The Annals of Applied Probability
2004, Vol. 14, No. 1, 118-143
© Institute of Mathematical Statistics, 2004

LIMIT THEOREMS FOR RANDOM NORMALIZED DISTORTION

BY PIERRE COHORT
INRIA-CERMICS
v

We present some convergence results about the distortion D, , . related
to the Voronoi vector quantization of a p-distributed random variable using

n i.i.d. v-distributed codes. A weak law of large numbers for nr/di)l‘i’n’, is

derived essentially under a p-integrability condition on a negative power of
a §-lower Radon-Nikodym derivative of v. Assuming in addition that the
probability measure u has a bounded e-potential, we obtain a strong law

of large numbers for n’/ di)l‘i’n’,. In particular, we show that the random

distortion and the optimal distortion vanish almost surely at the same rate.
In the one-dimensional setting (d = 1), we derive a central limit theorem for

n" JDI‘L n.r- The related limiting variance is explicitly computed.

Introduction. Quantization is a classical discretization procedure introduced
in 1948 to solve some signal processing problems. This procedure consists of
approximating an R?-valued random variable X defined on a probability space
(2, A, P) by a finite range random variable f,(X): (2, A) — {y1,..., y,} Where
(y1s ..., ya} € R? and where f,:RY — {y1,..., y,} is a Borel map. The above
approximation induces a discretization error usually modeled by E(|| X — £, (X)||")
for some r > 0, provided that X € L"(R2, 4, P). The preceding mean error is
called the distortion and f, is called an n-quantizer. The set of n-quantizers will
be denoted @,. Using the quantization procedure requires knowledge of a good
quantizer along with the related distortion. So it is useful to estimate (at least for
large n) the optimal distortion

(D fnilelcfanE(”X — [nOI")

and to study the n-quantizers inducing a distortion close to (1). In this setting, we
can confine our attention to the set 'V, of the quantizers taking values according to
the nearest neighbor rule: f,,(x) := y;() where i (x) is the smallest index satisfying
lx — yieoyl =minj<j<, [[x — y;|l. Indeed, one obtains easily that

Anf B(IX = foa(OI) = inf E(IX — faXOI").

The quantizers that belong to V, are called Voronoi n-quantizers. The name
Voronoi comes from the fact that the closures of the constancy sets of f;, are the
so-called Voronoi cells of {y1, ..., y,}, defined by the polyhedras,

2 Ci(yi,---s yn) :={z€Rd; lx — yill = min ||x—yj||}, 1<i<n.
1<j<n
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When restricted to V,,, the distortion writes
E(IX — fu(XI") =/ min [lu — y;||" u(du),
Rd 1<i<n

where p is the law of X and where {y1,..., y,} = fu (R%). So the distortion is
usually considered as a function on (R?)" and the set 'V, is usually identified
to (R)" [at fn € 'V, then n! n-tuples correspond in (R9)"]. The distortion will be
denoted Dy 5, (¥1, ..., yn). The coordinates of a Voronoi quantizer (y, ..., yu)
are called the codes.

This paper is devoted to the study of the asymptotics (as n — +0o0) of the
distortion when the codes are random, drawn from an i.i.d. sequence Yy, ..., Y,.
There is indeed a lack of probabilistic results about the related random distortion
since only the mean E(D, » - (Y1,...,Y,)) has been investigated in the past by
Zador [21], who obtained the convergence of n’/dE(i)M,n,r(Yl,..., Y,)) (see
also [10]).

Our goal is then to get more information about the asymptotic behavior of
Dy n,r (Y1, ..., Yy,), in particular to see more precisely how the random distortion
differs from the optimal one (1). To this end, we will show in a quite general setting
the following new results.

Laws of large numbers (Theorems 1 and 2).

P
WDy (Y1 V) B

a.s.and L?

4Dy (Y, Y S

where [ (defined in Theorem 1) is deterministic, depending on r, d, i and law(Y7).
Central limit theorem (for d = 1) (Theorem 3).

L
n' 2 Dy (Y1, .. Yn) =) S N(0,07,),
where o, is defined in Theorem 3.

Before stating these results, it will be helpful to give some background on
quantization theory, including the basics of optimal quantization.

The optimizing problem related to D, ,,, is known as the optimal quantization
problem of the probability measure p. This question arises in various fields
of applied mathematics (information theory, statistical clustering, stochastic
algorithm theory, etc.) and has been extensively investigated during the past fifty
years. Recently, Graf and Luschgy [10] have completed a comprehensive book
containing a rigorous mathematical treatment of the classical theory along with
some investigation on new topics such as optimal quantization for continuous
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singular probability measures. The survey by Gray and Neuhoff [11] provides
a detailed account of the information-theoretic aspects of quantization (coding
problems and links with Shannon’s theory) along with a historical review.
The deterministic optimizing algorithms of D, , , are described in [11] and the
stochastic optimizing algorithms are investigated in [1, 2, 7, 16]. Let us recall the
following basic facts.

Existence of an optimal quantizer. For every probability measure 1 on R and

every r > 0, there exists a quantizer (yj, ..., y;) € conv(supp(x))" such that
* kY :
i)u,,ﬂ,r(y17'~'7yn)_( )llfll)fe(Rd)”i)M,ﬂ,r(yla--"yﬂ) Mnr

Such a quantizer is called an optimal quantizer and Dy , . is called the optimal
distortion.

Asymptotics of the optimal distortion. If there exists ¢ > 0 such that
Jga lu]|" "¢ u(du) < +o0o. Then (Bucklew and Wise’s theorem [5]; see [10] for
a correct proof’)

n"D = Jrall fllajan:

where f is the density function of the absolutely continuous part of n, where
I fllaj@+r = (f f4/@+D)d+0/d and where J, 4 is some constant depending
only on r and d (see Gersho’s conjecture [8] for a geometrical interpretation
of J; 4). Note that from the moment assumption and Holder’s inequality, one has

I flla/@+r) <-+oo.

