Q should be defined by
(1) with Q in M and not in M.

2.3. A minimax result

We close this section by noting that in many cases the inf and sup operations in (5) commute,
namely

XZ(Q, P) = inf sup /mf(x) dP(x) = sup inf /mf(x)dP(x). ©))
QeQ reF ‘ feF QeQ

For example (9) holds when Q is defined through (6) and F through (8). We refer to Theorem 20

in [7] for a general version of this result. Also, the contamination model developed in Section 5

provides an example of the usefulness of (9) as well as a way to prove it in parametric models.

3. The definition of the estimator

3.1. The estimator /ﬁ

Formula (1) is not suitable for statistical purposes as such. Indeed, suppose that we are interested
in testing whether P is in some class Q of distributions with absolutely continuous component.
Let X = (X1, ..., X,,) be an i.i.d. sample with unknown distribution P. Let P, := % Yo Ox,
be the empirical measure pertaining to X. Then, for all Q € Q, the y> distance defined in (1)
between Q and P, is infinite. Therefore, no plug-in technique can lead to a definite statistic in this
usual case; smoothing can be used in the spirit of [2,16], but our method uses the properties of z>
projections in full force.

Formula (4) is suitable for a plug-in estimate of (0, P) through

12(Q. P) := sup /mf(x)dPn<x>.
feF

This estimate is defined also when Q is continuous. When both Q and P share the same finite
support then it clearly coincides with the classical estimate of the Neyman y? for suitably chosen
classes F.

For example with Q := {Q € M such that [ 14,(x)dQ(x) = [ 14,(x)dQo(x)} for some
p-m. Q¢ and some partition (A;); of the common support of all measures Q and P, it holds, witzh
F = {x = 1a,(). i} infocq supyer [ my(x) dPu(x) = 73(Q. P) = Yoj_, Colapzslhalr,
where P, (A;) is the frequency of the cell i in the sample X.

Optimizing on Q yields a natural estimate of y>(Q, P) through

/ﬁ(Q P) := inf sup fmf-(x)dPn(x). (10)
QGQ]«'E]_‘
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These estimates may seem cumbersome. However, in the case when we are able to reduce the
class F to a reasonable degree of complexity, they perform quite well and can be used for testing
P € Qagainst P ¢ Q. As seen in the preceding section this is indeed the case when Q is defined
through a finite number of linear constraints, as will be exemplified in the next section.

When (9) holds we may define an other test statistic through

7%(!2, P) = sup inf /fdQ —T(f, Pn). an
feF QeQ

In many cases X% (Q, P) and 75 (Q, P) share the same asymptotic behavior. Indeed they even
coincide when Q is defined through linear constraints. In parametric cases, their asymptotic
distribution under any alternative is the same, as proved in Section 5 for the contamination problem.
The limiting properties of 7,% under any alternative can be obtained following closely the proof of
Theorem 3.6 in [6]. Denote H := {(f + %), f € F}. Note that compactness in sup norm of
the class H in the proof of this latest theorem is only required in order to ensure that the sup in
(11) is actually reached at some point in 7{. Since this fact may occur without this assumption,
typically when Q is defined through linear constraints, we state the limit distribution of the test
statistic under H1 as follows.

Theorem 2. When H is a Glivenko—Cantelli class of functions, then 7,21 (Q, P) converges to
12(Q, P) almost surely as n tends to infinity, whenever HO or H1 holds. Assume now that H1
holds and P has a unique projection Q* in Q, and that H is a functional Donsker class. Assume

that for each n, argsup s » ianle fdQ — T(f, Py) exists. Denote f* :=?2 <% — ) and
g ="+ A—Itf*z. Then

Vi (Z@. P - 2@ P))
1 a2\
is asymptotically a centered gaussian random variable with variance E p (( ff+3f ) (X )) -

Ep ((f* + %f*z) (X))Z, where X has law P.

Since 7%( 0,P) = xﬁ(Q, P) the above theorem also provides the asymptotic distribution of
Vi (12(Q. P) = £(Q. P)).

The asymptotic distribution of Xﬁ or 73 under HO, i.e. when P belongs to €, cannot be obtained
in a general frame and must be derived in accordance with the context; this will be the focus of
the next sections.

Let A, be the set of all measures in M with support (X1, ..., X;). When Q is as in (6)
with G a finite class of functions, then Q N A, is nonvoid. An estimate of Xz(Q, P) can be
defined through }(3 (Q, P) = inf geona, v2(Q, Py) = 7*(Q, P,). This device is the “Generalized
Empirical Likelihood” (GEL) paradigm (see [18] and references therein). Section 4 develops
duality approaches in the GEL setting. The estimation of Q* results as the unconstrained solution
of a linear system of equations, which argues in favor of the > approach for these problems. An
approach by sieves is adopted when Q is defined through an infinite number of linear constraints.
Similarly as in Theorem 2, we provide some information on the distribution of the test statistics
under H1 (when P does not belong to €2), which is not addressed in the current literature on
Empirical Likelihood methods, and which proves the consistency of the proposed test procedure.
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We apply the above results to the case of a test of fit, where Q = {Py} is a fixed probability
measure.

When QN A, is void some smoothing technique has been proposed, following [2], substituting
P, by some regularized version; see [17]. The duality approach avoids smoothing. An example
is presented in Section 5, devoted to the test for contamination.

4. Test of a set of linear constraints

Let G be a countable family of real-valued functions g; defined on R?, {g; 172, areal sequence
and

Q::{QeMsuChthat /g,-dQ(x):a,-, i}l}. (12)
We assume that Q is not void. In accordance with (6) the function gy := 1 belongs to G with
ap = 1. Let X1, ..., X, be an i.i.d. sample with common distribution P.

We intend to propose a test for HO : P € Q vs. HI : P & Q. In the entire section, the test
statistics is ¥>(Q N A,, P,), following the GEL approach.

We first consider the case when G is a finite collection of functions, and next extend the results
to the infinite case. For notational convenience, we write Pf for [ f d P whenever defined.

4.1. Finite number of linear constraints

Consider the set Q defined in (12) with card{G} = k. Introduce the estimate of y2(Q, P),
namely

o= 0k Q. Pu). (13)
Embedding the projection device in M N A, instead of M N A, yields to a simple solution for
the optimum in (13), since no inequality constraints will be used. Also, the topological context is
simpler than as mentioned in the previous section since the projection of P, belongs to R". Our
approach differs from the GEL through the use of the dual representation (10), which provides
consistency of the test procedure.

