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Summary : In this report one obtains a method to generate random
numbers whose the randomness is proved. In this aim, one transforms data re-
sulting from electronic files. One can also use data provided by machines. The
randomness is proved by mathematical theorems and logical reasoning. This
method can be applied directly in computers in the same way that the function
"random”. In this case, it required neither chips nor machines: one transforms
the data provided by the electronic files. It can be also applied with the ma-
chines and the chips. In this case one transforms the random noises which they
provide. Of course, one can also transform the majority of the noises which
exists. Then, one obtains really independent sequences contrary to the current
methods for machines which often are satisfied to remove the linear correlation.
Moreover that can put a stop to certain malfunctions of the machines or of the
chips.

Résumé : Dans ce rapport on donne une méthode pour générer des
nombres aléatoires dont on soit str de la qualité. Pour cela, on transforme des
données issues de fichiers informatiques ou fournies par des machines. L’aléarité
est prouvée par des théoremes mathématiques et par des raisonnements logiques.
Cette méthode peut étre appliquée directement sur ordinateur de la méme
maniere que les fonction "random”. Dans ce cas, elle ne nécessite ni puces
ni machines : on transforme les données fournies par les fichiers informatiques.
Elle peut étre aussi appliquée avec les machines, les puces et la plupart des
bruits. Dans ce cas, on transforme les bruits aléatoires qu’elles fournissent. On
obtiendra alors des suites réellement indépendantes contrairement aux méthodes
actuelles qui souvent se contentent de supprimer la corrélation linéaire des ma-
chines. De plus cela peut mettre fin a certains dysfonctionnements des machines
ou des puces.

Key Words : Central limit theorem, Or exclusive, Fibonacci sequence,
Random numbers, Random noise, Higher order correlation coefficients.



NOTICE

This report represents the result of many years of work. It should be read in
relation to a secund report which we go published on this subject ” A perfect
random generator II” (for any information, ask us in rene.blacher@imag.fr).

This new report will be mainly a summary of the results of this report with
a simpler presentation. That is all the more necessary as certain results evolved
here constitute already a complete subject of study. All the results of this re-
port thus have not inevitably to be read to have a clear comprehension of the
construction of an random sequence. But they are not less essential to prove
than the obtained sequences are well random.

The publication of this report was delays owing to the fact that each time
we find a result, we find immediately another best than this one.

Thus, we obtained much more numerical results than those which we de-
scribed in this report. It is the same for the theoretical results. Some are even
not described here because they are not less useful. For example, we described
only a little the possibility that, starting from a sample z,, € {0/m, ....,m/m},
n=1,2.....N, we can almost always describe it by a continuous model if m is
rather large compared to m. However, this result can be useful when one em-
ploys the Central Limit Theorem for understanding well that the conditional
probabilities have a continuous curve which is not concentrated close to a few
points.

There are thus many results which we cannot give for lack of place. However,
all these results lead to a certainty: the numbers obtained are well random. For
those which would need more than precise details, do not hesitate to contact us
on rene.blacher@imag.fr.

Anyway this research being of an entirely new type, it is possible that many
papers where useful points will be developed follow this report. Indeed, many
improvements can be made and the many leads of study exist: they are some-
times quoted in this report.

On the other hand, because this report is very long, it is possible that in
spite of our efforts, the errors have slipped through to us during the correction.
Thank you for excuse us and to point them to us.
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Notations and
Abbreviations

We remind notations and abbreviation used in this report.

CLT : CLT for Central Limit Theorem
XORLT : XORLT for XOR Limit Theorem : cf section 5.2
F*(m) : F*(m) ={0,1,....,m — 1} where m € N*.
F(m) : F(m)={0/m,1/m,....,(m — 1)/m} where m € N*.
tm ¢ m is the uniform measure over F(m).
ook is the uniform measure over F*(m).
W p is the Lebesgue measure over R.
L : L is also the Lebesgue measure over R or over RP.
Ey: By ={{,T(0)|t € {0,1,....,m — 1}} where T is a congruence.
Ob(1) : Ob(1) is the classical ”O” with the condition |Ob(1)] < 1.
js ¢ s, 5=1,2,...,p, is an injective sequence such that j, € Z, j; = 0.
Js @ Je s=1,2,...p is a sequence such that jg € N, ji =0 < jy < ... < jp,
Bo : Bo means a Borel set of RP.
I:1or I, mean intervals of R.
N(Bo) : N(Bo) is associated to a sample z,, . N(Bo) is the number of z,
which belongs to Bo.
€ : € is associated to a sequence of random variables X, which satisfies
P{X,, € Bo} = L(Bo) 4+ Ob(1)e for all n and for all Bo.
|| : |x] means the integer part of x € R;.
T : T means a congruence T(z) = ax modulo m.
Tg : qu is the function of Fibonacci defined in definition 1.3.5 .
Ty : Ty = Tq2 .
T* : T* is the function of fundamental : cf theorem 1
fin : fin is the sequence of Fibonacci : fini1o = fint1+ fin, fi1 = fieo = 1.
A" ™ = h modulo m and 0 <h<m.
RR =mh" /m when h € F(m).
: h="h" when m is given unambiguous.
: T(k) =T(k), k € F*(m).
: T(k/m) =T(k)/m .
y: x ~y, where x,y € R, if, numerically X is approximately equal to y.

>

8 )=

Q



N(0,0%) : N(0,0?) means the normal distribution with mean 0 and variance
2

o°.

Y ~N(0,1): Y ~ N(0,1) if Y is a random variable which has the distribu-
tion N(0,1).

XG : XG NN(O,].) .

X&: XE=Xe .

x<<y:x<<y, where 0 <z <y, if and only if 2/y ~ 0.

I'(b) : T'(b) = P{|X¢| > b} where Xg ~ N(0,1) .

P{Xn € Ilxo, ....,Jcp} : P{Xn € Ilxo, ....,xp} = P{X,L € I Xy, =
X2y ey Xnpj, = xp} where X, is a sequence of random variables.

0,d1ds... : 0,d1ds... means the writing base 2 (or base d) of a number z =
0,d1ds....

A,a,B)b,C.c,.... : When one has a sequence of real numbers a,, which can
be regarded as a realization of a sequence of random variables, one will always
note datas a,, with small letters and the random variables A,, with CAPITAL
LETTERS : a, = A,(w) where the A,’s are defined on a probability space
(Q,A4,P).

bt(n’) and b%(n) : b'(n’) and b?(n) are the sequences of random bits con-
cretely obtained.

X, LA X : X, L2 X means that the sequence of random variables X,
converges en distribution to X.

X, 2 ox. X £ X means that the sequence of random variables X,

converges in probability to X.
. — n!

Ch 0 = oty

Hn): Hin) ={m=1,2,..,N|3u:m=n+c(u)} : cf Notation 9.2.2

H*(n): H*(n) = {m=1,2,..,N|3u:m =n+c(u),m #n} : cf Notation
9.2.2

H(n,q) : H(n,q) = {m =1,2, ...,N’H i n4c(p) —m| < q} : ¢f Notation
9.2.3

H*(n,q) : H*(n,q) = H(n,q) \ H(n) : cf Notation 9.2.3

op(l) : X,, =op(1) if X, £ 0: ¢f notation 9.1.1.

Op(1) : X, = Op(1) if the sequence of random variables X,, is bounded in
probability.

E{X} : E{X} means the expectation of the random variables X

02 1 02 means always variances.

S

Card(E) : Card(E) is the cardinality of the set E.
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Chapter 1

Introduction

1.1 General presentation of the matter

In this report, we present a new method to obtain sequences x, of random
numbers. This method can be used as well with machines as directly on a
computer alone.

Let us announce immediately that, by abuse of language, we will call also
"TID sequence” (Independent Identically Distributed) the sequences of random
numbers. Indeed, let x,, be a sequence of random numbers. Which one wishes, it
is that x,, can be regarded like a sample of a sequence of IID random variables X,
defined on a probability space (2, A, P) such that, for all n € N*, z,, = X, (w)
where w € Q.

One imposes that X,, has the uniform distribution. If it is not the case, we
shall precize it.

1.1.1 Presentation of the result

It is wellknown that numbers which are chosen randomly are useful in many
different kinds of applications. To have such number two methods exists :

1) Use of pseudo-random generators

2) Use of random noise.

These two methods have different defects.

1) For the best of them, the pseudo-random generators seem nondeterminist
only during a certain time. This can be long enough for the cryptographic gen-
erators, but it is with the current means of calculations. Moreover in simulation,
the pseudo-random generators must be tested for each application : cf [2] page
151.

2) If random noises are used, bias and dependences can appear : cf [3]. One
tries to remove them by mathematical transformations. But these methods have
defects. They remove bias and the linear correlation, but not necessarily the

11



dependence. Indeed, they are satisfied to remove the linear correlation: it does
not remove the correlation of higher order : cf [10].

On the other hand, these random noises can be produced by machines or chips.
In this case, that thus require additional material which can suffer from mal-
functions extremely difficult to detect : cf [1] page 3.

Now, for some applications, a maximum quality is essential (Nuclear power,
medical, cryptography). It is thus necessary to have generators without defects.
But, up to now no completely reliable solution had been proposed .

To set straight this situation, Marsaglia has created a Cd-Rom of random
numbers by using sequences of numbers provided by Rap music, by a machine
and by a pseudo-random generator. However, it does not have proved that the
sequence obtained is really random.

However, there exists simple means of obtaining random sequences whose
the quality is sure.

One can obtain perfect generators by using random noises, for example those
produced by the machines. In this case, one transforms these noises in a more
effective way. Indeed, one uses assumptions much weaker than those of the
current methods

One can also obtain perfect generators usable directly on computer (with-
out the use of machines). In this case, one uses the electronic files as random
noises (like Marsaglia uses Rap music). Then they are transformed by the same
method that we use for the machines.

One can thus obtain sequences of real numbers which are proved random,
which is a completely new result. To obtain this proof, one uses mathematical
properties and simple logical reasoning.

1.1.2 Summary of the method

When one uses random noise, bias and linear correlations are removed by current
methods. In this aim, one supposes that theses noises check some assumptions.
But, generally, those are not checked. Moreover, for each samples x,, there exists
many possibles models X,, such that z,, = X,,(w). That can be problematic.

Our method consists to transform random noises under very weak hypothe-
ses: we assume only that theses noises are not completely deterministic. It is
really a very weak assumption.

Moreover our results are true for all logical models possible. That suppress
the problems. That allows also to satisfy the mathematical definitions of the
random numbers. Though these definitions are very difficult to etablish.

Then, the obtained sequences will be always IID.

Now one can apply this method to many noises. So texts can be regarded as
noises which satisfy these assumptions. It is also the case for numerous softwares
which are recorded on computers : systems softwares for example.
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Therefore, one can obtain directly IID sequences by transforming the files
of computers. In this case, it is not necessary to use machines in order to have
true random numbers.

On the contrary some electronics files can be studied logically. Then ob-
tained numbers are surer than thoses obtained by machines which can have also
malfunctions.

Of course, one can apply also our methods to noises furnished by machines:
of course, our results are much surer than those of current methods.

1.1.3 Definition of randomness

To produce a really random sequence, it is thus necessary initially to have a
definition of the randomness. It is a subject which was studied much. But, it
is extremely complex. Philosophical questions are even involved. A summary
of this study is in the book of Knuth [1] pages 149-183. One reminds some
definitions in section 2.1. In fact, one will see that no current definition is really
satisfactory.

Thus in some definitions one uses numerical approximations which one notes
in the following way.

Notations 1.1.1 One notes the approrimation by =~ : for x,y € R, one sets
x =~y if numerically x is nearly equal to y.

Indeed, one can think to define randomness by the following way.

Definition 1.1.2 : Let L be the Lebesgue measure. A sequence x, € [0,1] is
said random if, for all Borel set Bo, for all n+1, if the past x1, x2,, T, is given,
one cannot predict the place of x,1 with a probability very different from that
of the uniform distribution : P.{xn11 € Bo|ry,........ ,Zn}t = L(Bo) , where
P.{xp41 € Bo|zy, ... , T} is the empirical conditional probability of Bo when
the past is given.

This type of definition it is that which one wishes. Unfortunately, it has
a defect : one does not have specified enough the approximation. On the one
hand, the definition of ~ is very undetermined mathematically. On the other
hand, one would like a definition closer to the statistics definitions. But it is
almost impossible to obtain such a definition : cf section 2.1.1.

But these questions of mathematical definition will not obstruct us because
we will circumvent this problem by using sequences which are really samples of
sequences of random variables X,,.

Unfortunately, an infinity of models X,, corresponds to the sequence z,,.
Then, there is the problem of the choice of the model X,,. We will avoid this
problem by proving that z,, behave as an IID sequence for all the logical possible
models.

13



1.2 Idea of the solution

Our method rests on a simple idea: to transform random noises by adapted
transformations.

Like random noises, one can use those provided by the machines. It is what
Vazirani, Neumann, Elias and others (cf [46] [4], [8]) wanted to do, but with too
restrictive assumptions.

One can also use some electronic files. It is what Marsaglia did with the Rap
music (cf [1], [20] ). But he has transformed these data in a too elementary way
(cf chapter 3).

Then, one has sequences of random noises y,. One can regard these y,, as
a realization of a sequence of (not IID) random variables y,, = Y, (w). The
associated random variables will be always thus noted throughout this report.

Notations 1.2.1 When one has a sequence of real numbers which one can re-
gard as one realization of a sequence of random variables, one will always note
with small letters the data and with CAPITAL LETTERS the random variables
which one will suppose defined on a probability space (2, A, P).

For example, for all n, a,, = A, (w) for all i=1,...,N., where w € .

When the y,,’s mean random noises, to consider that y,, = Y, (w) is a tradi-
tional and normal assumption. It is also true for the y, extracted from certain
electronic files. We thus have data y,, = Y,,(w) where Y}, is a sequence of random
variables not completely deterministic (and same often Qd-dependent).

1.3 Fundamental properties

Into this section, we introduce the properties which are at the heart of our study.
We will use the following notations.

Notations 1.3.1 : The notation Ob(.) is that of the classical 7O(.)” with the
additional condition |Ob(1)| < 1.

The sequences ji, o, ..... Jp » 0 € N*, mean alway finite injective sequences
Js € Z, such that j; = 0. On the other hand, the sequences ji, jh, ...... , Jp satisfy
moreover 0 = j1 < jb < ... < Jp-

The notation P{Xn € Bo‘xg, ........ ,:cp} means always the conditional prob-
ability that the random variable X,, belongs to the Borel Set Bo given Xp4j, =
) ;Xn-‘rjp = Tp-

Let m € N*. We set F(m) = {0/m,1/m,.....(m — 1)/m} and F*(m) =
{0,1,...,m — 1}. We note by um, and uk, the uniform measures on F(m) and
F*(m) , respectively : pm,(k/m)=1/m.
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Fundamental transformation

Because one is in the finite case, the densities always exist and one can suppose
that the condition of Lipschitz is always checked.

Proposition 1.3.1 : Let Z,, € F(m), n=1,...,N, be a sequence of random vari-
ables.

For all injective sequence js, we note by fnyj(.){z|zz, ........ ,zp} the condi-
tional density of Z,, with respect to i, given Zny;, = zs, $=2,3,...,p.

Then, there exists Ky > 0, such that, for all n € N, for all sequence js, for
all (z,2') € F(m)?,

fn7j(_){z|22, ........ ,Zp} - fn,j(.){z’\ZQ, ........ ,Zp}’ < Kolz — 2| . (1.1)

One can then state the fundamental theorem.

Theorem 1 : We keep the previous notations. Then for all € > 0, there exists
an application T* : F(m) — F(m) such that, for all interval I, for all n € N,
for all sequence j,

P{X, €I|xa,....... ,xp} = L(I) + Ob(1)e , (1.2)
where € is function of Ky and I and where X,, = T*(Z,,) , ®,, = T*(2,) .

This theorem is proved in chapter 4.1. It will be understood that ¢ depend on
K. In the chapter 6.1, this theorem is studied in a more precise way when one
uses the Fibonacci congruence to define T*.

Transformation of Fibonacci

What is important, it is that € can be enough small according to the choice of
T*. However, one carries out that the functions associated with the Fibonacci
congruence give the smallest e.

Definition 1.3.2 Let fi, be the Fibonacci sequence : fi1 = fio =1, fipyio =
fint1+ fin. Let T be a congruence T'(z) = ax modulo m such that there exists
ng > 3 satisfying a = fin, and m = fin,41. Then T is said a Fibonacci’s
congruence with parameters a and m (or more simply m),

In theorem 1, one can choose T*(z/m) = T'(z)/m where T is defined by the
following way.

Notations 1.3.3 Let h € Z and m € N*. We define " by the following way
1) 2" = h modulo m.
2)0<h<m.

If the choice of m is obvious, we simplify 1" into h.

In the same way, if the choice of m is obvious, and if T is a congruence :
T(z) = ax + ¢ modulo m, we set T(x) = T(m)m
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One uses also the following notations.

Notations 1.3.4 Let h € F(m) . We define ' by B = mh" /m. Often we
simplify 7' into h.

The reduction of Fibonacci congruences to their first bits will be very useful
for our study.

Definition 1.3.5 Let q,d € N*. Let T be the congruence of Fibonacci modulo
m.

We define the function of Fibonacci T§ : F(m) — F(d?) by Tg = Préo T
where

1) T(z) =T(x)/m

2) Prfli(z) =0,d1ds....dg where z = 0,d1ds... is the writing of z in base d.

If d=2, we simplify Tg in Ty and Prgl in Pry.

Standardization by the functions of Fibonnacci

These functions 7, make uniform marginal distributions of sequences of random
variables Z,, € F(m). In order to better understand that, we need the following
notations.

Notations 1.3.6 Let X be a random variable which has the distribution N(0,1)
: Xg ~ N(0,1). For all b > 0, we define T'(b) as being the probability that X
does not belong to [—b,b] : T'(b) = P{|X¢| > b}.

Suppose that the probabilities of F(m) are chosen randomly with the uniform
distribution. We set X,, = T,(Z,). Then, we shall prove in chapter 8 that, for
all Borel set Bo,

260b(1)

P{X,, € Bo} = L(Bo) [1 + W} )

with a probability larger than 1 — 2I'(b).

Example 1.3.1 Suppose m > 2100

2
thanl—w,

, ¢ = 50. Then, with a probability larger

2 % 400b(1 Ob(1
P{X” € BO} = L(BO) [1 + \/12*7220)} = L(BO) |:1 + %}
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As a matter of fact, we have a more important result : it means that, for
almost ALL the possible random variables Z,, € F(m) such as Z, is a model
for a sequence of real number z,, (z, = Z,(w)), (even if Z, is a bad model)

Ob(1)

P{X, € Bo} = L(Bo) [1 + S }

This result is false only with a probability smaller than 2/10%4° . One

can same decrease this probability by adding a pseudo-random sequence g,
X =1, (Zn + gn). All these results are proved in chapter 8.

1.4 Method of construction

We now describe a method of construction of an ITD sequence using the proper-
ties which we have just described. We build it starting from certain electronic
files. But this method can also be used with the random noises provided by the
machines.

1.4.1 The method

One uses a sequence of data a(j) resulting from several independent files. These
a(j) are thus independent by group. One can them consider like the realization
of a stochastic process A; : a(j) = A(j)(w). One then builds an IID sequence
of bits 8°(n’) in the following way (this construction is detailed in section 11.1).

a) One groups the data together in order to have a sequence of data e!(j) €
F*(m') ={0,1,....,m! — 1} where m! belongs to the Fibonacci sequence.

b) One makes uniform the marginal distributions by using Fibonacci func-
tions T7™.

b-1) One sets €2(j) = el(j) + rando(j) where randy(j) € F*(m!) is a
pseudo-random generator of period m!.

b-2) One sets €3(j) = mTi"(e2(j)/m') € F*(m) = {0,1,....,m — 1} where
m belongs also to the Fibonacci sequence.

As a mater of fact, 77" make also independent the e3(5).

¢) One uses the CLT (Central Limit Theorem)

c-1) One rewrites the sequence €3(j) in the form of table {f(i,n)}, i=1,...,S,
with S=10 or 15.

One removes possibly some e3(j) in order to ensure independence between
the lines: the lines will result from different files.

¢-2) The columns are summoned : g(n) = Ele f@i,n) forn =1,...N.

c-3) One uses these results modulo m: h(n) = g(n)

d) One applies the function of Fibonacci Ty, .
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d-1) One sets z(n) = Ty, (h(n)/m) .
d-2) One rewrites x(n) in the form of bits b7 and one joins the b7 obtained
to have the sequence of IID bits b°(n/).

This construction is detailed in the chapter 11.

1.4.2 Clarification of the method

The previous construction now is clarified.

Step b : By making uniform the marginal distributions with the functions
T™, the result is true for ALL the logical models A(j) associated with the se-

quence a(j) : a(j) = A(j)(w) *.

Step c : The use of the CLT enables the data to check the equation 1.1 with a
Ky not too big where

< K0|Z - Z/| .

fn,j('){z\z% ........ ,zp} —fn’j(.){z’\z% ........ ,zp}

To check that, one will need to know the rate of convergence of H(n) and G(n)
to their limit distributions (by CLT). This study is carried out in the chapter 5.

In fact the step c-3) corresponds to a second limit theorem much more ef-
ficient than the CLT that one will call XOR Limit Theorem (XORLT). In this
case, the sums modulo m are not other than the XOR (Or Exclusive) generalized.

Step d : By using the rate of convergence one knows how to apply the funda-
mental theorem 1 with the function of Fibonacci. A good choice of the param-
eters will imply that the equation 1.2 is true not only for intervals I, but also
for all Borel sets Bo :

P{X(n) € Bo|za, ........ ,@p} = L(Bo) + Ob(1)e ,

where € is small enough.

If the parameters are well selected, the sequence b°(n’) could be regarded as
IID.

1.4.3 Choice of parameters

It is thus necessary to choose the parameters qp, m and m'. This choice is

carried out according to the size gy N of the sample v°(n’) that we want to have.
Indeed, one will impose

2q0/2F*1(a2) < 204\/% ,
Vo N

ITo consider the models A(j) is equivalent to consider the models E3(j) : cf properties of
functions Ty in section 1.3
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where ay ~ 477 and where o < 0.02. The reasons of these choices are detailed
in section 2.4.3

1.5 Quality of the sequences b°(n’)

We will understand that the sequence b°(n’) can not be differentiated from an
IID sample.

1.5.1 Obtained relations
First, for all bit b,

P{B°(n') = b|bg, ........ by =1/2+

where gy /N means the size of the sample of the bits b°(n/).

Now let us note by P, the empirical probability that B°(n’ + j,) = b for
s=12,.p: P. = P.{{B°(W' + j1) = b1} N ... N{B°(n’' + j,) = by}}, where
b= (by,....b,) € {0,1}7. Then,

P{\/Nqo|P. —1/27)| > a,b} <T(b[1 — 1)),

where O'g is the variance of P, in the IID case and where 7 is rather close to 0.

Note by P the empirical conditional probability that B°(n’) = b; given
BO(n' + js) = b, for s=2,3,...,p. Then,

P{\/Nq|PE —1/2| > a5b} <T (b1 — 7)),

where (O'pc )2 is the variance of PC in the IID case and where 7’ is rather close

to 0.

It is important to notice that these results are also checked for all subse-
quence bY(¢(n’)) where ¢ is an injective function.

1.5.2 It is impossible to differentiate °(n’) from an IID
sequence

Indeed, it is known that if there is sequence really IID, P, is close to 1/2P with
a certain probability: it is completely possible that P, is rather different from
1/2P, but the probability that happens is weak.

Now, under the assumptions of the theorem 1, it is also possible that P, is
rather different from 1/2P, but that does not have much more chances to happen
than in case really IID.

It will be thus difficult to differentiate the b°(n’) from a really IID sample.
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1.5.3 Checking of the definitions of randomness

The sequences b°(n’) thus checks a probabilistic relation similar to that of the
definitions of a random sequence : cf section 1.1.3 and definition 1.1.2. This
definition is known to be that which one expects from an IID sequence.

The sequences b°(n’) check also empirical relations similar to those of the
traditional definitions of the random sequences : cf sections 2.1.

These results are true for all logical model A(j) associated to the sequence
of the data a(j). They are thus true for ANY models B°(n’) deduced from the
A(j)’s by the constructions defined in section 1.4.1.

By this way, we circumvented the problem of definition of random sequences
of real numbers and even that of the choice of model.

1.5.4 A file of an IID sequence

We have concretely built an IID sequence of real b'(n’) by using the method
described here : cf section 11.2. One can obtain this sequence b'(n’) by ask-
ing it to rene.blacher@imag.fr (Laboratory LJK, University Joseph Fourier of
Grenoble, France). More precisions on this subject will found in [18].

1.5.5 Tests

Theoretically, some tests can not be checked by the sequences °(n’). But that
will happen only with a probability equivalent to that of an IID sequence.

On the sequence b'(n’), we carried out the traditional tests of Diehard : cf
section 2.1.6. All were checked : cf section 11.2.14.

1.6 Conclusion

For all these reasons, it is not possible to differentiate the sequences b°(n’) from
an IID sequence : one can consider that °(n’) is an IID sequence.

There is thus well a total and simple answer to the problem of random num-
bers. In particular, this solution will have all its interest
1) For delicate calculations.
2) In cryptography: an IID sequence being by nature unbreakable.
3) In simulation, analysis, etc : one avoids having to test the provided sequence.

The advantages compared to the current methods are clear:

1) It was proven that the numbers obtained are random.

2) There is not to test these numbers, especially in simulation where it had
to be done for each new practical application.
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3) The method is applicable directly on the computers: it is as easy as to
use a function "random”. Moreover, there does not need to add a machine or
an additional chip to the computer.

4) If one uses the random noises (Machines, chips, software programs), one
removes all the dependence, which generally the current methods do not do.
Moreover that can remove certain dysfunctions of the machines.

A more detailed comparison with the current methods is carried out in sec-
tion 2.3.1.

1.7 Other possible transformations
There are other possible transformations of the data to obtain IID sequences.

We detail this point in the Chapter 12. In section 12.1, we show another method
explicitly.

21



Chapter 2

Quality of obtained
sequences

In this chapter, we detail what is the interest of our method.

2.1 Criteria of randomness

2.1.1 Mathematical definitions

To determine the quality of a generator, one needs a definition of the randomness
of a sequence of real numbers xz,,. Many studies were made to give reasonable
definitions: there is a good summary of these studies in chapter 3-5 of Knuth :
cf [1]. In this section 2.1.1, we summarize the study of Knuth.

The common wish when one tries to obtain random sequences, it is to obtain
a sequences of real numbers x,, which can be regarded as a sample of an IID
sequence of random variables X,, : =, = X, (w). Then, one can propose the
following definition.

Definition 2.1.1 : Let x,,, n=1,2,....,N, be a sequence of real numbers in [0,1].
Then, x, is random if there exists an IID sequence of random variables X,, €
[0, 1] defined on a probability space (Q, A, P) such that x, = X, (w) wherew € Q.

But there is a problem with this definition : for example, if it is admitted,
Ty can be increasing. Of course, it is possible only with a negligible probability.
But it is possible. Then, another definition thus should be used. Thus, Franklin
proposed the following definition.

Definition 2.1.2 : Let x,, n=1,2,....,N, be a sequence of real numbers in [0,1].
Then, x, is random if it has each property that is shared by all samples of an
1ID sequence of random variables from uniform distribution.
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This definition is not precise and one could even deduce from it that no
really random sequence exists (cf [1], Knuth page 149).

One must thus define differently what is a random sequence (or IID se-
quence). Also, the following definitions were introduced.

Definition 2.1.3 : For all finite sequence of intervals I C [0,1], we denote by
P, the empirical probability : P. = (1/Ny) 2221 Ln (@)1 (Tng1) e 11, (Tngp)
where Ny = N — p.

The sequence {x,} is said p-distributed if |P, — L(I)| < N4_1/2 for all I =
LeL®..®L.

Definition 2.1.4 The sequence x,, is random if it is p-distributed for all p <
LOQQ(N4) .

Unfortunately, this definition does not take into account the randomness of
subsequences Ty, , Tey, --.... x¢,, . However, it is known that one cannot extend this
definition to all the transformations s — t; which define these subsequences :
for example, this definition cannot be satisfied by the sequences x;_ increasing.
It is necessary thus that the application s — t, is too not complicated. Also
Knuth proposes the following definition.

Definition 2.1.5 : The sequence x,, is random with respect to a set of algo-
rithms A, if for all sequence x¢,, Ty, ...... xy, , determined by A, it is p-distributed
for all p < Loga(N).

Remark 2.1.1 One imposes p < Logs(N) because that does not have any
meaning to consider P, if p > Loga(N), e.g., if p=5, and if one has a sam-
ple of size 10, that has not meaning to study its dependence in 32 = 25 cubes of
width 1/2.

These definitions summarize those given by Knuth, [1] page 108. In fact
he has especially studied the infinite case. But because in practice, there are
always samples of finite size, we are limited to this case in this report.

This type of definition was the subject of many studies. In 1966, Knuth had
thought that definition 3 defines the randomness perfectly: cf [1] page 163. It
seems that he changed opinion since. In any case, none of these definitions is
fully satisfactory. Knuth speaks philosophical debate on this subject. Thus, he
points out that, according to certain principles, all the finite sequences can be
regarded like determinist (cf pages 167-168) [1]).

Remark 2.1.2 In any case, the above definition of Knuth is uncertain: can one
choose algorithms which mix the past and the future? The algorithms should not
they not be limited to mix some x,,_; where t is not too large and t > 0?2 It seems
that not. But is this sure? Cf definitions 2.1.8 and 2.1.9. These remarks show
that the problem is complicated.
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2.1.2 Statistical definitions

Now, the definitions above are not satisfactory statistically. Indeed, it is known
that if x, is really an IID sample, w has approximatively the nor-
mal distribution where o is the variance associated to P.. For example, suppose
p=1, L(I) = 1/2, ¢* = 1/4. Then, P{N'Y2?|P, — 1/2| > 1} =~ 0.045. That
means that it is possible that the event |P, — L(I)] > N~'/2 occurs. In fact,
if one considers |P, — L(I)| for the set of intervals I, it are almost certain that

it will occur. This property is thus different from the definition 2.1.5 de Knuth.

Therefore, one specifies statistically the definitions 2.1.4 and 2.1.5 in the
following way.

Definition 2.1.6 : Let us suppose that x, belongs to the set of the numbers
with g decimals bases d. One says that x,, is random if, for all the sequences x,
defined by a set of algorithms A, for all suitable p, for alll =1, @ I, ® .. ® I,
(where the I are intervals of {0,1/d%,2/d9, .....,d%/d?} ), it checks all the tests
associated to N'/?|P, — L(I)| with the same frequency that a really IID sequence
would do it.

By 7same frequency”, we understand that a really IID sequence will not check
all the associated tests, but will check them only with a certain probability. For
example, if all the tests to 1 percent was checked that would be abnormal.

This definition is completely natural. Indeed, what would make a priori an
observer not knowing anything about z, if he wants to know if this sequence
is IID? He will carry out, in an certain order, a succession of tests which will
define randomness completely.

Now, the definition is limited to the intervals. It does not include Borel sets
and it is an important gap.

For example let us suppose that z, = 0,dLd2d3d% is the writing of z,
bases 10. Let us suppose that the definition 2.1.6 is checked only for the in-
tervals. Then, because {d}, = 1} = {z,, € [0.1,0.2[}, the event {d! = 1} will
probably check acceptable conditions. But {d} = 1} = P{z, € UL} , where
I, = [0.0001,0.0002] , I, = [0.00011,0.0012[ , I5 = [0.0021,0.0022] ,...... It is
thus easy to obtain examples where dii = 1. Of course, in this case, x,, could

not be regarded like random. However, the definition 2.1.6 is checked

Therefore, one specifies statistically definitions 2.1.4 and 2.1.5 in the follow-
ing way.

Definition 2.1.7 : Let P! = (1/N4)Zgil 1Bo, (Zn)1Boy (Tns1)--1Bo, (Tnip)
where the Bo;’s are Borel sets.

1t is said that x,, is random if, for all the sequences x;, defined by a set of
algorithms A, for all Bo = Boy ® ...... ® Boy, it checks all the tests associated
to NY/2|P! — L(Bo)| with the same frequency that a really IID sequence would
do it.
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Now, it is known that one will always find Borel sets which does not check
tests of randomness even for a really IID sequence.

This fact is not annoying: this case is envisaged by the use of the terms
”with the same frequency ”.

On the other hand, it is not obvious that one has forgets not any dependence
in the previous definitions. Also, to avoid gaps, one introduces a new definition
(generalization of the definition 1.1.2).

Definition 2.1.8 : It is said that x, is random if, for any n, for all Borel
set Bo, for any injective sequence js, if one knows Tnyj,, Tnijgs e s Tty s
one cannot predict the site of x, with a probability very different from that
of uniform distribution : Pe{x, € Bo|Tpij,,........ s Tntj,} ~ L(Bo), where
Pz, € Bo|lrnyjy,...,Tnej,} 15 a good estimate of the conditional probability
P{xn € B0|xn+j27 "'7mn+jp}'

Such a definition will pose problems, for example for the sequences x,,;, which
are increasing. Then, it is noticed that one can simplify it: if all the conditional
probabilities check P{z,, € Bo|Tnij,, oo yTnyj, } 7 L(Bo) for all n, it is
equivalent to the fact that all the conditional probabilities knowing the past
check P{zp4+1 € Bo|z1,........ ,Zn} # L(Bo) for all n : it is enough to regard
the values of probabilities of the Bo; ® ..... ® Bo, C [0,1]P. One can thus be
satisfied to use the conditional probabilities knowing only the past.

Definition 2.1.9 : It is said that x, is random if, for all Borel set Bo,
for all n+1, if the past x1,xa,........ , Ty 1S given, one cannot predict the site
of Tpy1 with a probability very different from that of uniform distribution :
P.{xp41 € Bo|zy,........ ,ZTn} = L(Bo), where Po{x, 1 € Bolxy,........ ,Tn} 1S a
good estimate of the conditional probability P{x, 1 € Bo|xy,........ T}

This definition seems a priori a good definition of the randomness. Indeed,
it says that, knowing the past, one cannot predict the future with a probability
too different from that of the uniform distribution. Intuitively, it is understood
well that it is well the independence of the X,, which one defines thus.

Besides, it is this condition which one wishes for the random sequences in
much books. However, in these books, one does not adopt this definition. In-
deed, the definition 2.1.9 is imprecise : one does not have specified the approx-
imation.

In fact, it is also the case in the definition 2.1.6 where one does not have
specified the frequency. However, that will pose problems as for the definition
of Franklin. It would thus be necessary to specify our definitions and to make a
theoretical study. But it is not the goal of this report more especially because
all the studies on this subject were delicate

Especially, that will not be necessary because we have to avoid this problem

by using sequences which are really samples of random variables and by study-
ing the properties that one has a priori on such sequences.
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Of course, we have proposed the previous theoretical definitions especially to
show that the results that we obtain in section 2.4.3 are well what is supposed
and what one always has wished for random sequences.

2.1.3 Use of random Variable
Use of really random Variable

Then, we use really random variables. It is this technique what one uses with
machines and the method of Von Neumann, Vazirani, and others ones : cf [4],
146}, [8].

As a matter of fact, they assume that x,, is the realization of a sequence (not
IID) X,, defined on a probability space (€2, A, P) : z, = X, (w) where w € Q.

Then they transforms {X,,} in a sequence {X!'} = F({X,,}) such that XT
is IID. But they obtain often this result under some assumptions whose one is
not sure that they are checked.

Now, the matter of samples reappears : it is necessary to choose a correct
model for X,,. It is known that some ones are bad. Now there exists an infinity
of such models. How is it possible to choose the good one?

By using our method, we avoid this difficulty by proving that the sequence
XT which we obtain are IID for all the logical models X,,.

In particular these sequences X satisfy properties compatible to definitions
2.1.8 and 2.1.7 for ALL logical models. It is a very strong result which resolves
the problem of definition.

Choice of a model : case of machines

We know that one cannot choose definition 2.1.1 as definition of randomness,
that is to say the following definition is bad.

Definition 2.1.10 (Definition 2.1.1) : We say that x,, is random if there exists
an IID sequence of random variables X, € [0,1] such that z, = X, (w).

For example, x,, can be increasing (with a negligible probability).

In fact, this definition is not a problem solely when it is known a priori that
the sequence X, is IID: it is the type of assumption which one makes when x,,
is provided by physical phenomena in the machines generating random numbers
electronically.

Unfortunately, it is an assumption which is not completely sure. In fact, a
priori this assumption does not hold for these machines: the intruments of mea-
surements distort the physical phenomenon and induce bias and dependences
(cf section 2.2.2, page 33). The reasoning which follows from there thus become
partially dubious.
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In fact, this definition does not pose any problem solely when one knows
completely a priori the IID sequence X,,, like the case of a mechanical roulette
or a mechanical lotto.

In this case, one starts from a machine and one extracts a sample from it.

But this technique is not thus appropriate inevitably when one starts from
a real sequence y,,: cf counterexample of the increasing sequences.

Choice of a model : general case

To a sequence of real, it corresponds an infinity of models. Even if z,, can be
regarded as a sample of an IID sequence X,,, it can be also logically regarded
as the realization of an infinity of other models X2 (thus not IID).

The question thus should be asked: if one associates a model to a sequence
x,, which criteria make it possible to be sure that this model is correct? It is a
study which was never made until.

Then, which is the theory on the models? Generally, the following facts are
admitted:

1) There never exists single model: a model is always related so that one
wants to make of it. The same object will not be translated in a model in the
same way according to in what one is interested.

2) Even when the goal is fixed, there are always several possible models,
which all can be as valid the ones as the others.

Then how to be sure that a model is the good? That seems impossible.

Choice of a model in a group of models

Group of models One can admit that a set of models contains correct mod-
els.

For example, when all the x,, are different, one can admit that X, has a
differentiable density with a Lipschitz coefficient Ky not too large. That can be
increased thanks to the value Min(z(,41) — %4(n)) where t is the permutation
checking (1) > Ti(n)-

In fact this hypothesis is usually admitted by the statisticians especially
those which use functional estimate.

Transformation in a group of models In order to avoid the problem of the
definition of the random sequence, one can transform them : {X1} = F({X,})
as Von Neumann, Vazirani, and others ones do : cf [4], [46], [8]. But their
transformations do not have all the good properties necessary.

It is necessary that these transformations impose sufficiently useful prop-
erties on the models. For example, one can use the CLT which will impose
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for the majority of the models this assumption of continuity of the densities.
But it is simpler to use the Fibonacci functions 7j, which have extremely strong
properties.

Fibonacci transformation If a sequence y, has reasonable models in the
group of models with continuous density, then, with these models it will check
O(l)Ko}
Y

P{T,(Ya) € | Yasjo = 2o Yuts, = b = LD |1+ N

where I is an interval and N(I) be the number of k/m € T.

More precisely, all the models with continuous density and associated Lips-
chitsz coefficient Ky will check this equality. Therefore, one is well sure to have
finally

PAT(Yn) €1 | Ynsjo =y2, s Yoy, = yp} = LU)[1 + €] ,

where € is enough small.
Then, one is sure that T,(Y;,) could be regarded reasonably as an IID se-
quence.

By this way, one turns well the problem of the definition of an IID sequence.

The problem of other models

Then a question is asked : if a model is correct and does not belong to the
models with K rather small, is what it will produce the same properties? If
it produces another one, it will be a conctradiction. There will be two possible
logical conclusions.

But does this problem really exist there? a priori not! It seems absurd that
a sequence can be at the same time regarded as IID and not IID. However,
it is not completely obvious: there one finds the problem of the choice of the
definitions.

Then, does this problem really exist there?
As a matter of fact, the question is: will these models be they correct? In a

certain way, certainly not! But it is not so simple. It is in fact very difficult to
answer this question without making a study which proves it.
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The total answer : true for all the logical models

Now, by using the Fibonacci functions, one avoids the problem. In section 13.3,
one proves mathematically that, for almost all the models, one has well
N(I)

PIT,(Ya) € | Yasjo = 2, oo Yurs, =t} = LD |1+

It is a very satisfactory result. Indeed, it is known well that if one takes all
the possible models without no a priori, there will be an infinity of bad models.
Here, we find of it only a number negligible: it is already extraordinary.