Asymptotic structure of optimal quantizers. Some features of the asymptotic
structure of optimal quantizers can be derived or reasonably conjectured. For
instance, Graf and Luschgy [10] have shown that the codes of an optimal sequence

OF - Yin=1 fulfill (—> denotes narrow convergence)
d/(d+r)
4 f
3) Z i ffd/(dJrr))L

as soon as j is absolutely continuous and fulfills | ||u|" ¢ u(du) < +oo. In [8],
Gersho conjectured the following asymptotic geometrical regularity of Voronoi
cells Ci(y],...,yy) [see (2)]: As n — +oo, the cell C;(yf,...,y;) becomes
congruent to a polyhedron P* satisfying

1 r
(4) W/ lu = c(POI"du = inf A(P)1+r/d/ lw = c(P)II" du,

where & is the set of polyhedras generating a tesselation { P; };>1 which is Voronoi1
with respect to the r-inertia centroids of the P;’s. Moreover, the constant J, 4 in
the Bucklew and Wise theorem equals the right-hand term in (4).
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Optimization algorithms. The optimal quantizers are in general unknown. So
one has to use some deterministic [14, 19, 20] or stochastic algorithms [16]
that make a local optimization of D, , , and provide numerical approximations
of some locally optimal quantizers. For instance, the CLVQ algorithm reads as
follows: assume that supp(u) is a convex set. Let (y(l), cees yg) € (R, let Yi)i=1
be a p-distributed i.i.d. sequence and let (gx)x>1 be a real sequence in (0, 1).
Define then (y* € (RY)");=0 by

i1 e OF =Yg, if Vi € G(YY),

S

« . 1<i<n
Vi otherwise,

where C;(y*) is the ith Voronoi cell of y*. If ¢, = ¢, the sequence (5) is known as
the constant gain CLVQ algorithm. It is, under some assumptions on u, a Doeblin
recurrent Markov chain whose invariant probability measure “concentrates” on
the set {VD, .2 =0} as ¢ — 0 (see [3]). If & | O, the sequence (5) is known
as a decreasing gain CLVQ algorithm and, under some assumptions on p and
on (&x)k>1, is almost surely converging toward an element of Argminloc(Dy ,,2)
(see [7]).

In practice, some problems arise when using the above results. For instance,
even if the optimization algorithm does not get trapped into some suboptimal local
optima, the resulting distortion is difficult to estimate from Bucklew and Wise’s
theorem even for large n since the constant J, 4 is in general unknown as soon
as d > 1. So in order to give some upper bounds on J, 4, numerous sequences
Y, ..., Y1)n>1 of deterministic suboptimal quantizers have been investigated (for
instance, the lattice quantizers, [10, 11]). From some geometrical considerations,
these sequences are shown to provide the convergence

r/d " ;
n'! g))‘m,nd,n,r(yl yees ) = Wy,

where W, 4 is a known constant depending on (yi’, ..., Y )n>1 and then yields
the upper bound J,. 4 < W, 4 (the introduction of such suboptimal sequences also
originated in the fact that they allow the reduction of coding and algorithmic
complexity problems in some applications; see [11], Section IL.E, page 2338 and
Section V, page 2361).

Another kind of quantizer has been introduced: a random quantizer (see
[10, 21]). Let v be an absolutely continuous probability measure on R¢ such that
supp(v) D supp(u) and let (Y;);>1 be an i.i.d. sample from v. One can consider
a sample path (Yi(w), ..., ¥,(w)) as a Voronoi quantizer. At this time, random
quantizers have been used only to get an upper bound on J,; and only the
mean distortion E(Dy, , (Y1, ..., Y,)) has been studied. In [21], Zador showed
(unfortunately under quite unrealistic assumptions) that

/d ol - pdu)
(6) E(n" Dyunr (Y1, -, Y)) = By F<1 * d) /Rd HOK
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where By is the volume of the d-dimensional unit ball and g is the density
function of v. Using the inequality i)/’j’n’r <E®ynrY1,...,Y,)) and letting
1 =V 1= A[o,1], the author obtained the bound J, 4 < Bd_r/dF(l + r/d). More
recently, Graf and Luschgy [10] derived rigorously convergence (6) when v is the
uniform distribution on some compact set of R? satisfying a uniform repartition
mass principle (e.g., convex).

Here we note that in some situations it may be interesting to have a better
knowledge of the random distortion D ,, ,(Y1,...,Y,). In particular, we have
in mind the initializing problem of the competitive learning vector quantization
algorithm (5). A good initialization of (5) requires at least that (y?, cee, y,?) €
supp(w)". But, the probability measure p [and in particular supp(u)] is in general
known only through the data (Yj)x>1. So an a priori choice of (y?, e yg), not
depending on the data, could lead to y? ¢ supp(u) for some i. Such y? could then
be frozen since an excessively large d (y?, supp(w)) implies Yi41 ¢ C; (y’f e yﬁ)
for every k and then y{‘ = y? for every k.

Subsequently, it has been natural to set (y?, ey y,?) = (Yy,...,Y,) and then
run the algorithm with the remaining data. The above random self-initialization
ensures that (y?,..., y%) € supp(u)”, but one can ask if it provides a good
initial distortion Dy, 2(Y1, ..., Y,). To answer this question, the only knowledge
of E(Dy,n2(Y1,...,Y,)) is not very satisfactory and we need some additional
features of the (specifically pathwise) behavior of D, , 2(Y1, ..., Yy).

Returning to the general case, the fact that supp(v) D supp(n) is equivalent to
DynrX, ..., ) 23°0. The goal of this paper is to investigate the L? and the
almost sure rate in the preceding convergence and, in the case d = 1, to derive
a central limit theorem for n" D, , (Y1, ..., Y,). Using a method based on the
estimation of the integral moments and of the variance of the random distortion,
we derive an L? and a strong law of large numbers for n’/dﬂDM,n,r(Yl, LY
(Section 1) which answer our question in a quite general setting and yield the
result that the random and the optimal distortion vanish almost surely at the same
rate (with different constants). When d = 1, the CLT is derived from an extension
of the Pyke—Hall method for spacing statistics (see [12]). In Sections 2 and 3, we
give some comments on these results. The proofs are derived in Section 4.

1. Results. For notational convenience, we set @Z’n’r =DunrY1,.... Y

where v is the common law of the i.i.d. random variables Y7, ..., Y,,. The random
distortion normalized at the optimal rate n’/? will be called the random normalized
distortion. The main object used to derive our results is the function

RY x R} — Ry,
v(B(u,s))

(u,8) — gs(u) = Sei(%’(g] m’
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where A is the Lebesgue measure on R¢ and where B(u, s) is the open ball with
center u € R? and radius s > 0.