The set QN A, is a convex closed subset in R”. The projection of P, on Q N A, exists and is
unique. This is in strong contrast with the usual empirical likelihood approach. Consider the case
when Q is the set of all probability measures with mean a. The empirical likelihood projection
of P, on Q exists iff a is in the interior of the convex envelope of the X;’s. Otherwise the pro-
jection should put negative masses on some X;, a contradiction with the likelihood approach; see
[19, p. 106]. Such cases play in favor of the y> approach on signed measures in order to perform
tests of hypotheses. The next subsections provide limit properties of x% (Q, P). Let F := (G).

4.1.1. Notation and basic properties
Let Qg be any fixed measure in Q. By (5)

1
7 (Q, P)=sup (Qo— P) f — ZPf2
feF
2

k k
1
= sup > ai(Qo—P)gi— P <Za,-gi +ao> (14)

ao.ar....ax s iz
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since, for Q in Q and for all g in G, Qg = Qog, and

2

k k
1
X;% = sup E ai (Qo— Py) gi — ZPn (E 1 a;gi +a0) . (15)
i=

ao, a1,k 5

The infinite dimensional optimization problem in (13) thus reduces to a (k + 1)-dimensional
one, much easier to handle. The statistic X% is the distance between P, and Q7, its projection on
Q, and Q; has same support as P,.

Optimizing in (14) and (15), %> (Q, P) and y> get written through a quadratic form.

Define the vectors v, and vy by

!n/:X(g’ Pn)/z{(QO_Pn)gla7(Q0_Pn)gk}7
V=9GP ={(Qo—P)g1,....(Qo— P) gk},
7, =7, =Vn{(Pa=P)g1,....,(Pa = P) g} =n(v—1,). (16)

Let S be the covariance matrix of v, Write §,, for the empirical version of S, obtained substituting
P by P, in all entries of S.

Proposition 3. Let Q be as in (12) and let card {G} be finite. We then have
T =Sy Vs
£ Q. P)=ys""v.

The statistics /% is a consistent estimate of ;52 (Q, P). Indeed, we have

Proposition 4. Assume that y* (Q, P) is finite. Let G be a finite class of functions as in (12) and
assume that maxeeg Pg? is finite. Then Xﬁ tends to y* (Q, P) a.s.

4.1.2. Asymptotic distribution of the test statistic
Write

nis =N/, v, + v, (S50 = 7 i,
We then have

Theorem 3. Let Q be defined by (12) and G be a finite class of linearly independent functions
such that maxgeg Pg2 is finite. Set k = card{G}. Then, under HO,

n Xﬁ LN chi (k),
where chi (k) denotes a chi-square distribution with k degrees of freedom.

: 2 el - -
Proof. For Pin Q, /ny, =7y . Therefore ny, =y 'S lﬁn +9 (S;1—s l)zn
By continuity of the mapping & (X) = X’ s-1 ¥ ﬁ; s—1 Y, has a limiting chi (k) distribution.
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It remains to prove that the second term is negligible. Indeed, again from

/
(2,,) (S';] - Sil) (Zn> <const - k H‘SI/ZS,ZIS]/Z . Im

it is enough to show that |||Sl/2Sn_lSl/2 — I||| is op (1); see (38) in the proof of Proposition 4.
O

Turn now to the distribution of the statistics under H1. Suppose that all functions g in G are
bounded. Since the optimizing vector a® .= (a(()”), e, a,(:’)) in (15) converges to the corre-
sponding maximizing vector in (14) we may assume that for n large we can identify a compact set
in R¥*! that contains all the a™’s. The projection of P, on Q exists and when all functions g in
G satisfy Pg? < oo, the conditions in Theorem 2 are fulfilled, providing the asymptotic power of
the test, as well as a way to infer the minimal sample size required in order to reach a given power
under some alternative. The procedure is asymptotically consistent as observed by the difference
of the normalizing factors in the asymptotic distributions of X;% under HO and H1.

4.2. Infinite number of linear constraints, an approach by sieves

In various cases Q is defined through a countable collection of linear constraints. An example
is presented in Section 4.3. Suppose that Q is defined as in (12), with G a countable class of
functions

g={g1:Rd—>R, oceA},

where card (A) = co. Thus Q = {Q € M such that Qg = Qog, g € G}, for some Qg in M.
Assume that the projection Q* of P on Q exists. Then, by Theorem 1 f* € (G).
We approximate G through a suitable increasing sequence of classes of functions G, with finite
cardinality k = k(n) increasing with n. Each G, induces a subset Q,, in Q as follows.
Let

G, CGu1 CG foral n>1 (17)
and
G={J G
n>1
and let

Q,={0:0¢ =008 ge€bn}.

We thus have Q, D Q,41, n>1and Q = ﬂn>l Q,.
The idea of determining the projection of a measure P on a set Q through an approximating
sequence of sets—or sieve—has been introduced in this setting in [22].

Theorem 4 (see Teboulle and Vajda [22]). With the above notation, define Q;: the projection of
PonQ,. Then

dQ* dQ;
dP  dP

=0. (18)
Li(P)

lim | f*

n— oo

lim H

~JallLy = a—eo
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When SUP,cg SUp, g(x) < 00 then (18) implies
lim %% (Qu, P) =1 (Q. P). (19)
n—>oo

The above result suggests that we can build a sequence of estimators of x> (Q, P) letting
k = k(n) = card G, grow to infinity together with n. Define

1
Tak = Sup (Qo—Pn) f = Puf’.
Je(Gn)
In the following subsection, we consider conditions on k(n) entailing the asymptotic normality
of the suitably normalized sequence of estimates y,, , when P belongs to €, i.e. under HO.

4.2.1. Convergence in distribution under HO
As a consequence of Theorem 3, n X,% « tends to infinity with probability 1 as n — oo.
We consider the statistic

2
Nk —k

V2k

which will be seen to have a nondegenerate distribution as k() tends to infinity together with n.
We assume from now on that G is a Donsker class of functions; see e.g. [24]. We need some
improved version on the rate of gaussian approximations for empirical processes indexed by G.
This leads to the following notion.
For some a > 0, let J,, be a decreasing sequence with ,, = o (n_“). We assume that G is
Komlds—Major-Tusnddy (KMT) with respect to P, with rate 6, (G € KMT (0,; P)), which is to
say that there exists a version B,? (.) of P-Brownian bridges such that for any ¢ > 0 it holds

(20)

Pr {Sup ‘\/E(Pn - P)g— B](q) (&) =0y (r + b]Ogl’l)} <6879ta (21)
g€g
where the positive constants b, ¢ and 6 depend on G only. We refer to [4,15,5,11] for examples of
classical KMT classes, together with calculations of rates.
From (21) it follows that

sup [7,(8) — BY(&)| = Op (3 Togm) 22)

8€g

where, with the same notation as in the finite case (see (16)), i.e. y,(g) = Jn(P, — P)g is the
empirical process indexed by g € G.