Moreover, there is a still better result. One indeed finds that for some data,
for example those resulting from texts, ALL the logical models associated with
yn will check (cf chapter 13)

0(1)K,
N({)

P{Ty(Y) € I | Yoijy =y, Yoy, = yp} = L(I) {1+ ] = L(D)[1+¢] .
One could better wish with difficulty like result.
Unfortunately, there remain the e. But this problem can be resolved by
choosing € with respect the size of the sample.

2.1.4 An answer to the problem of definitions

Indeed, we will understand that the bits b,, that we regard as proven IID check
the following properties :

for all p < Log(N)/Log(2), for all injective sequence js, for all logical models
B,

P{\/N|Pe — 2%| > an} :Kl([l fn]x) ,

Pe
De

P{\/N (1/2)

> G m} = ([1-]2) ,

where n and 7’ are small enough and 0% and ofp are the variances associated
to P and P, /p. when P, = (1/n1) 3200 1p(By, )1, (Bt,. 5, ) 1b, (By, ;) and
pe=(1/n1) >0 1oy (By,,, )ene 1, (Bt,,;,) where t is a permutation and n; <
N.

Moreover, if B, is IID, the same equalities holds with n = ' = 0. That
means well that, if 7 and i’ are small enough, one cannot differentiate B,, from
an IID sequence. This result is proved in this report.

These results correspond well to definitions 2.1.7 and 2.1.8 which we think
to be good mathematical definitions of randomness. As a matter of fact, theses
properties are equivalent to these definitions. Then, by this way, one proves
that B,, satisfies these definitions for all logical models B,,.
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Thus, we solve the problem of mathematical definition and also the problem
of the choice of the model.

One can be convinced of the certainty of this result when e = W for
a sample of size 25402545 bits : cf section 12.1.9. In this case, n = O(e) and
n' = O(e). Indeed, on the current computers which produce results with a few
tens of decimals, one cannot differentiate the numbers which have the same or-
der that W

2.1.5 Number of associated conditions

Concretely how can one check that a sequence x,, satisfies these criteria? If there
is no special informations about x,, the natural method consists in executing
the tests associated with these definitions. However, the number of tests which
must be carried out is colossal.

For example, let us suppose that one wants to test all independences between
two numbers. First, it would be necessary to test that all the X,, and X4, are
independent. There is thus approximately N independences to test if there is a
sequence x,, of size N.

After, it will be necessary to test the independence of 3 numbers: X,,, X, 1,
Xptq. For that, it is necessary to make approximately C% tests. For exam-
ple, C% = 5000000000 if N= 100000. To test the independence of 4 numbers:
X, Xntp, Xntq» Xnyt, it is necessary to make approximately C3; tests, i.e. ap-
proximately 166665000000000 tests ..... etc; and so on until p numbers where
p <16 < Log(N)/log(2) .

Moreover, the set of all possible sequences defined by the algorithms A is
much vaster than subsequences of the type: X, Xp4p, Xpntq, Xn4+t Where one
only considers some possible subsequences.

In addition, it will also be necessary to choose the Borel sets Bo; ® Bos ®
... ® Bop, on which one will carry out the tests. Of course, there is a enormous
number of possible Borel sets.

The number of tests which would have to be carried out is thus colossal. One
cannot do them all. In practice, one thus needs less restrictive quality standards.

2.1.6 Other criteria of randomness

In order to practically know the quality of a generator, the majority of the
authors use the natural method of the statistical tests. Considering the number
of the tests to be carried out, there is an insurmountable gap between the
mathematical definitions and the practical tests. In practice less restrictive
criteria are thus used.

The most common criterion is the following.

30



Criteria 2.1.3 : One forces x, to pass a series of significant tests.

Currently, one often uses the Diehard battery of tests (cf [2] p 155. In cryptog-
raphy one adds tests like that of Maurer (cf [3]).

As these tests are only a negligible part of the possible tests, one fills this
lack in the following way.

Criteria 2.1.4 : One forces x,, to check certain essential mathematical proper-
ties.

For example, one imposes on congruences that their period is long enough.

Now, even by imposing this new criterion, the generators will check always
only a negligible part of necessary properties. Then, Knuth suggests that a
sequence of numbers will be identified random if it cannot be differentiated
from a IID sample by lack of time. Of course, such a criterion will be especially
useful in cryptography.

More generally, all depends on the use which one wants to do of the genera-
tor. Thus in simulation, most of the time, it will be necessary to make tests to
know if the generator is usable for the envisaged application : cf [2] page 151.

2.2 Current random generators

In this section, we study the current random generators.

2.2.1 Various current techniques

To obtain random numbers, various methods exist. Let us quote in particular,
1) Pseudo Random generator of type x,, = f(zp—1, ..., Tn—q) : for example,
1-A) Pseudo Random generator for simulation .

1-A-1) Congruences z,, = axp_1 + ¢ mod m

1-A-2) Add with carry (AWC) z,, = 2, + Tp—i + ¢, mod (m)

1-A-3) Mersenne Twister.
1-B) Pseudo Random generator for cryptography.

1-B-1) BBS (Blum, Blum, Shub) generator based on z,41 = 22 mod m.

1-B-2) RSA generator

1-B-3) Feedback shift register

2) Irrational numbers : for example 7 and e. On use the writing base 10 of
theses numbers.

3) Use of numerical data : for example music Rap for the Marsaglia Cd-Rom.
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4) Hardware-based random bit generators : they exploit the randomness
which occurs in some physical phenomena. They use machine or chips. Exam-
ples of such physical phenomena include :

4-1 elapsed time between emission of particles during radioactive decay

4-2 thermal noise from a semiconductor diode or resistor

4-3 the frequency instability of a free running oscilator

4-4 Quantum phenomena

5) Processes upon which software random bit generators may be based in-
clude

5-1 the system clock;

5-2 elapsed time between keystrokes or mouse movement;

5-3 content of input/output buffers;

6) Numerical tables, by example the CD-ROM of Marsaglia: in general, these
tables are made with sequences of numbers obtained from the previous methods.

2.2.2  Study

Generators using algorithms

For these generators (pseudo random generators or irrational numbers), it is
admited that it will never provide really random sequence : ”Any one who
considers arithmetical methods of producing random digits is, of course, in a
state of sin” : John Von Neumann (1951) (cf Knuth [1] page 1).

These generators will certainly not check the definitions of randomness given
by Knuth. One cannot thus mathematically regard them as random sequences.

1-a) Generators used in cryptography.
These generators have certain mathematical properties sometimes very nice (e.g.
the BBS). In particular, they are built to be unbreakable before a very long time.
It is precisely the work of cryptanalysts to prove that it is false.

1-b) Generators used in simulation, analysis, etc.
One forces to them to check certain tests. The current generators appeared sat-
isfactory in certain calculations, and certain calculations only. But contrary to
the generator BBS, that is proven by empirical way and not by a mathematical
way.

1-c) Generators using irrational numbers.

For ”e”, one has proved that it does even not satisfy the test of uniformity.

Concerning 7, it satisfies the majority of tests. But one could nothing proven
mathematically. Moreover, this sequence is rich with remarkable patterns to a
numerologist (Knuth p 41, 151). As a matter of fact, the question is to know if
the randomness provided by 7 is better than that of the other pseudo-random
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generators.

Use of random noise

A true random bit generator requires a naturally occuring sources of random-
ness. Designing a hardware device or software program to exploit this random-
ness and produce a bit sequence that is free of biases and correlation is a difficult
task. Moreover, random bit generators based on natural sources of randomness
are subject to influence by external factors, and also to malfunctions. It is im-
perative that such devices be tested periodically (cf [3] ). Thus, Marsaglia has
found that some machines give numbers which have very poor quality : they
fail for some Diehard tests. Moreover, it is impossible to reproduce calculations
exactly a second time when cheking out a program.

Moreover

For the Hardware (Machines, chips) : these machines use some physical
noise (diode noise, quantum noise,...). Machines have tended to suffer from
malfunctions that are extremely difficult to detect.

For the Software-based generators : The behavior of such processes can vary
considerably depending on various factors, such as the computer platform.

The major defect of all these systems is that there can be correlations and
bias in the generated sequences. The underlying physical process can be ran-
dom. But there are many measuring devices between the digital part of the
computer and the physical device. These intruments can thus introduce bias
and correlations (cf [5] ch 17.14 Bias and Correlation).

One removes these bias and these linear correlations by various mathematical
transformations like that of Neuman or Vazirani ([4] [46]). One can also use hash
functions (cf 17.14, [5] ).

However, the linear correlation are only one of the possible correlation. There
exists correlations of higher order (quadratic cubic, etc : Cf [10] or section A.3).
If there are bits, the correlation of higher order are the multilinear correlation
between 3,4,5, etc bits. If one does not remove the correlation of higher order,
one will not have independence. However, the made transformations aim espe-
cially at removing only the correlation linear between two successive numbers
(e.g [4]). Indeed, it is very difficult to remove all the correlations, especially the
ones of high order.

Therefore, a priori the sequences of numbers built by the current
methods to remove the correlation are not IID. It is a serious defect
of the hardware device or software.
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Tables of random numbers

One can obtain such tables by mechanical processes like the lotto or the roulette.
They are the alone tables having results which are guaranteed IID.

But most of the time, these tables are obtained by the previous methods.
They thus have the defects of them

A particular case is the CD-Rom of Marsaglia. Indeed, the random bits of
this CD-ROM were made by combining music rap with sources of electronic
white noise and the output from the best of the latest crop of deterministic ran-
dom number generators, based on Marsaglia’s ”mulitply-with-carry” method.
”They seem to pass all tests I have put to them — and I have some very strin-
gent tests,” Marsaglia says.

But, the randomness of the obtained sequence was not proved mathemati-
cally. In this report, we wanted to know logically if this sequence were random:
cf chapter 3. This study shows that to have more certainty, it is necessary that
these sequences are built by a certain way

That led us to take up the idea of Marsaglia: to regard certain electronic files
as random noises, but to apply transformations a little more complex to them.
That thus makes it possible to obtain true random numbers with a computer
alone and to do without machines and chips. But, one can also use the numbers
produced by machines

In any case, these tables have a major defect: they are limited by their size.

Conclusion

On none of the current generators there is certainty which the obtained se-
quences are random: that which approaches more this result is the Cd-Rom of
Marsaglia.

However, much of users think that the provided generators are completely
reliable and use them without precaution. All this already led to some scientific
errors (cf [1] page 32). Thus, a more reliable solution should be obtained.

2.3 Advantages of our method

2.3.1 Comparison with the current methods

First, it is proved that the obtained numbers are really random. That had been
obtained in no other method. Moreover,

A) Comparison with the pseudo-random generators

First, the usual opinion, it was that no generator built on computer is ran-
dom: it is understood that it is an error. In fact as it thinks for example Von
Neumann, the truth is probably that no generator built by algorithm is random.
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Our method thus brings obvious concrete advantages. In particular, in cryp-
tography, there is no risks that the system can be broken. In simulation, there
is not to test the numbers obtained.

B) Comparison with generators based on natural sources of randomness
B-1) When one directly uses the program on a computer.

1) There does not need to add an additional machine to the computer.

2) There are no possible malfunctions as on the machines. Therefore, there
is not to regularly test them like those.

3) The sequence obtained starting from the electronic files can be reproduced
(it is useful for the checking of calculations).
B-2) When one uses the program on a source of random noises

1) That removes all the dependences, and maybe even certain effects of the
malfunctions.

2) One can have very long sequences quickly (contrary to the methods using
software).

C) Comparison with the CD-Rom of Marsaglia.
1) The results are proved.
2) The CD-ROM has a limited size.
3) A priori, it is possible that the sequence of the CD-Rom have defects.

2.3.2 Advantage for the definition of randomness

Our results bring even solutions to the problems of definition of randomness,
including the philosophical problems: our results are true for all logical model
associated to data.

2.4 Proof of randomness

The proofs of the randomness of sequences b°(n’) are throughout this report.
For better understanding these proofs, we summarize them here.

2.4.1 Randomness of used data

Our results are based on the fact that the data a(j) which we use can be regarded
as a realization of a sequence of random variables A(j) : a(j) = A(j)(w). Tt
is thus appropriate to show that one can admit this assumption with certainty
and then to study the models A(j).

Let us announce that one studied this problem in a more complete way in
section 2.4.1 and chapter 10 .
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The data mean really random phenomena

In this paragraph, we show that the assumption a(j) = A(j)(w) is a sure as-
sumption.

First, it is a scientist assumption universally admited when the a; represents
a physical phenomenon.

Moreover, even for a completely deterministic sequence, one can always write
a(j) = A(j)(w) : in this case the model A(j) is deterministic. Moreover, one
can admit for this sequence A(j) various other realistic and nondeterministic
models.

But what interests us is to have a logical nondeterministic model. It is
the case for the real phenomena associated with hardware device or software
programs.

It is also the case when a; is resulting from certain electronic files. First,
these files often represent real phenomena. Then, one can even prove logically
that certain files result from nondeterministic models. It is the case for the num-
bers obtained starting from a dictionary: the defined words (or groups of words)
represent independent facts. The numbers obtained from these definitions are
thus independent.

If one wants to go into detail this question, one finds complex philosoph-
ical problems. But in any case, some phenomena are independent from each
other. Therefore, one has to note that the philosophies which would refuse the
assumption a; = A;(w) would not be in conformity with what exists in reality.
It appears normal to take not account of such philosophies. For more detailed
study, one can refer to the section 2.4.1 and to chapter 10.

For all these reasons, we thus adopt the assumption a(j) = A(j)(w).

Asymptotic independance

In fact most of the time, one can admit that there is asymptotic independence.

With regard to the machines, that is due to the choice of the used real phe-
nomena which one wants independent as much as possible, for example quantum
phenomena.

With regard to the electronic files, that is due to their nature. The case of
the dictionaries was understood above. One can also take the encyclopaedias.
In this case, there is independence by groups, and thus Qd-dependence (cf [21]
page 369).

Moreover, one often uses several electronic files completely independent from
each other, for example, a dictionary and a computer program. The sequences
of numbers which they provide are thus independent.

More generally, for logical reasons one can be sure that the data of certain
electronic files have a certain asymptotic independence: e.g. the data obtained
from text (cf section 2.4.1 et chapter 10).

Thus for certain electronic files, asymptotic independence is a logical as-
sumption. For the machines, so that it does not have asymptotic independence
there, one would need a serious malfunction.
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General case

Our results do not need asymptotic independence to be checked. It is enough
for a vast majority of possible models that the A(j)’s are not determinist. But
in this case, it is difficult for the moment to specify which are the models which
are not appropriate.

On the other hand, if there is asymptotic independence, one can prove that,
under this assumption, the sequence b°(n’) is IID. It is thus surer to be under this
assumption. Thus for certain electronic files, one can prove by logical reasoning
that it is well the case.

Let us repeat that, for the machines, there would be a serious malfunction
if there is not asymptotic independence. Now, if the numbers provided by the
machines were deterministic, it would be much more serious. Because of that,
our method applied to machines makes possible to remove many dysfunctions.
It is enough in general that they continue to produce nondeterministic numbers.

2.4.2 Mathematical proofs

In this section, we want to show in a simple way why we are sure that the
sequence b°(n') is IID.

Because most of the time one can admit that there is asymptotic indepen-
dence, we place oneself under this assumption. For a more general case, it is
necessary to refer to the various chapters of this report.

When the assumption of asymptotic independence is admitted, there are
two transformations which it is practical to apply under this hypothesis : the
Central Limit Theorem (CLT) and the congruence of Fibonaci. We have them
uses both in the transformations defined into section 1.4.

We will now understand the effects of these transformations. We thus study
the steps b, ¢, d, defined above in 1.4.1 .

b) To make uniform the marginal distributions.

b-1) We set €%(j) = el(j) +rando(j) € F*(m') for j=12,....... ,J where
J/mt ~0.

A priori, because of this transformation, one can admit that P{E?(j) = x}
cannot be negligible, but equal about 1/m. One obtains these conclusions by
logical reasoning which we will detail in chapter 10.

Remark 2.4.1 Let us notice that it is supposed only that the model E?(3)
has marginal distributions which are not concentrated nearly a small number
of points : it is an assumption much weaker. One is thus sure logically that
one chooses assumptions which are correct. Also let us notice that it is with
this alone transformation that Marsaglia had concluded that the sequence of its
CD-ROM is IID. We thus choose a conclusion much weaker.

Now, let us suppose for example that the data e'(j) result from texts. If one

did not add randy(j), one would know logically, a priori, that for some "z
P{E'(j) = #} = 0. But to know it starting from the sequences e'(j), it would
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be necessary that one realized that the e'(j)’s results from an English text : it is
doubtful that one can obtain this conclusion if one has only the sequence e'(j).
This shows that, maybe one can do without adding randy(j) (cf chapter 8.1,
sections 8.8 and 8.2), i.e. that, because one adds randy(j), the result is very
sure.

Now one applies mathematical results.

b-2) One applies the Fibonacci functions 77" : €3(j) = mTi™(e2(j)/m?t).

We proved in the chapter 8.1 that P{E3(j) = 2} ~ 1/m! for all logical
models, except maybe for a negligible number of them. Moreover, we proved
also that this applications makes the E3(j) independent.

¢) Use of limit theorems.

c-1) One rewrites the €3(j)’s in the form of table with independent lines
f(in).

c-2) Lines are summoned : g(n) = Ziszl fi,n) .

By using the very traditional Central Limit Theorem, one knows, that for
any injective sequence js such that j; = 0, for any interval I,

P{G(n)/meI|Gn+js)=9s,8s=2,...,0} = P{X¢g, €1},

where Xg, ~ N(0,02) . It is also known that convergence is extremely fast
¢-3) One takes this sequence modulo m : h(n) = g(n)m
As a matter of fact, that amounts considering a second limit theorem (the

XOR Limit Theorem, XORLT): h(n) = )", f(i,n). This sequence satisfies
P{H(])/m el | H(j+js) = hs,s = 2,...,p} ~ P{H(j)/me I}~ L(I).

This result is written also P{H(j)/m € I } H(j+js)/m=hs,s =2,..,p} =
L(I)+ Ob(1)€.

This limit theorem corresponds to famous OR exclusive (XOR) modulo m.
In fact, it is much stronger than the Central Limit Theorem. We study it in
section 5.2.

d) One uses again the Fibonacci function.

d-1) We set z(n) = Ty, (h(n)/m) .

One applies the functions of Fibonacci Ty, with a suitably chosen parameter
q : the smaller q is, the less there are Borel sets. Therefore, by choosing the
parameters well, and because of the above result in ¢-3),

Ob(1)a
Nqo ’

P{X(n) € Bo | X(n+ js) =s,s=2,..,p} = L(Bo) +

for all Borel set Bo. We shall prove this result in chapter 11.
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d-2) One obtains the sequence of bits b°(n’), n’ =1, ..., qo N, formed by the
writing bases 2 of each x(n). Because of the previous property,

Ob()«

P{B°n)=b | B0’ +j,) =bs,s=2,...,pt =1/2+ .
{B°(n") | B°(n + js) py=1/ NG

Finally all is proven mathematically or logically.

2.4.3 Choice of the parameters

It is thus necessary to choose the parameters qo, m and m'. This choice is

carried out according to the size go N of sample b°(n’) that we want to have and
according to the quality that we wish, i.e. according to e.
In practice, one chooses € according to gy, the sample size °(n’). Indeed,
one will impose and
2q0/2rfl(a2) S 204\/% ,
Vo N

where as ~ 47% and where o < 0.02.

Choice of the parameters according to the sample size

One thus chooses the parameters according to the sample size. In this para-
graph, we will clarify this point.

Let us suppose that we have a really IID sequence with uniform distribution
on [0,1/2] and ]1/2,0] and with a probability such as P{[0,1/2]} = 0,501. Then,
this sequence has not the uniform distribution on [0,1]. However, if we have a
sample with size 10, we will absoluetely not understand it. To understand this
difference, one will need samples with size larger than 1000.

One will thus solve the problem of the choice of € in the same way: according
to goN, the wished size of the sample, one will choose € and thus T*. Let us
translate that mathematically.

Let us note by P. the empirical probability of an interval I associated with
a sequence =, = X*(w), n=1,2,....,N. Then, if X is a sequence of IID random
variables with uniform distribution, if N is big,

P{N'Y2|P, — L(I)| > ob} =~ T'(b) ,
where 02 = L(I)[1 — L(I)] .

Now, if X checks only equation 1.2, i.e. P{X} € I|z5,........ Xy =L(I)+
Ob(1)e, one can prove that

P{N'?|P, = L(I)| > ob} < T{b[1 — n(e)]},
where n(e) > 0 and n(e) — 0 as e — 0.
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For example, let us suppose that we built 7* so that 7(e) = 0.1. In this case,
for b=1,5

P{N'Y2|P, — L(I)| > 0.1.5} < 0,134 under IID hypothsesis,
P{NY?|P, — L(I)| > 0.1.5} < 0,148 under hypothesis of equation 1.2.

However, it is known that if there is a really IID sequence, P, is close to L(I)
with a certain probability: it is completely possible that P. is enough different
from L(T), but the probability that occurs is weak.

Now, under the assumptions of equation 1.2, it is also possible that P, is
enough different from L(I), but that is not likely much more to occur than in
really IID case.

With such a result, it will be thus difficult to differentiate the z, from a
really IID sample.

Of course, if it is necessary, one can impose 7(e) smaller : for example,
n(e) = 0.01. In this case,

P{N'Y2|P, — L(I)| > 0.1.5} < 0,135 under hypothesis of equation 1.2.

This type of result holds again for I; ® .... ® I, where the I;’s are intervals.
Moreover, one obtains a similar result for the empirical conditional probability
P¢ = P{x} € I|x}, N

P{N'2|PE — L(I)| > o5} <T(b[1 —17/'(e)]),
where 7'(€) — 0 as € — 0. This results are proved in chapter 9.

Finally if it is wanted that one cannot differentiate the sequence z} from an
IID sample on intervals, ¢ = O(N~1/2) should be chosen.

Case of Borel sets

Then, in order to obtain the previous results, one uses the theorem 1 applied to
T* : we deduce P{X} € I|x7, ........ , 2y} = L(I) + ob(1)e for the intervals I.

Now, we need an equivalent result for the Borel sets Bo. For that, one uses
X, = Pr}(Xy) : i.e one restricts X,; to his q first bits (cf def 1.3.5 ). Then, for
all Borel set Bo,

P{X, € Bolza,........ ,xp} = L(Bo) + Ob(1)2% .

It is thus enough to choose q not too large and € enough small so that 2% is
also enough small. In fact, it is necessary to choose 2% = O((gN)~'/2).

It is what one will make to define the go of the application T,, at step d.
Finally, with the method of construction defined in section 1.4.1, one obtains
for all borel set Bo

P{X(n) € Bolza,........ ,xp} = L(Bo) + 0 (2.1)



where o < 0.02 et ou goN is the size of sequence b°(n’).

Then, one deduced the relations about the empirical probabilities of Borel
set similar to those with the intervals.

Relations about BY(n’)

The previous results being true for all Borel sets, one deduced equivalents results
about the bits 1°(n’) provided by the writing of x(n) bases 2.
One deduces from equation 2.1 that, for all bits b,

Ob(1)a
VaoN

P{B°(n') = b|bg, ........ byt =1/2+

where goN means the size of the sequence b°(n’).

2.4.4 Empirical proofs of the randomness of °(n’)

Result d-2 ensures that the associated empirical probabilities could not be dif-
ferentiated from those of an IID sequence.

Indeed, with the notations of section 2.4.3, one understands that empirical
probabilities P, and PeC will check the equations

P{N'2|P, —1/2")| > oz} < T(z[1 - 1)),

P{N'2|P{ = 1/2)| > 0w} <T([1 —n)),

where 7 is enough close to 0.

Moreover, a numerical study shows that one cannot differentiate the empir-
ical probabilities associated with the b°(n’) from those of an IID sequence.

2.5 Precise wording of the result

2.5.1 Wording

It is thus proven that, for the model B°(n’) built from ANY models of the
data a(j) (except maybe for a negligible minority, according to the case), that
the sequence B%(n’) cannot be differentiated from a sequence of IID random
variables.

In particular, it satisfies the properties

Ob(1)ax

PLB(n) =b | B(n+j) = b} =1/24 ~7C
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P{N'2|P{ = 1/2)| > 0w} < T ([l —n)) ,

which correspond theoretically and empirically to the definition 2.1.9 of the
randomness.
It satisfies also

P{N'2|P, —1/2")| > opz} < T(z[1 - 1)) ,
which corresponds empirically to the definition 2.1.7 of the randomness.

That means that the sequence b°(n’) cannot be differentiated from a sample
of IID random variables.

2.5.2 Alone risks of errors

In fact, the alone risk that a sequence b°(n’) built by our method is not random,
it is first that an human error slipped in some place. But this risk can be
eliminated by checking carefully each step of calculation and of the study of
data: contrary to the machines, if there is an error, one can detect it keenly.

The second risk is that computer itself have a failure. This risk cannot never
be eliminated completely. Anyway, in this case, any calculation is likely to be
false.

2.6 Uses of these results

2.6.1 Direct programming on computer

A great number of the electronic files recorded on hard disk provide sequences
of data a(j) which one can use to generate random numbers.

There is thus a simple program which provides numbers guaranteed random
without machine or additional chip. It is as simple to use as the function
”random”.

It is thus a method quite superior to the current generators.

2.6.2 Application to hardware devices

One can choose like data those provided by machines or chips. One then applies
our transformations defined into section 1.4. That offers several advantages.
On the one hand any dependence is removed, (and not only linear correla-
tions).
On the other hand, some of their defects could disappear. Indeed, our
method can be applied as soon as there is a certain asymptotic independence. In
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fact it is not even necessary. It is often enough that the data are not completely
deterministic.

It is certainly the case for the data provided by the machines even if they
have malfunctions. If not, the machine has a very serious problem.

It is thus a new method which one proposes to transform the noises provided
by these machines. The advantage, it is that it needs extremely weak assump-
tions to be applied. It is thus much surer. However one produces a little less
quickly random numbers.

2.6.3 Application to software methods

One can choose as data those provided by the software methods if they have
sequences of enough large size.

But normally, it will not be useful. If the files of the computers are used, our
results are much surer than those provided by the software methods. Moreover
it is simpler to use texts than the system clock for example.

2.6.4 Use of files of IID sequences

By using the method described in this report, one can develops files of numbers
which are proved TID.

They could thus be placed for public use in the form of files to download, of
files recorded on hard disk, of DVD or of CD-Rom as it is the case for the CD-
Rom of Marsaglia (cf Internet site [20]) or for the file which we built according
to our method.

2.6.5 Transformations of v°(n’)

From sequences b°(n/) which are proved random, one can obtain a multitude
of others by using any sequences ¥, provided by generators which are pseudo-
random or even different. Indeed, b°(n’) + y,» modulo 2 is also IID (cf theorem
5).

2.6.6 Software for data external to the computer

One can build softwares allowing to transform the majority of data external to
the computer in random numbers. They will apply with safety only to some
types of data, for example, texts.

2.6.7 Complete construction

It is the matter to completely use the method of programming defined in this
report with new data and choice of new parameters.
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This method can be used when one wants, for various reasons, to obtain new
sequences z,, completely reliable.

For that, it is initially necessary to collect the data, to transform them in
numbers, to check that the necessary assumptions are satisfied and that there
are no errors: for example, the transformation of the text files Apple Work 2006
currently transforms, not only the texts, but also the framework. That revealed
a too great number of 0, which distorts calculations.

Then, it is necessary to choose the parameters according to the wished re-
sults, after to program the transformations and to carry out this program.

A certain work thus should be done. It is the normal price to pay to have
the certainty that one wishes about the randomness of the obtained numbers.

2.6.8 Combination of several methods

If one wants to avoid any risk of human error, of machine’s error, of computer’s
error or others, one can build several sequences v°(n’) as described above in
section 2.6.7.

One will thus build them with different data. In this case, one can also use
machines, even different machines. One can even employ the files of random
numbers which exist over the world.

Then one will summon modulo the 2 various sequences of obtained bits.

That will reduce the probability of any potential error, human or different.

Indeed, if one summons modulo 2 : b, = Z£:1 b, it is enough that only
one sequence b;, is a random sequence, so that b, is it.

That means that the probability that the sequence b,, is not IID is the prod-
uct of the probabilities that each sequence b7, is not IID. One finds very quickly
very negligible probabilities of failure (and including even the human errors and
the dysfunctions of the computers).

One can employ this technique if it is though that it is worthwhile, for ex-

ample if one want to build a rocket being worth some billion dollars.

Remark 2.6.1 As a matter of fact, we do in this way by using several times
methods which make a sequence IID (Fibonacci transform, XORLT, transfor-
mations similar to permutations : cf chapter 11 and 12 ).

2.7 Conclusion

One thus obtains a sequence b°(n’) which can be considered like an IID sample.
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However, there is a probability that it is not it. But this one has the same
order to occur as a really IID sample fails for a test of randomness.

One thus obtained well a sequence which one will be able regarded as IID
with a probability infinitely close to 1.

One can obtain this sequence b'(n/) by asking it to rene.blacher@imag.fr
(Laboratory LJK, University Joseph Fourier of Grenoble, France) 1. Of course,
by prudence, we have carries out on this sequence all the known tests of ran-
domness.

There is thus well thus a total solution to the problem of random numbers.
It is simple to use. This solution will have all its interest
1) For sensitive calculations.
2) In cryptography : an IID sequence being inherently unbreakable.
3) In simulation, analysis, etc, by avoiding having to test the provided sequence.

I More precisions on this subject will found in [18].
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Chapter 3

Cd-Rom of Marsaglia

In this chapter, one will study the method which Marsaglia employed to create
its CD-ROM. As a matter of fact, Marsaglia never described its method. It is
only an assumption which one finds in various documents about this subject.

The Marsaglia Random Number CD-ROM contains some 5 billion random
bits, divided into sixty 10-megabyte files.

The random bits were made by combining three sources of electronic white
noise with the output from the best of the latest crop of deterministic random
number generators, based on Marsaglia’s ”mulitply-with-carry” method. ” They
seem to pass all tests I have put to them — and I have some very stringent tests,”
Marsaglia says.

A truly random stream of bits remains random when it’s combined with any
other stream of bits, no matter how patterned. Marsaglia mixed digital tracks
from rap and classical music selections and even a few digital pictures into some
of the 10-megabyte files on the CD-ROM. Both the untouched and mixed files
seem to pass his randomness tests, he reports.

Then, Marsaglia has studied his CD-Rom by using tests. In this chapter one
will study this method by logical reasoning.

One should thus study the summation modulo m of three generators my,, =
Gn + My, +mz, € F*(m) where y,, € F(m) and z, € F(m) are random se-
quence (non IID) and where g, € F*(m) is a pseudo random generator. But
we will be satisfied to study the case my!, = g, + my, € F*(m).

One will note that it is likely to obtain IID sequences by this method if the
parameters well are chosen. Unfortunately there is no complete certainty.

In this chapter, one supposes that the y,,’s derive from a text, e.g dictionary,
report, etc. One employs the data which we use in the section 11.2. We studied
their behavior in the chapter 10 .

Remark 3.0.1 Marsaglia has not used texts but Rap music. It is no important.
In this chapter we want only to study logically the method of Marsaglia. Then,
we use texrts because we studied them in a detailed way.
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3.1 Theoretical study

We will understand now that the behavior of the Y, depends on the way in
which one builds the y,,.

3.1.1 Counterexample

First, let us notice that in some cases, to add g, and my, is not enough to
obtain an IID sequence.

Example 3.1.1 Suppose that m=10000 and that my,, € {1000, 2000, ....,9000}.

Study It is not difficult to understand that there will be a dependence between
the y,,: P{Y, € I | yy,.,y,} # L(I) for certain intervals I. Indeed, let R(gn) =

dodsdy where dydadsdy is the writing base 10 of g,,. Then, R(g,) is a pseudo-
random generator.

In particular, it is clear that, for each n, the y/, will be concentrated nearly
a small number of points. That will mean that one will have points k such as
Py:{y,, = k} is much larger than 1/m (where Py is the probability associated
with the sequence Y,!). B

3.1.2 Case of 2-dependence

In section 11.2, we understand that the data can be regarded as 2 dependent.
Then, we suppose now that the sequence y,, is 2-dependent.

First, study the behavior of (
e < Jp

yil-ﬁ-j{’y;l"!‘jé’ ..... ’y;l-&-j;) when 0 = ji < j5 <

Clearly, if ji 41 — j5, = 2,

(y;Huy;ﬂq, ..... Hnagr) = ((y;ﬂ-uy;ﬂq, ..... 7y;l+j; )(y;ﬂ./ R 7y:lﬂ-,)),
1 2 1 2 o so+1

where (Yni i1, Yntjps oo y”“-@o) and (y”+j§0+1’ ..... ,ynﬂ-;) are independent (be-
cause the 2-dependence).

Therefore, to study the dependence of g/, it is sufficient to study the case
Je=s—1,ie. the (Y, Y11, Ynip_1)-

Now, one knows it is more logical to limit oneself to study the cases where
p < log(N)/log(2) : cf remark 2.1.1. For example suppose p < 22. In this
case, if the g,’s produce sequences where (gn, gnt1; .-+, gnt22) are independent,
the (Y7, Yni1s - Ypyoe) are independent. Therefore, one can consider that
(y;ﬂrj{’y;LJrjé’ ..... , y;ﬂ-é) are also independent.

Then, it is enough to choose pseudo-random generators such that (g, gn+1, -
<oy Gnt22) are independent. In this case, to suppose that the y/, are independent
will be a reasonable assumption.
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As it is considered that the generators generally have uniform marginal dis-
tributions, to suppose that the y/, are IID will be also a reasonable assumption.

Therefore the method of Marsaglia can be sufficient to obtain IID sequences
if the parameters have to be suitably chosen. It is the same for the the pseudo-
generator g, and for the type of data : if one uses texts, one can study it by
logical reasoning (cf chapter 10). But is it possible for Rap Music?

However it remains to be checked that the marginal distributions are quite
uniform: the tests of uniformity of the g, means that some tests are checked,
for example for intervals. But is this case for all Borel sets? It is similar for
independences: they are independences for some hypercubes of the g,: what is
it for the others?

3.1.3 Transformation of datas

Now, one can use the data directly. One can also transform them. It is what we
do for the transformation of the sequence c¢(j) defined in section 11.1.2 during
the construction of the sequences of random bits b*(n’). We now remind the
definition of these d(j).

2 Let c¢(j) € {0,1,...,31} be a sequence of data. Let ro € N*.
Slyelro(j —1) + )32

Example 3.1.
We set d(j) =

Then, we understand now that the behavior of y/, depend on the choice of
transformation and on parameters

Size of ry and conditional dependence

One will now understand that one can choose ry large in order to decrease the
dependences.

For that, always let us choose data resulting from texts. If one finds a 7. 7,
it there a strong probability so that it is followed by a ”space character”.

Therefore, it is possible that it has there some strong dependences between
c(j) and c(j+e) (where c(j) are the letters modulo 32) especially for e=1. But
this dependence decreases very quickly if e increases.

That will mean that the possible concentrations of d(j+1) given d(j) =
S0 e(ro(d — 1) +7)327! will be less strong if o increases. In practice, it
will be found that the associated probabilities P{D(j + 1) = d|D(j) = d;} are
always much smaller (and by far) than 327°/8 as soon as 7 is enough large : for
example rg > 20 as the study of the conditional probabilities or the numerical
calculations cited in this report proves it.

Let us suppose, for example, 7o = 1. Thus D(j)=C(j). Let us suppose that

” ”

d(j—1) means a?.” . Then, there is much chance that d(j) = dgs where dgs is
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the numerical value of the ”space character”. The conditional probability will
be thus concentrated close to the point dgs.

Let us suppose now that g = 60 and that d(j — 1) means a piece of text
ending in a ”.” . Then, d(j) belongs to the set of the part of texts starting with
a "space character”. There is 32°° such sets. Thus the conditional probability
is about 1/325? for these points and equal to 0 for the others. As the uniformity
would be of 1/32% for all the points, it is understood that it is different - but
not too - from conditions of an IID sequence.

Indeed, there is not much relationship between the last decimals of D(j)
and the first of D(j-1). That means that the associated distribution functions
are not too far away from independence. A fortiori, that means also that con-
ditional distributions of D(j —1) + ¢'(j — 1) given D(j) + ¢'(j) = d); - where
g € F*(32™) is a pseudo-random generator - are not concentrated nearly a
small number of points but are well distributed on F*(327).

The previous result is checked numerically : in section 3.2.4, one studies the
dependence and the conditional density on samples of y,, and y/, .

3.1.4 Independence induced by the data
Independence of times of emergence of the ”.”

We use again the example of ”.”. We note by p, their numerical value. Let
zt € {1,2,...,m} be the value of successive "n” such as y, = p,, i.e. y,, =
po. This sequence z; is random : one can write z; = Z;(ws) where Z; is a
sequence of variable increasing in a random way, defined on a probability space
(Q5, A5, Probas). Then, in order to obtain my., = g, + my,, we add g,, to
Yz = Po -

In practice, we understand that Z;1; — Z; is close to an IID sequence (not
necessarily with uniform distribution). It is enough to make some numerical
simulation to realise that.

Test about the z; In order to check the independence of the z;, one made
the chi-squared test for the (z;4p41 — Zi4p, 2141 — 2) on various text file for
different p.

One used sample where the number of points p, is between 584 and 2415.
One makes the chi-squared test of independence with estimate of parameters
over partitions (6,6), i.e. with the chi-squared statistics x2 with 25 degrees of
freedom.

Then, one has obtainded for theses samples of (2419 — 2¢+1, 2e41 — 2¢) the
following chi-squared statistics :

[ x2 [| 25.354 | 17.901 | 39.102 | 31.012 | 24.980 | 42.557 |
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One reminds that the 0.01 significance level at 1 percent (with 25 degrees of
freedom) is 44.31. Then one can deduce that the distribution is close to inde-
pendence.

Conclusion This result means that the z;41 — 2; has a behavior close to an
independent sequence.

Therefore, this result means that my’, = g., +my., = g., + mp,, has a be-
havior close to an IID sequence because ¢,, can be regarded as chosen randomly.

Then, it is not possible to predict mY, given Y;, = p,. Therefore, it is not
possible to predict mY, given Y, =y thanks to y, = po.

The same reasoning holds for other value of y,,. Therefore mY,) has a be-
havior close to an IID sequence.

3.1.5 Study of y, = |d(n)(m/32™)]

In section, 11.1.2, one uses the sequences y/, when y,, = |d(n)(m/32")| where
m € N*. Then, we want to know if this transformation brings sufficient im-
provements. As a matter of fact it brings little improvement. However, in this
cas also, the parameters have to be suitably chosen.

First, recall that, in the example of subsection 3.1.1, the problem derives
from what the support of y,, is too small (cf also section 5.4). With data re-
sulting from texts, one can find a problem of this type because the number of
possible texts v, is tiny compared to the number of all the sequences with values
in{0,1,...,m — 1}. Tt is the case if the d(j) belong to a larger set, i.e. if m /327
is large.

On the other hand if m is smaller than 32", one does not have maybe prob-
lem of this type. Admittedly all the possible texts belong to a subset fixed. But
this set is unknown. It is even more unknowable if there are samples of size not
too large compared to m. It is thus difficult to conclude from it logically that
the probability is concentrated close to a small number of points. It will be thus
better to choose m < 32™ and samples d(j) of size not too large compared to
m.

This example shows that it is necessary to choose well the parameters m and
To-

3.2 Numerical results

Thie previous conclusion is confirmed by numerical study.
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3.2.1 Test of the y/’s

One carried out tests of independence between various sequence y;, and y;, ., -

It is known that the marginal distributions are uniform. One thus uses chi-
squared test of independence without estimate of parameters : x? = X?X,Y —
X% — x3: cf proposition A.1.1.