For a fixed § > 0, we will call u — gs(u) the 5-lower Radon—Nikodym
derivative of the probability measure v. This terminology is justified by the fact
that if § is small, one can hope to have g5 >~ dv/dX under some mild regularity
assumption on g :=dv/dA.

In the following sections, By denotes A(B(0, 1)) and || - || denotes the Euclidean
norm on RY.

1.1. L? convergence. Our first result is an L? law of large numbers for the
random normalized distortion.

THEOREM 1. Letd e N*, p e N\ {0, 1} and r e R*}.. Let i and v be some
absolutely continuous probability measures on R with supp(u) C supp(v). Let
g be the density function of v. Assume that:

: u(du)
T1.1. There exists p > 0 such that [pa i, P < +00.
T1.2. fpa lullP” (1 + v)(du) < +o00.

Then

d LP . —r/d r wu(du)
l’lr/ i);j,,n,r%Bdr/ F<1+E>/];§11W

If the quantized probability measure p has a greater moment order than the
quantizing probability measure v, we can derive the L? convergence under a more
tractable version of assumption T1.1.

COROLLARY 1. Letd e N*, p e N\ {0, 1} and r € R’}.. Let ju and v be some
absolutely continuous probability measures on R? with supp(u) C supp(v). Let

g be the density function of v. Assume that there exists some n € (0, 1) such that:
Cl.1. There exists § > 0 such that [pa % < 4o00.

Cl.2. fpa NP/ (du) < +o0; Jra lul|P"v(du) < +o0.

Then assumptions T1.1 and T1.2 hold; in particular,

d LP —r/d r wu(du)
000, 2 870 (1) Ly

1.2. Almost sure convergence. Here, we provide a strong law of large numbers
for the random normalized distortion. The result is obtained under a mild
strengthening of the assumptions ensuring the L’ convergence along with the
existence of a bounded e-potential for the quantized probability measure.
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THEOREM 2. Let d € N* and r € RY.. Let ju and v be some absolutely
continuous probability measures on R¢ with supp(u) C supp(v). Let g be the
density function of v. Assume that there exists ¢ > 0 such that:

T2.1. The function ¢ — [pa - ”u CHF is bounded on RY.
T2.2. There exists p > 0 such that [pa W < +o00.

T2.3. fga llull? (1 + v)(du) < +o0.
Then

r/d v as.and L* —r/d r / u(du)
Dypr— By F(1+d et gy

As for the L? law, if the quantized probability measure p has a greater moment
order than the quantizing probability measure v, we can improve T2.2.

COROLLARY 2. Letd € N* and r € RY.. Let u and v be some absolutely
continuous probability measures on R?. Let g be the density function of v. Assume
that there exist n € (0, 1) and & > 0 such that:

C2.1. The function ¢ — [pa i |5 is bounded on RY.

C2.2. There exists § > 0 such that [pa M% < +o00.

C2.3. [fga llul P+ u(du) < +00; [pa ul* v (du) < +oo.

IIM CI

Then assumptions T2.1, T2.2 and T2.3 hold; in particular,

24 v as.and L* _—r/d r / u(du)
°®M P Bd F<1 + d) Jra g(u)r/d'

1.3. Central limit theorem. In the one-dimensional setting (d = 1), we show
that the rate of convergence in Theorem 2 is governed by the following central

.. . L .
limit theorem. We write — to denote the usual convergence in law for R-valued
random variables.

THEOREM 3. Let r > 1. Let u and v be some absolutely continuous
probability measures on [0, 1] with respective density functions f and g. Assume
that f and g are continuously differentiable on [0, 1] and bounded away from zero.
Then

n1/2< ’i);;,,,——r(1+ )/ AG ) )idv(o,o},g),
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where
2 1 !
S = d B
Ofe 22r(1 ,.)2/(; z28(z2)B(2)

with

A(z) )2 ) A(z) f(2) )
1-G(2) g (1 - G(2)

f@ )2
g(z)1+r
L1/ oma-=aG6Gm)  f) < a1- G(y))g’(y)>]
A(z):=| d — 1
2 /z [ r+DgWMH* gy - g(y)?

G(z):= /Ozg(t)dt.

B(z):=((r + DI(r + 2))2(<

+(T@r+3)-T@r+ 2)2)<

2. Comments. L? convergence. Theorem 1 and Corollary 1 are derivedin a
rather general setting. They involve only some moment conditions on p and v and,
roughly speaking, a -integrability condition on a negative power of the density g.
Indeed, from Lemma 8 (see Section 4.7) the value of § in assumption C1.1 can
be chosen small enough so that one can hope to obtain g5 >~ g. Moreover, under
some mild additional regularity property of v (e.g., v(B(u, s)) > c(g(u) A 1)s? for
s € (0, 8]), the condition C1.1 becomes

wu(du)
@) /Rd cGprai— < T

Assumption (7) seems satisfactory since it is close (at least for 7 close to 0) to the
assumption [ 11/g"/¢ < 400 which ensures the existence of the limiting constant
in Theorem 1. Assumption T1.1 is less intuitive than (7), but, if 5 is close to 1, it
would be better to use T1.1 instead of (7).

Almost sure convergence. Theorem 2 shows that the optimal distortion
Dj; ».» and the random distortion D), , . vanish almost surely at the same rate.
Assumptions T2.2 and T2.3 are similar to T1.1 and T1.2 with p = 2. Hence,
this result is obtained from the L? convergence essentially under the additional
assumption of a bounded e-potential for the quantized measure u, where ¢ can
be chosen small enough. Therefore, T2.1 is not very stringent; for instance, every
bounded probability density function satisfies T2.1.

A practical consequence of Theorem 2 is that one can hope to obtain a good
initial distortion in the CLVQ algorithm, at least for large n. Nevertheless, we

point out that the corresponding deterministic limiting constant lim '/ d@ﬁ,n, 18
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not the best achievable by random quantization. Indeed, from the reverse Holder’s
inequality, one can show that the infimum inf, [ g~" /ddyu is attained for the
probability density function

d/(d+r)
8 = 8opt = T rajan

(see [21]; note that from the assumption [ ||u||" ™ u(du) < +oo and from Holder’s
inequality, one has [ f d/Wd+r) <~ 400). The corresponding limiting constant is
then Bd_r/dF(l + r/d)|| flla/@+r)- Hence, from (3) and from the Bucklew and
Wise theorem, the asymptotic suboptimality of the “random optimal” quantization
is only due to the geometric unstability of the related Voronoi tesselation. The
self-quantization procedure induces a second source of suboptimality, due to the
suboptimal f-repartition of the codes.