For any n, set Vor =1, (Gn) (resp., QS’ 1) the k-dimensional vector resulting from the projection

of the empirical process y,, (resp., of the P-Brownian bridge B,?) defined on G to the subset G,,.
Then, if G, = [gi"), e, g,E")}, Vo = [yn(gin)), e yn(g,E"))} and gg’k = {B,? (gf")) S

—n
B,? (g,i")> ] Denote S the covariance matrix of the vector Yok and Sy, x its empirical covariance

matrix. Let 41 x be the smallest eigenvalue of Si. Call an envelope for G a function G such that
lgl <G forall gin G.

Theorem 5. Let G have an envelope G with PG < o0 and be KMT (,; P) for some se-
quence 9, | 0. Define further a sequence {G,}, > of classes of linearly independent functions
satisfying (17).
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Moreover, let k = k(n) = card G, satisfy

lim k = oo,

n—oo

lim 4, /> k28, logn =0, (23)
n—-oo

lim 4, k2012 = 0. (24)
n—o0 ’

Then under HO

nxﬁ,k —k
2k

In both conditions (23) and (24) the value of 41 ; appears, which cannot be estimated without
any further hypothesis on the structure of the class G. However, for concrete problems, once
defined G it is possible to give bounds for A1, depending on k. This will be shown in the next
subsection, for a particular class of goodness-of-fit tests.

NGO ).

4.3. Application: testing marginal distributions

Let P be an unknown distribution on R¢ with density bounded by below. We consider goodness-
of-fit tests for the marginal distributions Py, ..., P; of P on the basis of an i.i.d. sample
(X1, ..., Xy).

Let, thus, Q(l), e Qg denote d distributions on R. The null hypothesis writes HO: P; = Q(]).
for j = 1,...,d. Thatis to say that we simultaneously test goodness of fit of the marginal laws

Py, ..., P;to the laws QO, el Qg. Through the transform P’(yq, ..., y4) = P ((Q?)_l ),

ces (Qg)f1 (yd)) we can restrict the analysis to the case when all p.m’s have support [0, 1]

and marginal laws uniform in [0, 1] under HO. So without loss of generality, we write Q¢ for the
uniform distribution on [0, 1].

Bickel et al. [3] focused on the estimation of linear functionals of the probability measure
subject to the knowledge of the marginal laws in the case of r.v.’s with a.c. distribution, letting
the number of cells grow to infinity.

Under HO all c.d.f’s of the margins of P are uniform on [0, 1]. Introduce the corresponding
class of functions, namely the characteristic functions of sets of the form [0, #) on each of the d
axes, namely

g;=|1u,j:[o,1]d—>{o,1}, i=1,....d, ue[O,l]},

I, xj<u

where 1, ; (x1, ..., xq) = {0 x>
v A

Let Q be the set of all p.m’s on [0, l]d with uniform marginals, i.e.

Q=10¢eMm ([0, 1]‘1) such that Qg :/ ¢(x)dx forall ginG?. (25)
(0,11

The test writes HO : P belongs to Q vs. H1 : P does not belong to Q.
This set Q has the form (12), where G is the class of characteristic functions of intervals, a
KMT class with rate 5, = n— /2 (see [15]).
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We now build the family G, satisfying (17). Let m = m(n) tend to +o00 with n. Let 0 = ug <
Uy < -+ < Uy < tmyr = 1 and {Y{} be the m - d points in [0, 1]¢ with coordinates in
{ur, ..., un}.

Let G, denote the class of characteristic functions of the d-dimensional rectangles [0, u] for
u € U™ . Hence card{G,} =k =m - d, and

Gn= {lu,-,‘j: [0, 11 — {0, 1}, j=1,....d, uje (0,1), u;j<uit1, i=0,.. m} . (20)

which satisfies (17).

In order to establish a lower bound for the smallest eigenvalue of Sk, say A; x, the volumes
of the cells in the grid defined by the uﬁ") should not shrink too rapidly to 0. Suppose that the
intervals (u;, u; 1] are such that

0 < lim inf min & (u;j41 —u;) < 1i
n—oo i=0,...,m n—o00

' m supi:r(r)laxmk (Ujy1 — u;j) < oo. 27

Remark 1. Condition for the sequence G, to converge to G coincides with (F2) and (F3) in [3].

The order of magnitude of 4 j is obtained through a one-to-one transformation of the class G,
which leaves invariant the smallest eigenvalue of S;. We simply turn from the class of characteristic
functions of sets [0, u;) to characteristic functions of sets [u;, u;41) on each of the axes. We order
these dm functions in a natural order, namely the m first ones for the grid of the first axis, and so
on.

Let P belong to Q. Let us then write the matrix Si. We have P1,, ; = Qoly;,j = u; fori =
l,...,mand j =1,...,d.Set Ply, jlyn = P (X;j<ui, Xp<u;),foreveryh,j=1,....d
and/,i =1,...,m. When j = h then P1,, j1,, ; = P(ngu,- /\ul) = u; A uj.

The generic term of Si writes

spu,V)=s;, ((j—Dm+i,(h—Dm~+1)=Ply, jlyn— Ply jPly
v — u? ifj=hi=1
=1 P(X;<u; Nup) — ujuy if j=h,i#I,
P(Xj<u;, Xp<up) —ujuy if j # h.

We make use of the class of functions

GO ={luj—luy s i=1,0cc,m, 1y =0, j=1...,d}
={lei=1.m j=1....d}.

Let S,f be the covariance matrix of the vector zj =7, (g;j ) and define the vectors 0 and yf;
similarly as in (16).
S,f has ((j — D)m + i, (h — 1)m + [)th component equal to PA_!' Al PA__; PA;,, which is

pi = p} it j=hi=l,
—pipi if j=h,i#l
Pui—1<Xj <uj,uj 1 <Xp <up)—pipr if j #h,

where we have written p; = P(u; -1 <X; <u;) =u; —u;—y,forall j=1,...,d.