It is used with partitions (20,20) . Therefore x% has D = 192 degrees of
freedom. Because D is big, the statistics x4, = /2x7 — V2D — 1 has aprox-
imatively the N(0,1) distribution when there is independence : cf proposition
A12

One uses this statistics for various samples of (y;,,y;,1,)-
Then, for various ”p”, for 20 various samples, the following table of the max-
imum of |xner| has been obtained.

P 2 3 1 7 10 50
Maz|xnor| || 2158 | 1.989 | 2.198 | 1.8054 | 1.6879 | 1.1457

All the carried out tests conclude to independence.

Also let us recall that Marsaglia affirms that the numbers of its CD-ROM
passes all the test known. This result thus confirms its conclusions. But the con-
struction of its sequence y/, is a little more complex and thus even more random.

3.2.2 Test between y;, and g,,

One makes tests of independence between various sequences y,, and gn4p. It
is known that the marginal distributions are uniform. Then, one uses x? =
X%(,Y —x% — X} with partitions (20,20) . The statistics has D = 192 degrees of
freedom.

Then, for various "p”, for 20 various samples, the following table of the
maximum of |x%,,| has been obtained:

p 2 3 4 7 10 50
Mazx|x%,.] || 2.170 [ 2.054 | 2.024 | 1.7754 | 1.4493 | 2.2017

The tests that we have carried out conclude to independence.

3.2.3 Test between y,, and y,+,

We made the test of independence between various sequences ¥y, and ypn4p,. In
this case, it is necessary to estimate the marginal distributions.

This test has been used with partitions (20,20) with the classical statistics
which we note x%,. Then, for various "p”, for 20 various samples, the following
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table of the maximum of |y%,| has been obtained:

P 2 3 1 7 10 50
Maz|x%,] || 2130 | 2.0455 | 2.201 | 1.745 | 1.789. | 1.634

3.2.4 Other tests

Now, one uses the polynomial correlation coefficients of higher order p; ; between
Yn+1 and (Yn,Yn—1,..) , p},; between y; .y and (y,,¥p,_1,-.) , and also p”; ;
between yn4+1 and (Yn, Yn—1,...) = cf [10]; cf also section A.3. We know that
> p?; < 1and that y), .y = f(yn,Yn—1,...) if and only if > ptj=1: cf[10].
One estimates p; ; by using empirical correlation coefficients of higher order .

Then, one has estimated > ; pi ;» for 20 samples of y,, and y;, with size vary-
ing from 10.000 to 1.000.000. One varies ry. One obtains the table representing
the maximum of the 3 Pl

o = 5 6 7 8 9 10 11 12
> (oL )< [ 0.041]0.03 | 0.011 | 0.021 | 0.012 | 0.006 | 0.025 | 0.004
> .(p1;)>< |0.05 |0.043 [0.03 |[0.07 | 0.06 | 0.04 | 0.03 | 0.008
> (1)< [02 [016 [013 |01 [0.08 |[0.06 | 0.055 | 0.01

In the same way one also estimated the conditional densities by using the
density of dependence (cf th 5-3, page 8 [10]) and the empirical orthogonal
functions page 10 [10].

On the figure 3.1 one has the curve of the conditional density f¥ of y;,
given y,. On the figure 3.2 one has the curve of the conditional density fY of
Yn+1 given y,. It is in question the density where the maximum of sup|f¥(y,)|
is reached.

Figure 3.1: Conditional density of y;, | given y,
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Figure 3.2: Conditional density of y,,+1 given y,

3.3 Conclusion

The previous study shows that one can improve the result by choosing better
the parameters.

If they are well chosen, there is many reasons to think that y, is IID. But
we have not a certainty : that is difficult to specify mathematically. Maybe a
thorough study would allow to arrive at certainties.

But it is simpler to use other transformations whose properties are appropri-
ate well for the construction of an IID sequence and can be studied more easily.
It is the aim of this report.
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Chapter 4

Basic properties

4.1 Basic theorem

In this section the basic theorem 1 is proved. To this end, one uses functions
T* defined by the following way.

Notations 4.1.1 Letd € N*, d > 2, p,q € N*, p,q > 2. Let G(x) = d’z mod
m defined on F*(m) = {0,1,.....,m — 1} where m = dPT9 — 1. We denote by
T : F(m) — F(m) the function such that m.T*(k/m) = G(k) mod m and
0<T*(k/m) <1 for k=0,1,...,m-1 .

4.1.1 Proof of theorem 1

New statement of the theorem

With the previous notations , the theorem 1 can be specified by the following
way.

Proposition 4.1.1 Assume p=q. Let Z € F(m) be a random variable. Let f be
the density of Z with respect to py, (pm(k/m) =1/m) : f(x) = m.P{Z = z}.
Let Ky > 0 such that, for all z,2" € F(m), |f(z) — f(¢')] < Ko|z — 2'|.

Let I be an interval of F(m). Let N(I) be the number of points of F(m) which
belong to 1.

Then, if N(I) > dP,

P{T*(Z) € I} = N(I)/m + e(Ko, d,p),

where
e(K,d,p) = 23Ky +4)/d? + O(Ky/m),
with
2(Ko + 1) @ +1) 1 3(Ko+1)(1+1/dP)
O(Fo/m) = === |2+ v (dr — 1)} + Odp(dp 1
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Proof of proposition 4.1.1
First, we simplify notations used in this proof.

Notations 4.1.2 In order to simplify the notations, we set T = T*. Let
G'(z) = d% mod m defined on F*(m). We denote by T’ the function T’ :
F(m) — F(m) such that mT'(k/m) = G'(k) modulo m and 0 < T'(k/m) < 1
for k=0,1,...,m-1.

Then the following lemmas hold.
Lemma 4.1.1 The following equalities hold : G~ =G’ , (T*)"1 =T" .

Lemma 4.1.2 Let I = [a,b[ where a = k’/m and b= k*/m. We set T'(a) = a.
Let T be the function such that T(k/m)—T'(k/m) =0 or 1, and o < T(k/m) <
a+1.

Then, T=Y(I) = T"([a, b])

Now one needs the following notations

Notations 4.1.3 One defines fla,a+1[— R by f(t) = f(t) if t € o, 1] and
fA)=ft-1)ifte[l,a+1].

Notations 4.1.4 We set D = d?/(dPT1—1). Let [a,a+1[= U;UU2U.....UUgs,
where Us = [a+ (s — 1)D,a+ sD[ for s = 1,2,...... ,dP — 1, and Upgp
=la+1—(d—-1)/(dPT9—1), a+1].

Notations 4.1.5 We denote by N(I) = HdP +r the Euclidean division of N(I)
by dP.

Remark that N(I) is the number of k/m such that a < k/m < b. Therefore N(I)
is the number of k/m € F'(m) which belongs to T'([a, b[).
Then the following result holds.

Lemma 4.1.3 Fort=1,...d° —1
Fm)NnU,NTI)={a+E-1)D+h/m|h=01,..H—-1+e},
where e = 1 if t <r and e; = 0 if not.
Proof : At first F(m)NT([a,b]) = {T(a + k/m) | k=0,1,....,N(I) —1}.

Let G(z) be the function such that G(z) = ¢/ (z) and ma < G(z) < m 4 ma.
Then, T'(a + k/m) = G(ma + k)/m for k=0,1,...,N(I)-1.

Let k = hdP + s the Euclidean division of k by dP. Then, G'(ma + k)
ma + G'(k) = ma+ di(hdP + s) = ma+ dPT9h + sd? = ma + (m+ 1)h + sd?
ma + h + sdi.
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Now h + sd? < m.
Indeed, h < d?—1 and s < dP. Then, h + sd? < (d? — 1) + (d? — 1)d? =
d?— 14 dPt9 —d? = dPt9 -1 =m.
Moreover, if h =d?9—1, m > k = hd?+s = (d?—1)dP +s = dP*9+s—dP. Then,
if s=dP —1, m > dPT™ — 1 = m : that is impossible. Therefore, s < dP — 2.
Then, h+ sd? < d9—1+4 (dP — 2)d? <m.

Then, G'(ma + k)/m = T(a+ k/m) = a + h/m + sdi/m = o + h/m +
sd?/(dPT4 — 1) = a+ h/m + sD.

Now, if k € [0, N(I) = 1]NN, h € [0,H —1]nNor h € [0, H NN .

Ifh=0,s€[0,d” — 1] NN.
ifh=1,s€[0,d? —1]NN .

if h=H-1,s € [0,d? —1]NN.
ifh=H, se[0,r—1]NN.

We deduce the lemma. W

We deduce the following result.

Lemma 4.1.4 There are H+e; points off(l) which belongs to U, and H points
of T(I) which belongs to Ugp.

Remark 4.1.5 The points of F(m) which belongs to Uy are the H or H+1 first
points of Uy .

Then, the following lemmas holds
Lemma 4.1.6 We set Ay, = H +ey,. Then, Zzil A =dPH +r = N(I).
Lemma 4.1.7 The following equality holds : sup(f) = Ko + 1.
Proof Indeed, f is defined on F(m). Then, there exists so such that f(so) < 1.
Then, by our assumptions |f(s) — f(so)| < Kop|s — so| < Ko for all s € F(m). &
Lemma 4.1.8 Let Z be the sequence Z(w) = Z(w) if Z(w) > o and Z(w) =
Z(w)+1if Z(w) < a for allw € Q. Then,

{T(Z) € [a,b]} = Up{Z € U, N T([a,b])}.
Proof The following equalities hold,

(T(Z) € a,b]} = {Z e T ([a,b])} = {Z € T'([a,b])}

- {z e {[o,a[mT’([a,b[)}} u {Z € {lo, 1[ﬂT’([abe}}
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- {z +1e[La+1n{T([ab]) + 1)}} U {Z e {[o, l[ﬂT’([a,b[)}}

- {Z+ 1e{la+ 1[mT([a,bD}} U {Z € {[a,1[mf([a,b[)}}
- {Z e {[la+ 1[mf([a,b[))}} U {Z e {lo 1[mf([a,b[)}}
= {Z € T(la, b))}

=Up{Z e U, nT([a,b])} . M

Lemma 4.1.9 The Fuclidean Division of m by dP is m = HdP + r with r =
d? —1 and H =d? — 1. Moreover, H/m = Ob(1)/dP.

Proof Indeed, m = dP™ — 1= HdP +r=dP(d? — 1) +r =dPT9 —dP + 1 :
r=dP — 1.

Moreover, (H/m) < (% — 1)/(dP*? — 1) = (1/dP)(dP*9 — dP)/(dP+ — 1) <
(1/d?). m

Lemma 4.1.10 Let k; such that 1 € Uy,. Then

P{T(2) € [a,b[} = (H/m) > f{a+(k—1)D}+(Ko+1)0b(1 )(dlq+d2p+ 2)
k#k1

Proof Indeed,

P{T(Z) € [a,b]} = P{Z € U, n T([a,b])}
k

Ap—1
:Z Z P{{Z=a+(k—1)D+1/m}
k 7=0
:Z/ F{t+a+ (k—1)D)pu(d)

k 0<t< (Ag—=1)/m
E—1D}. iy (d

7,sz/<<ak 1)/mf{{t+a+( 1)D} i (dt)
t+a+(k—1)D;.py,(dt

Z;/ssm 1)/mf{{ o+ )D} -t (dt)
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= e} k—1)DY.p(d
k;l/oﬁtﬁ(ﬁk—l)/mf{{ +( )D} i (dt)

i k;I /OStS(Ak_l)/m {f{{t +at (k- 1)D} - f{{a + (k’ — 1)D}} M (dt)

4 / sup(£)Ob(1)(t)-im (dt)
0<t<(Ag, —1)/m

= > (A/m)f{{a+ (k-1)D}
k#ky
> /0<t<(Ak1)/m[Ko(Ak = 1)/m)]Ob(1)(2).pum (dt)

k#ky
+O0b(1)(Ay, /m)sup(f)

=Y (H/m+ex/m)f{{a+ (k—-1)D}
k#k1
+ Y [Ko(H/m)Ob(1)(Ar/m)] + Ob(V)[(H + 1) /m]sup(f)
k#ky

= (H/m+0b(1)/m) > f{{a+ (k—1)D}
k#k1
+EKo(H/m) Y Ob(1)(Ar/m) + Ob(1)[(H + 1) /m]sup(f)
k#kq

= (H/m) Y f{{a+ (k-1)D}
k#ky
+0b(1)(d” /m)sup(f)
+Ob(1)Ko(H/m)(N(I)/m) + Ob(1)[(H + 1)/m]sup(f)

= (H/m) > f{{a+ (k—1)D}

k#£ky
+0b(1)(Ko + 1) [d? /m + (H/m)(N(I)/m) + (H 4+ 1)/m].
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By the previous lemma 4.1.9, H/m = Ob(1)/dP. Then, (H/m)(N(I)/m) =
Ob(1)(1/dP). At last, d?/m = dP/(dPT? — 1) = (1/d?)[dPT/(dPT? — 1)] =
(1/dN)[1 4 1/(dP*? = 1)] = (1/d?)(1 + 1/m).

Therefore,

(H/m) > f{{a+ (k-1)D}

k#ky
+0b(1)(Ko + 1) [d?/m + (H/m)(N(I)/m) + (H + 1)/m].

= (H/m) Y f{a+(k-1)D}

k#k,
+(Ko 4+ 1)0b(1)(1/d? +2/d” +2/m) . &

Lemma 4.1.11 The following equality holds.

(H/m) Y f{{a+ (k—1)D}
k#£ky
20b(1)(1 — dP)

= N(I)fm+ ===

1 2 2 1 1
+(K0+1)Ob(1){£+ﬁ+a}{1+dq_1+dp(dq_1) .

Proof : One chooses [a,b[= [0,1] in the previous lemma. If N(I) = m =
Hd? +r,r=dP —1land H=d7—1.

Then,

Hm = (d = 1)/ = 1) = (/) (@0 — )@+ 1)

= (1/d?)(d""" = 1) /(d"" — 1) + (1/d")(1 — d¥) /(d""7 — 1)

= (1/dP) + Ob(1)/(d**9 — 1) = (1/dP) + Ob(1) /m.
Then, by the previous proof,
1=P{T(Z) € [0,1[}
2 2}

= (H/m) > f{{a+(k=1)D} + (Ko + 1)Ob(1) [% + ot
k#ky
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d’—1 1 2 2
:dp+q_1k§k:f{{o‘+(k—1)D}+(Ko+1)Ob(1)dq_|_dp_|_m}.
Then,

arta — 1
Tdi—1

1 2 27dPte — 1

_ k;f{{aﬂk 1)D} + (Ko+1)0b(1)[£ T R okt

We know that H/m < 1/dP. Then,

H Pt -1 0b(1) dta -1
m di—1  dp da —1

~Ob(1)(dPTe —dP)  Ob(1)(dP — 1)
o dp+a — dp dr+a — dp

- Ob(1)(d? —1) Ob(1)dP Ob(1)
=0+ —a—y Wt Gyt -
B Ob(1) Ob(1)
_Ob(1)+dq_1 F@=1)
Moreover
H drte —1
m de—1

N(I) dPte—1 ro(dPTe—1)
mdP di-—1 mdP  d1—1

N(I) d4—1/d* r 1

N() | N() 1=1/d"  Ob(1)(d" ~ 1)
m m di—1 drta — dp
_N(D) | 20b(1)(d” — 1)
T om drta _ gp

Then,
% Z fla+ (k—1)D}

bk
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_H drti—1 (K0+1)Ob(1)H[1 2 2}dp+q—1

S di—1 m @ T Tl a1

_ Nri])+20b(13§1__11/dp)+(K0+1)0b(1)[%ﬂ%ﬁ%} {qul— 1+dp(dql_ 1)}1

Lemma 4.1.12 The following equality holds :

P{T(Z) € [a,b]} = % + Ob(1).e(Ko,d, p,q) ,

where

(1—1/d)

2 1 1
e(KOadapaq) = dqfl

@1 ar(@ =1l

ool e 24 2]

Proof The following equalities hold :

P{T(Z,) € [a,b[}
1 2 2

— % > f{OZJr(k*1)D}+(Ko+1)0b(1){£+@+a}
ktks

N(I) n 20b(1)(1 —1/dP)
m d1—1

w0+ g+l oy )

1 2 2
(Ko + 1)0b(1) {% + o E] n

Lemma 4.1.13 If p=q,

e(Ko,d,p,p) = w + O(Kqy/m).
where
2(Kp+1) (dP +1) 3(Ko+1)(1+1/dP)
O(Ko/m) = == [2 v (dpr — 1)} + Odp(dp —1) '
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Proof The following equality holds

~2(1—1/dP) 12 2 1 1
e(Ko,dip,p) = == +<K°+1)[d7+%+a][2+dp—1+dp(dp—1)}
2 3 2 1 1
:ﬁ+(KO+1)[d7+E}[2+dP—1+dp(dp—1)}

2 6(Ko+1 2(3Ko +4
dep—f—%ﬁ-O(K/m):%ﬁ-O(Kb/m),
where
_2(K0+1) 1 1 3(Ko+1) 1 1
OKo/m) = m {2+dp—1+dp(dp—1)} dp [dP—IerP(dP—l)}

_ 2(Ky+ 1) [2 (dP+1)} 3o+ DL+ 1/d) o
) .

om dp(dp —1 dp(dp —1)

Proof 4.1.14 In order to prove proposition 4.1.1, it is enough to apply the pre-
vious lemmas.

4.1.2 Calculation of T*

Now, in practice, the form of T* is very particular. Indeed T* permutes the
first decimals with the last ones. For example, if d = 10, p=3, q= 2, z = 45873,
T*(x) = 87345.

Proposition 4.1.2 We keep the notations of proposition 4.1.1. Let m = dPT9—
1,a=dl. Letx € F*(dP*1 —1). Let x = 2/d? + x” the Euclidean division of ©
by dP.

Then, mT'(x) =r =2"d? + a’.

Proof By definition z < dPT9 — 2 and 2” < dP — 1. Moreover, ' < d9 — 1.
Moreover, if 2’ =d? — 1, " < dP — 2.

Let X = d%z. Then, X = d%z < dPt29 — 249.
Then, X = 2/dPt9 4+ 27d? with 2”d? < dPt9 — d? and if 2’ = d7 — 1,
diz” < dPTe — 244,

Therefore, X = 2'dP™? + 27d4 = 2'(dP*9 — 1) + 2”d? + 2’ . Moreover,

2°dI+ 2 <dPTI—1=m
Then, X = 2'm + 2"d? + 2’ = 2'm + r where r < m.
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Therefore, T*(z) =7 = 2"d? + z'. I

Write x in base d : @ = Tp g, Tprg_1,-0n STt Tpy ooy T
* J—
Then, T*(z) = Tp, ..., T1, Tptq) Tptq—1r onvr T Tpil-
Indeed T = Zpigs Tptqg1iymeeeeiimeenns S Tp 1P A Ty Tty crreeneennnns ,T1, where
Tps Lp—1yeeee-- , L1 S dP — 1.

For example, if d = 10, p=4, q= 4, x = 21058453, X= 21058453000, T*(x)
84532105.

4.2 Some properties

Let m € N*. Let X, € F(m) be a sequence of random variables. In this
section we study some properties of conditional probabilites when P{Xn €
Iz, ....,xp)} = L(I) 4+ Ob(1)e.

First, the following result is obvious.

Proposition 4.2.1 Assume P{X, € I} = L(I)+Ob(1)e for alln € N* and all
interval I C [0,1].

Let Bo be a Borel set : Bo = UF_|I, where the I, are disjoint interval
I, C [0,1]. Then, P{X,, € Bo} = L(Bo) + Ob(1)ke.

Then, one obtains the probability of Borel sets of F(m)?.

Proposition 4.2.2 Let Bo be a Borel set of F(m)P, Bo= Bo; ® Boas ®........ ®
Bo,. Assume that, for all s € {1,2,...,p}, for all sequence z,, s=1,...,p, and
for alln € N*, P{X,, € Bos|zs,....,xp)} = L(Bo,) 4+ Ob(1)e.

Then, for all injective sequence js € Z such that j3 =0 ,

In order to prove this proposition the following lemma is needed

Lemma 4.2.1 Let Y, € F(m) , s=1,2,...,N, be a sequence of random vari-
ables defined over a probability space (2, A, P). Let f € L' be a measurable
function defined over Y () where Y~ = (Y1,Ya2,...,Yn-1, Y11, ....., Yn) and
n € {1,2,...N} . Let Boy be a Borel set of F(m).

Assume P{Yn € Bo1|y1, ooy Yn—1, Yn+1, ...,yN} = L(Boy) + Ob(1)e for all
(Y15 s Yn—1, Ynt1, s YN) -
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Then,

E{1po,(Yn)f(Y7)} = L(Bo ) E{f(Y ")} + Ob()eE{|f(Y )|} -

Proof Let Q be the distribution of (Y1, Y3, ...., Yy) and let @~ be the distri-
bution of (Y1,Ya, ..., Y51, Yai1, oo, YN ). Let Q(Y1, eers YUn1s YUnt1s -, YnN) b€
the distribution of Y,, given Yy = y,, for s=1,2,... n-1n+1,....N.

Let y= = (Y1, ey YUn—1, Yn+1, -, Y~ ). Then,

B{10, (V)1V} = [ L0, ()07 )Q(a)

=/(/1Bol(yn)Q(dyn|y17~.--,yn71,yn+17~-~7yN))f(y‘)Q‘(dy‘)
:/P{Yn eB01|y1,....,yn—l,yn+1,-..,yN)}f(yf)Qf(dyf)

= L(Bon) [ F57)Q () + [ OBVl ) 17)Q (dy )
where [e(y™))| < e.

Then,

E{1po, (V) /(Y")} = L(Boy) / F(57)Q (dy™)+Ob(1)e / FOOIQ (dy ). m

Proof 4.2.2 We prove the proposition 4.2.2

We use the lemma 4.2.1 with N=p, X,,;;, = Y. Moreover, we choose f(Y ™) =
1302 (Yn-'r]z) ....... 1Bop (Yn+]p ) . Then,

P{{le € Boy} Moo N { Xy, € Bop}}

= (L(Boy) + Ob(l)e)P{{Xn+j2 € Bos} Moo N { Xy, € Bop}} .

Then, we prove the proposition by recurence. Bl

Now, one obtains a similar resul about conditional probability.
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Proposition 4.2.3 Let Bo be a Borel set of F(m)?, Bo = Bo; ® ..... ® Boy.
Assume that P{X,, € Boi|za, ....,xp} = L(Boy) + Ob(1)e.
Then,

P{Xn c Boll{Xn_,_jz € Bos} Moo N { Xy, € Bop}} = L(Boy) + Ob(1)e.

Proof By using the proof 4.2.2 ,

P{ X1, € Bol‘{Xnﬂ-Q € Boz} N o 1 { Xy, € Boy} |

P{{Xn+j1 € BOl} N {Xn+j2 € BOQ} MN...... n {Xn+jp S BOp}}

P{{Xn+j2 € Bog} N . N { Xy, € Bop}}

(L(Bol) + Ob(l)e)P{{XnHz € Bog} N . N { Xy, € Bop}}

P{{Xn+j2 € Bos} Moo N { Xy, € Bop}}

= L(Boy) + Ob(1)e. B

The proof of the following theorem is a consequence of proposition 4.2.2.

Proposition 4.2.4 The sequence X,,, n=1,2,.....,N, is IID if and only if, for
allp € {1,2,..., N — 1}, for all n € N*, for all Borel set Bo, for all sequence x,
s=1,....,p

P{Xn € BO‘X,LHQ = @9y X, = xp} = L(Bo) .

4.3 Some properties of random bits

In this section, we study the property of sequence of bits defined by the following
way.
Notations 4.3.1 Let g € N*. Let R, € F(m) be a sequence of random vari-
ables such that P(R, € Bolzs,.....,x,) = L(Bo) + Ob(1)ke for all Borel set
Bo = Ulelt where the I,’s are intervals such that I; # (.

Write X, base d: R, = 0,D}DZ..... We set X;, = 0,D}Dy....Dy and
Dyp—ri1 =D} for n=1,...,N and r=1,...,q.
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The D,/’s are obtained by taking succesively Dy, Dg_;...., DY .....

The proof of the following lemma is almost obvious.

Lemma 4.3.1 Let 1 < r < ¢ < q. Let j; = 0 < j5 < ... < j, where
r+j, =1"<q. Then,

(DI = di} N {Dl, = do} .. {D2y, = d,}}

= U {xeddod 0 didedy +d [}
ds s<r’,s#r+j.

For example, d=10, r’'=3 et r= 2. Then,
{D} =5} n{Dj =3}
= {X,, €[0.053,0.054[} U {X,, € [0.153,0.154[} U ...... U {X, €[0.953,0.954[}.

For example, d=10, r'=4 et r= 2. Then,
{D3 =5} n{Dy =3}
= {X, € [0.0503,0.0504[}U{X,, € [0.1503,0.1504[}U......u{X,, € [0.9503,0.9504[}
U{X,, €[0.0513,0.0514[}U{X,, € [0.1513,0.1514[}U.....u{X,, € [0.9513,0.9514[}

We deduce the following lemma

Lemma 4.3.2 We keep the notation of the previous lemma. Then,
P{{D:«Lﬂ‘i =di}N {D:}-g-j; =da}N...N {D?-i-j;, = p}}

1 / 1
_ r—p, _ g—1
= -5 +Ob(1)d" Pe = - 4+ Ob(1)d" e .

Then, one can prove the following property.
Proposition 4.3.1 Suppose 1/2 < 1 — d%. Then,

20b(1)d%e

P{Dn+j1 = dl‘Dn+j2 = dQ,...,Dn+jp = p} = 1 — dl¢

o
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Proof There exists n* such that {Dy;, = d1} = {X,- € Bo1}.
For all s =1,2,...,p, let n+ js = qns + 5 be the Eucidean division of n + j,
by q. One can assume that n + j; = gn* 4+ 75 if and only if s = 1,2, ... €.

Then, there exists two Borel sets Bo; and Boj such that
{Dn—i-jl = dl} (R N {DTL-'rje = de} = {Xn* S BOl}
{Dn+j2 = dg} MN...... N {Dn+jp = dp} = {Xn* S BOT} .
Remark that it is possible that Bo} = ()

More generally, there exists a sequence i1 = 0, ia,...,7y, p’ < p, and a
sequence of Borel sets Bog s=1,2,...,p’, such that

{Dntjy = di} N{Dnyj, =do} Nocece. N{ Dy, = dp}

= {Xn*+i1 € BO1} N {Xn*+i2 € BOQ} N...... N {Xn*-i-ip/ € Bopr} .

Moreover,
{Dn+j2 = dg} [P N {Dn-&-jp — dp}

= {Xn*+i1 € BOT} N {Xn*+i2 € BOQ} MN...... n {{Xn*+ip/ € BOP/}
ife> 1.

On the other hand,
{Dn+j2 = dg}m ...... O{Dnﬂ-p = p} = {Xn*+7;2 € BOQ}Q ...... O{Xnuﬂ-p, S BOP/},

if e=1.

Therefore, if e = 1, by lemmas 4.2.1 and 4.3.2,

P{Dn+j1 = d1|D"+j2 =ds, ..., DnJrjp = dp}

P{{DnHl =} N {Dnyjy = do} 0o N { Dy, = p}}
P{{Dnﬂ-z = dy} N N { Dy, = dp}}

P{{Xn*+i1 S BOl} N {Xn*+i2 S BOQ} MN...... N {Xn*Jripr S Bop/}}

P{{Xnum € Boo} M eeoeee N { Xt € Bop,}}
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[L(Boy) + Ob(l)dr/*ee]P{{Xnuﬂé € Boz} Moo N { X, € Bop,}}

P{{XWHQ € Bog} Moo N { Xy, € Bop,}}

= L(Bo1) + Ob(1)d" ‘e = % +O0b(1)d" % = % +0b(1)d" e .

If e > 1, one can write

P{Dyij, = di|Dyij, = da, ..., Dy, = dp}

P{{XWH € Bor} N { X4, € Bos} N oo N { X i, € Bo,,/}}
P{

{Xn*-‘ril € BO’{} N {Xn*-‘riz € BOQ} N...... N {Xn*+ip/ € BOpI}}

[L(Boy) + Ob(l)dr’*ee]P{{XWHQ € Boz} M eooeee N {Xpoii, € Bop,}}

[L(Bo}) + Ob(l)d"‘”—(e—ﬂe]P{{Xnuri? € Bog} Moo N { Xty , € Bop/}}

L(Boy) + Ob(1)d" —¢¢
L(Bot) + Ob(1)dr"—(e=1)¢’

(1/d°) 4+ Ob(1)d" ~¢¢
(1/de=1) + Ob(1)d"'—(c—De

_114+0b(1)d"e 1 { 1+ 0b(1)d"e 1]

Td1+0b()d’e  dl T 1t 0b)de

B 1[1 Ob(l)d’“/e—f—Ob(l)d’"/e} B 1{1 N 20b(1)d7"e}
T d 1+ Ob(1)d" e “d 1—d’e
1 20b(1)d" e

+ =

d 1—d'e

’ v —1 .
Moreover, d” ~te < 21d_dr,:. Then, in all cases,
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20b(1)d" e

1
P{Dyyj, = di|Dpyj, = day s Dy, = dp} = g {1 R sl B

-3+ ]

We deduce the following result.
Proposition 4.3.2 Suppose d=2. Then

1  Ob(1)d%
P{Dyyj, = di|Dusjy = day oy D, = dp} = = + ﬁ .
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Chapter 5

Limit Theorems

In this chapter, we study the classical Central Limit Theorem (CLT) and a new
limit theorem : the XOR Limit Theorem (XORLT). It corresponds with OR
Exclusive (XOR) but used modulo m (and not only modulo 2).

5.1 Central Limit Theorem

The Central Limit Theorem is a classical result. It produces the limit distribu-
tion of (X7 + ....X,,)/o when X,, is a sequence of random variables such that
E{X,} = 0 and o2 is the variance.

First, it has been proved for independent sequences of random variables X,.
These results have been generalized under various hypotheses of asymptotical
independence. The most known results have been proved by Ibragimov under
the strong mixing condition or under martingale assumptions : cf [21] and [41].

Moreover, some authors have also proved the convergence of moment : cf
Cox-Kim [36], Ibragimov-Lifshits [37], Soulier [38], Rozovsky [39]. Bernstein,
[27] , Yokohama ( [34],[35]), Brown [28] , Eissein-Janson [29], Hernndorf [30],
Birkel [31], Krugov [32], Mairoboda [33]. Recall that this convergence implies
the convergence in distribution.

Now, the strong-mixing condition is too strong for most of datas. Indeed, it
is a very strong condition. Then, some authors have introduce weaker hypothe-
ses : Versik Ornstein ([22], [23]), Cogburn [25] Rosenblatt [26], Pinskers [7] ,
Doukhan-Louichi [40]

For example, Withers [24] has introduced the ¢-mixing condition.

Definition 5.1.1 : Let o(N)? be the variance of Z;L:m X, where N=n-m+1.
LetueR, 0<k<n—-m, N>1.

Let Oy (k,u) = mam<j<n—iSup|cov(e™F e~
where cov is the covariance, where P = ﬁ > 0e Xy and F = ﬁ ZZ:jJrk 8¢ Xy
and the sup is over 0y =0 or 1.

We set £(k,u) = supnu<n—min(k,u).
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Then, X,, is { — mizing if, for allu € R, £(k,u) — 0 as k — o0
Then, X, is strongly £ — mixzing if, for all u, there exists K(u) < oo such
that £(k,u) < £(k)K (u) where £(k) — 0 as k — oo

Doukhan-Louhichi [40] have introduced the weak-dependence.

Definition 5.1.2 : Let £L = Up2LP where LP = {f : RP — R} . Let
U:LoL® (N2 — Ry and (0,)ren \ 0.
The sequence { X, }nez s (0, L, V) weakly dependent if
VreN, Yu,v € N*, ¥(h,k) € L* ® L7,
Vi <ig < ..... Ly <y +7 <1 < e < Ju,

|CO’U(h(X7;1, ....7Xiu), k(le, ....,va) )| < QT\I/(h7k,’LL, 1}).

But they did not studied the moments’s convergence. Moreover theses as-
sumptions are still strong. Indeed, we need very weak dependence assumptions
in order to build easily IID sequences if we want to use the method of this
report.

Fortunately, another look is possible : one can use higher order correlation
coefficients (cf Lancaster [9], Blacher [10]; cf also section A.3). Then, in [11] we
have turned the convergence of moments into an equivalent condition on these
coefficients. Then, one has minimal condition for convergence of moments. For

example we have proved the following theorem.
Theorem 2 Assume that the X,, have the same distribution with variance o

and that there exists bo > 0 such that | X,| < bo. Assume that

2oio1 D [BAXG)? (X)) — E{(X)MIB{(X,)*Y]

2

n

Let p, = E{(X¢)P} where X¢ ~ N(0,1). Then, for all p € N*,

{(Xl —|—X2+ ......... —|—X”

P
) e
if and only if, for all p € N*,

St S Xty B Xy X, )
p: nP/2

From this type of results we have deduced CLT with minimal assumptions whose
the conditions are close to strong mixing assumptions. In particular, one has
defined condition H,,; which is close to minimal assumptions : cf [14] .
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For the convergence in distribution, equivalent conditions H; have been ob-
tained : cf [15]. They are close to minimal assumptions. Then, we use these
conditions in order to be sure that the CLT holds for some of our datas.

We recall them now.

At, first, one decomposes X1 + Xo + ......... +X,in X;1+Xo+ ... + Xu,
X’u,+1 + X'u,+2 + ......... + Xu+t and Xu+t+1 + Xu+t+2 + ......... + Xu+t+u Where
u=u(n) and t=t(n). In this purpose, one uses the following notations

Notations 5.1.3 We denote by x(n) € N, an increasing sequence such that
k(1) =0, k(n) <n and k(n)/n — 0 . We define the sequences u(n) and t(n) by
: u(1)=1, u(n) = max{m € N*|2m + x(m) < n}, and t(1)=0, t(n) = n-2u(n)
ifn>2.

Notations 5.1.4 Let o(u)? = E{(X; + X2 + coeec... + X.)?} . One sets
PP ST g FXu o Kun ot Xuso o ¥ Xt
‘o o(u) R o(u)
and S — Xugt+1 + Xugeqo + e + Xutttu
“ o(u) '

Then, one can define almost minimal assumptions for the convergence of
moments.

Notations 5.1.5 : Let k € N*. We define conditions Hps(k) and H,,;(k) by
the following way :
Hys(k) :VpeN,p<k+1, E{(Su)P} - E{(S,)P} — 0 as n — cc.
Hyp(2k) :¥(pq) € (N*)? . p+q<hk+1,

E{(8.)"(S)"} — BE{(Su)"}E{(S,)"} — 0

as n — oQ.

Equivalent conditions can be defined for the convergence in distribution.

Notations 5.1.6 : We define condition Hg and Hy by the following way.

Hg:VkeNVjeN P{Ay;} —P{B;;} —0 as n— oo,

Hy:Vk e N,V(j,j") € N>, P{Ay; N By j} — P{Ay j}P{By s} — 0

as n — oo, where Ay ; = {Su c Ik,j} and By ; = {S; € Ik,j} with Iy ; =
[7A7F (G + 147 ]} .
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Then the following CLT holds : cf [14] [15].

Theorem 3 We assume that Hp,s(00) and Hp,r(oco) hold. We assume also
that, for all p € N*, E{(¢,)?} — 0 asn — oo .

Then, S, 2 N(0,1) .

Theorem 4 We assume that Hg , Hr , Hy5(4) and Hy,p(4) hold. We assume
also that E{(S,)?} — E{(S.)?*} — 0 and E{¢2} — 0 asn — oo .

Then, S, 2 N(0,1) .

It is this CLT that we use with our datas (cf chapter 10).

5.2 XOR Limit Theorem

Our secund limit theorem is based on the property of XOR. But it holds also
modulo m. Then, by misusing of language, we call this this result " XOR, Limit
Theorem” (XORLT).

5.2.1 Presentation

In order to build the sequences of random bits b (n’) in section 11.2, we suppose
that our datas are asymptotically independent. But, we are not sure that it is
the case for all datas, for example datas obtained by some informatic files. In
this case, the CLT cannot be used. Now, the XORLT holds under many weaker
hypotheses.

The XORLT does not use the sums

X1+ Xo+ ...+ X,
o(n)

but the sums X; + X5 + .... + X,, modulo 1 (in this section, X7 + Xo + ... + X,
X1+ Xo+ ... + X,, modulo 1).

Definition 5.2.1 Let (X}, X2,....XP) € RP be a sequence of random vectors.
For s=1,...,p, let o5(n)?> = E{(X{ + ... + X3)*}. Then, we set

X4+ XS

Sn os(n)

The XOR limit theorem holds for (X}, X2, ....XP) if there exists p sequences
as(n) — 0o as n — oo , such that (a1 (n)SL,.....,ap(n)Sh) has asymptotically
the uniform distribution on [0, 1[P.

73



For the data used to obtain the sequence b'(n') in section 11.2, we always ob-
tained that X; + X5 + .... + X,, has asymptotically the uniform distribution on
[0,1[i.e. aqn) = 1/o(n). This result is true for many datas.

We can find a first reason to it by considering the following example.
Suppose that E{X?} =1: S, = % Suppose that X,, is IID and has a

continuous probability density function. Choose n = k? where k € N*. Then,
Xy + ...+ X, =/nS, = kS,. Then, X1 + ... + X,, = /nS, = kS,, modulo 1.
Then, let us observe the behavior of the kS, ’s as soon as k is enough big. The
y’s such that x = ky are distributed in a way close to uniformity in [0,1] : for ex-
ample assume k=10. Then, if x=0.1, y=0.01 ,0.11, 0.21,....., 0.91. Now, by the
CLT, S, has a probability density function f such that f(z) ~ (1/v2r)e="/2.
Then, P{kS,, € [z,z + e[} — e : kS, is asymptotically uniformly distributed.

Now we recall the following theorem.

Theorem 5 Let X and Y be two independent random vectors, X, Y € F*(m)P.
Assume that X has the uniform distribution. Then, X +Y € F*(m)? has also
the uniform distribution.

Proof The following equalities hold
PX+Y=kl= Y P{UXFY=kn{Y=t}}

teF*(m)P
= Y P{{X+t=kn{Y =t}
teF (m)P
= > P{{X=F-tn{Y =t}}
teF* (m)P
= Y PX=k-t}P{Yy =t}
tEF* (m)P
1 1
=— ) Py=t=—u
teF* (m)P

One deduces the following corollaries .

Corollary 5.2.1 Let X,, € [0,1] be a sequence of random variables. Assume
that X4 has the uniform distribution and that X is independent of (Xs, ...., X,,).
Then X1+ Xo + .... + X, has the uniform distribution on [0,1].

Corollary 5.2.2 Let X,, € [0,1] be an IID sequence of uniform random vari-
ables. Then X1 + Xo + .... + X,, has the uniform distribution on [0,1].

In this case o(n)? = o?n. Moreover, 0/nS,, has asymptotically the uniform
distribution. Then, the CLT and the XORLT hold for the sequence X,.
This result is general : if the CLT is satisfied, then the XORLT is satisfied.
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The XORLT is more general than the CLT
Indeed, the following result holds.

Proposition 5.2.3 : Let X,, be a sequence of random variables defined over a
probability space. Assume that E{X,} = 0 and that S, = £1t==FXn DS with

o(n)
E{S?} = 1. Assume that S has a probability density function f with respect to
the Lebesgue measure such that | f(z) — f(a')| < Kolx — 2],
Then, there exists a sequence a(n) — oo as n — oo such that, for all

0<t<1, P{la(n)S, €[0,¢[} =t asn — oo .