Central limit theorem. We proved the CLT in a more stringent setting for a
technical reason: assuming d = 1 along with some regularity on f and g allowed
us to use and extend some spacing statistics techniques, namely, the Pyke—Hall
method (see Section 4.6.1). The limiting variance G% ¢ appears as a generalization

of Hall’s, which equals 2% (r + 1)2Gﬁg.

In the following section, we show that the assumptions of Theorems 1 and 2
satisfy two interesting robustness properties.

3. Two robustness properties for T1 and T2. Here we investigate the
robustness of the assumptions of Theorems 1 and 2 under the convex combination
and the tensor product of the codes laws.

3.1. Convex combination. Let u, vy, vo be some absolutely continuous
probability measures on R? such that supp(vi) U supp(v2) D supp(u) and let
Mi *= U|supp(v;)> i=1,2.

We check that for every a € (0, 1), the couple (u, @v; + (1 —a)1v,) satisfies T1.1
(resp., T1.2, T2.1, T2.2, T2.3) as soon as (w1, vi) and (w2, v») satisfy T1.1 (resp.,
T1.2,T2.1,T2.2,T2.3).

ASSUMPTION T1.1. Assume that (@1, vi), (2, vp) satisfy T1.1.
Let

()= inf MBO.5)
B8N = 061 v + (1 — ) (B(0.5))
g(gi)(u) — A(B(0, 5)) _12

mn —
5€(0,81 v; (B(0, 5))
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and let p > 0. Since supp(v1) U supp(vz) D supp(u), one has u < w1 + o and
then

/ ( N A(B(u, 5)) )”’/" )
R\ seoloep @V + (I — ) (Ba.s)) 1

A(B(u, s)) )Pr/d
+ d
S/Rd<se(oiq‘ﬁlp“+p) o+ (L —amBa,sy) WrTHdn

1 / pdw) 1 / Ma(du)
= 7 1 d 2
ol Jwt gl pyprtd (=Pt /d Jrd g uyprid

< 40

from Lemma 8 and the fact that (w1, v1) and (@2, vp) satisfy T1.1.

Assumption T2.2 is similar to Assumption T1.1 and Assumption T1.2 are
straightforward. As a consequence, one obtains the following robustness prop-
erty for the random quantization: If (g, vi) and (w2, v2) satisfy T1.1 and T1.2

(which implies that n"/4Dyi , , —1pl.q.;.0), then, n’/di)ﬁf,{j(l_“)vz >
Lr.d,ju,0v;+(1—a)r, - A similar result holds for the almost sure convergence.

3.2. Tensor product. letd;,d, € N* such that d| + d» = d and let vy (resp.,
12, 1) be an absolutely continuous probability measure on R (resp., R%1, RY).

Let pt1 (resp., 12) be the margin distributions of u over R4 (resp., R%). We derive
that (u, v1 ® 1) satisfies the assumptions of Theorem 1 (resp., Theorem 2) as soon
as (i1, vy) and (up, v2) satisfy the assumptions of Theorem 1 (resp., Theorem 2).

ASSUMPTIONS T1.1 and T1.2. Let C(u, r) denote the open cube with center
u € R? and half-side r > 0. First, one has

g )< sup ACIGL)
lull+p 257 = 5€(0, Jull+p] V(C(u, d=1/25))

(CO O g-1/2
<d'? sup (€ d 1 2s))’
i=1,25€0,llul+p] Vi (CO WD, d=1/25))

where M, u@) e RY x R2 =y e RY and €V x €@ = C. Second, from
Holder’s inequality,

/ I 2 (CO @D, g=1/25))\ 774
St 3IPG p(du)
REN ;21,250 llull+p] Vi (COWD, d=1/25))

i (CO @D, g=1/2g))\ Pr/di di/d
< [1 /( O, 4172 ) wdw )
R4 se(O ||u||+p] Vi (CO(u®), d==s))

i=1,2

®)
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However,
M(COW®, d"2s))
Sup O d-1/2
s€, Jull+p] Vi(CH @D, d=1=s)
A (CO WD, g—1/2
9) < sup i (u s))

T eV 2(ud | 4py) Vi(CO @D, d=1/25))

A(CO @D, d™ 2 (lull + p)))
Vi (CO@D, (lu®@] + p)))

Therefore, from Lemma 3 (see Section 4.7) there exists &,, > 0 such that

A (CO WD, a=125))
sup —
s€(0, Jull+p] Vi (CO D, d=1/25))

(10

< g MBOWD.9)  LBO@D. (ul +p))
T e up) Vi(BO @D, 5)) £ ’

From (8), (9) and (10), one finally gets that

/ p(du)
RY &|u+p @) P/4

pi(du®) il
=M l_[ |:/R l +/Rd(||u|| +,0)pr/L(du)i| < +o00.

NG 7
=12l TE g, 0P

Hence (u, vi ® vp) satisfies Assumption T1.1. The case of Assumption T1.2 is
straightforward and Assumptions T2.1, T2.2 and T2.3 are similar to Assumptions
T1.1 and T1.2.

As a consequence, one obtains the following robustness property for the random
quantization: if (@1, v1) and (up, vp) satisfy T1.1 and T1.2 (which implies that

WG D =Ll ) then, n™/4DPE2 10l 40 o, A similar result
holds for the almost sure convergence.

4. Proofs.

4.1. Notation. In the following items, f denotes a nonnegative Borel function
on (RY)P x Ri and (u, v) denotes (u1,...,up, v1,...,Vp) € (R¥)P x Ri.