1422 M. Broniatowski, S. Leorato / Journal of Multivariate Analysis 97 (2006) 1409—1436

Also, ;{2 (and X,%) can be written using Q,‘f instead of G,;:

o\ / o\ —1
2@ P =vsilv= () (s7) ().

Let M be the diagonal d-block matrix with all diagonal blocks equal to the unit inferior triangular
(m x m) matrix. Then vy = Mg‘s and Sy = MS,?M’.

Thus 35/(55)_125 = g’(M’)_lM’Slle(M)_ly = y. Similar arguments yield y2 =

PR -
vy (89071

Let /1 5 be the minimum eigenvalue of S,f . Since M has all eigenvalues equal to one, the
following chain holds:

o _
n XSix _Y'SPy | Mx|? CYSy IMTE
m’kgmln—zgmm 5~ max 3 =A1,5<mm 5~ Mmax > = Ak
o lxl yolvlls o lxl yollyllsox [l 1l

which is to say that the minimum eigenvalues of S,f and Sy, are equal. As a consequence we obtain

Lemma 2. Suppose that P € Q has density on [0, 119 bounded from below by « > 0. Then the
smallest eigenvalue of S,f, and consequently /1 i, is bounded below by appy4+1 mini<; <m pi.

We will now consider the covariance matrix of ﬁfu under HO, when the underlying distribution
is Qg, the uniform distribution on [0, l]d. Denote this matrix S,?. We then have

Lemma 3. If P = Qg, then

@) S,? = D1/2(1 — V)Dl/z, where D and V are both diagonal block matrices with diagonal

blocks equal to diag {p;};—,,  , andto U = { /Pipl}i:1 o l=l...m» Tespectively.
(1) The (m x m) matrix U has eigenvalues equal to S

A = (1 = pmy1) = DiL, pi  with cardinality 1,
Y=o with cardinality m — 1.

Moreover (I —U)™ ' = (I + 1 U).

Pm+1
(iii) For any eigenvalue 1 of S,? it holds

| min p; <A< max p;.
Pmtt, B8, PISAS G, P

From Theorem 5 and using (27) in order to evaluate p,,+1 min<; <m pi, together with the
fact that the class G is KMT with rate 6, = n~ /2 we obtain

Theorem 6. Let (27) hold. Assume that HO holds with Q defined by (25). Assume that P has a
density bounded by below by some positive number. Let, further, k = d -m(n) be a sequence such
that lim,_, o0 k = 00 and lim, .o k"/*n=1/2 = 0.
/ —1
Then =k Sk

Vak oo V2k

k
has limiting normal standard distribution.

Remark 2. A lower bound for the density of P also appears in [3] (see their condition (P3)).
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In the last part of this section, we show that conditions in Theorem 6 can be weakened for small
values of d. We consider the case when d = 2; for larger values of d, see Remark 3.

For clearness define p;; := P(Ai1 X A?) and N;; = nPn(Ail X A;), where the events Afl,
h=1,2,i =1,..., mare as above. The marginal distributions will be denoted p;. = p.; = p;
and the empirical marginal distributions by N;./n and N. ; /n.

Turning back to the proof of Theorem 5 we see that condition (24) is used in order to ensure
that m~1/ 22;[ ‘ k(S,: ,i -8 b 7, goesto 0 in probability as n tends to infinity, while condition (23)

2m
to the standard normal distribution.

y
Ink

—1
. . Y Sk
implies the convergence of = .

m
Sharp inequalities pertaining to the binomial probabilities yield the following improvement
upon Theorem 6.

Theorem 7. Let (27) hold. Assume that HO holds and P is as in Lemma 2. Let m := m(n) with
limy,— 00 m = 00 and lim,_, oo m3/>n=1/2 logn = 0. Then

2
an,Zm -

Jam

Remark 3. The preceding arguments carry over to the case d > 2 and yield to the condition
lim;,— 0o md+1/2,=1/2 logn = 0. However for d > 6 this ultimate condition is stronger than (24).

m
— N, 1).

5. A test for contamination

In this section, we address the contamination test problem sketched in Section 1. Such problems
have been considered in the recent literature; see [13] and references therein. A contamination
model can be written as

Cti={px)=(010—- 1 fp(x) + iry(x),0<i<1,0 € O, n € H}, (28)

where fp is the density of the uncontaminated data, ry; is the contaminating density and / is
the rate of contamination, usually close to 0. All densities are considered with respect to some
common dominating measure y. The parameter 0 belongs to a subset ® of R?, and the set H is
finite dimensional. In contrast with [13] we do not assume that the parameter 6 of the distribution
of the “true data” is known; further the kind of alternative which we consider seems somehow
more natural, since it writes simply 4 % 0. The above model is clearly nonidentifiable when 4 = 0
since any value of # characterizes the same distribution. The identifiability condition which is
assumed here is

Ja
(I =D fo+ i”ﬂ
Lack of identifiability may lead to difficulties in estimation and in test, typically for mixture

models. Contamination does not enter in this class of problems, since the two components belong
to quite different families of distributions. The density r; models outliers. We assume that

=1 iff A=0and o= 0. 29)

sup / foly du is finite for all 0 and 0’ in ® (30)
neH n

which amounts to say that ry, is heavy-tailed with respect to fp for all # and 0. Also usual inte-
grability conditions allowing the change of order of differentiation with respect to the parameters
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up to the third order and integration will be assumed. For a real values function g let m, ,(x) :=

[ 8fudu— (g(x) + %gz(x)) whenever defined.
The hypotheses to be tested are HO: A = 0 vs. H1: 1 # 0. Let

Q:={fy, 0z €0},

so that HO holds iff p belongs to Q.

The test statistic is an estimate of the 2 distance from p to Q. Likelihood ratio methods are not
valid in this case due to failure of the standard regularity conditions under which the asymptotic
theory is based; see [23], Section 5.4. We also advocate in favor of the 12 since it is robust against
outliers. Indeed, the choice of the class r,; to model the “heavy tail” behavior of the data is usually
problematic and we cannot accept a test procedure which would be too sensitive with respect to
this choice.