Proof : Let 0 <t < 1. For all K € N*| let

) ) ko ket

E% :{UkK:jK {Sn € [K3/4’ K3/4 [}}
B k k4t

L = { U (5 € [ T D

Then, P{E%} = P{Li} + €&, where ¢ — 0 as n — oo.

n

Now, let k € {—K,—K +1,....., K — 1}. Then, there exists z¢ € [#, I’;;"/ﬁ [!
such that

Ob(1) Kot
/ f(w)dz = / )+ L
[/ K34, (k40) K34 /K34, (k40) K34 K3/

T K3/4 + K3/2 )

Then,
£ (o) / Ob(1) Ko
K~ fugrorn gy’ K3/
Then,
20b(1) K,
/ fxd:r:t/ f(x)dm—l—#/éo
[/ K3/4, (ko) KC3/4] e/ K3/, (k1) /K34 K

10One can choose zg = k/K3/4.
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Therefore,

20b(1)K,

P{S € [k/K**, (k+1)/ KO} = £ P{S € [k/ K%, (k1) / KO [+ ==

Then,
K-1

P{ER} = P{Lx}+ef = Y P{S € k/K* (k+0)/K* [} +ef
k=—K

K-1 K—-1
) 20b(1) K,

= Z tP{S S [k/K3/4, (k+ 1)/K3/4[} + Z KTQO +6§
k=—K k=—K

20b(1)Ky K
32 T 6n

40b(1) KoK 1%
a6

4.0b(1)K, K
K1/2 ten

t.0b(1) = 4.0b(1)Ko K

K1/2 K1/2 n >
by the Bienayme-Tchebycheff Inequality.

=t.P{S € [-K/K3* K/K**[} + (2K)
=t.P{S e [-K*" K'Y} +

=t—tP{S¢ [-KY*" K[} +

Let F,, = {UkeZ {Sn € [ﬁ, % [}} Then, by the Bienayme-Tchebycheff

Inequality, P{F,} = P{E}%} + ([)(bl(/12)~
Then, P{F,} =t+ t-}‘?f/(;) + 4-0139)21(0 T (;(bl(/lz).

One chooses a sequence K,, — oo such that e£» — 0 as n — oo. We deduce
that P{F,} =t + €|, where €/, — 0 as n — oc.

Now, F = { Urez {Ka/*Sn € [k, +t[} | = {218, € [0,¢]}.
Then, P{Kﬁﬂsn € [0775[} —tasn—oo. B

Remark that analog results hold also for random vectors (ST, 5%, ....,.5)) €
RP .

In general, o(n)a(n) =1: ie. (X7 + ....X,,) has asymptotically the uniform
distribution on [0, 1] . For example, the proposition 5.2.4 show a such result .

In order to state this proposition, the measure p!, is needed.
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Notations 5.2.2 We denote by u!, the measure defined on {%(n)vc € Z} by
,u;l(imf(n)) = Tfl(n) forallk € Z .

Then, y/, is the measure equivalent at the Lebesgue measure in the discrete
case. For example the following property holds.

Lemma 5.2.1 The following limit holds : p ([0,1]) — 1 as n — cc.

Proof We have ’U/n([o 1]) - Zo<k<m0(") ’u';“b{ mcf(n } = ZO<k<Lma(n)J ﬁ(n)
= [|mo(n)| +1] - %ZE”)J + — 1 Lol =14 Ob(1)

mo(n) mo(n) mo(n)

ma(n) ma(n

Then the following XORLT holds.

Proposition 5.2.4 Let (S7,5%,....,5,) € RP be a random vector such that
E{(S%)?} =1 for s=1,2,....,p

Let 1 be a measure on R : one assumes that p* = ' ®....QuP where p* = p
the Lebesgue measure for s=1,...,p or where u® = pl, for s=1,..,p. Assume that
(St, S%, ....,Sg) has a probability density function f, with respect to u?* such
that | fn(z1, .. 0p) — fu(@), ., 2,)| < Komax(|zs — x]).

Let a(n) be a sequence such that a(n) — oo as n — oo.

Then a(n)(ST, S3, ..., S5) has asymptotically the uniform distribution over
[0,1[7.

Proof 5.2.2 We begin to prove the proposition 5.2.4

Let ts € [0,1] for s=1,...,p. If u® = pl, for s=1,..,p, one assumes that t; = %
where hg € {0,1,...,m} for s=1,2,...p. Then,

P{a(n)(S}L,....,Sﬁ) €[0,41[®...... ® [0, t,[}

:p{a( )(SL, ... el - Ul b +taf®..... ®[k,,,kp+tp[}

k1€EZ kp€Z

-y ..y P{a(n)(s;,....,sg) € [k, ky + t1[®en. ® [kp,kp+tp[}

k1€Z  ky€Z

B ) ) ki kit kp kpttp
= Z....ZP{(Sn,....,Sn)e [a(n), o) [® . ®[a(n), a(n) [}

k1€Z  ky€L

_Z Z/ o / — ful@y, oz p? (day, ... dzy) . B
)2 el [ [ [

a(n)’ a(n)

In order to continue the proof of proposition 5.2.4 the following lemma is
needed.
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Lemma 5.2.3 The following equality holds

SR ful@y, xp)p(de 1., dx,)
/[kl k1+f1[ /[ P p*'p[ !

a(n)’ a(n) a(n)’ a(n)

20b(1) K,

fnlz1, ...xp)uA(dagl.., dz,) + a(n)pit

Proof : First, suppose that g = p/,. Then, one assumes that t; = % . Let
s €{1,..,p}. Then,

ks ks +ts 1 2
Lf(n)7 o(n) {ﬂ{ "mo(n)’ ma(n)’""}

7{ kem kim+1 ksm+hs —1
~ Yma(n)’ mo(n) 'V

I

mo(n)

Indeed
ks+ts  kem+tsm  ksm+ hg

on)  mo(n)  mo(n)

hs _ _ts
mo(n) — o(n)”

Then, [l 1o(m),(kotto) /o(m) Hn(dT) =

Now, if p is the Lebesgue measure, f[k Jo(n),(kartt )/a(n)[:“(dx) = _ts_ obvi-
ously. o

Then, in all cases

/[kl k1+t1[..../[ . k,,+t,,['“A(dx1""'dzP): T

a(n) a(n) a(n)’ a(n)

kT’ kp+tp
Let (z1,...,xp) and (21,...,2},) € [a’&), k(;(tf)l [(®..® [W’ W[ Then,
|5 — 24| < 3y

) for s=1,2,....p. Then, |fp(21,...; 2p) = fu(@], ..., 2},)] < %

Let z§ = ks/o(n) for s=1,...,p. Then,
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/[ ky M[/[ T [fn(xh---xp)),U/A(dxl,..,.dZ‘p)

a(n)’ a(n) a(n)’ a(n)

N

a(n)’ a(n)

(2, ~-~$Ug),uA(dx1.., dxp)

[ [
Ob(1)Ko 4
/[a(n) et | “alm) " (dz1, .., .dxp)

[ ak{f»w a(n)

a(n)’ a(n)

(g0 ovt1tp  Ob(L)Ky t1...6p
fn(af, ... )a(n)p+ OO

A
/[k1 kﬁtl[..../[kp kp+tp[fn(x1,...a:p)p (dzy..,.dzp)

a(n)’ a(n) a(n)’ a(n)

B tity  Ob(1)Ky ti.t,
= fn(x?,...mg)a(n)p o) ()

20b(1) Ko
_ A
_tl...tp/[ . _k1+1[""/[ ' kp+1[f7l(x1,...a;p)u (dxy.., dxp) + ———— . A

a(n)ptl

Proof 5.2.4 Now, we continue the proof of the proposition 5.2.4

Soit @ € Ry. By Bienaymé-Tchebycheff Inequality, P{|S: — ef| > a} < ?12’
where €5 = E{S:} for s=1,...,.p. Moreover, by Schwarz Inequality, |e5|? <
E{(S7)%} = 1.

Let A,, — oo as n — oco. There exists a sequence €4, — 0 as n — oo such
that P{|S: —e?| > A} <eaq,.
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Then,

S / o e

fu(x1, oxp)p (dy .., )

a(n)’ a(n) [ [alzZ)’kﬁ(tzt)p[
— A
N Z [L ki+ty [ [ kp  kp+ttp [fn(xh ...:cp),u (dxl..7 .dﬁp)
(k1,..skp)EE A, a(n)’ a(n) a(n)’ a(n)

A
+ /[k1 lirtl[..../[ . kp+tp[fn(x1,...xp)u (dx1.., .dxzp) ,
(k1rkp)@Ea, ¥ L3t atm OIS

where

E,= {(nl, ) €ZP

Ng Ns +ts
21 <A, and —e| <A 1,.. .
a(n) n| — ) an | a(n) en| — ? vs 6{ ? 7p}}

Then, (k1, ..., kp)

’fﬁ < Ated — s

a(n) = a(n) a(n)
and —A+e) < alzfz) <A+ef fors=1,..p
Then, (k1,...,kp) € Ea if and only if —A+e), < Jo5 < A+ e, — 365
s=1,...p
Then, if (ki,........ kp) ¢ Ea , there exists s € {1,2,....... ,p} such that
s oor A+e) — ai;) < a’z;).

Then, if (k1,...,ky) ¢ E4 , there exists s € {1,2,...,p} such that ks € B,(A)

where Bs(A) = {keZ‘% <—A+4elor Atel — a?;) < %}

Then,

Z /[ ki kydty [/[ kit fn(m,...xp)uA(dxl..,.dg;p)

_ kp
(kl,.‘.,kP)QEAn a(n)’ a(n)

a(n)? a(n) [
D
Z Z / k1+t1
s=1ks€B,(Ay),kiEL,tF#s a(n)’ a(n)
p
<> >

[ ks kstts [
s=1ks€Bs(Ayn) " Latm "atn)

A
(e bt [fn(gcl,...acp)u (dxy..,.dzp)

a(n)’ a(n)

ful@y, zp)p? (day .., .dx)
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. " folzr, oxp)p(dey .., .dxy)
s=1 ntel — 3ty STs

n" a(n) =

- s s tS s tS s
:; {P{S" S —AnFen a(n)}+P{An+e”_ (n) SS”}}
< pey s

ts
a(n)

<1

where €], — 0 as n — oo because |

Now, (k1,...,kp) € E4, if and only if, for s=1,...,p,
—Apa(n)+elan) <ks < Apaln) + e aln) —ts .
Let s € {1,...,p}. Let
N, = card{k € Z| — A,a(n) + eja(n) < k < Aya(n) + el a(n) —ts} .
Then, for s= 1,....p, N5 < 24,a(n) + 1.

Then,

P{a(m)(SL, ., ) € [0,t1[@..... ® [0,1,[}

falzy, ap)p?(day, .., .dxy) +Ob(1)pe,

Z ki ki+ty kp  kpttp

(k1vokp)EEA, Eo | [ 2 [

+ > Qi((‘:gfﬁ) + Ob(1)pe.
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S /[ v Fa(@1, )i (Ao, day)

(K1, kp)EEA,, *1 ’“1“[ [ kp kp+1[

a(n)’ a(n)

2K,0b(1)

+(2A4,0(n) + 1)”W

+ Ob(1)pe.,

= Z te.. tp/[ . le[..../{ . kpﬂ[fn(arl,...xp),uA(dxl,..,.dmp)—&—Ob(l)pe;

a(n)* a(n)

L \p(An)”
* 2Ana(n)) a(n)

+2P T Ko Ob(1) (1

Then, (f("n))p — 0 as n — oo is supposed. Then,

P{a(n)(SL, ..., Sh) € [0, t1[®...... ®[0,tp[} =1ty asn—oo. M

In particular, assume that p=1. Suppose that X; € F(m). Suppose that
|fa(@) = fa(2')| < Kolz — 2’| . Then, P{X; + ...+ X, € [0,{[} -t asn — o0
where t € F(m).

Now, if X € F(m), there is always a probability density function f, with
respect to p, such that 3K, : |fu(x) — fu(2')| < Kylz — 2| .

Then, the condition ” 3Ky : |fu(z) — fu(2')] < Kolz —2/| Vn € N* 7 is
not a necessary condition of the CLT. Then, in some cases, the hypotheses of
proposition 5.2.4 are stronger than those of the CLT.

Generally, condition ” |f,(x) — fu(2")| < Kolx — 2’| V n € N* ” holds: one
has examples for some distributions in [43], e.g. page 54. As a matter of fact,
under the assumptions of datas studied in this report, we have never found a
single case where it is not verified.

If we want that it is not verified, it is necessary to build specially X, for
it. For example one can choose a sequence X/ such that densities f, satisfy
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max(f,) — oo : then, one builds a sequence X,, such that S, = X/ : X; = X7,
Xo = X5 — X!, X3 = X}, — X}....

Now proposition 5.2.4 suggests that if the CLT holds, then, X7 + .... + X,
has asymptotically the uniform distribution.

It shows also that the XORLT is more general than the CLT : for example,
the XORLT holds if Xy, = X foralls: X; +....+ X,, =nX; .

Corollary 5.2.5 let X be a random variable. Assume that X has a continuous
probability density function f. Then, nX has asymptotically the uniform distri-
bution.

Conclusion

We write a(n)S, = 8(n)(X1 + X2 + .... + X;,). Then, it seems that the XORLT
holds under assumptions weaker than the CLT. Let us notice that it is even
sometimes verified by the classic counterexample X,, = Y,,+1 — Y, where Y,, is
IID.

Moreover, generally, it holds with G(n) =1 je. X1+ Xo+....+ X, By
where U has the uniform distribution. At last, under the hypotheses of our
data, we did not find a single case where it is not verified.

5.3 Examples

In this section, we compare the limit distributions. In these examples we shall
note the strength of the XORLT.

Let S2 € R? such that S2 5 S2 where S2 ~ N»(0,C) when C is a covariance
matrix. One knows that g(S?) 5 g(S2) if g is continuous with Pgz probability 1

(cf [42] page 24). Then, S2 2 S2. Moreover, we shall note that the dependence
of S2 does not exist any more for S2. We shall deduce the XORLT for o(n)S2.

5.3.1 Example 1

In this section we study the following example

Example 5.3.1 Let X and Y be two independent random variable with distri-

bution N(0,1). Let Z = )\;1‘:% where a € R.
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Test of the linear correlation coefficient Under the previous hypotheses,
Z has the N(0,1) distribution. Moreover the linear correlation coefficient of X
and Zis p = E{XZ} = (14+a?)"Y2B{X (X +aY)} = (14+a?)~ /2. For example,
p = 0.701 si a=1.

let p, be the empirical linear correlation coefficient associated to a sample
(X5, Zs). Let pY be the empirical linear correlation coefficient associated to the
sample (X, Zs).

Then, p, et p! allow us to estimate the linear correlation coefficients of
(Xo, Zo) and (Xo, Zo)

Let N be the size of the sample. The following results have been obtained

P N Pn Py Pn P
07071 | 1000 | 0.7063 | -0.0607 | 0.6941 | 0.0367

0.4472 | 1000 0.4597 | 0.0017 | 0.4488 | -0.0260
0.2425 | 1000 0.2472 | 0.0054 | 0.2167 | -0.0252
0.7071 | 5000 0.7034 | -0.0294 | 0.6996 | -0.0012
0.4472 | 5000 0.4536 | 0.0002 | 0.4436 | -0.0270
0.2425 | 5000 0.2351 | 0.0075 | 0.2290 | 0.0216
0.7071 | 10000 | 0.7108 | 0.0061 | 0.7107 | 0.0010
0.4472 | 10000 | 0.4469 | -0.0020 | 0.4454 | -0.0049
0.2425 | 10000 | 0.2675 | 0.0099 | 0.2478 | 0.0101
0.7071 | 100000 | 0.7074 | -0.0011 | 0.7056 | -0.0007
0.4472 | 100000 | 0.4433 | -0.0013 | 0.4467 | 0.0002
0.2425 | 100000 | 0.2466 | -0.0037 | 0.2445 | -0.0015

Then pU is smaller than p,. As a matter of fact, if we do tests, we can even
consider that pU is the estimate of the correlation coefficient equal to 0.
Indeed, let p, be a empirical linear correlation coefficient associated to an

IID sample. Then, by the CLT, P{\/ﬁpn < a:} ~ T'(z) cf [10].

Chi squared independence test We test the independence of X,, and Z,,
by the chi squared independence test.

We use a partition (15,15). The chi-squared statistics has asymptotically a
normal distribution (cf proposition A.1.2 ) : /2x2 — v/2d — 1 where d is the
degree of freedom : (15-1)(15-1).

Assume that the linear correlation coefficient is equal to 0.7071. Then, for
some samples, the following result is obtained for /2xs — v/2d — 1 (cf proposi-
tion A.1.2) .
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1.1256 | -0.1246 | 2.0030 | -0.8977 | -0.7952 | 0.6594 | -0.7758
-0.3079 | 0.5618 | -0.3380 | -1.2630 | -0.5369 | -1.0617 | 0.9458
-1.6506 | -0.3484 | 0.9821 | -0.8853 | -0.1215 | -0.5373 | 1.0599

In fact (X, Z) is enough close to an independent vector.

Conclusion Under the previous hypotheses,

(X1+..... + X0, Z1 4 . +Z,) —o(n)(X,2) .

Now (X, Z) is already close to an independent vector. Then, it will thus be

even truer for o(n)(X, Z) because the multiplication by o(n) modulo 1 makes
uniform the distribution as soon as o(n) is enough big.

In conclusion, the fact that (X, Z) is already almost independent shows the
rate of the convergence of the XORLT.

5.3.2 Example 2

In this example we have similar results when the dimensions are larger than 2.
Let (X7, X2, X3, X4, X5) be a random vector which has a independent nor-
mal distribution. We are interested by

U =X

U =X+ X5

Us =X1+ X2+ X3
Us=X1+Xo+ X3+ Xy
Us=X14+Xo+ X3+ Xy + X5.

We use the chi squared independence test on R®. We use a statistics whose
the distribution is close to the Gaussian one : /2x2 — v/2d — 1. We assume
that we use hypercubes associated to a (5,5,5,5,5) partition and that the size of
the sample is 100000. For some various samples, the following results have been
obtained.

-0.5232 | 1.0150 | 0.6986 | -1.8970 | -0.7312 | 0.9638 | 0.0767
1.8270 | 0.1473 | -0.3621 | -1.1102 | -0.7045 | -1.1002 | 0.9371

These results shows that these random variables behave as if they were in-
dependent.
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5.3.3 Example using datas of this report

We study an example using the datas of section 11.2.5.

We estimate by using histogram the probability density functions f, and fj,
associated to the sizes G(j) and H(j) defined in section 11.2.5. We note that
fc has a graph in form of a bell : figure 5.1 . That corresponds to the CLT.
Moreover, fg has a graph close to that one of the uniform density : figure 5.2 :
That corresponds to the XORLT

We note that the distances between the diverse values of the histogram are
important. It occurs because we took samples of size 100 for a partition in 100
intervals. We so acted it to study closer possible the real probability in every
point. If we take larger samples, we obtain a density very close to the uniform
distribution.

As a matter of fact, when we studied numerically various examples using
data of the type ”text”, ”"computer programs”, "mathematical reports”, etc.,
we always found that X; + X5 + .... + X, has asymptotically the uniform dis-
tribution.

We obtained results similar in several dimensions: for the data used in this re-
port, we always found that (X7 1+ Xo1 + ... + X1, X120+ Xoo + ... + X, 2)
has asymptotically the uniform distribution on [0, 1]P for p=2. We obtained
similar results for p=3,4,5,6.

0.035

Figure 5.1: graph of f,

5.3.4 Distributions close to the uniform distribution

This result is confirmed by considering the case of sum of 5 random variables
X, €{0,1,...,q} for example :
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0.0092
0

Figure 5.2: Graph of f,

P{>_X; =0}

:P{{XlZO}Q{XQZO}H{Xg,:O}Q{X4:O}Q{X5=O}}

P{i X; =1}

=P{X;=1}n{X, =0} N{X5 =0} N{Xys =0} N{X5 =0}}

+P{{X; =0} N{X, =1} N{X3 =0} N{Xy =0} N{X5 =0}}

+P{{X1:O}Q{XQ:0}0{X3:0}Q{X4:O}Q{X5:1}}

5

P{) X, =2}

i=1

= P{{X; =2} N {X2 =0} N {X3 =0} N {Xy4 =0} N {X5 =0}}
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+P{{X1 =0} N{X2 =0} N{X3 =0} N{Xy =0} N{X; =2}}
+P{{X1 =1} n{Xo =1} n{X3 =0} N{Xy =0} N {X; = 0}}

+P{{X1 =1} n{Xo =0} N{X3 =0} N{Xy =0} N{X; =1}}
+P{{X; =0} N{X2 =1} N{X3 =1} N{Xy =0} N{X5 = 0}}

+P{X1 =0} N{Xo =1} N{X3 =0} N{Xy =0} N{X5 =1}} .

And so on. Finally this type of equality shows well that the curve of the
probability is smooth and has the form of bell.

More generally, let us take a sum of n terms. Let us take its values close of
n/2, the middle of [0, n]: let us look at number (x1, ..., 2, ) such as z1 +.... +
is close of n/2. There are much more of them than there are (21, ..., 2,)’s such
as r1 + x2 + .... + x, is close to zero for example. We thus obtain a curve more
and more in the form of bell which satisfies | f,,(2) — fn(2')| < K|z — 2’| where
K, < K. It is thus one good curve (for the CLT).

It is the same if one uses the XORLT. Indeed, if we take the curve of
X1+ Xo+ ... + X,,, this one smooth down and thus becomes uniform when
n — 0o. Then, the classic methods of integration implicate the convergence to
the uniform distribution.

Another reason of convergence to the uniform distribution, it is because when
we use independent random variables with uniform distribution, X; + .... + X,
has exactly the uniform distribution.

All this shows that if we are in an approached case, the density probability
function of X; + Xs + .... + X, is very close to 1.

5.4 Numerical study

In this section, we study the rate of convergence de X; + Xo + ..... + X,, and
X1+ Xo+ ... + X,, by numerical calculations.

For that purpose, we shall choose n varying between 3 and 20 and we sup-
pose X; € {0,1,...,¢q}. In the following examples, the distributions of the
(Xq,...., Xp)’s are not independent, but chosen with dependences strong enough.

For these values, we can then notice that the graphs are about the ones of a
normal distribution or a uniform distribution except when the probability are
concentrated near a small number of points.
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5.4.1 Case n=7 or n=8

On the following graphs we choose n=7 or n = 8 for various covariance matrices
of ()(1,)(27 ..... ,X").

Case general Generally we obtain curves close to those of the normal or
uniform distributions : it is the case for the examples Al and A2 : figures
5.3, 5.4, 5.5 and 5.6 . It is not the case for the examples A3 whose some
marginal probabilities are close to zero : P{X; = 0} = 0.35, P{X, = 1} =0,
P{X,=2}=0.25 P{X; =3} =0.1, P{X, =4} = 0.3 : cf figures 5.7 and 5.8.

Indeed, the more n is big, the more curves are close to limit curves. In fact,
the convergence is very fast. It confirms the results of the section 5.5.1.

0.7

06

=5,1=8, Normal

Figure 5.3: Example Al : normal convergence

0.172

0171

017 =5,n=8, Uniform

0.169

0.168

0.167

0.166

0.165

0.164

0.163
1

Figure 5.4: Example Al : uniform convergence
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0.7

0.6

05

q=4,0=7, Normal

0.4

0.3

0.2

0.1

Figure 5.5: Example A2 : normal convergence

0.208 -

0.206 -

q=4,n=7, Uniform

0.204

0.202

0.2

0.198

0.196

0.194
1

Figure 5.6: Example A2 : uniform convergence

Case q=3 In the figures 5.9 , 5.10, 5.11, 5.12, 5.13, 5.14, 5.15, 5.16, we have
choosen sums X; + .... + X7 with X, € {0,1,2,3}.

We understand that the curve of the probability is the most remote from a
shape of bell when the marginal probabilities are concentrated near some points:
example C3, probabilities 0.56, 0, 0.037, 0.07. This is normal: for example if
the marginal probabilites is concentrated on even points, the probability of the
sums is equal to 0 in the odd points.
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0.8 T T T T T

07+ q=4,n=7, Normal

0.6

05

0.4

0.1

Figure 5.7: Example A3 : normal convergence

q=4,n=7, Uniform

0.2

Figure 5.8: Example A3 : uniform convergence
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0.1

0.02

0.256

0.254

0.252

0.25

0.248

0.246

0.244
1

- Proba = Unif

Figure 5.9:

10 15 20

Example C1 : n=7, q=3

fProba = Unif

Figure 5.10:

Example C1 : n=7, q=3
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014 Proba=0.50 0.11 0.32 0.06

0.1

20

Figure 5.11: Example C2 : n=7, q=3

0.1

03 Poba-050 011 032 006
020
028
027
026
025
026
02
0z
02“ 15 2 25 3 35 4

Proba = 0.56 0 037 0.06

0 5 10 15 20

Figure 5.13: Example C3 : n=7, q=3
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0.4 Proba = 0.56 0 037 0.06 B

Figure 5.14: Example C3 : n=7, q=3

0.2

Proba=067 0.06 022 0.04 1

0.1

0 5 10 15 20 25

Figure 5.15: Example C4 : n=7, q=3
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0321 Proba =067 0.06 022 0.04

Figure 5.16: Example C4 : n=7, q=3

5.4.2 Case n=3

In this section, we calculate the exact probability that X; + Xo + X35 = p when
Xs €{0,1,...,q} for s=1,2,3. : cf figures 5.17, 5.18, 5.19, 5.20, 5.21, 5.22, 5.23,
5.24, 5.25, 5.26.

It is naturally a case where we could doubt to have already a sufficient
estimate of the limit distributions.

Nevertheless, we understand that if q is enough big, the curve of the proba-
bilties of X1 + X5 + X3 has a shape of bell : examples B2 B3, B4, B5. We also
understand that it is enough that P{X, = ¢} have a distribution close to the
uniform distribution to have this type of curve (example B2). But, it is not the
case if the marginal distributions are very different from uniform distribution
(example B1).

5.4.3 Calculation by estimate : variations of n

The previous results allow to verify the rate of the convergence to normal or to
the uniform distributions.

This type of numerical calculations are possible only for n and q enough
small. But, we can also verify the speed of this convergence by estimate, for
example by using histograms: we give an example in figures 5.1 and 5.2. These
results confirm our previous conclusions. As soon as n > 8, the densities have
a curve which has a shape of bell for the most part of probabilities. It is even
more true for the convergence to the uniform distribution.

5.4.4 Case where there is no convergence

The only case which we found where there is not convergence is the one where
the probabilities are concentrated near a small number of points
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0.3p=3q=7 ]

Figure 5.17: Example B1 : convergence to the normal

0.4 T T T T T

0.35p=3,g=7 1

03[ 1

0.1 4

15 2 25 3 35 4

Figure 5.18: Example B1 : convergence to the uniform
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012

0.1

Figure 5.19: Example B2 : convergence to the normal distribution

Figure 5.20: Example B2 : convergence to the uniform distribution
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Figure 5.21: Example B3 : convergence to the normal distribution

0.058

0.056

0.054

0.052

0.048

0.046

0.044

0.042

Figure 5.22: Example B3 : convergence to the uniform distribution
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0.028 T T T T T T T T

0.027 - n=3,9=40 4

0.026 - 1

0.025 1

0.024 1

0.023 1

0.022 4

0.021 L L L L L L L L
0 5 10 15 20 25 30 35 40 45

Figure 5.23: Example B4 : convergence to the normal distribution

0.028 T T T T T T T T

0.027} n=3,g=40 1

0.026 - 1

0.025 1

0.024 1

0.023 1

0.022 1

0.021 L L L L L L L L
0

Figure 5.24: Example B4 :convergence to the uniform distribution
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0.009

0.008

0.007

0.006

0.005

0.004

0.003

0.002

0.001

Figure 5.25: Example B5 :

convergence to the normal distribution

0.013 T T
=3,g=80
0.0125H
0.012f
0.0115 : .
0 10 20

Figure 5.26: Example B5 :

convergence to the uniform distribution

100



There is also very particular distributions as X,, = Y,, — Y,,_1 where Y,, is
1ID (cf [21]). But it is very special case where E{(X; +..... + X,,)?} is bounded.

In that case, there is no convergence of (X1 + Xs+.....+X,,)/+/n to the nor-
mal distribution. On the other hand, often a(n)X; + X5 + ..... + X, converges
nevertheless to the uniform distribution if a(n) — oco.

In any case, it is easy to realize that the data which we choose in section
11.2 do not verify these hypotheses.

Because the only case where there is no convergence is the one where the
probability are concentrated near a small number of points, a means of speed
up this convergence is to standardize the marginal distributions. For it we use
techniques defined in section 11.1.2 and in chapter 8.

5.4.5 Comparison beetween the XORLT and the CLT

We want to study numerically the rate of convergence of the XORLT when the
CLT is satisfied. Then, we assume

Xt et X,

Y
ovn

N(0,1) .
Then,
Xi 4 o + X,y = 0y/nY ~ N(0,n0?) .

Then, one can study the distribution of X7 + .... + X,.

Here we study the distribution of X + .... + X,, when n=10 with the fol-
lowing variances 1/15, 1/20, 1/50, 1/200 : cf figure 5.27, 5.28, 5.29, 5.30. We
see that we are enough near of the uniform distribution if o2 is not too big.
We remind that if 02 = 1/12 we are in the case of a uniform distribution : the
density is thus identical to 1. If the variance is 1/200, it begins to have an
important break of the uniform distribution. This one vanish enough fast if we
increase n : cf figures 5.31 and 5.32.

5.4.6 Conclusion

All the previous results confirm the fast convergence of the curves of probability
of X1 +Xo+..... + X, and X1 + Xo + ..... + X,,. The only case where there was
no convergence enough fast is the one where the probability are concentrated
near a small number of points.

For the data used in the construction of b!(n') in section 11.2, we can think
that a sum of 10 terms is sufficient so that our hypotheses are satisfied. If we
wanted to avoid every risk of error, it would be enough to choose S=15 or 20
(because of the rate of the convergence).
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1.0001

1.0001

0.9999

0.9999

0.9998

Figure 5.27: n=10, 02 = 15

Figure 5.28: n=10, 02 = 20
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Figure 5.29: n=10, 02 = 50

02 . . . . . . , . .

Figure 5.30: n=10, 02 = 200
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Figure 5.31: n=10, o2 = 200

Figure 5.32: n=20, 02 = 200
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5.5 Rate of convergence in the XORLT

In the CLT, it is known that the convergence to the normal distribution is
very fast. It is the same in the XORLT for the convergence to the uniform
distribution.

5.5.1 One-dimensional case

In this section, the following hypotheses are used.

Notations 5.5.1 Let X;, i=1,2,...,5, be a sequence of random wvariables with
values in {0,1,.... N —1}. We set py,... »s = P{(X1i=z1)N....0(Xg =24)} .

,,,,,

Hypothesis 5.5.1 We suppose that pg,, . 25 = e
w1, s

We suppose that the pglw’xs are a sample of an IID sequence of random

variables Py, . defined on a probability space (2, Ay, Probay) : pl,

Ty
i oms(Wa). Let Epr and 0%, be, respectively, the associated expectation and
the associated variance.

For example, suppose that the probabilities are choosen at random. In order
to define mathematically this assumption, one can assume that P; . has the
uniform distribution on [0, 1].

Let us notice that to consider the set of all the possible probabilities is a
reasonable idea because the probabilities that we consider are those which cor-
respond to a sample. There is thus a possible multitude of it.

Proposition 5.5.1 Suppose that VN is big and % is small. Then,
P/
with a probability in the order of 1 — 2T'(b),

b(fp/

r1+...+tTrs5=Y

Proof : Let D be a subset of {0,1,..., N —1}*. Let N(D) be the number of
points of D. Asymptotically,

> @rrzs)epPry oz — EPY)
ap/ N(D)

~ N(0,1) .
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Let b > 0. Then, approximately,

PT‘Ob4 | Z(xl,4..,$5)ED(P;1,...,."55 - EP/) N b _ F(b)
ap/ N(D) -

Then, with a probability in the order of 1 — I'(b),

1 ’ o b.O’p/ N(D)
D S .

Then, with a probability in the order of 1 — I'(b),

b.O’p/
NS-1°

1
NS-1 Z p;1)~~'7ws —Ep = Ob(l)
T1+....+Trs5=Y

Therefore, with a probability in the order of 1 — T'(b),

1 b.O’p/
N5 D Phuws — Brr = Ob(1) S22

T1y.0s TS

19)

Then, if v/N is big, with a probability in the order of 1 — 2I'(b),

_ b.ops
(1/NS 1)Zmzy}?§cl ..... s Epr + Ob(l)\/#
Pl

(/NS Y wsPorras  Epr+ Ob(1)2Z

.....

S

2

b.opr

b.opr
1+ 0b(1) o =

b.O’p/

bO’p/
+0b(1)————
-1 ( )EPIVNS

Ep/ VNS

~ 1+ 0b(1)

~ 1+ Ob(1)

b.(fp/
EpV/NS-1
Therefore,
Zmzyp;l,...,xs
Dtrrws Pors

(1/]\7571) Zm:y pgcl,.i.,xs

= (1/N
UN) NS, .t
b.JP/
~1/N+0bl) ———— .
I -+ Ob(1) T
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Then, if v/N is big, with a probability in the order of 1 — 2I'(b),

b.O’pl

Y Peas 1N+ Ob(l)m - ;

zr1+...+Ts=Y

It thus gives us an idea of the rate of convergence to the uniform distribution.
For example, if S=11, N=1.000.000, b=100, if the P; s have the uniform

distribution on [0,1], with a probability bigger than 1 — 2¢~10000/2,

58 1 58
> Peas®1N+ Ob(l)\/ﬁ = W[l + Ob(l)loso] :

r1+...+Ts=Y

It is obviously very close to the uniform law. Thus we have a rate of conver-
gence extremely fast .

5.5.2 Multidimensional case

In dimension p, we obtain results similar to the one-dimensional case for the
case (X}, ...., X7) B (X1t ....,XP) : the convergence to the p-dimensional uni-
form distribution holds. It means that the the X%’s are independent. It is thus
an very useful result.

We generalize the notations of one-dimensional case by the following way.
Notations 5.5.2 Let (X}, ..., XP),i=1,2,...,5, be a sequence of random vectors
with values in {0,1,..., N — 1}, We set

px%,..,zls;...;zl,..

=P{(X{=z)Nn..nXi=2)Nn..nXP=ap)n..n(XE=aD)}.

S

Hypothesis 5.5.2 Suppose that

/

Dyl ozl 2P 2 T pwiﬂ""I}SV“';;Ef’“ng
D T SO ST U A S T
We assume that the p;},...,zg;....;zf,..., v ’s are a sample of a sequence of IID ran-
dom variables P;%Iém,l,xg defined on a probability space (Qg, Ag, Probag):
p;},4..,115;...-@?7...@‘; = P:;}7~~,w}g;~~;m‘f,--~7w§ (we). Let Epr and o3, be the associated

expectation and the associated variance, respectively .
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Then the following proposition holds.

Proposition 5.5.2 Suppose that /N is big and E}ﬂf}% is small. Then,
with a probability in the order of 1 — 2T'(b),

Ob(].).bO'p/

, ~ P

el + el =y el b ah =y,

Proof : Let D be a subset of {0,1,..., N — 1}°P. Asymptoticaly,

’
Z(w%,...wé;....;zf,...,a:g)ED(Pm%,...,z}g;....;zf,...,mg - EP/) N N(O 1)
opr\/N(D) ’
Let b > 0. Then,
/ - !
Prosg 12ttt en o sbisaty L Y
o p N(D) o

Then, with a probability in the order of 1 — I'(d),

1 /
NP(S—1) > Paloleisalal, — EP
x%+....+m}g:y1;.....;zf—&-....—&-mg:yp
bO'p/
— 0(1)
Np(S—1)

bUp/

=l
0
S
:3 =
B
@
B
J’!ﬁ
b
k]
|
=
v
I
@)
=
—~~
i
S—
q
7
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Then, if /N is big, with a probability in the order of 1 — 2I'(b),

: Z = Fotazl= ,
— LT P 1. P P
Np(S—1) i Aal=yr;.zl =y, Pl Ty g2l 2l

.....

bopr

Ep: + Ob(1) 225

1 + Ob(l)E bopr

P,\/Np(s—l)
- bo pr
1+ 0b(1) ;7
bUP/ bO'P/
~1+0b(1 + 1
( )EP,\/Np(S—l) ( )EP/\/NPS

Therefore,

Z = '
. . . Pt 1. P +P
m%-&-‘...—&-xéfyl, ..... ,zﬁ’—&-‘...—&-a:gfyp Ty geerTGiee 3T 5oy g

1 /
— E 1 1. ..p p
Np(S—1) T+ tzl=yi;.... 20+ Fah=y, p:cl ..... TGieenss ..., x%

/
P P 1 1. P P
s Lg p.Ll,...,a,s,A...,ll,...,.LS

b(fp/

~1/N? +0b(1l) —F—x= -
/ ( )EP/\/NP(S+1)

Then, if v/N is big, with a probability in the order of 1 — 2T'(b),

bO’p/

1 1. ..P r R p —_—
Z pacl,4..,;33,....,;31,...,3:3 1/N +Ob(1)Ep/\/]m

zi+.tri=y1,....2f +.Fah=y,
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_ e[ 4 20Wbor ]

EpV/Np(S-1)

The approximation of the uniform distribution remains valid even when p is
big. So, in the maximum case, if p=N, with a probability of 1 — 2I'(b),

| Ob(1).bo pr
Z Pat . als a2l 2R N N 1+—:| :
berbiintennt ¥ i [UF D AR

T+ tzl=yi;...2l . Hal=y,

It thus gives us an idea of the rate of convergence to the uniform distribu-
tion: we have a speed of convergence extremely fast.

Consequence Now, there is NP possible (y1,...,yp). Therefore, with a prob-
ability bigger than 1 — 2NPI'(b), for all (y1,...., Yp),

P{{Xll Y XD+ A X =N N {XT XD+ + X = yp}}

— (1/N?)[1 + Ob(1)—20F }

Ep Np(5-1)/2

Then, we have a speed of convergence extremely fast. Nevertheless,

P{{Xl1 + X34+ Xl=yn. . n{XT+ XP+ .+ XE = yp}}

can be very different of 1/NP.

This case is always possible in the set of the probabilities. But it occurs with
a very weak probability: e.g. T'(b) < 1/107 if b=30. It occurs for example
when the X; ’s are concentrated near a small number of points.

It occurs also when probabilities are not chosen randomly : it is an impor-
tant case. Indeed it includes the continuous case : cf section 5.5.8.

5.5.3 Case of independence

Now, we understand that if we suppose that variables are independent, there
is a probability stronger than P{X; +.... + Xg = 1} # 1/N. This result could
seem surprising. We are going to try to understand what it happens.

In this section we suppose that the following hypotheses hold.

Notations 5.5.3 Let X;, i=1,2,..,5, be S independent random variables with
values in {0,1,..., N —1}. We set P{X; = x,} =p. = (1/N)1+v} ].
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Hypothesis 5.5.3 We keep the same notations as in section 5.5.1. But we
assume that Py, ... o5 = Pay-eDig-

For oll i € {1,2,...,S}, we assume that p;n is a realization of the se-
quence of random variables Paﬁn defined on a probability space (3, As, Probas):
pL =P (w3) and V! : vl =Vi (ws).

One can assume that the V! ’s have a mean equal to zero. Indeed the
following lemma holds

N-1 4 _
n,=0 "Tn =0

Lemma 5.5.1 Under the previous assumptions, »
Proof We have 1 = Y P{X; = x1} = >, (I/N)(1+uv;) = 1+
(1/N)>°. vl . Therefore, Does vl =0. 1

1 T1° T

Then, we study p, = P{X; + X2+ .... + Xs = y} . We shall understand in
section 5.5.4 that their behavior is determined by the sum

§ 1,2 S
leﬂxQ.”.UxS.

zr1+....+xs=y

: 1,2 55 : 1,2 s
We know that, if the v, vz, ...v7 's are all different, ) oo v, vg, .05,

can be considered as the sum of an IID sample of size N(5~1) (cf section 8.1.2).