1. L plf(a,v)]:= /(Rd)pu(dul)mu(dup) /R” dvy---dvp f(u, V).
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P 1/r n
2. Yo, p(u, v) = <l—v<U B(uJ, Ul/d)» :

j=1
3. lr,d,u,v:=/ ,u,(du)/ dv exp(—Bdg(u)vd/r)
RY R,
—r/d r n(du)
d/) Jrd g(u)
4. AP = {(u, v) € RY)? x RY;
/"
max ’1 < max [lot; || +p} c (RH? x]Rp
I<i<pn /d —

The convergence in probability (resp., the mean, the variance) with respect to P
will be denoted E), (resp., E, V).

4.2. Proof of Theorem 1. One has (Lemma 1)
(1n B D) )" = Lup[La0) Yo p] + L p[1647) T p )

However, (Lemma 2), for every (u, v) € (RHP x R”,

p
d
(12)  1AP Yo p,v) < eXp<—Bdgmaxlsi5p lui 1+ (1 ) [Ax v, /r)
j=1 ==

and (Lemma 4)
p
d
(13) IM,P |:Z exp<_Bdgmax1<i<p [lui ||+,0(uj) lrg.a}p v; /r)i| < +o0.
Since Aff), 1 (RY)P x Ri asn 1 +oo, Lemma 5 yields

B A ®P -
(14) AP Yy p e 2 exp( Bs) g(u])vd/r).
j=1
So (12), (13), (14) and the Lebesgue dominated convergence theorem yield

d/r
(15) Iu,p[]lASf,)/)JTn,p] = Iy p |:exp< By Zg(u])v / >:| lrd NTRTE

j=1
However (Lemma 6),
(16) T p[1CAY) Yn,p] = 0.
Therefore (15), (16) and (11) yield
d
(17) E@MD) , ) =1y,
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Now, observe that Assumptions T2.1 and T2.2 hold for every ¢g € {1, ..., p}
and the fact that p > 2 has not been used to derive (17). As a consequence,
(17) holds for every 1 < g < p, E(n’/d{o“ Y4 — 4 and, in particular,

won,r rd,p,v
n’/di)lj’n’r —Plrd 0. Finally, Lemma 7 yields n’/dﬂleL’n’r—np ly.d,,u,v which

completes the proof.

4.3. Proof of Corollary 1. We have to show that C1.1 and C1.2 imply
T2.1 and T2.2.

First, C1.2 straightforwardly implies T1.2.

Second, one has for every u € supp(g),

Slul+p @ < go@) N+ A(Bu, |ull + p))/v(B(u, p)).

Hence,

du du AB, lull + p)\P7?
/ u( )r/dff u( r)/d+/ ,u(du)( (B(u, ||ull ,0))) ‘
RE 8luf+p ()P Rd gp(u)P Rd v(B(u, p))
So, from Holder’s inequality [recall that n € (0, 1)], Jpa g||u||+p(u)_p’/du(du) is
less than

/ p(du)
R4 gp(u)Pr/d

RN (du) =
+ (/Rd pu(du)(AM(B(u, |ull + p)))” /dn) (/Rd U(B(u’l;))pl/}t’/(d(l—n))> :

Therefore,

/ wu(du)
RY &Juf+p )P/

</ u(du)
— Jrd gp(u)Pr/d
pr/d

B} ) pldu) T
+ o (/Rdu(du)(llullﬂ)” ") (./Rd W) :

Assumptions C1.1 and C1.2 along with Lemma 8 then ensure that

Jrd g””ﬁ(% < 4-00. Lemma 8 completes the proof.
ull+p

4.4. Proof of Theorem 2. First, we show that the assumptions of Lemma 9 are
fulfilled with &, := A,(ZZJO and

2
d d
Y v) = Y exp(—Bagluy vt 4@ )v] " v 05",

j=1
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ASSUMPTION L9.1. Lemma 2 with p =2 yields for every n € N* and every
(u,v) € (R9)? x ]R2 142 Y, 2 < (u,v). Assumption L9.1 then holds.

n,p

ASSUMPTION L9.2.  From Lemma 4, we already know that [, >[¢/] < +o0.
So, by Lemma 11, one obtains 7, 2[(1 + 6¢)] < +00. Assumption L9.2 then
holds.

ASSUMPTION 1.9.3. From Lemma 12, one has IM’Z[B.CA;%%S&‘T”’Z] — 0.
In addition, since Aﬁ,zu)o 0 (RH?2 x ]Rz, one has IM’Z[:H_EA;%})Tn’z] — 0. Hence,
Iﬂ,z[I].CAEZ’%(l + 8¢)Yy.2] — 0. In particular, Assumption L9.3 holds.

Then we get from Lemma 9 that for every k > d /¢,
(18) n2kr/d£:b’n2k’r _ E(n2kr/dci);i’n2k’r) a_; 0
However, Assumptions T2.2 and T2.3 imply Assumptions T1.1 and T1.2 (with

= 2). Hence, from Theorem 1, one has n” /d :0;2 nr L2 ly.d,uv- In particular,

IE( Zk’/di)” ) —> Iy 4,4, and from (18), one obtains n2k’/d5)” 2k -y Lrd,uv

Finally Lemma 10 applied with @, := D! , , completes the proof

w,n,r

4.5. Proof of Corollary 2. As in the proof of Corollary 1, one can show,
using Holder’s inequality, that Assumptions C2.2 and C2.3 entail Assumptions
T2.2 and T2.3. The details are then omitted.

4.6. Proof of Theorem 3. In this section, M (resp., ) denotes the set of the
absolutely continuous positive finite (resp., probability) measures having a density
function g such that g € €'([0, 1]) and infg > 0.

4.6.1. The Pyke—Hall method. Let (Zy,,...,Z,,) be the order statistics

of (Yy,...,Y,). Then the normalized uniform distortion n” @;{0 e CAN be
approximated by Kimball’s type spacing statistics

SV = Z(”(Zk—i—l,n — Zkw)

k=1
where (Z1 p, ..., Zy ) is the order statistics of (Y1, ..., Y,). Indeed, one can prove
that (e.g., if v € P)
1 P
1/2 v _ (1

(19) n (n’@x[(,,”,n,r AR ) o
So, CLT for n” {OA[ - . reduces to CLT for S,(,l).

In [18], Pyke 1ntr0duced a method based on Rényi’s version of order statistics
(see the Appendix for the related notation) to derive some limit theorems for S, b
This method has been extended to general statistics of m-spacings by Hall [12].
For 1-spacings, Hall’s CLT reads as follows.
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THEOREM 4. With the preceding notation,

1 1
n1/2<S,(ll) —/0 dx g(x)2/0 dzz ! exp(—zg(x))) £ N(0,02).