Following our definition of the y? divergence we extend the model (28) defining

C:={px)=0=2)fox)+iry(x), A€ A, 0O, ne H},

where A = [a, 1] and a is a negative number. This makes C a subset of M and Z = 0 is an interior
point in A.
Let

N fa _
Fo = {g_2<(1—),)f9+ﬂ,rh 1),96@, )LeA,heH}. (31)

By (30) f |g| fx du is finite for all g in F,. Following (4) the divergence xz(Q, p) writes
72(Q, p) = inf 12(fy, p) = inf sup /mg,a(x)dp(x). (32)
xc® xc® geF,

The estimate is defined analogously through

Xﬁ(Q, p) = inf sup fmg,a(x) dP,(x).
%e geF,

We consider now the asymptotic distribution of ;{% (Q, p) under HO.
When p = f, belongs to Q then

Q. p) = 12 (fo, fo,) =0,
is estimated by
X,%(Q, fo,) = inf sup /mg,adPn =: inf sup/m(t, o)dP,,
% geF, &t

where o0 = (o, 0, 7)with o in ® and # runs in H; t := (0, 4, h) defines a function g in Fy;
see (31). Obviously, all possible values of # define the same function m(t, o). Define t, (o) :=
arg supy f m(t, o) d P, so that Xﬁ (Q, fy,) = infy f m(t, (o), &) d P,. Denote a,, the optimizer of
this expression so that

)C%(Qv f90)=/m(tn(an)a o) dPy.
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Accordingly, t(at) and a are defined as above with P (with density fj,) substituting P,,. The vectors
of parameters t, (o,) and o, satisfy the set of equations

P

0
— t, o dpP, =0,
at/M( )tn(u,l),an n

i/m(t(cx),oz)%an dpP, =0, (33)
ool

where the derivatives are considered with respect to o in the second line and with respect to 6, A and
h in the first. The second line in (33) writes % [ m(t, @)g, ., dPn+ %t(a)an % [ m(t, ), (a,).00,
dP, = 0, which, together with the first line in (33) yields the somewhat simpler system of
equations

0
— t, o dpP, =0,
aa/m( Mt (0n), 0 n

0
— t, dpP, =0.
at/m( a)tn(an)san n

We now state the asymptotic distribution of the test statistics under HO. The following classical
hypotheses are needed for usual derivation under the integral sign. The proof of the theorem in
the spirit of Wilk’s Theorem. Denote (H) the set of hypotheses

(1) The supports of fy and r;; do not depend on the parameters.

(2) The sets ® and H are compact.

(3) The function m(t, o) is derivable at order 3.

(4) There exists a neighborhood of (tg, atg) := ((6p, 0, i), (Bp, 0, 1)) such that all these deriva-
tives are bounded by fj, d u-integrable functions uniformly upon .

Note that  plays no role in the above assumption (4).

Theorem 8. Underthe above notation and assumption (H ), under HO, the asymptotic distribution
of 2n Xﬁ is Chi(1), a chi-square distribution with 1 degree of freedom.

We now deduce the limit distribution of the test statistic under H1.
It can be obtained under two different sets of hypotheses pertaining to the class of functions
mg 4. Assume (D)
p has a unique projection f+ on Q
(33) has a solution for each large n.

Denote g* := 2 (% — 1), where o := argminy sup,c, [ mg opdu. The classical ap-

proach, using Taylor expansions and classical CLT in the same vein as in the proof of Theorem
8, yields

Theorem 9. When (H) and (D) hold then under (H1) the limit distribution of /n (yﬁ Q, p)—
7 (Q, p)) is normal with zero mean and variance | (g* + }tg*z)2 pdu— (f (g* + %g*z) pd,u)z.

The second approach uses the minimax property (9). First observe that, introducing F :=
Usco Fu»SUpger, [ mg.a(x) dP(x) = supycr [ mg 4(x) d P(x) since the sup is indeed reached
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on F. This allows to commute the sup and inf operations in (32), replacing F, by F, in accordance
with our claim in Section 1, (9).

Proposition 5. Assume that both ® and H are compact. Then

XZ(Q, p) = inf sup /mg,a(x)dP(x) = sup inf /mg,a(x)dP(x). (34)
€@ ge 7 geFue®

fo,

TDh i~ 1) for some 01, 0 in ®, 17in H

Proof. A generic function g in F writes g = 2 (

and Ain A.
On one hand it holds inf,c@ Sup,cr [ mg.a(x)dP(x) > sup,cr infue@ [ mga(x)dP(x).
For the reverse inequality, it holds, for all o in ®,

_ Jo, Ja
/"’g’“”d“_ {/2(1—i)f91 Ty p P
_ L)z
/((l_i)ffh"')ﬂ’n pdutl
- _ L_&)Z d /(ﬁ_1>2 d
- /((1—A>fe.+ﬂrn p) PTG Pt
fa o
;—1 pdu= 3" (fa p)

and supgfmg,ap du = 7*(fy, p), and g* = arg supgfmg,ap du is defined through g* :=
2 (% — 1). Therefore inf,, sup, fmg,ap du = inf, y*(fy, p) = 7*(Q, p). Furthermore by con-

N

tinuity and compactness arguments, there exists o™ such that sup ¢ inf,, f mgopdp= P2 (foyts D).
Hence y2(fy+,p) = sup, infy [ mg updu>infy sup, [mgapdu = %2(Q, p), which con-
cludes the proof. Furthermore ot = o* by identifiability. [

Following (11) introduce an auxiliary estimate

12(Q, p) = Sugggg/mg,a(X)dPn(x)-
g€

Both statistics y2(€Q, p) and Xﬁ (Q, p) are close to each other; indeed it holds.

Lemma 4. Assume that H = {(g + 21; g2) ,8€F } is a Glivenko—Cantelli class of functions.
Then both y%(Q, p) and y2(Q, p) converge to 1*(Q, p).

The asymptotic distribution of \/n ( 12(Q, p) — 72(Q, p)) follows from Theorem 2. This allows
to state the limit distribution of Xﬁ Q, p).