T

Let 0% be the variance of V;il ....VS,S. If one can apply the CLT, one has

approximately :
Sy ViV
ProbaS{ oy NS-D/2 > b} <T().
Because
P{Xi+Xo+ ...+ X5 =y} = Z (1+vi1).._.(1+vfs)/NS )

T14+....+x5=Y

by section, 5.5.4, we have again the inequality

‘}){}(1 +’)(2'+..“ +')(S ::y} —-1/]V| b
ov = N(SH)/z} <T@

Probas {

The point is to know if we can apply the CLT when we make add on sam-
ples of size N°~! while we have NS variable P; : It would be necessary that
the number of variables is bigger than the size of samples. We shall study this
problem in section 5.5.8.
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1,2 s
5.5.4 Sum of v, v, ...v;,

Now we understand that the p,’s depend on sums of v} vZ ..v3_.
Proposition 5.5.3 With the previous notations,
P{Xl + + XS = y} = (1/N) + (1/NS) Zm:y Uilvgz....vfs.
Proof First, P{X; + Xo + .... + X5 =y}
:Zm:yp{{Xlle}ﬂ ........ m{XS:CUS}}
:(1/NS)Zm=y(1+(U;1) ..... (1"_7.):655)
Now,
(T4vk)(1+05,)
=1 + [’U;1 T + vfg] =+ Zil <ig viiltlz‘l viziQ + Zi1<i2<i3 ,Uiilz‘l vz:z U;is
e ———————————————————————————————————aaaa
+ Zi1<i2<....<iq ’U}lel ;21 ’U;qlq
e ————————————————————— e aaaaaaaaaaaas
+vilv§2. ’UTSS
Clearly, by the following lemma (5.5.2),
P{Xl + + XS = y} = (1/N) + (1/NS) Zm:y Ullilvgz""vlss'
Lemma 5.5.2 Suppose ¢ < S. Then, ‘
' ] 7 1
Zw1+....+ws:y [Zi1<i2<....<iq U:lclil U;igvaig""vmiq] =0.
Proof We have ‘
I i
Y m T TEs=y [Zi1<i2<..‘.<iq U, Vi, Vi "'j”fth]
T i
= Yiicine iy | Ty Vi, U, UG, i, |
For example, if i, < .S,
=y U, Vi, Vi Uy
= Zril ZI1;2 ""Zris_l Zzs:y—z1+....—ms_1 ’U;:lil ;212 U:ZDS;:;""UI?L@

J— 1 2 13 q
= v v v v Ug;
Zmil Zmi2 Zmis—l Tiy “Tiy  Tig Tig

J— il i’]
= [E - vmil} ...... [ > . vxiq]
_ i

= 0 because » 2, Voiy = 0.0

Tiq
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5.5.5 Study of > -——— vl 02 w3

T14...+Trg=y X1 X2 X3
- i1 12 is
Then, > o, [Zi1<i2<....<is ”zilvmm““vzis} can be regarded as the

sum of an IID sample of size N5~ of mean zero and of variance 0.

It means that, with a probability near 1, if the CLT holds, and if b is large
enough,

boy }

P{Xi+ Xs ...+ Xs =y} = (1/N) [1 + Ob(V) 5773

But we understand now on examples that the CLT is not satisfied as well as
in the general case. We shall study the case where X, € {0,2,4, ..., }.

5.5.6 Counterexamples

We obtain results similar at those of section 5.4.1 : if the probability is con-
centrated near a small number of points, P{X; + Xo +.... + Xg = y} # 1/N
is a possible result. The extreme case is the one where the probabilities prS are
concentrated in a single point, for example x, = 1. In this point, p¢ = 1 and
vi] =N -1

Now suppose that N is even. Suppose that the X;’s have the uniform dis-
tr.ibution over the even numbers : p,; = 2/N and ph; . ; = 0. In this case,
vt = (=1)7 = £1. Therefore, v} v2, ..v5 = (=1)"FF7s,

2y Vg Vg
TN 1,2 s _
For example, if y is even, v, v;,....vy, = 1. Therefore,
1,2 s _ _ arS—1
E Vg Viyoer Vg = E 1=N""".
T1+....+xs5=Yy T1+....+Ts=y
Actually,

Z vl w2 S = (-1)YNS?
z1+....+xs=y

and

P{Xi+Xo+..+Xs=y}=00r =2/N.

Then p, = P{X; + X2+ .... + Xg = y} can be very different of 1/N. This
case is always possible in the set of all probabilities. It is the case where

DT Tas=y Py — 1/N)
UV/N(S+1)/2 -
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But it occurs with a weak probability. Now, we need to know more this
probability if we cannot use directly the CLT.

5.5.7 Probability concentrated near even numbers

We thus want to know which is the probability that P{X; + X2 + .... + X5 = y}
is different enough of 1/N in the case of independence.

For that purpose, in this section, we are in the particular case where p,, =

Pyt

S where p), = P, (w3) and where the P, ’s are an IID sequence of

random variables which have the uniform distribution over [0,1] and which are
defined over a probability space (Q3,.A3, Probas).

As a matter of fact, we regard a case close to the case where the probabilities
are uniformly distributed on the even numbers, that is the case where p;; ~ 2/N
and péj 11 =~0.

Then, we have p,, = p; = (1/N)[1 + v,,]. Therefore, Np,, = 1+ vg,.
Then, v,, = Np,, — 1.
For this study the following lemma is needed.

Lemma 5.5.3 Let Zn, = (1/v/N) > e [P

.. — 1/2]. Let I be an interval. Then
the following equivalence holds

v, €1 <= pl € [1+22n0/VN|T +1)/2 .

Proof At first, zy,VN = > w. [Py, —1/2]. Therefore, 3, pl, = N/2++VNzyo.
Therefore,

Npl, Npl,
Vg, = Npg, —1= oo 1= “Pre
2, P, N/2+VNzn,
, - .. Npe,
Then the following equivalence holds : v, € I = TN ns 1e
Py, _ . W, — 20,
I = 1/242n0/VN lel 14+2zn50/VN lel 142250/ VN €

I+1 < pl, € [l1+2zn,/VN|(I+1)/2. B

Remark that Zy, has almost the normal distribution with mean zero and
variance 1/12.
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The probability that V,,, € [1 — f, 1] where f is small - that is the probability
that P,, ~ 2/N - is equivalent to the probability that P, € (1+2Zn,/VN)[1—
f/2,1[. Then, it is almost equivalent to the probability that P, < [1 — f/2,1].
Then, it is almost equal to (f/2).

The probability that V,, € [—1, —1+ f[ - that is the probability that P, ~ 0
- is equivalent to the probability that P, € (1 + 2Zx,/V/N)[0, f/2[. Then, it
is almost equivalent to the probability that P, < [0, f/2[ . Then, it is almost
equal to (f/2).

Then, the following property holds.

Property 5.5.4 The probability that pfc ~ 0 for each odd numbers and that
pis ~ 2/N for each even number is, for each row i, (f/2)Y, and for all the rows

(f/2)7%.

Comparison with the general case We compare this result with the general
result of section 5.5.1 :

opr = EP/N(SJrl)/?} <TE) -

Proba4{

The following lemma is needed.

Lemma 5.5.5 The following equivalences hold : v, € [1 — f,1] <= p,. €
[2/N_f/N72/N[ andvms € [_17_1+f[<:> Pz, € [07f/N[

Proof We have v, € [1 — f,1[ <= Np,, =v,, +1 €2 f,2[ <= p,, =
(1/N)[vs, +1] € [2/N — f/N,2/N| . Moreover v, € [-1,—1+ f[ <= Np,, =
vz, +1 €0, f[ = pz, = (1/N)[va, +1] € [0, f/N[. B

Now, we use the following property.

Property 5.5.6 Suppose that p,, € [0, f/N[ if N is odd and that p,, €
[2/N — f/N,2/N] if N is even.
Suppose that y is odd. Let 0%, = 1/12. Then,

[P+ X+ + Xg =1} - 1/N| _ (1/N)[1 - 251 4]
ap o \/m ’

Proof For example assume y=1. Then,

P{X1 +X2+....+Xs=1}= Z pil....pfs.

z14....4x5=1
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In all these x5, there is at least one x5 odd : x5 = 2jp + 1. Therefore,
ph. = phj, 11 < f/N. Therefore,

Phy Dy < (F/N)(2/N)57L,

Therefore,

> phepi, SNSTU(F/N)(@2/N)ST =257 f/N.
e

Therefore,

1I/N-P{X, + XoF ... + Xsg =1} >1/N =271 f/N = 1/N[1 — 2571 ].

Then, with (op/)% =1/12,

|P{X1+X2+—|—XS = 1}—1/N| - (]_/N)[l_stlﬂ .

T

Under the hypotheses of section 5.5.1 , with (op/)? = 1/12 and Epr = 1/2,
we know that

|P{X1 + ...+ Xg =1} — 1/N| b
ap! = Ep/N(S+1)/2} = F(b> '

Probas {

Now in order that

|IP{X1+X2+4 ...+ Xsg=1} —1/N]| S b
op ~ EyNGtD/27

a/Np-27"14] , that is b =

Vi

it is sufficient for example, that N(Szfl) 7 =
\/g[l _ 25_1f]N(S_1)/2.

.2
Now we know 2 that, if b is big, I'(b) = ﬂf};b 2 Therefore,

e—1.5[1-2571fPNGD

V3|1 —25-1f|N(S-1)/2 =

T(b) <e¥/2/b= —1.5N51

2e.g. with the notations of Matlab, I'(b) = erfc(b/v/2) , erfcx(b/V/2) = ebz/Qerfc(b/ﬂ).

If b is big er fex(b/V2) = %
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if f is small enough .

Now, in the case of independence, we know that it occurs with a probability
in the order of (f/2)V° : cf property 5.5.4 . Of course, it is not in the same

14N (S-D)
order as e 14N /10,

5.5.8 Consequences

Differences between the case of the independence and the general case

[P{X1+Xo+.... 4+ Xs=1}—-1/N]| b
o 2 g NG § has

a probability bigger to come true in the set of the independent probabilities
than in the set of all the probabilities.

This result could seem strange. Indeed, for the CLT, the convergence is
admitted faster in the case of the independence. Now the XORLT is a transfor-
mation of the CLT.

However, in a way, it is normal. By imposing the hypothesis of indepen-
dence, we lose parameters, thus probabilities : a priori there is less pglcs1 ....pis

The previous results mean that {

than possible pg, ... xs -

We have just understood that the probability that

{|P{X1+X2+....+XS:1}71/N|> b }
O'P/ - EP’N(S+1)/2

is much stronger in the case of the independence.

Why this difference? This difference thus results because there is less pa-
rameters. In the general case, there is N° (xy, s, ...,25) S-uple which have to
be considered. There is thus N possible Doy .z - We make sums of G
terms pg, .. 4. Lhis is thus plausible.

In the case of independence, there is N pis for each row i. Then, all in all,
there is NS pis, i=1,..,S, #, € F*(N). But, we make always sums of N9~!
terms p}rSl piw ....pis which are determined by NS parameters. It is one of rea-
sons of the problem.

Real behavior of probabilities In the case of the independence, the prob-
ability Probas behaves as if we made a sum of NS terms. We should thus find
a result of the type

\P{X1+X2+....+sty}—1/N|> b
o pr - Ep/\/Nis

Probas {
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where I'(z) = O(T'(z)).

d |P{X1+X2+....+stl}—l/N‘ >

But, in fact, we fin EP,N<bS+1>/2 only in case

O p/ -
where the probability of X is concentrated near a small number of points. And
we know that we have to eliminate this case : cf section 5.4.1.

In other cases, all our researches show that we find the same probability as

in the general case

|P{X1+X2+....+X5=y}—1/]\7‘> b
O'P/ - EP/N(S+1)/2

Probag{ } <1 (),

where T7 (b) = O(T'(b)).

We thus find the general case where the convergence is extremely fast with
a probability infinitely close to 1. To convince itself, we can refer for example
to the elementary study made in section 5.3.4.

We understand in section 8.2.2 how eliminating the case where the X; ’s are
concentrated near a small number of points.

One of the reason of the problem

In fact the problem comes as well from the fact as we suppose that the x,,’s have
to be different some of the others in order that a sequence of real x,, behaves as
an IID sequence, : cf section 8.1.2.
Of course, it is not the case when the probability is concentrated uniformly
on the even numbers: there are only 2 possible values for p;,, .. 24 : Oor QS/NS.
Now if the probability is concentrated on the even numbers in a random
way, we meet ourselves in the same study but we replace N by N/2. It means

that the probability that ‘P{X1+X2+';‘:sty}_l/]v| > b’ can occur but with a
less weak probability.

Now, if the x,,’s - and thus the p,,’s - are not concentrated near a small
number of points, the number of the possible values for p,, ... .. is much bigger
and well distributed. We shall thus have a fast convergence with a probability
infinitely close to 1.

Anyway, we understand well the difference: the sum Zpisl ....pfss can be

considered as the sum of a sample IID as soon as the p;,’s are different enough.
|P{X1+X2++X5:’y}—1/N| > b be—

The probability that such a sample satisfies

O p/
comes again very weak. This probability increases as soon as p,, is concentrated
near a small number of points.

Thus if the p,,’s are different, the sums Pai ePas, behave as sums of
numbers chosen at random.
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It stops if the p,,’s are concentrated near a small number of points (as in
the case of uniform concentration near the even numbers). In that case, it is

P{X1+X2+.H.+Xs:y}71/]\/v) > b/
opr =

Thus if the p,,’s are different enough, the sums [T behave as

normal that

is bigger.

sums of numbers chosen at random. We find the probability of the general case.

Let us notice that all these results are coherent.

We understand that the problem comes from the fact that the x;’s are con-
centrated near a small number of points. Otherwise, we have often a fast con-
vergence with a probability infinitely close to 1.

It is an important result : it means that, under our hypotheses, there is a
break of the XORLT if the probabilities are concentrated near a small number
of points.

We thus know which problem, it is necessary to avoid to have a fast con-
vergence. We shall use differents way for it : cf section 8.2.2. It will allow us
to admit the hypotheses that we chose for our various type of construction : cf
chapter 11 and 12

Problem in some cases

Proposition 5.5.1 is only a mathematical theorem with a measure on the set of
the probabilities chosen a priori. This measure is not thus inevitably adapted
to certain assumptions.

Continuous case It is not difficult to understand that proposition 5.5.1 gives
absurd results in the case of continuous density.

Indeed, let us consider random variables with values in F'(m). We denote
by fy the densisty of the sum with respect to p,, :

fY(y) =m Z le,...,rs .
r1+...+tTs=Y

Then, by proposition 5.5.1,

) =m 5 s =10 -

T1+...+Ts5=Y

Now, for probabilities estimated starting from sample of small size, one often
admits that the X, have a continuous density: it is an assumption a priori
realistic and usual. Now, if X; has values in [0,1] with a continuous density,
according to proposition 5.5.1, with a probability equal to 1,

fry)=1.

It is understood that this fact is false. Thus let us choose S=3, and suppose
that, for s=1,2, the densities of X with respect to pi, is fx,(z) = 1,625 where

119



Nm — 1 as m — oo. Suppose that the densities of X3 is fx,(z) = 7,6(1 — x)°

Then,
Z Pz PxyPxs = Z PayPaoDy—z =z,

TitTatrs=y (z1,72)
1 -
=3 Z Ix(@1) fx, (22) [ (y — 21 — 22)
(z1,22)
3 63 5
= nmg Z ($1)5(1‘2)5(1 —Yy—I —.’L'Q)
(mlw*'E?)

Therefore, if y=1 and if z; and x5 are close to 1,

173 67 5 5 5
Z Pz1PayPxs = m3 Z (21)”(22) (931 Jrfvzfl) .

z1tT2to3=y (z1,22)

It is not difficult to understand that

m Z pwlpwzpiﬂg # m Z pl']pl‘zpl‘;g'

T1t+Tataz=1 T F+aatrz=T7/8

Therefore, the distribution of X; + X5 + X3 is different from the uniform dis-
tribution.

However, this case is that where the marginal probabilities are concentrated
each one nearly one only point: (1,1,0). One thus finds the case which should
a priori be excluded. But is really necessary it to exclude this case?

There is indeed concentration around a point. However this concentration
is not so strong. In spite of that, one will not obtain Zm:1 Day Dao g
1/m.

Therefore, the result of proposition 5.5.1 does not seem to be representative
in certain cases, e.g. when the X,,’s have continuous densities.

A solution To avoid this problem, one can transform the random variables.
Indeed, the previous result will change completely if one multiplies each X; by
a real number o; modulo 1: X{ = ;X and if one uses X| + X} + X} . For
example, one can choose a; = 9875465559300025458 in the example of section
11.2.5 with Xy = F(s,1). One can also choose a; = 9875465559300025458 =
m/10.

Indeed, if there are continuous peaks, i.e points of concentrations, this multi-
plication will remove them by distributing the probabilities in a enough random
way. One will be able to thus apply proposition 5.5.1 which uses probabilities
taken randomly.
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For example suppose that a; = 1 for s=1,2,...,S-1, that the X, € F*(m)
have the same distribution and that as = a = fi,,—1 and m = fiy,, : that is
T(xz) = ax modulo m is a Fibonacci congruence. Then, p/, = P{X¢ = z} =

= =1
P{T(Xg)=2}=P{Xs=T (x)}= P (2"

Then, X; 4 .... + Xg_1 + X has a probability close to the uniform distri-
bution. Indeed,

S Pebeeebes= Y PePraeeebpog,

r1+T2+...+Tx5=Y r1+T2+...FT5=Y

i

m—

-3

t=0 (z1,0esxs5-1) : T1F...+T5_1=t

(]

Py Py Prs 1 P71 (y_p)

where

&
I
(]

Pz Pxo--ee-- Prs_1 -

[C2 zs—1) : x1+...+xs_1=t

By the properties of Fibonacci congruences, (cf Chapter 7), the T—(y —t)
behave as if they were chosen randomly compared to the continuous case. Then,
one can regard that PT—1(y—1) and II; are independent.

Let us remind that in the case of sequences of N random variable X; and Y;
independent,

N N N
NS XY, - (1/N2Xt> (1/N2Yt) 20 as N - o
=0 t=0 t=0
Therefore,
m—1 m—1 m—1
(1/m) 3 Topror, = (/m) 32 106) ((1/m) > pper, ) 0.
t=0 t=0 t=0
Now .
(1/m) Z I = (1/m) Z Pz Pzy-ee-- Prs_1
t=0 (z1,.... ,LS—1)
:(l/m)(Zpl.l) ...... (Zp1571> =1/m
T Ts—1
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and

m—1
(1/m) P (y—1) =1/m
t=0
Therefore,
m—1 m—1 m—1
~ _ 2
(1/m) > HtpT_l(yft)N(u/m) Ht) ((1/m) pT_l(yft))q/m .
t= t=0 t=0
Therefore,

E Dary P eeveee Drs A 1/m .
r1t+xo+...fFxs=Y

Therefore X; + .... + Xg_1 + X§ has a distribution close to the uniform distri-
bution.

As a matter of fact, the multiplication by «; modulo 1 defines a permutation
if oy is suitably selected.

But in this case, one has again the problem of the choice of the permuta-
tions: the permutations too simple are not appropriate. Is this case here? This
problem is not so simple. On the one hand, Knuth ([1]) explains why one cannot
use permutations built by algorithm (cf also section 2.1.1).

On the other hand, one understands in chapter 7 that the multiplication
corresponding to a Fibonacci congruence is a good permutation. Because of
this result, one can always regard that the multiplication by ag modulo 1 cor-
responds to a good permutation if ag is suitably selected.

But what interests us here be the sums Zmzy Py Pay--Prs_1 PT-1(ag)-
Now, in the numerical studies that we have made, the p;,pry...--Prs_1 P71 (2)
are distributed in a enough random way so that one can considers that one is
under the assumptions of proposition 5.5.1.

Return to the continuous case Let us check if we solved the case studied
at the beginning of this subsection by multiplying the X; by coefficients .
This result seems correct: if one multiplies X; by a real number aqy chosen
randomly, one multiplies normally by an irrational number. Now, this irrational
number defines himself a random sequence (for example cf page 158, theorem F

[1])-

Model associated to a sample Let us remind that to consider the set of
all the possible probabilities is normal because there is a multitude of models
associated with a sample and a priori, one does not know which is the best model
which one can choose. However, the model which corresponds to probabilities
chosen randomly is natural if one takes samples resulting from texts for example.

122



Of course, if N << m, one can also choose a model with continuous density.
But it is a very particular model and a priori it is not logically appropriate if
text is used.

5.5.9 Secund type of assumptions

In this section, we suppose again p=1 and that the X, are independent. But
we study by another way the numbers v} defined in notations 5.5.3.

Notations 5.5.4 Let X;, i=1,2,...,5, be a sequence of independent random
variables with values in {0,1,..., N —1}. For all s € {1,2,..., 5}, we set P e
P{X,=uz:}.

Hypotheses
Then, we assume that p’L =Pl (wr) where p”t = (1/N)[1 47y (v —ovk)]
and where vx =V (w7) is a realization of an I1ID sequence deﬁned by the

following way.

Hypothesis 5.5.4 For all i € {1,2,...,S}, we assume that v}, is a realiza-
tion of an IID sequence of random variables Vl defined on a probability space
(Q27, A7, Probay) such that —1 < Vi <N-1 and E{V}! } = 0

Then, we set vy, = (1/N)Y, v and Vi = (1/N)Y, v,

T “Ts

Then, the following results holds
Lemma 5.5.7 There exists a sequence of random variables 0 < Ry < 1 such
that —1 < Rf\,(Vz"n — V) <N -1 and Ry £1as N - 0.

Proof: Because —1 <V} < N—1, one can write —1—e <V} -V}, < N—1+e
where e > 0. Then, one can write —1 < Ry(V: — V) < N —1 where

0 < R, < 1. By the CLT, V}, © 0. Therefore, Ri, £ 1. W

Then, we can define probabilities over F*(N).

Proposition 5.5.4 For all x, € F*(N), we set P"., = (1/N)[1 + Ry (V} —
Vi)l Then, 0 < P". <land), P", =1

Proof : We have 0 < P”, < 1. Moreover, >, P". =3 (1/N)[1+
Ry(Vi, = Vi)l = 3, (1/N) + (Ry/N) Y, (Vi — Vi)l =1. ®
Then, we assume that the following hypothesis holds.

Hypothesis 5.5.5 For all i € {1,2,...,5}, we assume that p’” is a realiza-
tion of the sequence of random vamables P’” defined over (Q7,A7, Probaz) :
p’L =P". (wr) where P”, = (1/N)[1+ R; (VZ — Vi)l

Tn Tn
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Then, we have the following theorem.

Theorem 6 Assume that, for all s € {1,2,...,S}, the variance of V¥ is 0‘2/5.
Then, with a probability greater than 1 — T'(b) approximately,

—_— 1 bOb(l)O’V NONOAYS

P{Xi+ . T Xs=y}=—1 LTV

Remark 5.5.8 If P! has a distribution similar to that of P =
P!% has the uniform distribution, then o3 = O(1).

i _ i P pl _ . ~

Indeed, NP, — 1=V, andp), ~ N O VN = O(1/N) with a prob

ability very close to 1. Moreover, E{V;} = 0. For example, one can choose
2
oy < 1.

£
==~ when
N 3
t=1 Pt”

Proof of theorem 6

At first, the following proposition holds.

Proposition 5.5.5 The following equality holds :
1 S
P{Xi+ ..+ Xs=y} =+ + DX Zwl+.“+$szy(vil — Uk ) (v, —vR).

Proof At first, P{X1 + Xo + ... + Xs =y} = > oqmoey Do P s
= (1/N®) Yagas—y L+ i (vg, — o) L+ 15 (03, = 0R)]-

oot ‘ ,
T2 i cigncig TN (UG — VNITR (U, — V) ru(vsh, — vN)
L TP PP UPPOPPIN

+ri (vl = oh)rZ (V) = 0% ) (s, —vR)

We deduce the proposition by using the following lemma (5.5.9). B

Lemma 5.5.9 Suppose ¢ < S. Then,

Zzl+....+15:y [Zi1<i2<....<iq T?&(viﬁl - U}\ll) ~~~~~~~~ T?\?(U;qiq - ”Exq/)] =0.
Proof We have o .
] 7 3 K2 K2 K2
27931+---«+$S:y [Zil<1‘2<..4.<iq 7‘}}(1}&1 — UN ) rﬁ(_vx"iq_— 1}1\‘})} =0
= Zi1<i2<....<iq [leJr....Jra:s:y T?\lf(vilil - U?\lr) -------- r;\(;(v;gq - U;&)]

For example, if 7, < S,
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27%4_.__4_965:?}(1)%1 — VN ) (v;‘ﬂq — vj(})

= Zmil Zmiz Zmis,l szziy*Jn‘i’uu*ISfl(Uilil — UN) e (U;qu —vN)
= Zmil Zmiz 2%'371 (vgivli1 — UN) oo (v;qiq — )

=3[ [Sa, iz, = o) [ S, 022, = 0] ]
= 0 because Zmil vz, =Nvy. B

i1 1/ i
Then, one can prove that le+.,..+x5:y [Zi1<i2<....<is inll waQ sts] has

asymptotically a normal distribution by using theorem 2.

1 2 S

Proposition 5.5.6 Under the hypothesis 5.5.4, ntet S CET Yy =
has asymptotically a distribution N(0,0¢, ......00,).
Proof By theorem 2, it is sufficient that
Dorzs [B{(X6)* (X)) — E{(X,)*}E{(X,)?}] 0
(No)?
Dotictocn ety BAX Xigoon X, } 0
(No)P/2 ’
Then, we apply this theorem with X; = V&Vzij VyS—zl—i—zs,l and No =

NS-L

The first relation is obvious. For example, if S=3, this relation is equiva-
lent to the convergence of (1/N%) Dt [E{(X:)?(X:)%} — E{(X,) E{(X,)?}],
which is equivalent to the convergence of

1y/27/3 2 2773 2
iyt [EAVIVIVE P (VAVAVE )2

Yy—r—J
N4

PIE{(VAVEVE )Y
N4 '

7E{(V;1ij’2vy37i

—J

Now, in order that

E{(VVAVE 2 (VAVEVE )%} # B{(V;' VA2

3
y—i y—i—=j

2 1y,27/3 2
) }E{(‘/;"/j’v;g,i/,j/) }7

—J
it is necessary that i = i’ or j = j’. Therefore, at the maximum, there is 2/N3
such VileQV;_l._jV;}ij,Vij,. Then, there exists a constant C3 such that

3
y—i'—

1y/27/3 2 1y/27/3
Z(i,j);ﬁ(i',j/) I:]E{(‘/l V] Vy—i—j) (‘/;’ ‘/}/Vyfi’
N4
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SE{((V; VPV

BV ] g
<
N4 - N

In the general case, there is (S — 1)N * N2(5=2) such

Vl VS lvs V} VS—le

’ - -
151 — ] .. —ig—1 1 g1 Yy—ij—..... —iy_4

at the maximum. Therefore, there exists a constant CZ such that

Zrs B2 (X)) ~E{K)DE(X)D] _ sCF
N2(5-1) N

E{X;, X, ... X,
Now we study the condition p! L. F];ps_{l)p% 2 w) (N2)Ppy

First, assume S=2 : in this case, Xy, = V) V;_wl. Then, E{X;,....X;,} =
B{V\ V2 VA VA } = B{VY o BV JE(VE .12
n “Tny np Y~Tyn, n1 np “Tny -

m},’p
0 because the zl are all dissimilar.
Assume S=3 : in this case, X;, = V1 V3 Vy‘siz. Then,
n n2 —Ty, —TL,
E{X¢, Xty Xy }
=E{V, V2 1/37,%1 | A V- S VA 7 VA B—
ny Tny —Ty, ny n2 y*InQ*In np np yifrnpfznp
=E{V, . mn }E{V2 ....... v }]E{V3 . Vy{z — .
n1 ny np np
1tp=2, B{X0 X0} = E{V;, Vi, JE{VE VE JE(VE— V2 ). Be-
cause ty < lo, T, 7# Tn, O Ty, 7# Ty,,. Then7 E{thth} =0.
If p=3,
E{Xt1Xt2Xt3}
=E{V, V. V. }]E{V2 v V2 }JE{V3 —3 V3 —}.
ny ng Tny =Ty, Y~ Tng— an Y—Tng —Th,
In order that E{X;, X;, X;,} # 0, it is necessary that x,, = z,, = z,, and
x, = x,, =, . Then, Xy = X;, = X;,. It is impossible.
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If p=4,

E{ththXtBXt4}
— 1 1 1 1 2 2 2 2
- E{‘/ﬂ,nl ang an?) ‘/wn4 }E{Vw;Ll Vz;Q Vmils Vw;L4}
BV sy 84
Y—Tn, 1 YT Tng T Ty, YT Tng =Tl Y~ Tny Ty,

In order that E{Xy, X;, Xt X+, } # 0, it is necessary that, or x,, = z,, and

Tpg = Ty, O Ty = Ty, a0d T, = Tp,, OF Ty, = Ty, and z,, = Tp,

For example, assume ,, = Ty,, Tns = Tpn,. LThen, we had to assume also

/ i / i .
x,, = x,. and z;, =z, . Now, we assume that these relations hold.

Then, in order that

B{V,L V2V VA YE(VE V2 VE V2 )

E{V2 V2 —V2 V2 -} #0,

Y—Tn, —3%1 Y= Tny =T}, Y~ Tny —x;m Y—Tn, —T),

it is necessary that
OR 1) Y — Tn, _1’411 =Y — Tn,y _SU;I
OR 2) y — ap, — !, =y — Tn, — ),
OR3)y—xpn, — ), =y —Tpn, — T,

/ — /
and Yy — Tny — T}, =Y — Tny — T},
/ — /
and Y — Tp, —Th, =Y — Tp, — T

Ny
/ —
and Y — Tp, —Th, =Y — Tpy — T

2

3

!

4 ns*

!/ j— / ! — !/ / _ !/

If 1) holds, 1y — gjm 3: Y= Ty, Thlen7 323711 ? @y, - Therefore, ], = x .
Then, Xy, =V, V%Vm = Ve, Var, Vm = Xy, ¢ it is impossi-
ble.

— _ 1 oy2 13 —

If 2) holds, xn, = @n,. Then, z,, = &n,. Then, V; Vi V2 —— =

n ny o Y—Tng =T

VI V2 V3 it is impossible.
n3 Tng  Y—Tng—Tp,

If 3) holds, xn, + x,, = @, + x,,, and z,, + 2, = Tn, + 2,,. Then,

/ !/ — — / !/ / !/ —
T, — Ty, = Tpy — Tn, and T, — Ty, = 2, — ;.. Therefore, 2(z;, —;,) =0

and 2(z,, — 2n,) =0. If Nis odd, 2], = x;,, and z,, = 2y, : it is impossible.

If Nis even, x, — 2, = 61(N/2) and zy,, — 2y, = 62(N/2) where 0, = 0, -1
or 1.

CyN* . .
Therefore, there are =47~ possible variables X;, = vivzvri X, =
n1 Tny y—ng, -
1 2 173 _yl y2 13 _yl y2 13
Ve, Vi Veeor— — Xy, =V, Vo Ve Xy, =V, Vo V2
2 Tnyg Y—Tn,—T7, I na - Tny  Y—Tpg—aq,

such that E{X;, Xy, X, X, } # 0. Therefore,

Zt1<t2<t3<t4 E{Xt1Xt2Xt3Xt4} Zt1<t2<t3<t4 E{Xt1Xt2Xt3Xt4} 06N2
< —
(Np)4/2 = (N?2)2 N4
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..... vIi-tys . Then
3, npy—axl —hn
E{X:, Xppooon X, }
_ 1 1 S—1 S—1 S S
E{Vxl Vh } ....... E{Vx&l ...... stl}]E{V - T — }
nq np nq np y—znl—,.,—znl y_zﬂrs,l_"‘_'I"S—l

In order that E{ X, X;,

X, } # 0, it is necessary that, for all t=1,2
1, and all n,, there is one equation xt

= cy-
1= b
= x! . At the maximum, there are
Co(N5=1)P/2 possible variables Vi V2

........... szs L r=12,.......,p, such that
B{V} vyt BV vssj} £0
nq np ZL’n,l np
Moreover, there are|p/2] equations y — 2}, —.... — =y — T, = zh !
c! (NS l)p/2 1 S—1
at the maximum there are possible variables V sz .......... Vx 51
VS . Therefore
yiz}w,ri"' —Tny
Zt1<t2< .... E{thth ...... X, } Zt1<t2< """" E{thXt2 ...... X, } gé
REORE (ETE N
.. Z?:Ol X, D N O 2 2 b
Then all conditions of theorem 2 hold. Then, =Zt=* — (0,0¢, ....07,) be-
2
cause B{X? } = E{(V} V3 . VIV —) } = L E{n?).
|
Now, one can assume that ) . v3. =0.
Proposition 5.5.7 Under the previous assumptions
1 s
==Y [H Ri(Vly = V)| RR (VS = V)
x)l,x2, ... ,xf b "
has asymptotically the distribution N(0,0¢. ......00,)
Proof Assume S=2. Then
f Z Ry (Vi = VAR (Vir = VR
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RlRN

RLR3 VA

Z - VN} \/N -
RNRN Z _v2)

RNRN Z - RNRNV Z
y 11 \/* N

where

Ry Ry 1
VN Zx}zv vV

Z x2 7VZ%]

d \/% > .1 VI have asymptotically a normal dis-

tribution (cf proposition 5.5.6). Moreover, V2 converges in probability to 0.

Then, \F Zzl RN(V
tribution N(0,0¢, 07,).

~ VR, (VA

n

Assume S=3. Then,

- Z Ry(Vy — V)R (Vs — V)RR (V2
RNRQR E:
Ry R R,V 2 2y
————77————;;fve——vwx%;;;ff—
RNR%VRN Z Vl
R}VR?VR?VVJ
————R;——f;;fm¢—vwxv

RNR

xz},x2
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—zl —x?

2)({/37,

—x2

n

2
Th

—x2

3 J—
V0

n

— V2) has asymptotically the dis-

- VX)

Vi)

Vi)

Vi)

~ V)

O S AU ) —



_ R} R2R
Vel D W_VJ%)

e hTh
RN R% R V2
i L S VAVE L V)
zl,x2
R1 R2 R3; V3 .
D VAVE (VG — V)
z) 2
R R% R V2
SN S v (v - V)
x) 2’3
RNR2 Ry 1 3
V v—ml —z2 VN)
1:;2 o
Rl R2 R3 RY R2 R3, V3
S Z Vl wl —xz2 o Z V1 ;
where R}\’Rijé\’R?V Dol g2 V5 V V3 d le a2 Vw% have asymptot-

ically a normal and a ch1 squared dlstrlbutlons Moreover, V3 converges in
probability to 0.
Then, & 3,1 s RA(V V)RR (VA VR R (VS

[
z'n.

—V2) has asymp-

totically the distribution N (O, oy, 01,00, )-

In the general case, we prove this proposition by the same way . l

Proof 5.5.10 Now we prove theorem 6

By proposition 5.5.5, we know that

1 1
- T T _ (v —Un)eeens v —v
|P{X1 XS _ y}_ | | N- N m1+...+xs_y< T N) ( x5 N)|

where by proposition 5.5.7,

S—1
V% D ) e e ()
t=1

1

2
Th,TZ \T
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has asymptotically the distribution N (0, 0‘2,1 ...... 0‘2/3). Then,

s s
o s Sy (Vi = Ve (VE = V)
N NS-1

has asymptotically the distribution N (0, 0‘2/1 ...... 0‘2/3). Then, with a probability
greater than 1 — I'(b) approximately,

s s Zm:y(vil — VN ) (U;gs - U}%) _ b.0b(1)ovy,...... Vs m
N N e Vi )

5.5.10 Conclusion

By applying all the results of this chapter, we can admit that the convergence
to the uniform distribution is very fast as soon as the X;’s are not concentrated
near a small number of points and that probabilities are chosen randomly.

It remains to prove it completely. For that purpose, it would be necessary
to make another study which can possibly turn out complex.

But for our conclusions, it is not very useful. There are indeed two solutions

1) We admit that the result is true in the set of probabilities with a proba-
bility infinitely close to 1 : cf chapter 8.

2) We admit that the hypotheses which we chose in section 7.2 are verified.
In that case, it is a guess which remains to prove mathematically.

However everywhere where we were able to make numerical studies, in par-
ticular when ¢ is small (cf figures of section 5.4.1) , we found this result without
any possible error.

Moreover the comparison made with the sum of an IID sample involve con-
sequences which seem clear: cf section 5.5.8.

5.6 Theoretical study of density

In this section, we confirm that it is more practical to use the XORLT than the
CLT by another theoretical study : we compare the densities of the functions
G(j) and H(j) defined in section 11.1.2.

For that purpose, the following lemmas are needed.

Lemma 5.6.1 Let X, € F(m) be a sequence of random variables. Assume
that f, is the probability density function of X,, with respect to . Suppose
that f,, — f uniformly as n — oo where f is a continuous function bounded on

[0.1].
Then X,, B X where X has the probability density function f with respect
to .
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Proof Let t € [0,1[. Then, P{X,, € [0,t[} = fot (@) o (dz) + fg(fm(x) —
)bt (dx) = fgf:o f(@).pom (dz) 4+ €(m) where ¢(m) — 0 as m — oo.

Then, by theorem A, page 16 of [42], P{X,, € [0,t[} — f;zo f(z).p(dx) =
P{X €[0,t[}. m

Lemma 5.6.2 Let X € F(m) be a random variable. Let fx be the probability
density function of X with respect to pi,. Then, P{X =z} = fx(x) <.

m

Of course f[o 3 Ix (@) prm (da) = 1.
Moreover, |fx(x) — fx(2")] < Kolz — 2’| if and only if

|P{X =2} — P{X =2'}| < Ko|z — 2'|/m.

Lemma 5.6.3 Let x=k/m, z’=k’/m where k € N and k' € N. Suppose that
|P{mX =k} — P{mX =k +1}| < Ky. Then,

1) |P{X =z} — P{X =2'}| <mK;|z — 2|,

2) |fx (@) = fx ()| < m* K|z —2|.

Proof We have |P{X =k/m} — P{X =k/m+1/m}| < K1 = (mKy)/m.
Then, |P{X = k/m} — P{X = k' /m}| < (mK;) =51,
Then, |fx(z) — fx(2")| = m|P{X = k/m} - P{X =K /m}| <m? K|z —2'|. B

We apply these lemmas to the conditional densities of the sequences G(j)
and H(j) (cf section 11.1.2).

Notations 5.6.1 We keep the notations of the chapter 11 with mg = m :
G(j) = Zle F(i,j) € F*(Sm), H(j) = G(j) € F*(m). We set H; = H(j) and
G =G(j).

Let Py, 4., {Gi = g} be the conditional probability Py, ., {G: = g} =

P{Gi+j1 = g}GH’js =9gs,$ = 2,3, }

Suppose that

‘PhQ,h:},..{Hi = h} - Phg,hg,.,{Hi = h + 1}| S KH7

‘Pgmgs,--{Gi = g} - Pg21937--{Gi =g+ 1}| < Kg.
Let fu/m and fg/(sm) be the probability densities functions associated to the
conditional probabilities of H;/m and G;/(Sm), respectively. Let Ky,  —and
Ky, sm) the associated constant of Lipschitz. Then

|fH/m(x) - fH/m(x/)| < m2KH|JJ - $/| = KfH/m|m - $/|.

|faysm) () = faysm)(@)] < (M*SPKa)le —o'| = K 600,
That is KfH/m = mZKH and Kfc/(Sm) = m252K0.

x—a|

Suppose that one can apply the proposition 4.1.1 with congruences Ty and
T to H(j) and G(j). By this theorem, there exists constants Cy = O(6.KfH/m)

and Cg = O(G'Kfc/(Sm)) such that
P{Ty(H/m) € I} = L(I) + Ob(1)Cy //m,
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P{T&(G/(Sm)) € I} = L(I) 4+ Ob(1)Cq//Sm.

Then, we have
P{Ty(H/m) € I} ~ L(I) + Ob(1)6.K ym?/?,
P{Tc(G/(Sm)) € I} ~ L(I) + Ob(1)6.Kc(mS)3/2.

Now, in the numerical results which we obtain (cf section 5.4 ) Kp has the
same order of size as K. It means that it be better to use the functions T, (cf
definition 1.3.5 ) with the sequence H(j) than with the sequence G(j) if we use
the proposition 4.1.1. This conclusion is confirmed by the following result.