(See [12] for the explicit computation of 02.)
The key to the proof of Theorem 4 is first to assume that (Z; ,, ..., Z,.,) 1S
Rényi’s version of order statistics (see the Appendix), that is,

k X,
20 Zin=K S —
( ) k, g(Zn_J+1>

j=1

where (X ;) ;>0 is an i.i.d. exponential sequence with parameter 1, where K, :=
G (1 - exp(-)) and where G is the distribution function of v. Second, the key
approximation is as follows.

PROPOSITION 1. Letr > 1; let v € P with density function g. Then

() = 5) = (57 - E($5P)) 5 0,

where
1 n—l 1
s = - > (1(Zikgrn — Ziw)) T,
k=1
21
S ;:/ dz exp(—z)/ dx (—K;(—log(l — x)))
0 0 1—x
and
< 1”5 n 2": X;—1 K,,( | (1 k))
= — p— O —_——
tonggn—k\ign—j+1) ¢ ¢ n
k r
22) XF(F—}-Z)(V—{—I)(LK/ (—log(l——)))
n—k & n

(G pemi(vs(1-1)))
—_— —lo - = .
& k+18 g »

Reordering the terms in (22) according to the X;’s, one obtains a sum of
independent random variables to which the Lindeberg central limit theorem
applies. The related CLT for S,(,Z) together with Proposition 1 finally yield
Theorem 4.

Our goal is to extend Proposition 1 in order to deal with the nonuniform

3 1 r v
distortion n" D, , ...
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4.6.2. Proof (of Theorem 3).  We observe that if d = 1, the distortion D), , ,
is a function of (Z1 p, ..., Z, »). So, in order to derive a CLT for n’i)l‘i’n’,, we can
deal with a specific version of order statistics (Z1 p, ..., Z, ); In particular, we
assume without loss of generality that (Z; ,, ..., Z, ,) is Rényi’s version of order
statistics defined by (20).

Forl<k<n—1,let&kn €[ Zkn, Zk+1.n]. Then (Lemma 13)

£o.

23 1/2( "DV —7W>
3 T T Ty
Hence, the CLT for n" D), , , reduces to the CLT for W,,.

The next step is to apply Lemma 14 to W,,.

From the mean value theorem, there exists for 1 <k <n — 1 a [0, 1]-valued
random variable 6 ,, such that

k
Xra1 X Xi+1
K <§ O _*k) = Zivtn — Zin-

Since the function K, is increasing, one has

k
Xk
+k> €[ Zkn: Ziy1n]l  where yuni=)

j=1

X
n—j+1

Kg (Xk,n + Qk,n n—

Therefore, we can set {i, := Kg(Xkn + Ok nXi+1/(m — k)). Subsequently,
W,, writes

1 n-l n ex (_) Xk 1 r+l1
— ( Xk+1 <(f o Kg)l/(lﬂ)ip )(Xk,n + O )) .
nio\n—k goK, n—k

However, since f, g € &#, one has gf ~!/+") e M. Therefore, in order to apply
Lemma 14 we can set ¢ := gf /04" and ¢ := g. With this choice,

/(4 SXP(—)
(f o Ky) g0k, Hy 1040 o
and the sum S,(,l) defined in Lemma 14 equals W,,. Consequently, Lemmas 14, 15

and 13 yield
1
12 . r qyv s £ 2
" (" Dunr =306y 1)S) ~ N<O’ 27 (r+ 1)26gf"/“+”vg)
and an elementary computation shows that

1

LS J 1
22r(r + 1)2

u= S,
0o g’ 2"(r +1)

1
sz—l/(l-kr)’gzo—]zﬂg and ?F(l—f_r)

which completes the proof of Theorem 3.
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4.]. Lemmas.
4.7.1. Lemmas for Theorems 1 and 2.

LEMMA 1. Let ju,v be two probability measures on R%. Then, for every
n € N* and every p € N*, one has E(n’/dﬂD:L’n’r)P =1, p[Vn,pl.

PROOF. One easily writes that

P
d []n" mi
EMH‘DLWJPZE<[WWjﬁn” éﬁ;”n_ﬁwwugmo'”ﬂmuﬂ>

Using that the Y;’s are i.i.d. finally yields the needed result. [

LEMMA 2. Letd e N*, pe N*, r >0 and p > 0. For every § > 0 and

every u € RY, set gs(u) := infye(o.5) ;Eggi;; Then for every n € N* and every

(n,v) € (RHP x R,

P
d/r
ﬂAfzI.JEJ T"sl’(u’ V) < Z exp<_Bdgmax1<i<p [l2e; ||+,0<uj) 1111['3.<Xp Y; )
Jj=1 -~

PROOF. One has

p
d/
(24) Yo=Y O (g max o).
]:

Let j €{l1,..., p}. One gets

. L/r, 1/d
v(B(u;j, maXj<j<, v;:' /n
Tn,1<uj’ max Uzd/r) = eXP(—Bd (B 1sizp¥;_/n 7)) max vfi/r).

h 1 ! i
l=i=p AMB(uj, maxi<j<p vi/’/nl/d)) I<i<p

By the definition of the set A,(f ,)), one finally obtains

d
1A2’,’ﬂn,1<l41» max v; /r)

I<i<p

(25)

< exp(—Bd inf ————— max v,
se(0,maxi<i<p lluil|l+p] A(B(uj, s)) 1<i<p

v(B(uj,s)) 4/r>

Summing (25) over j and using (24) completes the proof. [J
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LEMMA 3. Let v be a probability measure on R? and let p > 0. Then
inf )v(B(u, lull + p)) > 0.

uesupp(v

PROOF. Assume that there is a sequence (#,),>0 in supp(v) such that
v(B(up, |luyll + p)) — 0. Seeing that the function u — v(B(u, ||u] + p)) is lower
semicontinuous and does not vanish on every compact subset of supp(v), one can
assume w.l.g. that ||u — u,|| < ||u,|| for every n for some u € supp(v). Then one
has B(u, p) C liminf B(uy, ||u,|l + p), and, from Fatou’s lemma,

liminfv(B(uy, [lu, | + p)) > v(liminf B(u,, [lu, || + p)) > v(B(u, p)) >0

giving a contradiction. [

LEMMA 4. Under the assumptions of Theorem 1, one has
p 4/
,
Lyp [Z eXP<—Bdgmax1<i<p Jusl+ (@4 j) MAX 0, )} < too.
j=1 ==

PROOF.