Theorem 10. Assume (D).Assume further that both ® and H are compactand H = {(g—l—z—lL g2),
g € F}is a Donsker class of functions. Then \/n (/;21 Q, p) — 2 Q, p)) converges to a centered

normal distribution with variance [ (g* + ‘—ltg*z)2 pdu— (f (g* + %g*z) pd,u)z.
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6. Proofs

6.1. Proof of Proposition 3

(i) Differentiating the function in (14) with respectto a;, s =0, 1, ..., k yields
k
a =—) aiPug (35)
i=1
for s = 0, while for s > 0
1 k
(Qo—Py) gs = 5 (aopngs +X£aipngigs> . (36)
=
Substituting (35) in the last display, and setting ¢’ = {a, az, . .., ar}, we get
k

1
(Qo— Pp)gs = 5 Zai (Pngi&s — PugsPugi),

i=1
i.e.
2y, = Sua (37)

Set f¥ = argmaxr(Qo — Py) f — %P,,fz. For every hin (G), (Qo — P,) h — %P,,hf,f‘ =0.
Set h := f;¥ to obtain (Qo — Py) £ = 3 Pu(f)>.
It then follows, using (35) and (37),

1 1
1= [(Qo — P fi - ZPn<f:>2} = P

k k 2
1 1 _
=3 (Z aigi — Zaipngi) = ZC_I'SnC_l = 9,8, v,
i=1 i=1
(i1) The proof is similar to the above one

6.2. Proof of Proposition 4

From Proposition 3,

Tn = 12 (€, P)( = w8, "y, - 25‘12‘

v (st =57y,

For x in R* denote || X || the euclidean norm. Over the space of matrices k x k introduce the algebraic
A . . .
norm 1Al = sup <1 {5l = supy i [Ax]. Allentries of A satisfy la i, /)| < IAIl. More-

over, if [A1| < 42| < - -+ < |Ax| are the eigenvalues of A, ||A|| = |Ak|. Observe further that, if for

2
Ax| =¥ (X0 6. ) %)

+

/ o—1 ro—1
XnS En_XS X’-

all (@, j),la (i, j)| <e,then,foranyx € R*, such that ||)_cH =1,
<Y Y al ) |x])? <k e AN <ke.
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For the first term in the RHS of the above display
A=y, (Sn—l _ S—l)yn =y, /5712 (51/25;151/2 _ 1) sy
—1/2 2 o— 2 20— 2
< s || 51728715172 - 1| <constk[|s12s; 1512 1]

Hence, if B := H|S1/ZS,1_1S1/2 — Im tends to 0 a.s., so does A.
First note that

—1
Sn—l — (S+ Sn _ S)—l — S—1/2 <I 4 S—l/2 (Sn _ S) S—l/z) S—1/2

ad h
=512 [1 (s s = s 577 } s,
h=1
Hence
° h
51/2511—151/2 _ = Z (S—1/2 (S — S,,)S_l/2> ’
h=1

which entails

o
"‘51/25;151/2 _ Im _ ‘HZ (S—l/z (S =S, 571/2>h
h=1

o]

2h
<us-s s
h=1

=0p ()Ll_lk sup |s, (i, j) — s (i, j)|) )

ij
where /; is the smallest eigenvalue of S.
Since

C:=sup|s, (i, j) —s (i, j)| < sup|(P,—P)gig;|+sup|(P,—P) gil (P,+P) max g|
i,j i,j i 8

(38)

the LLN implies that C tends to 0 a.s. which in turn implies that B tends to 0.
For the second term, |v,’S~ v, — v §7!y| = ‘(Xn + 2)/ s-1 (n*1/2zn>‘ tends to 0 by LLN.

6.3. Proof of Theorem 5

By Proposition 3
/
2 0 -1p0
o7 o7 Dk k \Ink —nk

!/
+ @K~ (Xn,k - ﬁg,k) S ! (Zn‘k - Eg,k)

+@02y (Snj}c - S,;l)zn’k

=A+B+C+D.
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The first term above can be written as

/
0\ ¢—1p0
A= <§”’k) Sc Bk =k YL (Z2 - EZ)

vV 2k \ /kVarZi2

which converges to the standard normal distribution by the CLT applied to the i.i.d. standard
normal r.v’s Z;.
As to the term C it is straightforward that C = o(B). From the proof of Theorem 3, D goes to

2
Zero if/ll_’}{kl/2 (supi’j |sn.k G, J) — sk G, )]) _/,k 172 H = op(1). Since, using (38) and (17),
sup; j |snk (s j) — s G )| < sUpfger [(Po— P) fgl+sup ez |(Po— P) fI(Py+ P) F|=
2
Op (n~'/?), and considering that |y’ . 21" = 0p(k), (24) yields D = o(1).

n,
/
0 —1 0 0 —1/2 -1/2 0 k 2
(Bh0) " (= 800) | < (800) s [ (1~ B00) | = ke 2

5017 (5, — B9.) | where, as used in A, Z? are i.id. with a chi-square distribution with 1

For B,

degree of freedom. Hence \/Y"5_, Z? = Op (k'/?). Further

—-1/2 0 —1/2 0
I3 (o = 20)] < 5] - = 204
k

<7k % > (Xn,k(fi) - QS,AJZ’))Z

i=1

~1/2
< }'l,k/ kl/? ;ug)__
€

1(f) = BY)|

from which B = Op ( S22 1og n) = op (1) if (23) holds. We have used the fact that P

belongs to Q in the last evaluatlon of B.

Remark 4. Under H1, using the relation v, = v — n—Y Zyn o We can write

2
ny,r — _ _ _ _ _
S =0T (i Sk, — k) + @0 (S = 2V, 85 )
= @)~ ('S, fy = 24/my),  Spiv) + Op(D),

where the Op (1) term captures (2k)~1/2 (z; ’ kS,: llczm P k) that coincides with the test statistic

”X;%,k_k

T under HO. We can bound the first term from below by

mr%@$W( - 0r ([s”sisi” 1))
Q7 vS”ZH(HO (s swis” - 1[]))

— 0p (nk 1/2) —0p(n'/?).

—@n/K)'* |y

Hence, if (23) and (24) are satisfied then the test statistic is asymptotically consistent also for the
case of an infinite number of linear constraints.
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6.4. Proof of Lemma 2

Writp s,? (u, v) for the (u, v)th element of S,f. We have, for P € Q,i.e.if Pg = ng, for every
gin g;?
SO — Dm+i, (h—Dm +1)=s (u,v) = Pgugy — PguPgu
=P (gu - Qggu) (gv - Qggv) = P (8ugv) »

where g, = g, — Qg gu. For each vector ¢ € R?™ it then holds

dm dm dm 2
0Sla=5" S avan Gz = P (z g—)
u=1

u=1v=1
dm 2 dm 2
:/ Zaug_u dP;oef au8u ng
0.4\, 5 0.1 \; 5

=od {QS (gu —~ Qﬁgu) (gv - Q%gu)}u a=oadSla

,U

On the other hand, the preceding inequality implies

d'Sla a'Sla
Ak =inf —~= > inf =%= =5 min
© a7 S

pi- (39)

6.5. Proof of Lemma 3

(i) This can be checked easily through some calculation.
(i1) First, notice that

U? =1 — pmsn)U. (40)

Formula (40) implies that at least one eigenvalue equals (1 — p;,+1). On the other hand, summing
up all diagonal entries in U we get trace(U) = > /" pi = 1 — py41. This allows to conclude
that there can be only one eigenvalue equal to 1 — p,,4+1 while the others must be zero.