Proposition 5.6.1 Let fg, 4,... be the probability density function of Py, 4.
with respect to %, . Let fu, ns,.. be the probability density function of Ph, h,...
with respect to pi¥,. Let K¢ such that

|f92793,»-(g) - f92793,--(g/)| S KG|9 - gl‘ .

Then,

| Frosha, () = frpns,.. (R))] < KGh — 1] .

Proof Clearly |fg, g,...{9} = fo2.95...{9'}| < KC|g — ¢| involves that

mS‘|P92793,~{Gi = g} - sz,gsw{Gi = g/}‘ < KG‘Q - g/| .

If H;\j, = hy, then G,j, € Us,g;" where g;* = hy +s;m , s, € {0,1,...., 5 — 1}.
We set gs = gi. Then, the following equalities hold

{Hitj, = h} N {Hiyj, = ho} N {Hiyj, = hs} N ...}

P{{Hi+jz =ho} N {Hiyj, = hs} ...}

r{
Ph2,h37~{Hi = h} =

P{{GiHl €U0} N{Girsy € U0} N {Gitis € Usg®} 0 }

P{{Girs; € Usng5"} N {Gitsy € Usyg5’} 1}

B Sil D snisa P{{Gi+j1 =95} M {Gitrj, = 95°} N {Giyjs = g3°} N }
5=0 ZSz,$3,-~. P{{Gi+j2 = 952} N {Gi+j3 = gg?’} N }
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R= P{{Girs, = 9} N {Girgo = 957} N} P{{Gisso =957} 0}
- go Z S P{Gisin =030} PG, = 0310 )

S—1
Y S e PG

Gi+j2 = g;z}

s=0 52,83,...
S—1
= E E Nsa,s3,... P 52,953 . {Gi+j1 =0s}
s=0 s2,53,...

where 252,33,... Msg.s5,.. = 1 .

Therefore,

m|Ph27h3,--{Hi = h} - th,hg,,..{Hi = h/}|

S—1
=m| Y D P {Gi =0} s, Z Z Pz oo {Gi = g4} Nz, |

s=0 s2,83,... s=1 s2,53,.

S—1
< (I/S) Z Z 77527‘937“-(mS)‘ngz,g;ﬁS,u{Gi = gs} - P 52 g8 {G

s=0 s2,83,...
< (1/9) Z Z Tsa,s3,. ‘gs A
S= 062,&3,
< (1/9) Z Z Nsz,sa, K (B = 1))
s=0 s2,53,..
< KG|h— B .
Therefore,

|fh27h3,-~(h’) - f’l27h3,-<(h/)| < KG|h - h/| .

Now, we want to know what this result means. Then, we use the following
corollary.
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Corollary 5.6.2 Let f;, .. (g9/(mS)) be the conditional density of Gi/(mS)
giwven Girj, = gs and let fhz’hs,_'{h/m} be the conditional density of H;/m
given H;y; = hg.

Let KH be the Lipschitz coefficient associated to fhoohg,... Let Kfc/(sm) and

Ky, ,,, be the Lipschitz coefficients associated to fy, ..~ and f;%h?’). .
Then,
KfG/(Sm)
Ky € =145
xro+e€
Proof At first, recall that fx/m (o) /m = [[ """ fx/m(u).pm(du) = P{X/m =
zo} and that fy(mzg)/m = frzzoj-ll//; fx@).pk (dv) = P{X = mxo} where

X € F(m) is a random variable, zy = k/m, k € N, and € is small.
Then, fx/m(zo)/m = P{X/m =z} = P{X = mxo} = fx(mzo)/m.
Then, f3, 4,.(9/(mS)) = for.95..(9) and fy;, 1, (h/m) = fr,.ns,.. ().

Now,
‘fgz 935+ — fg2.95,. (9/)| SKG|9_9/|
!fhmg,‘.( ) ~ frahao (W) < KGR — 1] .
Then,
| Forgan. (9/(MS)) = [, 4,..(9/(mS))| < KC|g = d|
o s (/) = fiy g (B fm)| < KSR — 1| .
Then,

| fo0gs...(9/(MS)) = f3, 4, (d'/(mS))] < (mS)K|g — g'|/(mS)

| Fiang,. (hfm0) = fir, (B fm)| < m K |h— 1| /m

Then, Ky, s,y = (MmS)K ¢ and Kty = mKH.
Therefore, Ky, /m = KH < K¢ = Ko/ sm /(MS).
Therefore, K¢y < Kfc/(sm>/5~ [ |

Then, by proposition 4.1.1 ,

Ob(1)6.Kp,, .
P{T(H/m) e I} = L(I) + — L(I) +
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Ob(1)6.KfG/(Sm)
v.Sm

There also, it seems better to use T with H(j) than with G(j), that is with
the XORLT rather than the CLT.

P{T(G/(Sm)) € I} = L(I) +

We obtain the same conclusion when we make numerical studies. These re-
sults are one of reasons for which we choose to build x(j) by applying T, to h(j)
and not to g(j) : cf section 11.

5.7 Limit theorems for conditional probabilities

We study the case where we add the random variables F(i,j) (G(j) = 25:1 F(i,j))
where rows F (i,.) are independent : cf section 11.2.4. In that case, the dis-
tribution of the sums admitting for probabilities the conditional probabilities

is the one of a sum of independent variables. Indeed the following proposition
holds.

Proposition 5.7.1 Let X;; , i=1,....I, j=1,...,p, be a sequence of random
variables. We assume that the rows X; € F(m)P are independent. For all
i=1,2,....1, let Q;-{zi’j} be the conditional distribution of X; 1 given X;» = x},,
...... ,Xi,J = sz.

Then, for all Borel set Bo,

P{Xl’l =+ ... +X[71 € Bo ‘ Xi,j = l';-k’j,’é. =1, ...,I,j =2, ,p}

Proof Let f be the probability density function of
[(Xl,la ....,X[’l) s <X172,....,X]72,X1_’3, ....,X]’g ...... Xl,py'anI,p”

with respect to v ® v’ where v is the distribution of (Xl’l, ey Xl,l) and where
V/ is the distribution of <X1’27 ceeey X[’Q, )(1}37 ceeey X]’3 ...... XL:D? ceeey X]’p).

This probability density function exists always because we use random vec-
tors with values in the finite sets F'(m)P.

Then, we write it in function of the vectors {z;1} = {@i1}i=1

{iﬁj} = {1';:]‘}:':1 ..... I;j=2,...p * f({xi,l}a {33:]})

Then (X1,17 ....,X[’l) given Xi,j = ZC;W
ability density function with respect to v equal to f({zi1},{z],}).

i1=1,....1, 7 =2,...,p, has a prob-
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Now, v = 111 Q o ® ..... ® vy where the 1;’s are the distributions of Xy i,
t=1,2,....,IL.

Now, V' = 1] ®@V4®....@v} where the v;’s are the distributions of (thg, ey Xt,p),
t=1,2,....,p.

Let g be the probability density function of {X; ;}, i=1,..I, j=1,...,p, with
respect to the uniform measure p,, ® ..... & [ -

Then, g({z;;}) = g1({z1,;})....91({x1;}) where gs({z; ;}) is the probability
density function of (XSJ, e XSJ,) with respect to i, ® ..... ® -

Let f,, and f/, be the probability density functions of v; and v} with respect
to - Then,

9z} = F({zink i 1) for (ora D)o fo, Qera ) f, (ot b fl ({275 -
Therefore,
F{ziad {=7,})

_ g1({z1,})--91({zr,})
fo{mra}) S Qera )y, (2t 1) £l (27 5 1)

_ gr({z1,5}) gr{z1,})
fyl({xl’l}).f;{ ({IETJ}) .................. fw({xl,l})'f'if({x;j}) .

It means that f({l‘i71},{l‘;j}) = fl({a:m},{m’l‘_j}) ...... f]({x]71},{$?j}),

where

(L 25 ) = gi({J?i,j})
fz({ z7l}a{ Z,j}) fyl({xll})fl//;({l';]})

is the probability density function of (Xiyl, Xi2, ....,Xi,p) with respect to the
marginal distributions v; and v;.

Therefore,

P{Xl,l +..+Xr1€Bo | X;; = .Z'Zj,i =1,..,1,5=2, ...,p}

= 11+t ) fi({zd {27 53 ) fr({era b {27 53 ) vi({dza ). vi({zr,1})
Bo

= w1+ et ory) | fi({zoad {en ) ) {dead) | fr{{zra} ot 5} )vi{zra}
Bo
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:/ (e10+ b2 QLT (A ) 1 ey ) m
Bo

Then, we study the conditional probabilities of the sums given the value of
the sums. That is we shall use the following lemma

Lemma 5.7.1 LetY; = Xy ; 4+ .... + X1 ;. We set

{Y; =y;} = Uas jtwr =, {{Xl,j =21} 0. N {Xp ;= xw}} :

Then,
P{Yi € Bo | }/2 :y27"'7Yp :yp}

= Z n{mi,j}P{Yl € Bo ‘ Xi»j:xi,jvi:1)"'alaj:2a---ap} )
T;i,5:V5, T1,5+. T, ;=Y

where
P{ Ni{Xiz2=mio}... M {X;p = xi,p}}

Zm,jzvj, z1,5+...+T1,;=Y; P{{ Mi {Xi’Q - xi’2}m Mi {Xi’p - xm)}}}

Mz} =

Proof We have

P{Yl € Bo | }/2:y27"'7}/p:yp}

P{(vieBo)n(Ya=12) N (Y, =y,)}
P{(Y2 :y2) n..n (Yp:yp)}

P{{Yl € Bo} N |:Uzq‘,,jzvj,zl,_ﬂr”.+z[,j:?!j { Ni {Xi2 =2t M {Xsp = mi,P}}:| }

P{ Uz, jiVi,21, g+ ter  =y; { Ni {Xig =wmia}.. Ni{Xip= l‘i,p}}}

P{ Uz, V5,21 ;4. +er j=y; 1Y1 € Bo} N { N { X2 =z 2. N {Xsp = wi,p}}}

P{ Uz, jiVi,2, g+ ter  =y; { Ni {Xig =mia}.. Ni{Xip= l‘i,p}}}

D NPT — P{{Y1 € Bo} N { Ni {Xi2 = a2t Mi {Xip = xi,p}}}

Zfl)iyj3vj,(1;1,j+...+(171_’j:y]' P{{ s {Xi72 = ‘Ti,Q}"‘ Mi {Xi,p = $i,p}}}
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P{{Y1 € Bo} N { Ni {Xi2 =xi2}... N { X p = Ii,p}}}

= Z s ;)

IR DRI R S WL P{ Ni {Xi2 =xi2}... i {Xsp = xi,p}}

Now,

P{{Y1 € Bo} N { Ni {Xi2 =22} Ni {Xip = xi,p}}}
P{ Ni{Xi2 =22} Ni{Xip = xi,p}}

=P{V1€Bo| X;j=w;i=1,..,1j=2,.,p}. R

Remark that in‘j:Vj,xl,,-+...+ac1,j=yj Nai,y = 1

Then, the distribution of conditional probabilities
P{Y1 € Bo | Y2 =ys,....Y, = yp}

is always the one of a sum of independent variables. It involves a faster conver-
gence.

The same results holds with the XORLT.
Proposition 5.7.2 We keep the notations of lemma 5.7.1. Then,

PYi € Bo | Vs = o, Yy =y}

= > Wew WPIVI €Bo | Xij=wiji=1,..1,j =2,...,p} ,
W T
where
! P{ mz {XZ’Q = xi’Q}-“ 07’ {Xi!p = .’I;i)p}}
M, ;) =

2y 59551 F BT = P{{ Ni {Xi2 = @ig}... Ni{Xip = fﬂi,p}}}

The proof is the same that that of the lemma 5.7.1 with sums modulo 1.
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Then, these results show that, in many cases,
PYViel|Ya=y2,...Y,=yp} — L(I)asn — o .

Results obtained in section 5.3.3 show that this limit is checked for all the data
used to build the random sequences b!(n’).

Another way of understanding matters it is to apply the proposition 5.5.2 :
with a probability bigger than 1 — 2I'(b),

P{{?l:yl}mﬂ{?p:yp}}zl/Np[l_'_ Ob(l).b(jp/ }

EpvV/NpP(S=1)

It means that
P{Y1 =y |Ya =y, ---,719: Ypt < Pi=u},
if S is big enough.
Indeed, o _ —
P{Yi€I|Ys=1y2,....Yp, = yp}
P enP{{=pin..n{Y,=y}}
P{YVa=yp}n..n{Y,=y}}

~P{Yiel}~L(I).

Then, under the hypotheses of our data, we can admit the following hypoth-
esis.

Hypothesis 5.7.1 In the space of probabilities with the measure defined in

proposition 5.5.2, the following approximations hold with a probability approxi-
mately bigger than 1 — 2T'(b),

P{Yi=y1 |Ya=yo,.... Y, =y} = P{Y, € I} =~ L(I) .

140



Chapter 6

Dependence induced by
linear congruences

We study in this chapter the dependence induced by (T"(z¢), 7" (z)).

Notations 6.0.1 In this section one denotes by T a congruence T(x) = ax + ¢
mod(m) where 0 < a < m and where a, m et ¢ are fived.

6.1 Theoretical study

This study will enable us to note that in fact congruences of Fibonacci induce
the weakest dependences.

6.1.1 Notations

To study dependence amounts studying the distribution of the points (¢,7(¢)).
The following notation will thus be used.

Notations 6.1.1 We set E, = {(,T(() | £ € {0,1,.....,m — 1}}.

m

We will see that this dependence depends on the continued fraction 2, i.e.

it depends on sequences r,, and h,, defined in the following way.

Notations 6.1.2 Let ro = m, r1 = a. One denotes by r,, the sequence defined
by rn = hpt17ny1 + Tnao the Fuclidean division of v, by 1,41 when ryp1 # 0.

One denotes by d the smallest integer such as rqy1 = 0. One sets rgyo =0
and hgy1 = 00.

Therefore, h,, > 1 for all n=1,2,....d and rq—1 = hgrq + 1441 = hqrqa + 0 =
harda, 74 = hgy17d+1 + rar2 = 0% hgy1 +0 = 0 % oo.

The full sequence r, is thus the sequence ro = m, r1 = a, .......... , Td+1 = 0,
rq+2 = 0. Then, it is easy to prove the following result.
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Proposition 6.1.1 The congruence T(x) = a mod(m) is a Fibonacci conguence
if hy =1 forn=1,2,...d-1, hgy=2 and rqg =1

In this case, 7, is the Fibonacci sequence fi,, except for the last terms. If
one wants to be able to have all the Fibonacci sequence, one can adopt the
following notations.

Notations 6.1.3 One sets 1, = m, r{ = a. Let r;, = hl, 7, | + 7o the
Euclidean division of r;, by r;, ., except if there exists d” such that v}, _, =3 and
Ty_1 = 2. In this case, one sets vy, =71y =1 and hj =1 .

In addition, one considers also the following sequences.

Notations 6.1.4 One sets kg = 0, k1 = 1 and kpyo = hpsrkny1 + kn if
n+ 1 <d. Lastly, one sets kqyo = 00.

Then, we have the sequence kg =0, k1 =1, .......... s ka1, kdqo = 00.

Remark that if h, = 1 for n=1,2,...,d-1, k,, is also the Fibonacci sequence
for n=1,2,...,d.

6.1.2 Theorems

One will understand that dependence depends on the h;: more they are small,
more the dependence is weak. As h; > 1, the best congruence will satisfy h} = 1.
It will be thus the congruence of Fibonacci.

First Theorem

To understand that, first one considers the rectangles [0, k,,] ® [0, 7,—2]. Thus,
if n is even, the set {(k:n,lf, kn,lf)‘f =0,1,2,...., hn,l} is concentrated on the
line z — (rp—1/kn—1)z. More generally, we have the following theorem (the
proof is in Proof 6.2.9 ).

Theorem 7 One supposes ¢=0. Let n € {2,3....,d}. Then

If nis even , Egﬂ{[O,kn[(@[O,rn,g[} = {(kn,lﬁ , rn,lé)‘ﬁ =0,1,2, ....,hn,l},
Moreover the points (k1€ , rn—1£) are lined up.

If n is odd,
Esn {}0, kn}®]0, ’I“n_g]} = {(kn_Q 4 kn_1l, rH_o —’I“n_lf)’f =0,1,2,...., hn—1}~
Moreover, the points (kn—2 + kn—1£ , rn_o — rn_1f) are lined up.

That means that the rectangle {[0,k; /2] @ [r,_2/2,7,_2[ does not contain
points of Ey : Eo N {[07 kn/2] ® [rn,g/Q,rn,g[} =0.

If h,_; is large, that will mean that an important rectangle of R? is empty
of points of E5: that will mark a breakdown of independence.
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For example suppose n=2. First, m = rg, r1 = a, k1 = 1 and ks = hy =
|m/a| ou |x] means the integer part of x. In this case, one regards the rectangles
[0, k2[®[0, m]. One thus finds a traditional technique for n=2. Indeed when one
makes chi-squared tests, one can use rectangles of type [0, m/(2a)[®[0, m/2[.

Thus if ”a” is not large enough compared to "m”, there is rupture of indepen-
dence. The rectangle Recty = [0,m/(2a)] ® [m/2, m[ will not contain any point
of Ey. However, this rectangle has its surface equal to m?/(4a): if the points of
E; are distributed in a uniform way, one has about m/(2a) = h1/2 + r2/(2a)
points of Fy (and not 0). Thus if "a” is not sufficiently large, i.e if hy is too
large, there is breakdown of independence.

For example, choose the congruence T'(z) = 103z modulo 10 — 1 : Rect; =
[0,m/(2a)] ® [0,m/2[ contains 500 points of Ey roughly and Rects contains 0
points. Neither the chi-squared test that one could make on such rectangles nor
the definitions 2.1.5 or 2.1.6 are satisfied.

Now choose m=99, a=5, ko = 19 : cf figure 6.1: Rect; roughly contains 10
points of Fy for a total sample of 99.

Choose m=99, a=10, k3 = 9 : cf figure 6.2: Rects roughly contains 5 points
of E5 : the breakdown is less clear.

Figure 6.1: Points in rectangles a=5b

Figure 6.2: Points in rectangles a= 10
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In these examples, we studied rectangles [0, k2/2] ® [0,m/2[}. In the general
case, it is necessary that [0, k, /2] ® [r,—2/2,7,—2[} has not a too big size. It is
necessary thus that all the h,_; are small.

Now, one can extend this result to other rectangles of Fs.

Corollary 6.1.2 Let (zg,y0) € Ez. Let R = {[mo,xo + k] ® [yo, yo + rn_g[}
and let Ry = RO, be the rectangle R® modulo m. Then

If n is even, Es N Ry = {(xo 4+ kn_1l , yo +7"n_1€)|€ = O,l,?,....,hn_l}.
Moreover the points (xo + kn—1£ , Yo + rn-1f) are lined up modulo m .

If n is odd,
Ey N Ry = {(.’1?0 +kno+kn1l , yo+rp_o— rn_lé)‘é =0,1,2,...., hn—l}-
Moreover, the points (xo + kp—2 + kn—1£ , Yo + rn_2 — rn_1£) are lined up mod-
ulo m.

Remark 6.1.1 In general, it is only on the border that the rectangle modulo m
Ry satisfies Ry # RC. If not, Ry is a normal rectangle.

This result shows this fact : so that there is not breakdown of independence
it is necessary that the h; are small.

Principal theorem

Now, one will be interested in the number of points included in rectangles other
than [0, k,] ® [0, rp—2[.

Notations 6.1.5 Let x,, € R? be an unspecified sample. Let Bo be a Borel set
of R1. One denotes by N(Bo) the number of x,, which belongs to Bo.

Here one takes in account the number of points of Fs contained in rectangles
of the type Reet = [z, 2 + L[®y,y + L'[.

To know the behavior of N(R..t), one uses the following theorem which is
based on the proof given in [13] page 47-131.

Theorem 8 It is supposed that T is invertible. Let Reer be a rectangle of
F*(m)?, length Loy, > 1, width La. > 1. Let N(Reet) be the number of points

of Eo which belong to Rect and let Sg,., be its surface. One denotes by Log the
Neperian logarithm : Log(e)=1. Then,

S
‘N(Rect) - %

< (° + 1) (sup(hi) +1) ,
where p° is a function of (Lopn, Lar) satisfying
2.0782.Log(my) + 2.00005 > p° |

where My, = Min(Lon, Lar)-
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Proof According the definition of lemma 7-6 page 115 of [13], let p’ be the
number of \; # 0 in the factorization :

T
L= Lo, :ZAiki—Q—c‘i’fa
=1
where \; € N, \; < hc+iu A< hc+17 Aic1=01if \; = hc+i and —k. <e< kc+1.
We suppose c+T < d+ 1.

Write differently this factorization of L : we suppress the writing of the A;’s
such that A\; = 0, i.e. we write L = Zflzl Nikiy; + €, where A\j = A\ q;) > 0,
ki i = keyd(iy+i» d(i) >0, d(i) increasing.

Now, remark that the sequence k,, used in the definitions 1-3 page 49 of [13]
is the sequence k,, defined in this report in notations 6.1.4. Then, k!, > k,.

Let fi, be the Fibonacci sequence. Then k,, > fi,,. Assume that p’ > 2.
Because € > —k., Lo, = Zil Nikepite=>0_, Niklyi—ke = )\;,kchp/er(p/)—i—

(3

/71 . N
f;l )‘;kc+i+d(i) - kc > )\Ip/kc+p’+d(p’) > fZC+p/+d(p’) > flp"
Assume p’ = 1. Then, Ly, > 1= fi; = fip.

Now let p” be the number of u; # 0 in the factorization :

T
Lar = E HiTer—i + €2,
=1

where p; € N, p; < her—gy pi1 < her—1, prioy = 01if gy = he—y and —ry < €3 <
Te'—1

Let p* = Min(p',p”). Then, Lo, > fiy > fiyn. By the same way,
Loy > fipo. Then, min > fipo.

By lemma 7-6 page 115 of [13], we know that

[N (Rece) — 2Bt < (5 4 1) (sup(hs) + 1)

Now, it is known that

fin:

[ B Nk

IThe correct definition is page 112, notations 7-2 of [13]. But it is not necessary to use it
: it is enough that Lar > fip».
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Because myy, > fipo,

Log(miy,) + Log(V/5) — Log(l - (1 ; g);f) > pO.Log<1 +2\/5) )

Therefore, because 1 — v/5 < 0, the weakest increase holds for p° = 2 :
Log(my,) + 0.80472 + 0.15771 > 0.4812.p° .

Therefore,
2.0782.Log(miy) + 2.00005 > p° . A

Remark 6.1.2 In [13] page 48, we define r,, by the following way : ro = m,
r1 = Min(a,m — a) and r, = hpy17Tnt1 + Tnae the Euclidean division of r,, by
Tnt1- It is a very small difference : results are identical.

We deduce the following corollary.

Corollary 6.1.3 Let P.(Reet) = N(Reet)/m be the empirical probability of
Rect/m associated to the sample Eo/m and let Py(Rect) = L(Rect/m) be the
uniform probability of Reei/m in [0,1]%. Then, in F(m)?,

IPu(Ruwt) — Po(Rout)| < (2.0782.Log(my) JrZOOOOE))(Sup(hi) +1) 6.

Therefore, to the maximum, p° = d, m;, = m and

2.0782.Log(m) + 3.00005) (sup(h;) + 1
|Pu(Reet) — Pu(Ruct)| < & g(m) 2 )(sup(hi) +1)

Now let us consider the approximately normal distribution associated with

ﬁ‘Pe(Rect) - PU(Rect)|
URect

)

where of%m is the variance associated to 1g__, /m (Uy) when U, is an IID sample

with uniform distribution in [0,1]% : 6% = L(Rect/m)[1 — L(Reer/m)] .
Under the IID assumption, one checks with a probability of 99 percent:
\/TH|P6(Rect) - PU(Rect)}

O—Rect

< 2.57.
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Proposition 6.1.4 The test of independence with levels of significance equal to
1 percent and which has the statistics

V| Pe(Fect) = P (o)l o7
VIRer/m)[1 = L(Reer/m)] ~

is checked by the sample Eo except for some rectangles Rect/m, for example
those such that

0.6539.Log(m)?(sup(h;) + 1)?
m

> L(Reet/m) .

Proof. Indeed the test is checked if

V1| Po(Rect) — P (Rect)|
25T LRfr) VI(Reet/m) -

However,

| P.(Reet) — Pu(Reet)| < (2.0782.Log(m) + 3.00005) (sup(h;) + 1)
c\Trec ec < - '

Therefore, the test is checked as soon as
(2.0782.Log(m) + 3.00005) (sup(h;) + 1) -
2.57y/1 — L(Reet/m)/m -

That could be not the case if

L(Rect/m) .

(2.0782.Log(m) + 3.00005) (sup(h;) + 1)

2.57v/1 — L(Roct/m)/m -

In particular, it is true if

L(Rect/m) .

(2.0782.Log(m) + 3.00005) (sup(h;) + 1) -
2.57/m =

In particular, it is true if

2.0782.Log(m)(sup(h;) + 1)
257% Z V L(Rect/m) 9

L(Rect)/m .

that is to say,

0.65389.Log(m)? (sup(h;) + 1)?
m

> L(Reet/m) . A
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Study of the principal theorem

The previous results show that if there exist ig such that h;, is large, one will
have a breakdown of independence. That, one knew it by corollary 6.1.2.

It remains to be understood that the conditions of independence are well
carried out if the h; are small.

Then, suppose that the h;’s are small.

The proposition 6.1.4 means that it is necessary that L(Rec¢/m) is small so
that the tests of independence are not checked for some rectangles Rec;.

But in this case, the increase of the proposition 6.1.4 is too weak. Indeed,
Min < A/M2L(Rect/m). One can thus improve it. For that, let us take again
the increase of the equation 6.1 :

’Pe(Rect) - PU(Rect)|

_ (2.0782.Log(m) + (1/2)Log(L(Rect/m)) + 3.00005(sup(h;) + 1)

— b

m

where Log(L(Rect/m)) < 0.

To improve this result, one takes again previous calculation with the new
parameters and one obtains a new equation of the type of that of proposition
6.1.4. But for the same reasons, this result will have to still be improved. One
will act again in the same way, and so on as long as the increase of L(Rc.t/m)
can be improved. One thus obtains rectangles R..;/m of size L(Reqt/m) in-
creasingly small.

Moreover, if h; is small, the results of [13] page 47-13 can be improved : for
example for some rectangle R..; = R°, theorem 6-14, page 106-107 :

Sre

N(R) - 22

| <1.

Then one can again improve the increases of theorem 8 :

S
[N (Rect) = =72t < (p° + 1) (sup(hi) +1)

2.0782.Log(min) + 2.00005 > p° .

Finally, if h; is small, the only rectangles where there is maybe breakdown
of independence are the rectangles of the type R? = [z, 2 + k,[®[y,y + Tn_2[.
Besides, these rectangles do not contain enough points to make tests if h; is
small: if y = T(z) the breakdown with independence is proved by corollary
6.1.2 : there is h,_1 + 1 lined up points. If h; is small, it is easy to understand
that it is not important.

Thus, in the case of the Fibonacci sequence, there is at the most 2 points
lined up in these rectangles! It is thus a correct result if there is independence.
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Now, if y # T(z) , by the theorem 6-14, page 106 of [13], N(R") =
knryn_o/m + e where |e| < 1. In the case x = T(y), N(R®) = h,,_1 + 1. There-
fore, k,7_o/m = h,_1+1+¢’ where |¢/| < 1. In the case y = T'(x—1), it is easy
to understand that generally N(R°) = h,,_1. Therefore, k.7, _2/m = hy,_1+¢€”
where |e”| < 1. Therefore, hy, 1 < kprn_2/m < hp,_1+1. Then, N(R°) = h,,_
or N(R®) = hy,—1 + 1.

Thus, in the case of the Fibonacci sequence, there is 1 or 2 points in these
rectangles! It is also thus a correct result if there is independence.

Thus in the case of the Fibonacci sequence, all rectangles satisfy the test of
normality. In fact, it is even statistically too. It is not important. We do not
make use of it like sample of independent couple.

Numerical examples

We confirm by graphs that it is necessary and sufficient that sup(h;) is small so
that there is independence.

In these graph, one takes m=21.

If a = 13, we have a Fibonacci congruence. The points are well distributed
in the square : cf figure 6.3.

In the figures 6.4 et 6.5 breakdowns of independence appear.

If one chooses a=10, sup(h;) = 20 : cf figure 6.4 .

If one chooses a=5, sup(h;) =5 : cf figure 6.5.

Figure 6.3: sup(h;) =1

Conclusion

To avoid any dependence, it is necessary that sup(h;) is small. In the case of the
Fibonacci sequence, sup(h}) = 1 and independence is checked on all rectangles
Rect'
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Figure 6.5: sup(h;) =5 Fig

Remark We studied independence only between two successive elements. It
does not mean there is independence for the triplets (¢, T(¢), T?(¢)).

Thus, for the Fibonacci congruence T2 = +Id where Id is the identity 2.
Therefore there is main dependence between the elements ¢, = T7"(zo) and
lyntyo = £0, modulo m. One cannot thus apply it to create a pseudo-random
sequence, but only to make possible that a number is independent of another.

It is what we do in section 8.1. We use only independence between two
successive elements.

6.2 Proof of theorem 7

In this section, congruences are conguences modulo m : ¢+ = s means t = s
modulo m. In order to prove theorem 7, few lemmas are needed. The first one
is obvious.

2With the notations of [13] page 99, kga = 1 (lemma 6-3). Moreover, if T is the Fibonacci
congruence, by lemma 6-5 of [13], m = hgkq + kqg—1 = 2kq + ka—1 = 2fiq + fia—1 = fiat+2
and m =a+12 =71+ 712 = figy1 + fig. Then, kg = ro. Then, m =r1 + 72 = at+a-l
Then,ajzaoraj:mfa
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Lemma 6.2.1 For n=384,...,d+1, kny1 > ko, > kn—1 . Moreover kyio =
hp+1kni1 + kn is the Fuclidean division of kni9 by kpy1.

Now, we prove the following results.

Lemma 6.2.2 Let n=0,1,2,...,d. If n is even, kna = m — r,. If n is odd,
%: Tn-

Proof : We prove this lemma by recurrence.
For n=0, k,a=0=0=m—-m=m—rg. Forn=1, kpa=a=a=r.

We suppose that it is true for n.
One supposes n even. Then, k,1a = ahyky, + akp—1 = —hprn + -1 = Tnt1.
One supposes n odd. Then, k,11a = ahyky, +aky,—1 = hprp —1p—1 = —Tn41 =
m — rpy1. Therefore, kppia=m—rp1. A

Lemma 6.2.3 Let n=2,3,...,d+1. Lett € {1,2,....,k, — 1}. If n > 2 is even,
Tno1 <at <m—r, . Ifn>3isodd, m—r,_y >at >r,.
Moreover, if n > 2 is even, kna=m —r,. If n >3 is odd, kpa =1y,.

Proof : The second assertion is lemma 6.2.2. Now, we prove the first
assertion by recurrence.

One supposes n=2. Then, m = rqg = hiry + r9 = hia + r3. Moreover,
ko = h. Ifl§t<h1:k27r1:a§at<h1a:m—r2 .

One supposes that the first assertion is true for n where 2 <n <d.

Let 0 <t < kpa1. Let t/ = fky + e be the Euclidean division of t’ by k&, :
e<ky,.
Then, f < h, . If not, ' > (hy, + Dk, + € > hpky + kno1 = kna1.

One supposes n even.
In this case, r,_1 <at <m —r, for t € {1,2, ..., k, — 1}.
Moreover, at’ = fak, + ae = f(m —r,) + ae = — fr, + ae.

First, one supposes e = 0. Then, f > 1.
Moreover, because n > 2, m—r, > m— fr, > m—h,r, =m—(rp—1 —Tpt1) =
70 = Tn—1+Tngy1 270 =71+ g1 > Tng -
Therefore, because at’ = — fr,, at’' = m — fr, .
Therefore, m —r, > at’ > r,41 .

Now, one supposes f < h, and e > 0 .
By recurrence, m —r, > @€ > ae — fry, > rp_1 — fro > rpe1 — (hy — L)ry, =
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Tn + Tnt1 > Tnil- L
Therefore, because at’ = — fr,, + ae, at’ = ae — fr, .
Therefore, m —ry, > at’ > rpqq1 .

One supposes f = hy,, e # k,_1 and e > 0.
If e # kp_1, @€ # kp_1a. Indeed, if not, a(e — k,—1) = 0. For example, if
e —kpn_1 >0, k, >e—kp,_1 > 0. Then, because our recurence, a(e — kp_1) >
rn—1 > 0 : it is impossible.

Now,ifn=2k,_ia=kia=a=r1 =rp_1.
Moreover, if n > 2, n > 4. Then, by recurence k,_1a = r,_1.
Then, if e # ky,,_1, a€ # kn_1a =7,_1. Then, ae > r,_;.

Moreover, m — 1, > @€ > @€ — fry > Tn_1— frn > rp_1 — hprp = g1
Therefore, because at' = — fr,, + ae, at’ = ae — fr,, .
Therefore, m — r,, > at’ > o+l -

One supposes f = hy, and e = k,_1. Then, t' = hyky + kno1 = kpy1. It is
oppositite to the assumption.

Then, in all the cases, for ' € {1,2,....;k,11 — 1}, m — 1, > at’ > 7,41,
Therefore, the lemma is true for n+1 if n is even. Then, it is also true for
n+1=3.

One supposes n odd with n > 3. In this case, r, < at < m — r,,_1 for
te{l,2,..,k, — 1}
Moreover, ak,, = r,. Therefore, at’ = fak, + ac = fr, + ae.

Assume e = 0. Then, f > 1.
Thena Tn S f”nn S hnrn = Tn—l;rn+1 <M —Tpy1.

Then, because at’ = fry, rn < at! = fro, <m —rnpi1.

Assume e > 0 and f < h, — 1.
By recurrence, 7, < @ + fr, <m—rp_1+ frn <m-—ry_1+ (hy — D, =
m— (rn—1 = hptn) —Tn =m —Tpp1 — Ty <M —Tpp1.
Then, because at’ = fr, +ae, r, < at’ =ae + fr, <m —rpi1

Assume e > 0, e # k,_1 and f = h,.
Because, e # k,_1, a6 # m — rp_1. If not, ae = ak,—1 = m — r,_1. For
example, if e > k,_1, a(e — k,—1) = 0 where 0 < ¢ — k1 < ky. Then, by the
assumption of recurrence, a(e — k,—1) > 0. It is impossible.
Then, ae <m — ry_1.
Then, by recurrence, 7, < @€+ hpry, < m—1rp_1 + hpry, =m —rp41.
Then, because at’ = h, 7, + ae, r, < at’ =ae + hpr, <M — g1
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One supposes f = hy, and e = ky,_1. Then, t' = hyky + kno1 = kpy1. It is
oppositite to the assumption.

Then the lemma is true for n+1. W

Lemma 6.2.4 The following inequalities holds : kg11 < m.

Proof If ¢t € {1,2,...,k441 — 1}, by lemma 6.2.3, ry < at < m — 1441 or

m—rq > at > rqi1, i.e. g < at <m or m—rg > at >0 where g > 0. Then,
0<at<morm>at>0.

Then, if kg1 > m, there exists tg € {1,2,...,kq11 — 1} such that tg = m,
i.e. atg = am = 0. It is impossible. A

Lemma 6.2.5 Lett, t' € {1,2,....,kqs1 — 1} such that at = at’. Then, t=t".

Proof Suppose t > t'. Then, a(t —¢') = 0 and a(t—t’) = 0. Then, by
lemma 6.2.3, 74 < a(t —t') <m —rgy1 or m—rg > a(t —t') > rqgp1 = 0 where
rq > 0. Then, 0 < a(t —¢'). It is a contradiction. W

Lemma 6.2.6 Let n=1,2,...,d. Let H, = h1ky + hoko + hgks + ....... + hpky,.
Then, Hy, = kp41 + kn — 1.

Proof We have H,, = hi1ki + hoko + haks + ....... + hp—1kn—1 + hnkn
= ko—ko+ks—ki+kys—kot+ks—ks+ke—kst+kr—ks+........ +kn—kn—otkni1—kn_1.

Therefore, if n=2m,

Hn =
ko—ko+ks—ki+ky—ko+ks—ks+ke—ka+...... +kom —kam—2+komy1 —kam—1
=ko —kot+ky—Fko+keg—ksgt+ ... + kom — kom—o

+ks — ki +ks —ks+kr—ks—+........ +k2m+1—k2m,1
:k2m_k0+k2m+l_kl:kn+1+kn_k1_kOan+l+kn_1~

If n=2m+1
H, =

leo — Ko+ kg — K1+ ks — Ko+ ks — ks kg — ka+ oo Kot — Kam—1 +Kams2 — kom
=Ko — ko + ks — kg + kg — kg + oo + kamyo — kam
ks — oy + ks — kg + ky — kg A+ e + komgt — kamo1
= Komiz — ko + komi1 — k1 = kpi1 +hn—1 . W
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Lemma 6.2.7 Let n=1,2,3,...,d-1 . Let L, = {t|t = 0,1,27....7Hn} . Then,
foralln>1, Ly = {t =1+ gkpt1|l € Ly,g < hn+1}.

Proof Letle L, , I < H,. Let g < hpy1.
Therefore, if t =1+ gkpy1, t < Hy 4+ hpr1kne1r = Hpg1-
Therefore, {t =1+ gk;n_H‘l € Ly,g< hn+1} CLpy1 .

Reciprocally, let t € L,,+1 and let t = fk, 411 +e€, e < kpy1 be the Euclidean
division of t by k1.

We know that H,, = k41 + kn — 1 > kpy1. Therefore, e < H,,. Therefore,
e€ L,.

Therefore, if f < hpy1,t= fkpi1+e€ {t =1 +gkn+1|l €L, g< hn+1} .

hn-‘rlkn—i-l + an—i-l = Hn+1 - H, + an—i-l = Hn+1 - kn+1 - kn +1+ an-‘rl
Hn-{—l + kn+1 — kn +1 Z Hn+1 +1. Therefore, t ¢ Ln+1-

Moreover, if f > hpy1 +1,t = fhkpp1 +€ > (hpy1r + 2)kpy1 + € >

Then, suppose f = hpy1 + 1. Then, t = fkyy1 +e= (hpy1 + Dkni1 +e
hn+1kn+1 +kn+1 +e= HnJrl _Hn+kn+1 +e= HnJrl _knJrl _kn+1+kn+1 +e=
Hn+1_kn+1+e-

Because t € L,41 and t = Hyy1 — kp +1+e€, e+ 11—k, < 0. Therefore,
e<k,—1.

Therefore, t = fkyi1 + €= hpt1knt1 + knt1 + €,

where k11 +e < kpy1+k,—1=H,

Therefore, t = hpi1kni1 + € where ¢/ < Hy,.

Therefore, t € {t =1+ gkn_H’l € Ly,g< hn+1} .

Therefore, L1 C {t =1+ gkn+1|l € Ly,g< hn+1}.

Therefore, L1 = {t =1+ gkn+1|l € L,,g< hn+1} .

Lemma 6.2.8 Let F,, = {ﬁ|t =0,1,2,....,H,} .

Let B, = {at + km|t = 0,1,2,....,Hy, k € Z} . We set E, = {o?|s € Z}
where of =0 et o, | > o} for all s € Z.

Then, for all s € Z, 03, — 0 =1y 01 001 — 0) = Tpy1.

Proof We prove this lemma by recurrence.
Suppose n=1. Then, ry = a, H; = h1k1 = ko = hy. Therefore,

= {H|t =0,1,2, ...,hl} = {0,a,2a, ...,hla} = {O,r1,2rl, vy hir = m—rg}.
Therefore, the lemma is true for n=1.