P
d
IW[Z exp(—Bdgmam<i<p llui | +p (1 j) Max v; ”)}
= 1<i<p

P
<M ) /(Rd)p p(duy) - - - u(dup) gmax =i lu; I4p )~ P7d
i=

JZ
<Yy f( o DB )
j=li=1

_1, MB@, lwll + p)\P?
<oy [ edw@w) (g + )
(Ray? luli+p (B, [lull + p))
<M [ i) (@10 @) + (lul + ") (Lemma3)
and the preceding term is finite. [J

LEMMA 5. Letd e N*, p e N* and r e R’.. Let ju and v be some absolutely
continuous probability measures on R?. Then

p
(26) Yn,p— exp(—Bd Z g(uﬂv?”), u®? @ A%®P_qe.
j=1

The proof is sraightforward.
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LEMMA 6. Letd e N*, p e N*, r > 0 and p > 0. Assume that [pa ||u||P" (1 +
v)(du) < 4o00.

Then I, p[1gaP) Yo, pl — 0.
PROOF. The change of variable w := v/n’/? yields
@7) Lep[16a¢) Yo.p) = I p[18,077 1165, ],

where

1/

B, = {(u, w) e supp(u)? x RY; lrgizixp w; "> max |lui| + ,0}

I<i<p

and where ©, ,(u, w) is the function defined on (RHP x Ri by

p
O, (u,w):=1— v(U B(uj, w}”)).

j=1

On the set B, one has

p
1
U B(uj, wj/r) > B(”J'o’ max lu;ll + ,0) 2 B(Mj()’ Il jo Il + /0),
=1 I=j=p
where the index jo satisfies wj, = max;<j<p w;.
Since supp(u) C supp(v), Lemma 3 then yields the existence of &, > 0 such
that for every (u, w), 15,0, ,(u, w) < 1 —§&,. Consequently,

(28) 1g,n""@) (u,w) >0  asn? +oc.

In addition, one can easily show that the sequence (]prnpr /d(H)'I’j’r)nzl is
decreasing for n > —pr/(d log(1 — &,)). Subsequently, since ®,, < 1, one
obtains

pr/d
(29) 15nP"@" | < (—Lvl) ©,.
. P dlog(l —§,) ’

for every n > —m V1.

Now, from [pa [|[u||”" (1t 4-v)(du) < +00, one easily obtains 1, ,[0© ;] < +o0.

Then from (28), (29) and from the Lebesgue dominated convergence theorem,
one finally gets that 1, ,[1 Bpnpr /d ®Z,r] — 0 which, from (27), completes the
proof. [

LEMMA 7. Let p>1 and (X,)n>0, X be random variables on a probability
space (2, A, P) such that X,, —»p X and E|X,|?P — E|X|P. Then X,, —>rr X.

The proof follows easily from Fatou’s lemma.
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LEMMA 8. Let¢:R? — R, and o > 0. Then

d
<EI,0 > 0 such that / M
RY ou)+p ()«

— <\7’p>0,/ M<+oo).
RY &o(u)+p U)¥

< +oo>

PROOF. This follows from the fact that for every p, o’ > 0, u € R4,

_ @) +p\ _
8ou)+p (1) ! = (1 + (%) )g<p(u)+p’(”) L ]

In the following lemmas, we use the following notation: for uy,u; € R?
(1 # uz) and vy, v > 0,

Ui/r-l—v;/r

&
lur — sl

LEMMA 9. Letd e N* andr € RY.. Let (8,),>1 be a sequence of Borel sets of
(R%)? x R%r and let ;u and v be some absolutely continuous probability measures
on R?. Assume that there exists a function ¥ : (R?)? x R%r — Ry and ¢ > 0 such
that:

LI.1. 1g, Ty 200, v) <Y (0, V) L ® 4 ® A @ A-a.e. for every n € N*.
L9.2. I, 2[(1 +68:)¢] < +00.
L9.3. limsup 1), 2[1pg, (1 + 8¢)Vp 2] < +00.

Then, for every integer k > d /¢,

(30) nZkr/di)v ” —E(I”IZkr/di)v % )0_;0.

w,nk w,nx.r
PROOF. Letk € N such that k > d/¢e. To obtain (30), we show that
31 Y VETIDY ) < +oc.

n>1
To this end, write

nV(nrk/d:Ov . )

w.nk. r
2
= ”(IM,Z[Tn",Z] - (Iu,l[Tnk,l]) )
=nly o[ Ype o (ur, uz, v1,v2) = Vpr 1 (1, v) Vo (2, v2)].

Let Dy :={ue R x R?; u; = uy). Assume that (u, v) € CDd,z X Ri and that
n> Sd/k(ll, V).
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We have B(uj, vll/r/nk/d) N B(ua, vé/r/nk/d) = & and then

Yk o(uy, uz, v, v2)
1/r 1/r

()

Therefore, Yk 5(uy, u2,v1,v2) — Yyx (w1, v1) Vi (w2, v2) < 0, which entails
that

) n( Tk oy, w2, v1,v2) = Yok g (e, V) Yy g (U2, v2))
< 8a/k Tk p(uy, uz, vy, v2).

If on the contrary, n < §4/x(u1, u2, vy, v2), then the inequality (32) straightfor-
wardly holds. Since u ® u(Dy,2) =0, one then obtains

k/d
aV (DY ) < ualapk Y o]
< Iu2[Te i 8a/k ok o] + T 2[Tgg  a/k k2]
Assumption L9.1 then yields
(33) nV(nrk/di):L’nk’r) < u2lbayi¥ ]+ 1u2[Tgg  Sask Vot ]
Therefore, for sufficiently large n,
(34) nV(nrk/di);i’nk’r) < Iy oldajk¥] +limsup I, o[1gg | 8a/k ok o] + 1.

However, since ¢ > d/k, Assumptions L9.2 and L9.3 easily yield that
Iy 2[84/k¥] < +00 and that limsup 1, 7[1¢g 2 Od /i Tk o] < +00.