For the second statement, use (I — U)~' = I + Y32, U" together with (40) to obtain

I-U)'=14+UY2, (1= pus)'=U +

Pm+1

(iii) For any eigenvalue A of S,? we have

2
r<iee= st <[22 wa - von= max pi (1= it x'Ve)= max p
’ 1<i<m lxli=1 1<i<m

since the eigenvalues of V coincide with the eigenvalues of U with order multiplied by d.
For the opposite inequality consider

_ 1
k=<l ) (r+55v))
’ Pm+1

1 -1
— -1 — fd i ; —1
= <11<nia<xm p; ) (1 + P a pm+1)> (132’" pz> Pm+1-
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6.6. Proof of Theorem 7

Let
m+1

Q=10eMU0. 1P : > qij=pj=ujm—uj:j=1....m+1
i=1

m+1
Zqz',j=17i,-=ui+1—ui,2i=1,-..,m+1}.

Lemma 5. Under HO it holds
m+1 m+l

j l/)
n = min E =0, 41
/ k QeQ e N,,J 0 (41)
m+1m+1 (nq )
g S = min l] lJ 42
L D D 42)

i=1 j=1

Proof. We prove (41), since the proof of (42) is similar. Following [3] the RHS in (41) is

m+1 m+1

D> Nijlai +bj)%,

i=1 j=I

where the vectors a and b € R™*! are solutions of the equations
m—+1

N;,.
a~—’: _— — — b ':1,...,m+1,
ln 2 l

N. N. ; m+1 N:
bj_’jzpj_T’]_Zai%’ J:l,,m—Fl
i=1

Leta = (dy,...,dm. b1, ..., by) be the coefficients in Eq. (37). Making use of Eqs. (35) and
(36) we obtain, using the class G in place of G, in the definition of yﬁ o

G =2(a —amy1), i=1,...,m,

bj=2(bj —bmp1), Jj=1,....m,

ao =2 (ams1 + bmy1) -

From the proof of Proposition 3 we get, setting §; ; = 1 fori = j and O otherwise,

2 ’
Xn k= Zc_l Sl’l,kc_l

m m
Z[ala] i, N N /n) El;j (N‘,l-éi,j—N‘,,-N‘,j/n)
i=1j=1

1
+2a;b; (N;j — Ni.N.,j/n)] ,
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which, after some algebra yields

m+1m+1

ngme=y. Y Nijla+bp* O
i=1 j=I
n 2 . S_]“
. L.k ln k"k Zn k

Let us turn to the proof of Theorem 7. Set k := 2m. It is enough to prove — i =
op(1). . .

Denote P and P the minimizers of (41) and (42) in Q. Let p; ; and Di, j denote the respective
probabilities of cells.

We write
m—+1m+1 5 1 1
2 ’ —1 -
Nk =V Sk Ty S (Ni.j —nPi ;) < - )
n ‘n,k Ln,k = o Nij npj, j
npi,j > P
< max 1)y Sy
ij <N,~,] Kk Znk
and
m+1 m+l — ng; 2 npi.i
2 ’ L ] LJ
Pk =7 Sk > min ( - 1>
n Ik 0eQ 121: /2; np;, Ni,j
npi,j ;o1
> —max —1 Sy .
i,j Nl,] Xﬂ,k k ﬁn,k
Whenever
np;. P
Jmmax |21 4| £ g (43)
i.j ij
. ops . /n Sk l’ 7, S_ly
holds, then the above inequalities yield % = op (W) =
7Sk L2 o . .
op %Trﬁ + 1) = op(1), which proves the claim.

We now prove (43). We proceed as in Lemma 2 in [3], using inequalities (10.3.2) in [21]. Let
B, ~ Bin(n, p). Then, fort > 1,

Pr (1;_;7 >t> <exp{—nph(1/t)} and Pr (ﬁ 2t> <exp{—nph (1)}, (44)
np

n

where i (1) = tlogt —t + 1 is a positive function.
Since N,"j ~ Bin(n, pi,j)’

npi ; ‘ m—+1 m+1 npi ; t
Pr{max [ —< — 1 > — 1< Pr l’]>—+1
{<N ) m} ;Z {N,»,,- Vm

LJ L]

m+1m+1

<D Do exp{=npijh (17 (1+1/¥m)))

i=1 j=1
h(1/(1 +t//m)) }
m?2 '

(by 27) and by p; j > api.p. ;) <(m + 1)* exp {—%(logn)
n
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Forx = 1+¢, h(x) = O(&?). Therefore, using (23) with k = 2m, for every M > 0 there exists
n large enough that

m—2h<1+ —t/Nm ) >M

oc —_—
logn 14+t//m
(P t
and consequently Pr [max,,j ( N l) > \/ﬁ} goes to 0.
o _npij N - Nij 1
To get convergence to zero of Pr ymax; ; (1 N ) > ﬁ} =Pr {max,yl e > =7 |
the second inequality in (44) is used in a similar way.

6.7. Proof of Lemma 4

It holds ‘X%(Q, ) — 12, p)’ < sup, | infy [ Mg o(x)dP,(x) — infy [(mgo(x)dP(x) | =
sup, | I (g + igz) d(P, — P)| which converges to 0 under the condition of the lemma.

By the GC property, inf, SUPgeF, fmg,a(x) dP,(x)< SUPgc 7, fmg,x(x) dP,(x) = SUPgeF,
[ mg.a(x)dP(x)+ Ry(e) withlim, o0 Ry () = 0, implying lim sup,,_, oo 72(Q, p) <7*(Q, p).
Further sup,.z, S mga(x)dPy(x)= [ mg 5(x)dP,(x) + Ry(x, g) for all o and g in Fy, and
limy, s o0 Sup,cr, Rn(a, 8) = 0. Hence liminf,_ ;{%(Q, P)=72(Q, p) + liminf,_ o inf,
sup,cr, Ru(2, g). Since Ry (e, g) = [myy(x)d (Py—P) = — [ (g+ 18°)d (P, — P) and
{g + }‘gz, g€ }'} is GC, lim inf,,_ o0 72(Q, p) = 7*(Q, p), which concludes the proof.