Suppose that the lemma is true for n.
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Then, Eny1 = {al + km|t =0,1,2,...., Hoy1, k € Z},
where H,, 11 = hiky + hoko + haks + ....... + hpt1kntr = Hy + hpv1knga-

Because t € {0,1,2,..... Hy41}, t € Lpy1. By lemma 6.2.7, si t € Ly,
t =1+ gkyy1 where g < h,q1. By lemma 6.2.2, at = a(l + gk,y1) = al +
(_1)n+2grn+1 =al + (=1)"grnt1 -
Therefore,
Eny1={al+km|t € Lny1,k € Z}

= {at +km|t =1+ gkn41,1 € Ly, g < hpi1,k € Z}
={al+ (=1)"grns1 + km|l € Ly, g < hpyr, k € Z}
= {f+ (-1)"grnq1 + km|f € F,g < hyy1,k € Z}
= {0? + (=) "grpa1 + km|s €7,9g<hpy1, ke Z}.

Suppose that n is even.
Then, o 4+ (=1)"grp41 = 07 + grps1 < o7 + 1, — Tpyo because grpi1 <
hn+1rn+1 =Tn —Tny2 -

Use the recurrence. Suppose o} ; — o = 7, . Then, o} + (—=1)"grp41 <

0y +7Tn — Tng2 = 0441 — Tni2-

Therefore,
+1 +1 —

{oi™ | of < o™ <o} ={of <O+ rny1 < oo <OF A hpprTngr <05} -
Therefore, offll — o =gy or T if o < ofT! < offll <ofyq.
Suppose oy, — 0f = Tp41. Then, s is fixed .

Let T = m;n{t =0,1,..., 0%y 411 — 0%y, = rn}. Therefore, o 1. 1 — 0L 7 =7y

Let O =Uj_o{ol i+ 9rnt1 | 0< g < hpyr )

Thena 0= {O?a 07;+17 ----- ) OZL—Q—T—l} U {07;+T + grn+1| 0<g< hn+1}'

Therefore, O = {0},0,,1,....., 04 i} where o), | — 0}, = rpy1. Moreover,

/
0?+T+1 —Ogyg =Tn — hn+17"n+1 = Tn42-

. n+1 n+1 n+1 n n+1
Therefore, if o, and o7} € {07 | o) <oy <o

n n+1 n+1 _
ST} Op 1 =0 =Tt
Or Tpio.

Suppose that n is odd.
Then, o + (—=1)"grp41 = 0% — grps1 > 02 — Ty + Tpyo because grpi1 <
hn+1rn+1 =Tn —Tnt2 -

Suppose o — o _; = r, . Then, of + (—=1)"grp41 > 0F — 1 + Ty =
0l 1 — Tny2-
Therefore,
{oft o >0t >0m 1 ={0">0" —rpi1 > . > 00 — hpp17ny1 > 07 1}

Therefore, of ™ — o't = 7,11 or 749 if 07 > of Tt > 0l > 07,
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Suppose 0" — o7 | =rpq1. Let T =min{t =0,1,..., [o"_, — 0", 1 =7}
Therefore, 79?77« — 0l =T
Let O = Ut:O{O?—t —9gTn+1 | 0<g< hn-i-l}'

J— n n n n
Then, O = {07,071, .....; 0 7 1y U{0l_ 7 —grny1] 0 < g < hpqa )
Therefore, O = {0},0,_1,.....,0,_;} where o}, — 0o,,_; = r,41. Moreover,

/
Of_ g — 051 =7Tn — Nni1Tni1 = Tnyo.
: 1 1 1 1 1 1

Therefore, if o)t and o)t} € {0} ™! | o > 0}t > 0n 1} ol =0l T =7
or r,4o. N

Proof 6.2.9 Now one proves theorem 7.

Suppose that n is even.

Then, kn_la =Tn-1, 2kn_1a = 21"”_1, ...... hn—lkn—la = hn—lrn—l =Tn—Tn—-2.
Now, ak,_1{ ={lr,_1 =¥lrp_1 for £=0,1,2,.....;hy_1.
Therefore,

{(k‘nflf, rn,lé)‘f =0,1,2,...., hnfl} = {(knflf, akn,lé)}f =0,1,2,...., hnfl} C
E, .
Moreover, r,_o = hy_17p—1 + 7. On the other hand, by lemma 6.2.8 ;| all
the points of Fy = (¢,at), t < H,_1, have ordinates distant of r,, or r,_;.
Therefore, if there is other points of Es N {[07Hn,1] ® [077“”,2[} that the
points {(kn,lﬁ,rn,lﬁ)yﬁ = 0,1,27....,hn,1}, there exists £y € {1,2,.....;h,—1}
and (z1,y1) € Ea N {[O, H, 1]® [077“”,2]} such that r,, 14y — y1 = rp.

Because Hy—1 = kn +kn—1 —1 < kpt1 < kg1, by lemma 6.2.5, there exists
an only ¢ € {1,....,H,—_1}, such that at = y; : t = z1. Because y; # 0, there
exists an only ¢ € {0,1,...., H,_1}, such that at = y;.

Now, rn—14o — 11 = alokp_1 —at = r,, = —ak,. Then, alok,_1 — —ak, = at.
Then, a(lok,—1 + k) = at.

Because rq_1 = hqrq with rq_1 > r4, hg > 2. Moreover, d > n > 2. Then,
d—1>0. Then, k4_; > 0.

Then, by lemma 6.2.4, 0 < k,_1 + k,, < lokp_1 +kn < hp_1kp_1 +k, <
kp —kn—o+kn =2ky, — kn_o <2kq < 2kq+ kg—1 < hakg + ka—1 = kg1 <m.
Then, 0 < lokp—1 + kn < kat1.

Now 0 <t < Hy_1 = kn+kno1 —1 < kg + kg—1 < kgy1. Moreover,
0 < lokp—1+kn < kgy1.

Then, because a(fok,,—1 + k,) = at, by lemma 6.2.5, t = ok,_1 + k.

Then, t = lok,_1 + k, > k1 + kn, > H,,_1. It is a contradiction.

Therefore, there is not other points of Ey N {[07 H, 1] ® [0, Tn,g[} that
{(k‘nflg, Tnflf)‘f = 0, 1, 2, ceeey hnfl}.

Therefore, there is not other points of FoN { [0, & [®[0, 7 —2 [} that the points
{(k‘nflg, Tn,1€>‘€ = 0, 1, 2, ceeey hnfl}.
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Therefore,
Ey 0 {[0,kn[®[0,7n—2[} = {(kn—1l,rn_10)[€ =0,1,2, ..., hp1 } .
According to what precedes,
{(kn-1l,akp,10)| =0,1,2, ..., b1} = {(kn—1€,7n—10)[£ =0,1,2, ..., hy—1 }
is located on the straight line y = (r,—1/kn—1)z if n is even.
Suppose that n is odd. Then, ky,—_oa = r_2, kp_2a + kn_16 = Th_o — 'n_1,

kn_2a+2kn_10 =1p_2 —2rp_1, ... s kn—oa + hp_1kn_1a =1y 92— hy_17n_1.
Therefore,

{(k‘n_g 4+ kn_1l , rp_o — Tn_1£)‘€ =0,1,2,...., hn—l}

= {(kn,Q + kpn_1 ,kp_sa + Ekn,1a|€ =0,1,2,...., hnfl} C Es.

For ¢=0,1,2,.....0°h_1, kn_o+ kn_14 < kyp_o+ hy_1kn_1 = k,. Therefore,

{(k‘n_z—i-k‘n_lf R Tn—Z_Tn—1£)|€ =0,1,2, -~--7hn—1} C Egﬁ{}o, kn]®]0,7“n_2]} .

Moreover, ry—o — hyp_17n—1 = 75, On the other hand, by lemma 6.2.8 | all
the points of Fy = (¢,at), t < H,_1, have ordinates distant of r,, or r,_1.

Therefore, if there is other points of E; N {[O,Hn,1]®]0,rn,g]} that the
points {(kn,g + kn_1l, Tn_o — rn,1€)|£ =0,1,2,...., hn,l}, there exists £y €
{1,2,..... hpn—1} and (z1,41) € Ezﬁ{[O7 H,_1]®]0, rn,g]} such that y1 — (r,—o—
T‘nflgo) =Tn-

Because Hp—1 = ky +kn—1 —1 < kpt1 < kg1, by lemma 6.2.5, there exists
an only ¢ € {1,...., H,_1}, such that at = y;. Because y; # 0, there exists an
only t € {0,1,...., H,_1}, such that at = y;.

Then, y; — (rn_2 — rn_1fo) = at — k,_sa + lok,_1a = 7, = ak,. Then,
at = k,,_sa + lok,_1a + ak,. Then, at = a(k,_o + lokn_1 + kp)-

Now, because rq_1 = hgrq with rq_1 > rq, hq > 2. Now, n > 3. Then,
d—1>n—-—1>1. Then, kg1 > 0.

Then 0 < kp—o + lokp—1 + kn < kn—o 4+ hpn_1kn_1 + kn < 2k, < 2kg <
2kq + kqg—1 < hakq + kg—1 = kg1 <m.

NowO<t< H, 1=ky+kn1—1<kg+kig—1 <kgs1-

Then, because a(kn—2 + okn—1 + kn) = at, by lemma 6.2.5, t = k,_o +
bokp—1 + kn.

Then, t = kp—o + lokp—1+ kn > kn—1 + kn > H,—1. It is a contradiction.
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Therefore, there is not other points of 5 N {[0, H,_1]®)]0, rn,g]} that the
points {(kn,2 +kp_1l, 1o — rn,lf)lf =0,1,2,...., hn,l}.

Therefore, there is not other points of E>N{]0, k,,]®]0, r,,—2]} that the points
{(k‘n,Q 4+ kpn_1l, rp_o — ’l"nflf)|£ =0,1,2,...., hnfl} : i.e.

EQQ{]O, kn]®[07rn—2[} = {(k'n_2+kn_1€ 5 Tn—2*7"n—1£)|é = O, 1, 2, ceeny hn—l} .
According to what precedes,
{(kn,Q + kn,1€ , Th—o — Tnflg)‘f =0,1,2,...., hnfl}

= {(kn_Q + kn—lg ,akn_g + akn_1€)|€ = 0, 1, 2, ceeey hn—l}

is located on a straight line. l
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Chapter 7

Congruences of Fibonacci

In this chapter, we study the transformation of a random variable Y € F(m) de-
fined a probability space (2,4, P) : X = T(Y') where T is Fibonacci congruence
and et where T is defined by the following way.

Notations 7.0.1 We set T'(k/m) = T(k)/m.

We suppose that the probability density function of Y with respect to ., is
written in a form :

n(y)
h(y) (1
Wt+-71
where 7(y) is a sample of a white noise independent of h and where

/ Byt (dy) = 1.

One will study P{X € I} where I is an interval I = [¢/m,c’/m]. One will
study especially the cases where h is the probability density function of the
normal or uniform distribution.

7.1 Distribution of normal type

One thus will calculate P{X € I} = P{Y € T*(I)} = Py {T*(I)} = Px{I}.
It will be supposed that y — h(y) has a curve in the shape of bell, (e.g. a
Gaussian curve). That will result in the following assumption.

Hypothesis 7.1.1 Let I be an interval of F(m). Let N(I) be the number of
points of F(m) belonging to 1. We assume that, for all I such that N(I) >> 1,

< (T (k/m

k=c

-1} ~0.
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This assumption means well that the curve of h has properties enough close to
those of a normal curve. Indeed, by property 7.1.11 the following approximation
holds

71 0(1)
Z h(T ' (k/m)) =1+ N

10.e—[10(y—0.5)1%/(202)
272 :

when h is the Gaussian curve : y —

Now, it is thus a question of calculating the approximation of L(I) by Px{I}.
We set €§ = ’ )/m— PY{T )}’

For example, let us suppose that h is an approximation of the normal law
N(0,0?) corresponding to a summation of S terms Z, € F(m), with S=10,
E{Z,} =1/2, B{(Zn —1/2)2} =02 : 0< Zy + .. + Z10 < 10, ie. Zy + o +
Z10 — 10/2 has a distribution close to N(0,10.02?) . One thus considers that
Y = (Zy + .... + Z10 — 5)/+/10 has a distribution close to N(0,c?). Finally,

-1

Px{I} =Y Py(T ' (k/m))

k=c

~—1 2 2 -~
e—[10(T ™ (k/m)—0.5) ]*/(20) ) n(Tfl(k/m))] '
Vara? co

3S

c'—1
k=c

7.1.1 Case co > 10

At first, let us consider the following example where co > 10 : it represents an
approximation of the law of g(j) = Zgil f(i,7) used in the construction of the
random bits b*(n') : cf section 11.1.2.

Example 7.1.1 Suppose that n(y) = u(y) is a sample which has the uniform

distribution over [-1/2,1/2]. Suppose that co > 10. Assume that h(y) =
10 e—[10(y—0.5)12/(20?)
V2mo?

Study Under these assumptions,
0 e—[10(y—=0.5)]%/(20%)
m V2ro?

Let us notice that to suppose that n(y) is a sample of uniform distribution
is a difficult assumption to ensure in the construction of the random bits b (n')

n(y)} .

Pr(Y =y) ~ [1+
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used in section 11.2.5 ). But the important thing, it is the variance associated
with 7(y) (e.g. cf proposition 7.2.2). B

In the general case, one can consider the model

Px (1) = Z (T (/) 1+ ”@(’f/m))
k=c

In order to simplify, the following notations are adopted.

Notations 7.1.1 We set

’

[

Pu(ny = Y 5

m
k=c

g(k) Uk (w)
UL w1

where g(k) = h(fﬁl(k/m)) and where Uy, is an 11D sequence of random variable
with mean 0 satisfying Uy(w) = up = n(T=1(k/m)).

One can then study the approximation of L(I). At first, one will use the
following notation.

Notations 7.1.2 We set ¢ = Px(I) — N(I)/m.

For this study, the following lemmas are used.
Lemma 7.1.2 The following equalities hold.

N gk)[1+ %] -1y /N{) glk)[1+ Y] —1
o = m(z N(I) )_ m zk: JND)

L 7.1.3 Let 02 be the vari o[ eE] =1y e vard
emima 1. € O'g € e variance Of Zk: W € O'U e e vari-
ance of Uy.

Then, o2 = ‘Zi’;%?;)), where E(g%) =Y g(k)?

U
Proof At first, E{ >k %} =3, 9(k)

Moreover,

p{[y Mo =lTy

k

_ E{ Z g(k)g(K')[1 + Uk /co+ Up [co + UpUps [ co? }

2
k7k/ N(I)
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_ N\ 9k)g(R) Y 9(k)g(k") E{U Uy /co®}

k,k’ N(I)2 k,k’ N<I>2
9(k))7? 9(k)>E{U}/co?}
- [%: W} 2 N(I)k2

_ 9(k)) 12 ot g(k)®
N [ZW} +;cogN(I)2

k
- g(k))1? i g(k)?
= [; N(I)] T BN Ek: N

This result means that ag decreases if N(I) increase.

Example 7.1.4 Assume that the assumptions of the exzample 7.1.1 hold with
co=10. Assume that o is not too big. Assume that the points T~1(k/m) are
well distributed in F(m). Assume m and N(I) are enough big. Then,

9 1

~ -
~

g .
7 120V4mo? N(I)
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Proof We have

g(k)?E{UZ/co®} g(k)?
2TUNmE T 2 a0« NP

— 1 Z g(k)?
1200N (1) - N(I)
1 1 106—[10f71(k/m)_0_5]2/02
" 120N(1) N(I) Z 902
; 1 . > 10e— 107" (k/m)—0.5]*/ (207 /2)
T 120 N(I) V2 x 202 N(I) & TN

1

-~ - -
~

120V/4m0? N(I)

Uy,
Lemma 7.1.5 Let Y3, = >, ?\E?I))i If N(I) is enough big, if oy and E(g?)

are not too small,

Y OISR
Yoo ™ zk: N()o,

Proof By hypothesis 7.1.1, we know that /N(I)[ >, % —1] =~ 0if N(I)
is enough big. Then,

L 9k
Ne ™ £« N(D)o,
-3 S
Ukl _ g(k)
:Zk:g(k)%zrj):g] 1 ,Hi(;) 1
X 9k
zgg(k)[flva;i]_l "
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g(k) [14+ %= ] -

Lemma 7.1.6 Let Yy, =), N e . Then,
m. co|eG|
P{ I } P{|Yo| > b} .
ou\/E(g%)\/N

Proof We have

_ N(I) gk) 1+ 5] -1\ N(I)o, g(k)[1+ 2] —1
G?_ m (Z N(I) )_ m (zk: )

Ny ND o /F VD o0 /P

m m  co/N(I) m

Of course, E{Y?%,} = 1 and Yy, has asymptotically the distribution N(0,1).
Then one can use the following result.

Proposition 7.1.1 If N(I) is enough big,

m.co|e¥| N
P{UU\/Ei\h } T(b) .

This result means that, if b is enough big, one will be able to admit that

€9 < ouVE(g?)VNU).b (7.1)

I m.co

By this way, one has an increase of |e¥|.

Normal distribution

Now assume that h(y) is a normal probability density function and apply the
previous result. Under the condition of example 7.1.1

P{ m\fle?l
0.0485y/N

This result thus gives us a probable increase of |e¥|.

}~F(b) .

Example 7.1.7 Suppose that we do not have more than 10° possible intervals
I. We know that T'(6) < 10~°. Then, if N(I) is not too small, one can assume

e < 2D (72)

164



Therefore, normally, €/ increases if o decrease or if N(I) increases.

In fact, the checking of inequality 7.2 depends on the number of possible
intervals I in F(m) (that is equal to m(m+1)/2). Indeed, at first, one can
suppose that the intervals behave like a sample. In this case, one must choose
b according to m(m+1)/2 as one will do it in section 7.2.

Thus, if there are much more possible intervals ” 1 ” than 2 % 10°, the in-
equality 7.2 can be not checked, and, this, with a non-negligible probability :
P{|Yno| > 6} ~ 2% 10°. For example, if m > 10°, there is 109(10° + 1)/2
possible intervals ” T 7.

However, generally, one can have a better increase. That is confirmed by
various numerical results.

Example 7.1.8 Suppose m= 267914296 , a= 165580141. We choose intervals
I length L(I) = (1/5)10779 for j =1,...,6 .
Choose standard deviations o = 1/2, 1/4, 1/8, 1/40.

Study For each j, one calculated each e? for 50 intervals I, s=1,2,...,50 length
(1/5)1077.

Then, one obtains the following table of the maxima Max,{0.5%10%e¥| | I5, o}
on these 50 terms.

L) \ o 1/2 1/4 1/8 1/40
(1/5)1071 0.0708 | 0.0837 | -0.0321 | 0.5361
(1/5)10~2 0.1096 | -0.0114 | -0.1507 | -0.1077
(1/5)1073 0.0067 | 0.0328 | 0.0097 | -0.1834
(1/5)10=* || -0.0008 | 0.0004 | 0.0046 | 0.0083
(1/5)
(1/5)
(1/5)

1/5)10=° || -0.0008 | -0.0014 | 0.0025 | -0.0152
1/5)10=° || -0.0000 | -0.0010 | 0.0010 | 0.0013
1/5)10~7 || -0.0006 | 0.0002 | -0.0032 | -0.0044

As each term Maz,{0.5%10%€%|} of the table is to be multiplied by 2/1075,
it is understood that one has results much better than those given by the ex-
ample 7.1.7. B

One could thus admit that for our calculations of construction of the se-
quence b'(n’) used in section 11.2, the inequality 7.2 is always checked.

Hypothesis 7.1.2 In the construction of the sequence g(j) used in section
11.2.5 , one can suppose that

9] < 0.291 x 121/4 % 10,/N (1) - 5.42,/N(I) .
- - m

m

Indeed, that amounts supposing the inequality 7.2 with o2 > 8.334 x 1076 >
11
12 T0000°
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L 100 means that the variance of the conditional probability

Now, 02 = 15 10000
of the G, P{G, €I | Gpyj, = g2, ..., Gnyj, = gp} is 10000 times smaller than
the variance of the uniform distribution. It is a completely reasonable increase

with the data used in section 11.2.

Because N(I) < m, the following result holds.

Proposition 7.1.2 Suppose that hypothese 7.1.2 holds. Then,

\eﬂ < ﬁ .
Remark 7.1.9 The proof of previous results have only numerical proofs about
sequences g(j). We only give these results to carry out a complete study of con-
gruences of Fibonacci, but not to build the sequences of bits IID b'(n'). For this
construction we use indeed the sequences h(j) and mathematically proved results .

Another distributions

We gave the previous results when h is a Gauss density. They remain equiva-
lent for other curves in the shape of bell, especially those which one obtains as
densities of sums of S random variables.

7.1.2 Case co = o0

Now, it is possible that the curve of the law of the sums of random variables
associated with our data is smoother than that which we have just studied: cf
figures of section 5.4. It is the case co = co. In this section, we study this case
: then, we assume that the probability of Y is

ProbafY =y} = = e~ [10(=0.5)]*/(2r0®)
rooa = =
! m 2ro?

Remark 7.1.10 It is an assumption which could be checked for the curves of
the conditional probabilities of the sequence G(j) obtained in section 11.2. In-
deed, we impose in section 11.2 that the lines are independent. Moreover we
make uniform the probabilities by pseudo-random generators and functions of
Fibonacci to avoid finding models like those of the section 5.4 : figures 5.7 and
5.8. Finally in the example of the figures 5.26 and 5.25 the laws are with values
in F*(¢ + 1) = {0,1,....,80}, whereas the laws which we use in section 11.2
are with values in F*(m) where m > 322°. However, the numerical results of
the section 5.4 show that more m is large, better is convergence to the normal
distribution.
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General study

As previously,

~ N(I
Pe(T7HID) =Y Pr(T (k/m)) TZ I
k k
10.e—[10(y—0.5)12/(202)

V2ro? with

where gy (k) = hN(f_l(k:/m)) and where hy(y) = ¢
J hn(y).pm(dy) =1 : ¢o is an adequate constant.

Then, the following property holds.
Property 7.1.11 Let Ky be the Lipschitz’s coefficient of the curve

10.e—[10(y=0.5)]*/(20%)
V2mo? '

Then, the following approximation holds

yl—)

N(I) K
Z gn(k) =1+ O(l)ﬁ .

Proofs We point out that a more complete proof of this property in section
713,

The T'(k)’s are almost uniformly distributed : that derives from the proper-
ties of congruences of Fibonacci (one can also understand this result by numer-
ical simulations).

One deduce from these numerical studies that

ﬁ > h(r/N () =1+ 20%8.)“ ,

if N(I) and m are big (cf also lemma 7.1.16).

As a matter of fact,

ﬁ > (r/N () = / oy (y)dy = 1

if N(I) and m are big.

Now compute these sums. For that, one can use the method of Riemann :

it is noted that
N(I)

OlK
Z hN T/N ]if()_[)o .
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The numerical studies confirm that one obtains the same results for the
function gy :

1 W 01K,
N I; gn(k) =1+ N(I)O :

We recall that a more complete proof of this property in section 7.1.3. B

Then, we deduce from these results that Px(I) = N(I)/m + O](\}()SN where

Cv is a constant as soon as N(I) is not too small.

The previous results are confirmed by numerical studies.

Example 7.1.12 One takes the same parameters as in the example 7.1.8. One
calculates the mazimum of 0.5 % 107€%.

We have the following table.

LI \o | 1/2 1/4 1/8 1740
(1/5)10~T || 0.0033 | -0.0160 | 0.0197 | -0.0613
(1/5)102 || -0.0003 | -0.0168 | 0.0097 | 0.0643
(1/5)10~3 || -0.0080 | -0.0014 | 0.0048 | 0.1157
(1/5)10~% || -0.0032 | -0.0059 | 0.0176 | -0.1179
(1/5)
(1/5)
(1/5)

1/5)10=° || -0.0002 | -0.0118 | -0.0153 | 0.0058
1/5)10% || -0.0001 | 0.0079 | -0.0314 | -0.0266
1/5)10~7 0.0020 | -0.0247 | 0.0051 | -0.0186

It is noticed that the €%’s seem almost independent of L(I). Then, one can
admit the following increases.

Property 7.1.13 If N(I) and m are enough big, the following inequalities hold

Ob(1)Cy
lef'| < TN
Ob(1)Cy

G
<
le7'| < m

Remark 7.1.14 Of course, these results confirm our study of the section 7.1.1:

one can admit the hypothesis 7.1.2 : e? < M_

m
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Numerical study

We suppose that X = T(Y)/m € F(m). We suppose again that the probability
of Y is
10 10.e—[10(y=0.5)]*/(20?)

Y =~ T

We suppose that T is a congruence T'(z) = ax mod m. One will carry out

the calculation of € = ‘N(I)/m — Px(I)| for various intervals I, a, m and o2.

Some results are consigned in the following paragraphs. We carried out many
others of them. All of them give equivalent results.

Variation of I In this paragraph, we suppose a = 1346269, m= 2178309 ,
0% = 1/4, and one varies intervals I.

The second column indicates the coefficient by which it is necessary to mul-
tiply the result.

I X € ﬁ m
[0, 10000] 10~2 || 0.00171 0.0000001 0.373341
[0, 100000] 10~% [[ 0.010658 0.00000010 0.232165650
0,1000000] 107° || 0.111392 0.0000001 0.242646

51236, 1000000] 107% [| 0.24874828 | 0.00000026 0.57111213
151236, 1000000 || 107 || -0.3573127 | 0.00000042 0.9170246
851236, 1000000[ || 10~% || 0.0169700 | 0.000000114 0.24848780
851236, 974502 10~ ][ 0.02839505 | 0.00000023 0.501786457
951236, 974502 1073 || 0.00261713 | 0.0000001 0.245032
(951236, 952502] 10° 0.00000069 | 0.00000000055 | 0.0011915
(952236, 952502] 10° 0.0000005 | 0.000000002 0.004321

Variation of a In this paragraph, we suppose m= 2178309 , 02 = 1/4, 1 =
[1250312,1948077] .

One varies a. One does not suppose more that a is in the Fibonacci sequence
: only a= 1346269 belongs to the Fibonacci sequence.
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a X € ﬁ 7]\,(5 —
1346269 10~° || 0.0708762 | 0.0000001 0.2212642
1000000 10~° ][ 0.1209353 | 0.00000017 | 0.3775404
2034476 10~° || 0.237045 | 0.00000033 | 0.7400157
1985474 10~° ][ 0.264947 | 0.00000038 | 0.8271217
1407735 10~ || 0.032717 | 0.000000047 | 0.102137
1250149 10~% ][ 0.06093 0.000000087 | 0.1902183
425987 10~ || 0.0723728 | 0.0000001 0.225936
54812 10~% ][ 0.0715460 | 0.0000001 0.223355
5412 10~3 || 0.07495 0.0000001 0.233986

Variation of m : 1 In this paragraph, we suppose m= 2178309 , o = 1/4,
I = [980235,1730228] .
One varies m. One does not suppose more that m is in the Fibonacci se-

quence : only m=2178309 belongs to the Fibonacci sequence.

m X € ﬁ m
2178309 10~° || 0.2535020117322 | 0.0000003380058 | 0.7362811568567
2000000 1075 || 0.1304767415277 | 0.0000001739706 | 0.3479412248588
3520470 10—° || 0.0290115355239 | 0.0000000386824 | 0.1361802583036
1988242 1075 [[ 0.1736900782922 | 0.0000002315889 | 0.4604548424371

Variation of m : 2 In this paragraph, we suppose 02 = 1/4. Moreover, we
suppose I = [541231,1905574] .

One suppose that m and a are in the Fibonacci sequence : T is a Fibonacci
congruence. One varies m.

It is noted that € is about divided by 2 with each step: it is pointed out that
m and a are also about multiplied by 2 (fin+1 = 2.0(fiy)).

m a X € ﬁ m
2178309 1346269 10~° || 0.423066 | 0.000000 | 0.675468
3524578 2178309 1075 [[ 0.261470 | 0.0000002 | 0.675469
5702887 3524578 10~° || 0.161597 | 0.0000001 | 0.675468
267914296 || 165580141 || 10~° || 0.003439 | 2% 107 0.675468
3 295128 2036 501 10~° || 0.00002 | 2«10~ | 0.675468

Variation of 02 In this paragraph, we suppose m= 2178309. Moreover, we
suppose I = [541231,1905574].
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One varies o

2. € is about divided by 2 with each step.

o? X € ﬁ m
1/4 1077 || 0.4230665591742 | 0.00000031008812 | 0.6754677478084
1/2 10~° || 0.2848750343620 | 0.00000020880016 | 0.4548312640048
1 1077 || 0.1654087269709 | 0.00000012123691 | 0.2640914481470
1/16 10~% || 0.2253644022687 | 0.00000016518163 | 0.3598166338974
1/128 1072 || 0.15111108927857 | 0.0000001107574 | 0.2412638506411
1/1024 || 103 || 0.3016983971605 | 0.00000022113090 | 0.4816914323014

Distribution different from the Normal distribution

The previous results hold when hy is a Gauss density. Many numerical stud-
ies of the same type show that they remain equivalent for other curves in the
shape of bell which one can obtain as limit densities of sums of random variables.

7.1.3 Theoretical study

Ones can almost prove mathematically a result similar at that one of property
7.1.11 when T is a Fibonacci congruence :

O(l)Ko}

P{T(Y) € I} = L(D[1+ N

As a matter of fact, it will be necessary to complete our mathematical study
of Fibonacci congruences in order to completely prove this result. But we can
already study this property with numerical simulations : all those give the same
result. Remark that theses simulations are used to know if some mathematical
results hold.

First, we use the following notations.

Notations 7.1.3 Let hy be the probability density function of Y with respect
1
to pin : [y B () pm (du) = 1.
Let hyy = (1/co)hn be the probability density function such that fol Ry (u)du
1. Let Ko € Ry such that |hny(r) —hn (r')| < Kolr' —r| and |hy(r) — by (r")]
Ko|r" —r| when r,v’" € [0,1].

<

Then, we need the following lemmas.
Lemma 7.1.15 The following equality holds :
1 O(1)K,
—

Ob(Ko

Co —
1+

m
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Proof The following equalities hold :

1= / Ry ( /(Hl)/m Ry (u)du
(t+1)/
=2 /t (W (t/m) + Ob(1) Ko /m]du
i Z (t/m) + M
:/ By (w) i (d) + Ob1) Ko
0 m

Then, [ hly (u)pm(du) = 1 + 22DK,

Therefore,

1 1

Ob(1) K
1= / hov () o (dut) = co / R (1) o (dut) = co [Hﬂ} .

0 0 m

Then,
B 1 B O(1)Ky
00—1+Ob(;)K0—1+ - .n

Lemma 7.1.16 We keep the notations of lemma 7.1.15. Assume that N(I) is
large enough. Then

20b(1) K,

ﬁ ZT:hN(r/N(I)) =1+ N

Proof The following equalities hold :

(r+1)/N(I)
1 —/ Ry (u)du = / h'y (w)du
/N(I)

(r+1)/N(I)
2 //N<1> [7ine (r/N (1)) + Ob(1) Ko /N (I) ] du
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1 /
= N5 ZT:hN(r/N(I)) TN

Therefore 1 = ﬁ S Wy (/N (1)) + LK - Therefore ¢p = ﬁ >, hn(r/NI))+

N(I)
Ob(1)co Ko
N(I) -

Therefore, if N(I) is large enough, by lemma 7.1.15,

O()Ky _ Ob(1)[1 + 2K ¢,

co=1+ p NEI)ZT:/IN(T/N(I))—F N(I)m

Therefore, if N(I) is large enough,

T S (r/ND) =14+ =5yt

Remark 7.1.17 If N(I) << m,

Then, the following property holds.

Property 7.1.18 Let gn(k) = hN(f_l(k/m)). Assume again that T is a
Fibonacci congruence. The following approximation holds

1 W 60b(1) K

Proof Let k", n=1,2,...,c’-c, be a permutation of T '(I) = {ay,....,ac_c}
such that T (k) < T (k%) < T (k%) < .. < T (k=°). Then, for all
numerical simulations which we executed, one has always obtained that

771 (k" /m) —r/N(I)] < 4/N(I) .
We deduce that [gn (k") — hn(r/N(I))| < 4Ko/N(I).
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Therefore, ) ,
N %:QN(k) = N ZQN(kT)
1 1 .
= 5 2N D) + gy Sl ) = o/ (D)
— ﬁj) Z hy(r/N(I)) + ﬁ Z 40b(1) Ko /N (I)

_ ﬁ Z ha(r/N(I)) + 40]1\’]((11);( 0

_ ., 200Ky | 40K(1)Kq

N({) N({)
IO

Remark 7.1.19 The only result which is not proven mathematically is
[T7H(k") = r/N(I)] < 4/N(I) .

It is enough to prove this result in order that property 7.1.20 is mathematically
proven. We point out that, by our numerical study, this result seems sure.

From the previous result, we deduce the following property.

Property 7.1.20 The following equality holds :

~ O(1)K
P{T(Y) e I} = L(I) [1 + ](V()I) 0}
Proof By the previous equalities,
N(I) 1

PIT(Y) e T} = %Zgg\;(kz) = S W v )
k k

- 22 GOzlx)f((l[);(O] ~unfie ][+ 6013((1[))[(0}
— L(I) {1 + 0](V1()}r)<0} m
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Remark 7.1.21 One can easily generalize the proof of proposition 7.1.20 to the
two-dimensional case:
Indeed, P{X € I} = L(I) {1 + O“)KO}. Now, if p=2, N(I;) = N(I5) and

N(I)
with a Lipchitz coefficient K|,

P{(X1,X5) € I, ® I,} = L(I)) L(I) [1 n

The previous results can be proved in another manner. In this case, there is
a less fine approximation. But the assumptions that we deduce from the digital
simulations seem easier to prove. We give this result to show that one is almost
sure approximation of P{T'(Y) € I}.

Then, the following result holds.

Property 7.1.22 Let Y € F(m) be a random variable which has a probability
density function f with respect to pm, such that |f(k/m) — f(K'/m)| < Kol|k —
E'|/m where Ky is not too large.

Let I = [¢/m,d/m[C [0,1]. Assume that T-2(I) = {a1,a2,....,ac_c}.
Then, there exists a constant co which is not too large, such that

P{T(Y) e I} = L(]) [1 + sz_ c} .

Proof There exists a sequence 7;, j=0,1,2,...,c’-c such that n;_1 < a; < n;,
no =0, ne—c=1.

By numerical computations one understand that one can assume ;11 —1n; <
3/(c —c).

We set n; —nj—1 = %c +e;j. Then,

¢!

’

1 c—c
1= [ fwpnn) = > [ swpentan
= Z_ /7” [f(a;) + Ob(1)KoMaz(a; — nj—1,1j — a;)] i (du)

_ (L n ej)f(aj) + Ob(1)KoMaz; { Maz(a; — n;—1,m; — a;)}

c —c
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' —c ' —c

=—— > fla;)+ Y e;if(a;) +Ob(1)Ky

Jj=1 Jj=1

3

cd —c

In order to have an idea of the value of 7" \“¢; f(a;) one can use the fact
that one has a sum and generalize the corollary 8.1.4. Then, one can admit that
the e;’s are a realization of a sequence of random variables E; :

’ /
c —cC c —cC

> eif(a;) = Ej(w)f(a),
j=1 j=1

where E(E;) = 0. As a matter of fact, because one uses sums, one can assume
that E; is IID (cf corollary 8.1.4 ).

Then, by theorem page 103 of [19],
> Ei(w)fay)
VIS E(ED) f(a)?

has asymptotically the N(0,1) distribution.

Because 0 < 1; — nj—1 = ﬁ +e; < C,?’—_C, E(E?) < [C,Qj]z Moreover,
Soiot fla)? < (¢ = ¢).Ka. For example, 327 f(a;)* < (¢ — ¢)[Ko + 1]*.
Then, one can admit

SO E W) ) Y Bi(w)flay)

VETFEEDf@) 0wy fla,)?
Y B (a)
2900 JOb() Ky (¢ —¢)

c

Then, if b is large enough

<b

1~ 1-T(b) ~ P{ = 2i=1 Bj(w)f(a)) }

2000) JOb(1) Ko (¢ — ¢)

= P{(:Z_(:Ej(w)f(aj) < 2.06(1) Ky (c —c)}

c —c

< P{CZ:_CEj(w)f(aj) < \Q/bg} '

j=1
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Then, normally,

1-T() < P{CZ:_CEj(w)f(aj) < 2WE} <1.

j=1

Then,
— _20/EK50b(1) o
> eif(as) = Jo—¢  Jl—¢’

Jj=1

where c; is a constant not too large.
Finally,
1 C/—C C/—C

1= > fla)+ Y eiflay) +

d—c ‘
Jj=1 Jj=1

20(1)K,

cd —c

Then,

Then,
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This result has not the same form as property 7.1.20. It does not correspond
either to the preceding numerical studies: too strong increases are obtained.

It is normal because the same techniques are not employed. Here, the e; are
increased: it is a result easier to check than the distribution of the a; compared
to the /N (I) used in the study of property 7.1.20. Let us notice that the
smaller K will be, the more this result is probable. Therefore, in a certain way,
this result seems surer.

In fact, it seems well that in all the cases one has at minimum

P{T(Y) e} =L {1 + \/52?} .

But, more precisely, as we already said, it seems that

O(l)Ko} .

cd—c

P{T(Y) eI} =L [1 +

It remain to prove mathematically these results which are yet only almost
sure conjectures.

7.1.4 Connexion with the Lipschitz coefficient

We now will detail the function of the Lipschitz coefficient Ky in the method
used in section 11.

Indeed, in the section 11, we do not use in the same way the Lipschitz coef-
ficient K as in the fundamental theorem 1.

First, we remind the following result.

Lemma 7.1.23 Let Pe(y,0?) be the slope in y of the Gaussian curve h(y) =

e—v2/(20%)
&= Let Kn = Supy{|Pe(y,c?)}|. Then,
1 671/2
Ky = — _
N=75 Wer
Proof First, h'(y) = —(y/0?) e
roo 1Ist, y)=—(y/o W
Then,
v’ /(") v/ (20%)

B (y) = —(1/02) + (—y/o?)(—y/o?)

V2mo?
o eV

+ (y* /o) “Voro?

V2mo?
o2/ (20%)

V2mo?

= —(1/0%)
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67y2/(20-2)

= (1/02)@2/02 - ”W )

which is cancelled in y = t+o.

Therefore,

v /(20%) } o—02/(20%)

Ky = sup{(\yl/GQ) N0 Voro?

/8 /4

Therefore % = (2)6771/18%
Let K¢ be the Lipschitz coefficient associated to G(j) used to build the se-
quences of random bits b(n’) (cf section 11.2.5). One can write Ky = cgKg-

In particular, one can choose cg = 1.

o) 1/8 1/ 4 e 1/4
Therefore, % = %

If the inequality 7.2 is admitted, |¢§| < % ”(]TV(I) Then, because of the

CLT applied to G(n) and to conditional probabilities P{G(n) = g | G(n+js) =
g(s)} (cf section 5.7),

61 < 0PN @m) Ve’ (o)t
Il = —1/8 )
m e

Then, one has the following property.

0.291(27)"/8c/*

Property 7.1.24 Let Cy = ch] Assume that the inequality 7.2
holds. Then,
<6 < CoKe) NI
I >~ .
m

Remark 7.1.25 The fact that one obtains an equality of the type

61 < Colid VN D)
- m

instead of
C1.Kg

N

lef] <
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as one obtained for the theorem 1 (or for the proposition 4.1.1 which is equiva-
lent) should not surprise.

In the proof of the proposition 4.1.1, one used increases of bad quality. Here
one refined them by using numerical calculations.

But contrary to the proposition 4.1.1 the result is not proved mathematically.
However, one can consider that it is true: we chose sufficiently strong increases
to be sure of the result. That will be even surer if one takes b larger in the
equation 7.1 .

Nonnormal distribution

Logically these results should relate to only case

—[10(y—0.5)]2/(27c?)
Pe{y =y =2 © [1+“(y)} .
m V2mo?

But increases which we chose are sufficiently strong so that they remain true
for the other cases
h(y)

m

co

ww)y

PY{Y - y} - Cco

[1+

Moreover, we carried out various numerical simulations. They show that this
result is always checked if one takes the numerical data used for the construction
of the sequences of random bits b!(n’) (cf section 11.2.5 ).