Then, from (34), one obtains limsupnV(n” "/d{();’b ok r) < 400 which im-
plies (31) and completes the proof. [J

LEMMA 10. Let @ > 0,1 € R, k € N* and let (ay)n>0 be a decreasing

sequence of real numbers such that nk"‘ank —> [.Thenn®a, — 1.
n——+0o n——+0o

The proof is straightforward.

LEMMA 11. Under the assumptions of Theorem 2, one has

2
d d
IM,Z[‘Ss(”lv 12,01, v2) Y exXp(—Bagju, v s+ V]V vz/r)} < +o0.

j=1

For the proof, the only difference with Lemma 4 is the additional term
8¢ (u1, un, v1, v12), which is easily handled by the existence of a bounded e-potential
for .
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LEMMA 12. Letd e N*,r >0,& > 0, p > 0. Assume that:

L12.1. The function ¢ — [pa % is bounded over RY.
L12.2. fRd“u”2r+a (,LL + v)(du) < +o00.

Then
1, 2[1gA®),8: Y 2] — .
The proof is similar to the proof of Lemma 6.
4.7.2. Lemmas for Theorem 3.
LEMMA 13. Letr > 1,let u,v € P and let f denote the density function of

the probability measure |u. For everyn > 1 and every 1 <k <n — 1, let { , be a
random variable taking values in [Zy ,, Zi+1.n]. Then

I p
1/2 "V _ _ 7 -7 r+l1 = 0.
n (l’l w,n,r 2r(l” + 1) n I{XZ:I f(;k,n)(n( k+1,n k,n))

The proof follows immediately from the fact that f is Lipschitz and from the
elementary extreme values and spacings theory.

The following lemma is the extension of the Pyke—Hall method used in
Theorem 3. We use the notation

k
Seni=) 1/(n—j+1),
j=1

k
Xew =3 X;/(n—j+1),
j=1

Akn = —log(l —k/n).
LEMMA 14. Letr > 1 and let v € P with density function g. For everyn > 1
and every 1 <k <n — 1, let 6, be the [0, 1]-valued random variable satisfying

Xk+1
n—=k

Xk—H /
n— ng(Xk,n +0k,n

Let ¢ € M, let € P and define

(33)

) =Zis1,n — Zin-

exp(—-)
Hy,y = :
poKy

Then
(36) n'2((s = ) — (s? —E(5?))) > o,
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where

400 1 r+1
37 S :/0 dz exp(—z)/o dx (ﬁ (p,w(—log(l—x))) ,

1l n Xra1 r+l
(38) M= nz(n ka+1HW(an+9kn & ))

k=1 k
and
S@)—lnf e Sk H. 4 Oen)
n —nk:1n_kan k,n 1/, k.n
)
(39) X T+ 200+ (" Hoy )

n r+l1
— X341 H, A .
+ <n — Xkt PR k,n))

PROOF. A careful reading of Hall’s proof of Proposition 1 (derived in [12]
in a more complex technical setting) reveals that the only properties of K é =
exp(—-)/g o K, required to prove this result are those of the functions belonging
to the set {exp(—-)/¢ o Ky, ¢ € M, € P} (in particular, the fact that Ké is the
derivative of K, is not used).

However, the statement of Lemma 14 is precisely obtained by replacing mutatis
mutandis the function K é in Proposition 1 by a function Hy . So the proof of
Lemma 14 is very similar to the proof of Proposition 1 and we give only a brief
sketch of it.

The function H, y is continuously differentiable on R . So applying twice the
mean value theorem, one can check that

lnl

PO Z At

S —

where

" n r+1
An,k = mxk+1H<p,1//(Zk,n) ;

@ . n n
An,k = (V + l)ankJ'_lAn’k n—

r
- X1 [y (Sin) + sn,kAn,k])

k
with

Xk+1
An,k = (Xk,n - 2:k,n + Qn,k * )
n—k

Xi+1
XH¢ an+nnkan_an+nnk0nk e
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and where 7, and &, are some [0, 1]-valued random variable [defined on

(Q ’ A, ]P))]‘
Then one can prove the following approximations:

n—1
n23 A9 - [n_Xk+1(Xk n = Zkn) Hy, oy Orken)

k
(40) .
n P
x4 D X Ho i) ) | 50
n—1
n 2N Oten — Sk H, y k)
k=1
n n r
1) [ (S X Hoy G
n n r P
—E X Xira1H, Ak.n 0,
(n—k k+1<n_k k+1Hyp y (Mg, )) )}—>
(1) r+1 P
42) n—1/2 Z A, <—ka+1H (g, n)) — 0,

43) n1/2< lnzlE«

r+1
) )) — 0.
Finally, combining (40)—(43), one obtains
P
n'2((S37 = 8) = (82 — E(5,7))) = 0.
which completes the proof. [J
LEMMA 15. Under the notation and assumptions of Lemma 14,
nl/z(S,(lz) — E(Sflz))) S N0, 62 o)

where

2 0= /dx(l_ )(/ CI>(t)dt> (C@r+3) =T +2)%)W(x)?

2 1
F (T +3) =T +2)00) [ o

with

1 1 "
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and

1 r+1
W(t) = (: 0. (—log(1l — t))) )

For the proof, reordering the summation in S,(,z) and Lindeberg’s theorem for
triangular arrays (see, e.g., [13]) yield the result.

APPENDIX

Rényi’s version of order statistics. Let v be a probability measure on R,
let (Yi)1<i<n be a v-distributed 1.i.d. sample and let (Yk,n)lfkfn be the related
order statistics. Rényi’s version of order statistics is a version of the vector
(?k,n)lfkf,, constructed f{gm an i.i.d. standard exponential sequence (X ;)1<j<n.
More precisely, letting (X ,)1<k<n be the order statistics of (X;)i<j<p, it is
classical that

- (& X
(Xj)1§j§n=(27.J> .
=it/ 4

Then one obtains (Rényi’s version of order statistics)

k
_ X; £ oo
(44) G 1(1—exp(Z—/ 1)) = (Vi) 1<k=n»
n—j+ 1<k<n

J=1

where G denotes the distribution function of the probability measure v. In this
paper, for notational convenience, we set Ky := G~'(1 —exp(").
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