6.8. Proof of Theorem 8

First note that the two first components of t(0) are 0y and 0, and its third component is arbitrary
in H (since [ m(t(0o), 0o) fo, dpt = 0 implies [ g* fy, di = 0, implying the claim).

Also for all # in H, the gradient vector (%m(t, o), %m(t, oc)) at (t(0p), 0p) writes

(a%m(t(@o), 0o), %m(z(@o), 0p), 0, %m(l(@o), 60)>, which we write as a 2d + 1 nonnull en-
tries vector. Also, the hessian matrix of m (¢, a) at (t(6p), 0p) has all entries in the row and column
n equal to 0. We consider it a 2d + 1 lines and 2d + 1 columns matrix H with nonnull entries.
Denote C := [H fb, du and C;, the matrix J HdP,. We need now to prove that the d + 1 first
entries of t, (&) tend to (0, 0) as n increases. This result together with compactness of the set H

and hypotheses (H) will entail that all remainder terms in the subsequent Taylor expansions go to
0. Let t,, (otn) := (0n, An, hn).

Lemma 6. Under HO, lim,,_, 5o A, = 0 and lim,,_, o 0, = 0y a.s.

Proof. Denote p by fj,. First note that for any o there exists a unique t, (o) := arg sup, [ m(t, o)
dP,.Indeed g — mgy = [gfydp— (g - %gz) is a strictly concave mapping and so is g —
f mg o d P,. Hence there exists a (possibly nonunique) optimizer of f mg 5 d P, on Fy, say gt
Identifiability then implies existence of t,(a), the vector of parameters which defines g*. By
Lemma 4, Xﬁ (foo> Jo,) — Oa.s. Since ® and H are compact sets there exists {n;} C {n}andt :=
(0, A, h) such that limg_, o0 t, (&4, ) = t. Since sup; |fm(t, o) dP, — [ m(t, o) fp, d,u| — Oand



1434 M. Broniatowski, S. Leorato / Journal of Multivariate Analysis 97 (2006) 1409—1436

since f m(t, &) fg, du has a unique maximizer t(a) it follows that the first two components of t
and t(at) coincide. It therefore follows that

Xik = /m(tnk(ank): ank)dpnk
> / m(t, @) fo, dit = 72(Fe for) = 0 = 22(fons foo):

which implies o = 0. Therefore [ m(t, fo,) fo, dw = 0, implying g = 0, which in turn (due to
(29)) entails 2 = 0. Therefore, all limiting points of the sequence 4, equal 0, which amounts to
say that 4, tends to 0. Furthermore, the first component of t(at) equals o = 0p. O

As a first consequence of the above lemma and (H), C, = C + 0,(1). By a Taylor expansion
we get

0 0
B / <5m(t’ > 5 a)) (£(00),00) A= Conroptl, )

where a, := (0, — 0o, An, 0, — 0p)’. By the above display and the multidimensional CLT, /n
ay = O) (1). We develop a simple expression for xi (Q, fy,), through usual second-order Taylor
expansion, in the form

X%(Qv f()()) = / m(t((')o), 00) dPﬂ + / (ﬁm(ts OC), im(ta OC)) dn
@t @ot (t(eo)ﬁo)

1 1
+ Ea;Can +0,(1/n) = -3 (an)' C (an) + 0p(1/n)

from which 2ny2(Q, fg,) = —3 (vnan) € (vnay) + 0,(1). The matrix C is block-diagonal,
. . . 72 72
since it can easily be seen that | 3055 (9 (100).00) S0, A1t = 0.Also [ 32 (90 (4(00).00) foo A

/

— il il Yl

= 2FE [(M log fa) (6o 0) (aa log f“) (t(Bo),Ho)} and f 6t2m(t, O()(t(go)ﬁo) fo, d it

—2E (—a 1 ) (—a 1 ) ,with g¢ := (1 — 4) fg + 4ry. Let Uy, = £
|: o 088t (t(00),00) \ 0t g &t (t(00).00) ith gy := ( )fo ry- Let Uy :=y/n [ oo

. 2 (2
m(t, a)(t(eo)ﬂo) dPn, Vn = ﬁf Em(t, Oc)(t(@o),(?‘o) dPn, A= f mm(t, d)(t(go)‘go)fgo d/,t and

~2
B:=/ 57m(t, o) ((00).00) fo,du Wh.ere the entries pertaining to the derivatives with respect to 5
have been canceled. It then holds, using (45)

2n12(Q, fo,) = —Us AU, + V,BVy +0p(1).

Also, A is minus twice the Fisher information Iy, pertaining to « in the uncontaminated model
at point 0y, and B is minus twice the Fisher information matrix pertaining to t in the contami-
nated model at point t(0p) (irrelevantly upon 7). Some classical evaluation will now provide the
asymptotic distribution of 2n xﬁ (€, fy,) in the spirit of the proof of Wilk’s Theorem.

We express V), in terms of U, as follows. For any a it holds

0 0 0
Em(t(a), a) =: G(t(d))/am(t, D)o + am(t, Di(@),a = 0, (46)
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which yields U, = —G(0y)’'V,. The multivariate CLT and Slutsky’s theorem yield Al =
G(09)B~'G(0p)'. Hence

2012 (Q, fo) = Vi [B — G(00) AG(00)] Vi + 0, (1).

LetS := [B — G(Go)’AG(Ho)] andV := Var V, = —2B~ . Then SV G (0p) = —2 [B — G(0p)
AG(00)] B~'G(0p) = 0.

Hence (SV) (SV) = SV (=2 [B — G(00) AG(00)] B™") = SV [1441 — G(00) AG(60) B~ ]
= SV, showing that SV is idempotent. Therefore, the asymptotic distribution of 2ny2 (Q, fp,) is 1
whose d.f. equals rank SV (see e.g. [20, Corollary 2.2, p. 58]). Set H := (B_IG(GO)’) (AG(0yp)) =:
LM.Then MLM = L, which is to say that L is a pseudo-inverse of M. By Lemma 1, p. 12 in
[20], rank SV = rank (1341 — H) = q —r, where ¢ is the number of columns of L and r its rank.
Hence ¢ = d, and rank L = rank G(0y)’ = d — 1, where the restriction on the rank stems from
(46). This concludes the proof.
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