In fact the following assumption is verified per many files that one generally
finds on computers : e.g. texts, programmings, musics, etc.

Hypothesis 7.1.3 We suppose that the following inequality hold.

1/4
6 < 0.291(2m)Y/8 KY*\/N() |
- e~1/8 m

We studied these results only to specify the connection between the fun-
damental theorem using congruences modulo dPT4 — 1 and congruences of Fi-
bonacci: in the construction of the sequences of random bits b!(n’), we do not
use this assumption, but the assumption 7.1.2 which is much weaker.

Numerical increase of K

We now calculate the increase of Ky with the numerical data which we used
in the construction of b'(n’) in section 11.2. It is the K associated with the
conditional probabilities of D(j) and E3(j) defined in section 11.2.3.

We studied many numerical examples : for example, for the conditional

probability P{D(j) = d | D(j + j2) = da,....,D(j + jp) = dp} we have the
following increases
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[Ko [34[12[38[157[22]06[41]15]33]

For P{E3(j) = e | E3(j + j2) = e2,.... E3(j + jp) = ep}, we have the
following increases

[ Ko [[0.15[09[1.1]03]0.2]0.05]0.6]0.2]

The Ky are thus enough small, especially those associated with the e3(j).
It is not surprising because, first we made uniform our data by the applications
defined in chapter 8. But this transformation makes them also independent : cf
section 8.4.

7.2 Uniform distribution

In the construction of the sequence of random bits b' (n’), we apply the functions
of Fibonacci after having applied the XORLT (cf section 11.2.5). One thus has
the uniform distribution as limit distribution. Then, in this section we study
the model

1
Py{Y = k/m) = — [1 ] ,
v { /m} - + ug
where uy, is a sample of an IID sequence Uy.

We use the following property.
Lemma 7.2.1 Let I be an interval. We set e = Px(I) — N(I)/m. Let Yy, =

Uk
D kjmer TR Then,

P{M > b} = P{[Ynu| > b} .

ou/N) —

Proof We have

1
Py = Y = [1 +uk} .
T(k/m)el
Then, e = Px (1) = N(I)/m = S0 5, b [1 4 w] — N(I)/m
(5 ) - Y (5 ) = L v

N(I) V/N(I) m
Then, W = YNU(CU) .
Then,

m|€[| o
P{m >0} = P{[Yival 2 0}. W
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Now, Yy, has asymptotically the normal distribution. Then, the following
assumption can be admitted when N(I) is enough big.

Hypothesis 7.2.1 In this section, we suppose

P{—@EL—Zb}zF@y

O'U\/N(I)

For example choose b = 10. Because I'(10) = 1.524 x 10723, generally

As previously, e; can increase if N(I) increases.

In a more general way, let us consider the set F'(27) = {0/29, ....., (29—1)/2%}.
There are 27 intervals I, = [k/2%, (k+1)/2%[. Then, choose b,y such that I'(by) =
474,

Let Ny = Supk‘card {F(m) N[k/2%, (k+ 1)/2‘1[} ‘

Then, Ny = [m/29] 4+ 1.

Then, for all interval I, generally,

m\q | _
P{——ifzb}g4q.
ouVNrel !

Because there are only 27 intervals I = [k/29,(k + 1)/27] , the following
property holds

Property 7.2.2 Assume that the hypothesis 7.2.1 holds. Then, one can admit

byouv/Niel
m

|€Ik| <

Now one wants numerical results usable in the construction of the random
sequence b'(n'). However, what is important in this model, it is the variance
0% of Uy. In fact with our data, one can admit the increase o7 < 1. It is even
maybe too weak.

For example, let m > 1.4% 103, If oy < 1 and if q=84, 2%* ~ 1.9343 x 10%°,
one choose by = 15, Ny¢ =~ 7520. Then, one can suppose

84 vV N1el < 1547520 < 9.3
m — 1.4%103 — 1029 °

b
|61k‘ <
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Chapter 8

To make uniform by the
functions of Fibonacci

8.1 Study of the problem

In this section, one will understand how one can make uniform the marginal
distributions of a sequence of random variable thanks to the congruence of
Fibonacci. It will be understood that this technique can also to make these
variables independent

8.1.1 Function 7, of Fibonacci

One reminds the following definition (cf Definition 1.3.5).

Definition 8.1.1 Let q,d € N*. Let T be the congruence of Fibonacci modulo
m where m belongs to the Fibonacci sequence. R
We define the Fibonacci functions T : F(m) — F(d?) by T = PréoT,

where Prfll(z) =0,dids....dy when z = 0,d1ds... is the writing of z base d.

If d=2, one simplifies qu in Ty and Prg in Prq.

Some notations

In this chapter, the following notations are used.

Notations 8.1.2 In this chapter 8, q,d € N*. Moreover, m is an element of
the Fibonacci sequence : m = fin,. Moreover, Y, € F(m) is a sequence of
random variables defined on a probability space (2, A, P) and X,, = Tj(Yn) .

Notations 8.1.3 We denote by k a element of F*(d?) : k € {0,1,....,d9 — 1}.
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Then, P{X, = k/d?} = P{T(Y,) € [k/d, K /d9[}.

Notations 8.1.4 Let I;, = [k/d?, (k+1)/d?[. We define the interval [ci,/m, c|,/m]
with ¢, ¢, € F*(m) by [ci/m, c;,/m[NF(m) = [k/d?, (k+ 1)/d?[NF(m).
More generally, we denote by I the intervals I = [k/d%, k'/d?[. Then, we de-
fine [c/m, ' /m] with ¢, € F*(m) by [c/m,c /m[NF(m) = [k/d%, Kk /dINF(m).
Sometimes, by misusing of our notations, we set also I, = I = [k/d, k' /di][=
[c/m,c /m].

Then, P{X, = k/d®} = P{T(Y,) € [k/d9, k' /d1[} = P{T(Y,) € [cx/m, c}/m][}.
Notations 8.1.5 We set m = d? where Q € R, .

Now, the following lemma holds.

Lemma 8.1.1 With the previous notations, (cx — 1)/m < k/d? < cx/m and
(¢, —1)/m < (k+1)/d? < ¢},/m.

Lemma 8.1.2 Let N(Iy) be the number of t/m € F(m) such that k/d? <
t/m < (k+1)/d?. Then, N(I) = ¢}, — cx.

Let 1/d? = ho/m + 1 where 0 < r < 1/m and hy € N. Then, N(I) = ho or
N(Ik) =ho+1.

Lemma 8.1.3 We keep the notation of lemma 8.1.2. Then, m/d? = hg + e
where 0 < e < 1.

Notations 8.1.6 Let z;, € F(m). We set p,, = P{T(mY,) = ma,} =
P{T(Y,) = z,}.

Of course, we can write P{T¢(Y,,) = k/d?} = P{f(Yn) € [k/d1, k' /d1[} =
P{T(Yn) € [Ck/m, cfc/m[} = sze[ck/m,c;/m[pws‘

8.1.2 Sequence of real numbers regarded as IID

We show now that about any sequence of real numbers can be regarded as the
permutation of an IID sequence. It is thus also the case if z, = Z,(w) where
Z, is a sequence of unspecified random variables, even if Z,, is deterministic.

Proposition 8.1.1 Let z, , n = 1,2,....,n9 be a sequence of integers z, €
F*(m) such that all the z,’s are different.

Then, there exists a permutation ¢ such that z;, = zgm), n=1,2,...,n0 can
be regarded as an IID sample having a distribution Mz .
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Proof Let z,, = z(n) be an IID sample with uniform distribution. For any
function f, f(x,) is a priori an IID sample. But it is necessary to be careful: it
is better than f is not too complicated. For example f(x,) can be increasing :
it is a classical problem of the samples.

To avoid it, we denote by r, and r, the number of order of z(n) and z(n) =
Zn, respectively : r,(n) and r,(n) are the permutations of {1,2,....,ng} such
that Tty < Tpoiig) < ST and 221y < Zpri(e) < < 2 ()

Then, there exists a continuous function f such that f(z,-1(,) = z,-1(,, for
n=1,2,.....,n9. One can force this function to be smoothest possible

For this function f, f(x,) can be regarded as an IID sample which has the
same law as f(X7).

Now, {f(zn) | n=1,2,....,n0} = {2z | n =1,2,...,n0}. Then, there exists a
permutation ¢ such that zy,) = f(x,) for n = 1,2,...,n9. Then, z4,) can be
regarded as an IID sample. l.

We deduce the following propositions.

Corollary 8.1.4 Let ), p2n where F C {1,2,....,n0}.
Then Y . cpn = Y pep %n » Where 2, = zy(ny is an IID sample which has
the distribution My and where F' = (F) and ¢ = ¢~ 1.

Proof Let n = ¢(n’). Then, n = ¢(n’) € F is equivalent to n’ € ¢~(F). Then,
ZneF n = ZnEF Zp(n') = Zn’eqﬁ_l(}‘_‘) Zp(n') = Zn'E(]ﬁ_l(F) Z;L" u

Corollary 8.1.5 Let ), p 2, be a sum where z;, is an IID sample which has
the distribution M.

Then, for all sets F” = ' (F'), except a negligible minority, Y-, - p» 2;, be-
haves as the sum of an IID sample which has this same distribution M.

Proof If the sequence of random variables Z,, = Z,,) is IID, any sequence
z!, (ny 18 1ID (where 1)’ is a permutation). The sequence Zfll)’ y Will not behave
like a sample IID only with one negligible probability given by the traditional
laws about IID sample. B

Now, let us suppose that F is chosen randomly. Then, one can admit that
F’ is also chosen randomly.

Thus each time one has a sum over a set chosen randomly, one carries out a
sum of a sample of an ITD sequence of random variable Z/,. One thus finds the
usual limit distributions, for example, Wl(F) Yoner Zy, — L where L = E{Z1},
and where Z| has a fixed distribution My.

We deduce the following result.

Corollary 8.1.6 For almost all the sets F, W(F) > ner #n = L where L does
not depend on F.
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Remark 8.1.7 A sum can thus always be comparable to a sum of an IID
sample. But, it is necessary to pay attention to which sum it is in ques-
tion exactly. For example, let us consider the sequence of the x!, € F*(108)
o xh, ah, ... = 110000, 250000, 780000, 1020000, 111000, ..... It will not be trans-
formed into a IID sequence belonging to F*(m), but to a subset of F*(m). If
one does not pay attention to that, one can have certain problems during the
use of the CLT : cf section 5.4.4.

8.1.3 To make uniform the marginal distributions

We will try to understand why the functions 7, make uniform the marginal
probabilities. For that, we suppose for example that our data are provided by
text.

Then, we have P{X,, = k/di} = Zzse[%/m)%/m[pxs .

Now, there is no logical connection between text (translated in numbers)
and the distribution of the points of {a1,as,....} = T*I(I) where 1 is an
interval. These two events are logically independent. Indeed, the sequence
{a1,as,....} = T7(I) is built by a specific and relatively simple mathematical
application whereas the data y,, are the realization of a succession of random
variables Y,, and thus unpredictable in an exact way. Moreover the sequence
{a1,az,....} is well distributed in F(m). It is reasonable to think that this set
is independent of sequences obtained starting from text. One can thus regard
this set as randomly chosen.

That means that >, o, m et ym[Pe. Can be regarded as a sum 3 ¢ ppa,
where the set F is a Borel set chosen randomly. According to the corollary 8.1.6,
that means that, for all k, (d?/m) }_, c(/de,(k+1) a0 P=. cOnverges to the same
limit L.

One is all the more sure of this result that only a negligible minority of
the possible sets F will not check this property: because there is only d? ”k”
possible, it is thus enough to choose m enough large compared to d9.

At last, > 0 D 0 clk/as, (kt1)/da(Po. = 1. Therefore, 30 ciia (141)/dag Pz &
1/de.

Now, in order to understand this approximation more, it is necessary to use
the CLT: it is what we will do in sections 8.2 and 8.3

Example

Let us suppose that the curve of the probabilities of Y,, have the shape of

a normal curve. The {da},d},....} = Tﬁl([c, d[NF*(m)) are about uniformly
distributed.
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For example, in figure 8.1, one supposes card([c,d[NF*(m)) = 10. One
understands that {a},d), ....,a},} is about uniformly distributed in [-4,4].

Figure 8.1: Example : Normal curve

Let D be the length of interval [-4,4] on which one studied the normal curve
fx and let N=10 be the number of points. Then, the sum (D/N) >, fx(ys)
over 10 points zs distributed about uniformly is then close to 1. Therefore,
P{X, =k/d1} =~ 1/d? .

8.1.4 Empirical Probability

Let us be interested with a sample x}, = T,(yn), n = 1,2, ....,n9, where all the
Yn are distinct. For the empirical associated probabilities P., one has

PAT, (V) € fe/md/mly = 3 pes.

zsE€le/m,c’ /m|

where pe, = Pe{f(Yn) =5}

where Nomb(yn € {ay,..... ,ac/_c}) is the number of points of the sample y,
such that y, € {a1,.....,ac —c}-

187



Let us suppose that the y,,’s are data resulting from texts: a priori, there is
no logical connection between the y, and {a1,as,....}.

For example, choose the text beginning by << Newton’s theory of gravita-
tion was soon accepted without question, and it remained unquestioned until
the beginning of this century. Then Albert Einstein shook the foundations of
physics with the introduction of his Special Theory of Relativity in 1905, and
his General Theory of Relativity in 1915 (Here is an example of a thought ex-
periment in special relativity). ..... >>. There is no logical connection between
the set J =

Newton’s theory ]

of gravitation was|
soon accepted wit]
hout question, and |

it remained unques]
tioned until the begin]
ning of this century. |
Then Albert Einstein]
shook the foundation]
s of physics with the i]
ntroduction of his Spe]

and the set H =

[whgkudf ly cughjg]
[aamxgusdggbxckmp]
[x;cbkutee ze xycyc x|
[qtdxucdzlexy yx vyxy]
[uezuxcuazvxaoaqzq]

[ ,hadsgcize cqy bxq]

[a picykhgkkl hfqfqqq]
[ory of Relativity in 190]
[xwtex pez! i yi qy yqhfg]

Thus a priori, the probability that [Newton'stheory] € H is approximatively
of card(H)/32'® (if it is considered that the 26 letters, capital letters and small
letters and punctuation belong to a set with 32 elements and if each y,, contains
18 letters or signs or space).

Finally, one can admit that Nomb(yn € {ay,..... ,ac/,c}) is the number of
points y,, belonging to a set selected randomly of size c’-c.

188



Therefore, one can admit that the a; are taken randomly compared to
{Y1, +res Yno }- Therefore, one can apply the limit laws. Let Ny = card{ay, az, ....}
= ¢ —c and ng = card{y,}. Then

leC

1 o
mzl{yl ....... yno}(ai)—> E as C/_C—>oo.

1 &
PAY, €{a1,...;ac_c}} = — Z Yayau_3(yn) = — asng — o0 .
"o n=1
This result means that, if the set {a1,.....,ac—.} is well chosen randomly, in

all the cases, 7710 Sont  Yar,ay 3 (yn) — Ny

Therefore, that does not depend on the sequence y,. This result is due
to the independence of both events between the sequence y,, and the sequence
a;: since it is admitted that {aj,.....,ar_.} is chosen randomly, one can apply
corollary 8.1.6

Finally, P.{X, € [k/d%,(k+1)/d![} = P.{Y, € {a1,.....,acr—c} } converges
to 1/d? for any k, i.e. one has well the uniformity for empirical measures.

Let us notice that it is possible that the {a1, as, ....} have a connection with
the empirical probability. It is always possible. But that is likely to occur with
a negligible probability as it is the case when one tests if an IID sample is well
1ID.

Thus it is always possible that, despite all our constructions, the sequence b;
which we finally obtain in section 11 is not IID, but it would be with a negligible
probability.

Tests

One checked these results by testing them with the sample provided for each
line i by the sequence f(i,j), j=1,2,... : cf section 11.2.4. One has tested the
uniformity of the law of the f(i,5), j=1,2,.... (which have been made uniform
by the transformation e3(j) = m.Ti"(e2(j)/m') ). All the tests conclude to the
uniformity

In figure 8.2 , we have the histogram for the first line f(1,j), j=1,2,.... One
can compare this figure with the figure 8.3 which represents the histogram for
a pseudo-random sequence of uniform distribution.

8.2 Theoretical probabilities: first method

To simplify the presentation, we consider the case where data y,, n = 1,2, ...,ng
are provided by text. There are several possible models representing this text
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Figure 8.3: Histogram of uniform data

(there is even an infinity of it). L.e. there is several possible random sequences
Y, such as y, = Y,(w). That thus means that there are several systems of
possible probabilities py1 2 ,no = P{Y1 =y', Yo =42, ..., Y, =y}

In this section, we want to prove that the marginal distributions of the T, (Y,)
are close to the uniform distribution. We are thus interested in the marginal
probability pys = P{Y,, = y*} for the y* € {0/m,1/m,.....,(m — 1)/m}.

It is equivalent to study the p,, : p,, = P{]A“(Yn) =uas} = P{Y, =y°} =
pys .

Because there are several possible correct models meaning this text, we will
study the various possible probabilities p,.

One will provide the set of the p,, of a law of probability. I.e. the set of the
possible probabilities p,,, is itself the realization of a probability space.

In this section, one admits the following assumptions.

Definition 8.2.1 One supposes that the set of possible probabilities of f(Yn)
over F(m) is symbolised by

z:zr;lpi/m7 Z:ilp;/m’ ’ Z:ilp;/m

Pijm € R+} :
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One supposes that pg/m = Plf/m(wl), w1 € Qi, where the Pl.’/m > 0 are IID

random variables with a law M, defined on a probability space (Q1,.Ay, Probay).

I
Then, pms o Z;il p;;/WL '
Now, we shall need the following notations.

Notations 8.2.2 One supposes that the P,, have a fizved distribution M. For all
b > 0, we denote by To(b) the function T'o(b) = 2.Maxn12n2Proba1{|Sm| > b},
where ng = Mingep«(ga)(card{r/mlk/d? <r/m < (k+1)/d?)}, and where
/ / /
P T
" OMA/T
Of course T'y(b) =~ 2T'(b) as soon as m/d? is big.

For example, if one wants to choose the probability of X, randomly, one can
admit that M has the uniform distribution on [0,1].

This choice is reasonable. Indeed, according to the proposition 8.1.1, there
exists a permutation g such as the sequence py,(y,) = p{js can be regarded as
an IID sample of random variables which have the distribution Mz.

Therefore, for almost all the permutations 1, the sequence pf;(ys) can be
regarded as an IID sample of random variables which have the distribution M.

Because T can be regarded as independent of the text (therefore independent
of probabilities p,.) the permutation 11 (ys) = 1 ' (T (ys)) - associated to p)
pil(ys) = Do (1 (y2)) = Papo(wg ' (T(ys)) = PT(y.) = Pas - CAN be regarded as chosen
randomly.

Therefore, the sequence p,, = pil(ys) can be regarded as an IID sample of
random variables which have the distribution M.

Then, we use this model. Now, we study it.

First, the following proposition holds.

Proposition 8.2.1 We assume m/d? is great enough. Then, the following ap-

proximation holds.
P{Xn = k/dq} ~1/d? .

Proof Let ¢ = ¢;, and ¢ = ¢},. We have
P{X, =k/d} = P{T(Y,) € [¢/m,c /m[} = > e

zs€[c/m,c’ /m]

’

Because p,, = ?np% and because the P, have the distribution M,

i=1P%)m
cd—c (1/(0,76)) sze[ck/m,c%/m[p;?s
m (1/m) 320 Pl

P{Y, € f_l([c/m,c'/m[)} =
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—c

which converges in probability to =< considering that p,s/m is an IID sample
: c’ilfc Zzse[c/m,c’/m[p;s = % where I = [¢/m,c'/m[, N(I) =c' —c. B

Then,
P{Xn = k/dq} ~1/d.

For example, if b=20,

| 2(Fe, — Em)
N(I)O‘M

Probay | > b} < To(b)/2 % 1) ~ 5.6

~ 1089’

where Ey = [ .M (dx) and where 02, is the variance of M .

Therefore, if b is big enough, one can admit, with a very strong probability

1> (P, — B

<b.
N(I)UM
For example, if M has the uniform distribution on [0,1], |> (P, —1/2)] <
20 '
12.N(I) *

More precisely the following lemma holds.

Lemma 8.2.1 Suppose that m is big enough with respect to N(I) and suppose
N(I) big enough. Let us suppose that b and oy are not too large. Let us suppose
that Epp is not too small. Then, with a probability larger than 1 — T'g(b),

P{Y, € f_l([c/m,c'/m[)} ~ C/T; ¢ [1 Ob(l)-bUM} .

" Ex/N(I)

Proof With a probability larger than 1 — ' ()/2,

1 , Ob(1).boys
N, e T A

zs€[c/m,c’ /m]

Then, with a probability larger than 1 — T'g(b),

d—c [1/(0/ - C)] ste[c/m,,c’/m[pgﬁs

P{Y, € T (l¢/m,¢ /m])} =

SR e 14 (Ob(1)bow))[Eni /N D)

m B+ M\/%’”M om 1+ (0b(1).bor )/ [En/m]

oo Bt
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_d—c Ob(1).bons 0O(1) Ob(1).bos
[l Ex/N(I) " Vm.N(I) " TEuvin }
_d—c [1 Ob(l).baM} -

~ Exi/N()

m

Then, generally,

1

1':){)(7;,:]?/61‘1}%E {1+M] )

En/N(Iy)
More precisely the following proposition holds.

Proposition 8.2.2 Let us suppose that m is enough large compared to d? and
N(Iy). Let us suppose that b and opr are not too large. Let us suppose that Epy
is not too small. Then, with a probability larger than 1 — Ty (b),

Ob(l).2baM] .

En+/N(I)

P{X, = k/d?} = % 1+

Proof In this case, one can choose [¢/m,c /m[= I;. By the proof of lemma
8.2.1,

e~ ! — Ob(1).bopr — O(1)
P Yn eT ! ) ' = c € 14 .
{ (efm. ¢ fmD}y = = |1+ G+ 2]
By lemma 8.1.3 and 8.1.2, ho/m < 1/d? < (hg + 1)/m. By lemma 8.1.2,
N(I;) =c —c=hg or N(I;) = hg + 1. Then,

/ — 1 Ob(1
d—c n (1)

d4 m
Then,

P{Y, € T\ (j¢/m. ¢ Jm])} = ~ { Ob(l).ZboM} .

TR Exi /N

dq

For example, if d=10, b=20, if m > 109, Q'=100, and q=50 : N(I;) > 10°°.
Then, if M is the uniform distribution on [0,1], one can admit with a probability
very close to 1, that,

B 1 80.0b(1)7 1 23.2
PXw = R/ A} ~ 155 |1+ \/ﬁlo%} = 1w 1+ 1o%

This result is true for a n and a k fixed. But, one can have a result for all
the k and all the X,,, n=1,2,., N. Indeed one has the following lemma.
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Lemma 8.2.2 One supposes m = d9 big. Let us suppose m enough large com-
pared to d? and suppose d? large enough. Let us suppose that b << d°~9 and
that M is the uniform law. One supposes that the size of sequence X,, is N. Let
Px, (k) = P{X,, = k/d?}. Then,

1 4b

n7

This lemma is proved by the same way as lemma 8.2.3.

One keep the same example as previously and one takes a sample z of size
108. Then, because, I'(20) = % approximately,

X 1 2b 5.6 % 10°0 % 103 5.6
Proba1{| |{|P" (k) dq| = V12.dQ+4q }} 1 1089 21 1031 °

n,k

Moreover, P{X,, = k/d1} = Px, (k/d%) ~ 15 [1 + %ﬁf(l)] Therefore, for

a sample of z of size 108, the X,, have a distribution extremely close to the
uniform distribution for a vast majority of the possible models.

However, if for example, the probability I'(20) = 5.6/10% were still too large,
it would be enough to choose b even larger. Thus, for b = 40,

P, - FE 1
Probal{‘ZS( Zs M)‘ 240}%m .
N(I)O’M 10

In this case, for q=50, P{X,, = k/d?} ~ 10% [1 + j‘S—;é}.

For q=48 : P{X,, = k/d'} ~ t1x [1 + ;*gég]

Then, one notices that if the marginal probabilities are taken randomly,
these marginal probabilities are close to the uniform law for almost all the mod-
els possible of probability.

8.2.1 Case of Borel sets

One has just understood that the probabilities of the X, = k/d? are very close
to the uniform probability. One studies now the probability X,, € Bo where Bo
is Borel set of {0/d?,0/d4, ...... ,(d1—1)/d?} : we set Bo = Ugeco{k/d?} , where
© c{0,1,....,d7 — 1}. Let Ko = card(©).

One can also consider that Bo = Ugeco{[k/d?, (k + 1)/d?[}. Then, L(Bo) =
Ke
da -
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Here we write I, = [ci/m, c;,/m[: P{X, = k/d'} = sze[%/mﬁc;/m[pxs.
Donc, P{X,, € Bo} = steukee[%/m’c;/m[p%. Let N(Bo) be the number of
t/m € Ugeolck/m, ci,/m]. Then, by the CLT,

| X cureoton/mey/mi P, = Earl > b} ~T(b) .
N(Bo)oy

Then, one has the following property.

Probay {

Proposition 8.2.3 Let us suppose m enough large compared to d? and N(Ii).
Let us suppose that b and oy are not too large. Let us suppose that Eyr is not
too small. Then, with a probability larger than 1 — T'o(b),

P{X, € Bo} = L(Bo) [1 + Ob(l).2b0M}

Epd@—a)/2

Proof Clearly Kg < d?. By the proof of proposition 8.2.2,

P{X, € Bo} = Y P{Y, € T~ (lex/m, c}/m])}
ke®©

_ [M} 1+ Ob(1).bowr om}

VN
= [g(gﬂ”n £ G
_ [Ke } { b(1).bon + 0(1)}
& EMm
[K@) Ob( )d } [1 O(1).bonr 0(1)}
da Eyd@-9/2  \/m

_ @ [1 Ob(1 ).2baM]

da Eyd@-a)/2
B Ob(1).2b051
= L(Bo) [1+ 7EMd(qu)/2]

For example, for b = 40, d = 10, m > 10'%° L(Bo) = 1/10, q = 50 if M is
the uniform distribution, then, with a probablhty larger than 1 — 10340 in the
set of the probabilities,

1
P{X, € Bo} ~ — [1+

M 4.64}

1049
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It is thus understood that one still has completely satisfactory results for all
the Borel sets.

A priori, this result is normal: there is always no logical connection between
the set of the type J =

Newton’s theory |
of gravitation was|
soon accepted wit]
hout question, and ]
it remained unques|

and the union of the set of the type Hs =

whgkudf ly cughjg]
aamxgusdggbxckmp]

a picykhgkkl hfqfqqq]
ory of Relativity in 190]
xwtex pez! iyi qy yqhfg]

However, it is not exact. Indeed, there exist some connections : if one chooses
Borel sets built from the Hj, = T, '(k/d?) containing more parts of text than
the others ones, one will obtain Borel sets which have measure enough different
from uniform measure.

It is just the same for the empirical probabilities when the sample size ny is
much smaller than d?: in general, the T, ' (k/d?) contains 0 or 1 points.

But in the case of empirical probability, one knows that one can always find

Borel sets of nonuniform measure however associated with an IID sample.

It is not astonishing when one considers the number of possible Borel sets :
it is equal to the number of subsets of F(d?). A priori, there is
1 subset of F(d?) which is empty
d? subsets of F'(d?) containing 1 element
C?, subsets of F(d?) containing 2 element

Altogether, there is >, C%, = 29" possible subsets of F(d9).

Therefore, one can prove the following lemma.

Lemma 8.2.3 Let us suppose m enough large compared to d? and N(Iy). Let
us suppose that b << d9~9 and that M is the uniform law. Let 1 <n < N. Let
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Px, (Bo) = P{X,, € Bo}. Then,

4b .
Pmbal{qgo{]Pxn (Bo) — L(Bo)| < L(BO)W}} > 1— N2%Ty(b) .

(8.1)

Proof By proposition 8.2.3, for all Borel set Bo, we have thus

Proba1{|PXn (Bo) — L(Bo)| > L(Bo) } < To(b) .

4b.
V12.d9—4
For h € {0,1,...,d9}, there are C%, Borel sets Boy, such that card(Boy) = h.
Moreover, there is at the most N possible "n”. Then

Probal{ N {\PXH(BO) — L(Bo)| < L(Bo) Juﬁm}}

n,Bo

4b
= Proba; { nJQOh {‘PX” (Bow) — L(Boy)| < L(Boy,) W}}

4b
=1- Probal{ﬁn}{;% {|PXW,(Boh) — L(Bop)| < L(Boy,) \/W}}

4b
=1- Probal{ mg% {|Pxn (Boy) — L(BOh)‘ > L(Bop) \/m}}

4b
>1-— Probay Px, (Bo) — L(Boy)| > L(Boy,) ——— }
n;’%{?h {{| * " | " 12.dQ_‘1}
Sy Y

h n,Bop

=1-> NCJTo(b)
h
=1—-N2¥Ty(b) . M

In order that the probability can be uniform for all Borel sets, certain con-
ditions will thus have to be imposed.

Property 8.2.4 In order that the inequality 8.1 is useful, b = K19d%? should
be imposed, where the K; ’s are constant and K19 > 1.
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Proof Indeed, (1/2)To(b) ~ I'(b) ~ % e~Y"/2 when b is big (cf (28)’ page
56 [44]). Then,

Probal{ ﬂ {‘PX”(BO) — L(Bo)| < L(Bo) 45}}

s V12.d94
. . V2
>1— N2¥To(b) ~ 1 — N2? V2 e
NG

In order that this inequality are useful, It is necessary that
N2dq£ eV,
Vb -
One will thus impose that
eLog(2)d < K7eb2/2 '
One will thus impose that
2Log(2)d? < Kgb* .

One will thus impose that

V/2Log(2)d? < Kgb .

One will thus impose that

b=Kiod?? . 1

Thus,
N2 V2 /2 — Nelog(2)d? V2 o (Kio/2)d?
T \/WKlodq/4
- Ni e~ (Kio/2-log(2))d®
\/TI'Klon/4
For example, if d? > 10%, Ko = 2, Nﬁ e~ (Kfo/2-log(2))d" — €g where
€g N 0.

Now, b has to be not too large.

Property 8.2.5 One supposes b large. In order that the inequality 8.1 is useful,
one can impose 2q < Q.
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Proof Choose b = K1¢d9/2. There are the following relations

Pmbal{ n {|PXW,(BO) — L(Bo)| < L(Bo) \/12452762—@}}

n,Bo

4K, d9/?
= Probal{ Q {’PX,,L(BO) — L(Bo)| < L(Bo) \/1»2_;(0@—@/2}}

- 4K
- Probal{ QO{\PX" (Bo) — L(Bo)| < L(Bo) JM-%W}}

>1—N2¥Ty(b) .
In order that this inequality is useful, one can impose

4K <
V12.d@—29)/2 —

One will thus impose that
2¢g<@Q .1

One must thus choose 2¢ < @ and b = K;¢d?/? so that % <<1
and 2N24T'(b) =~ 0 pour b = O(d?/?).

Are we obliged to impose this condition to have x, IID? The answer seems
not. Indeed, let us suppose that the sample size ng checks ny << d? : in this
case, the sets {y,, | Ty(yn) = k/d9} contain 0 points y,, in general. Some ones
contain 1 point. There are obligatorily important breakdowns of empirical in-
dependence for some Borel sets. Then, it is not annoying if that results also in
breakdowns of theoretical independence.

8.2.2 Well distributed measure

The previous results were obtained by considering that one chose randomly a
measure in the set of the possible probabilities.

But, so that one can associated a probability chosen randomly with a sample,
one needs that the probabilities of the X, are not concentrated nearly a small
number of points. If not, this choice is not correct. Indeed, in this case, the
majority of the p,_, will be equal to 0 and could not thus be regarded as chosen
randomly, at least not according to a uniform law for example.

That means that it is necessary that there is not some P{X, = k/m} too
large.
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Now let us take into account the empirical probability.

For example, if one chooses data resulting from texts and if m is not too
large, (for example m = 327), certain words of 7 letters can appear several
times in the text, for example ”theorem” if mathematical text is used. In this
case, one will have to consider that there is a too strong probability in certain
points.

The previous model of the section 8.2 is not then appropriate.

That thus should be avoided. For that, first, it is necessary that one has a
sample of y,, which all are different.

A simple method for that is to choose m large enough, compared to the size
N of the sample, for example m > 10'%°, N = 107. Indeed, in this case, it is not
much possible that there is two y,, and y,,» which are equal. If not, that would
mean that two sequences of approximately 70 letters could be identical in a set
of N terms. There is a quasi negligible number of chances that such an event
occurs.

Now, it is necessary that a priori all the possible values of F(m) can exist
in a sample.

It is reasonably the case when one adds modulo m a pseudo-random se-
quence g, of period m : myl, = g, +my,. Normally any value k/m has a
chance reasonable to be realized a priori. There is no reason that can not occur.
Moreover, a priori all k/m has about as much chance to be an image than any
other k’/m.

With this method, there is very little chance that there is y;, = v/, when
n # n'. In particular, an empirical sample will not be associated a priori with
a probability concentrated in a small number of points.

Moreover, by using this way, there is a first standardization of the marginal
laws.

8.2.3 Counterexample

One has just understood that, for the set of the probabilities chosen randomly
with the uniform law, one can consider that

4b.0b(1)

P{X, € Bo} = L(Bo) [1 + m} .

We made this study in the section 8.2 without supposing that T is the con-
gruence of Fibonacci. Then, this result is true for any function Prq o Perm
where Perm is a permutation of F(m).
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Let us suppose that Perm is the identity and that the curve of the proba-
bilities of Y;, have the shape of a normal curve. Then,

{Xn = k/dq} = {Yn € Tq_l(I)} = {Yn € {Ck/ma (Ck+1)/m7 ~~~~ ) (C;c - 1)/m} } )

where I = [¢cx/m, ). /m] .
For example, suppose d? = 10°°. Then, P{Y,, € T;l(I)} depends on ¢ and
varies considerably according to cg. Therefore there is no a uniform probability.
Then, the form of the probability intervenes. In the case of a curve of normal
law, to study the probabilities as if they were randomly selected as above is not
appropriate.

Let us notice that, contrary to the congruence of Fibonacci, there is a de-
pendence between T and text. If y, means an extract of texts, T'(y,) means
the same extract of text. Therefore, T, ' (k/m) is a set of extract of texts. This
counterexample is thus not valid in the case of a congruence of Fibonacci.

One would obtain the same type of result (that with Perm = Id), if one
used congruences T'(x) = dP’x modulo d*? — 1 defined in proposition 4.1.1, con-
sidering in this case, T inverts the first decimals with the last ones : cf section
4.1.2. Then, T; ' (k/m) means also a set of extracts of text.

Also let us notice that, a priori, this counterexample does not use probabil-
ities associated to numbers built with text according to the method described
in section 11.1.2. Indeed, in this case, one can consider that the probabilities
associated can be regarded as chosen randomly.

8.2.4 Validity of the previous system

Let us suppose again that one is in the case where T is the congruence of
Fibonnacci and that our data are provided by text y, to which one adds a
pseudo-random generator g, : Myl = gn + MYn.

We will understand that to use the probability space (21, P1, Probay) de-
fined in the definition 8.2.1 is a reasonable assumption.

First reason of validity

Let us suppose that the probability p/, = P, (w1) corresponding to these y;, is
not extracted from an IID sequence P, , but of a sequence of random variables
which have a certain law.

One has always

P{X, = k/d1} = S e

zs€lck/m,c) /m|
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One knows that there is no logical connection between text and the points
of the {aj,as,....}. Therefore, sze[%/m@;/m[p% can be regarded as a sum
> scr Pz, Where the set F is a Borel set chosen randomly. According to the
results of the section 8.1.1, the sum > is also the sum of an
IID sample which has a distribution Q.

Therefore, sze[ck/m,dk/m[P% — Eqg.

One thus has indeed sums of an IID sequence P, with a law Q.

Therefore, one can indeed apply the results of the section 8.2 : that validates
this system.

Ise[ck/m,c;/m[pﬁs

Second reason of validity

The results of section 8.2 were obtained in considering that one randomly chose
a measure in the set of the possible probabilities.

Now, if one wants to have a complete idea of the marginal probability for
a sample, it is necessary that the size of this one is sufficiently large. Without
that, one does not know enough this probability.

Therefore, one can imagine that one complements the sample y,, by a virtual
sample of big size which constitutes a natural continuation of the y/,. For this
virtual sample, there is nothing a priori which prevents from having all the
points of {0,1,....,m — 1} even several times.

For example, for a = 1346269 m=2178309 , d= 10, q = 4, one has used
samples of size 30m of data y, to which one added a pseudo-random sequence
gn € F(m) of period larger than 30m: my], = ¢, +my, . The number of
times n,_, where each x5 € F(m) was equal to a y),/m : y,,/m = x, checked
2 <n,, <10.

Now it is known that, if one makes uniform with a pseudo-random generator,
one can logically admit that this probability can be enough close to uniform
distribution.

Then, a correct model is that where the probabilities p,, are not too different
from each other: it is generally the case when the probabilities of Y,, are taken
randomly.

Thus, one can admit that one is in this case here.

Conclusion

Thus, the model chosen for the probabilities of the section 8.2 seems valid for
the two previous reasons.

Thus one can consider that the distribution of X,, is very close to the uni-
form distribution : that takes place with a probability Proba; extremely near
to” 1.
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8.3 Theoretical probability: second method

8.3.1 Introduction

In this section, one will not suppose that the probabilities are chosen randomly
with a certain distribution. This one will remain fixed. They are the a; that
one will choose randomly where I = I}, and where T-1(I) = {ay, as, ....,ac ¢ }.
Therefore, one supposes the p,_ fixed.

Moreover, let us suppose that the 1,’s mean text and that g, is a pseudo-
random generator.

At last, the following notations are always used.

Notations 8.3.1 We suppose that I = [c/m,c /m[ with c = ¢, and ¢ = ¢},. We
set T-1([¢/m, ¢ /m]) = {a1, a2, ....,aw—_c}. We denote by p,. the probabilities of
the x;’s for the model associated to myl, = gn + My .

Moreover, one suppose that ¢’ — ¢ is small compared to m.

Then, one can write p,, by the following way.

Lemma 8.3.1 We have the equality p,, = Z:rol D 1o, (a;).

Distribution of the sets chosen randomly

Now, if one chooses a set F randomly, that means that the set F' = {f1,...., fp}
has as much chance to be selected than the set I = {f],...., f,} :

Proba{F = {fi,..... fp}} = Proba{F" ={f1,..... f;}}

for all p, for all F and F’.

In particular, for p=1, Proba{F = {f1}} = Proba{F' = {f{}} = C7 where
C7 is a constant. At first, one thus chooses f; randomly, therefore with a uniform
probability. Then, one chooses f; randomly, i.e. independent and so on.

In fact, it would be necessary to choose f> being able to be equal to f;. But
if p is small compared to m and if m is large, one can regard such a possibility
as negligible. It is what one will do in this section.

Therefore, the f;’s forms an independent sequence. Finally, one can consider
that the f; are an IID sample with uniform distribution.

One can thus admit that to choose a set {a1,as,.....,ac—c} C F(m) of size
p = ¢ — c randomly, it is to choose az, ...., a, with a uniform distribution and
independent for each a; € F(m). Thus one can admit the following assumption.

Hypothesis 8.3.1 For all i, one supposes a; = A;(w2) where wy € Qo and
where A; is an IID sequence of random variables with the uniform distribution
on F(m), defined on a probability space (Q2, As, Probas).
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Expectation and variance

With the previous notations, P{T~1(I)} = Zf;c Pa; - Therefore, the following
lemma holds.

Lemma 8.3.2 Let Ny = ¢ — c. The following equalities hold:
E{pAi} = l/m ’
E{ph,} = (1/m) 35, 2,

Var = {5 o, — 1/m]) = (Na/m) S22 o, (o, — 1/m)]
Proof We have

Bipa} =B $pe. 1o, (40} = 3 pr {1, (40}

s=1

me;/ /Jm du pr 1/m —1/m

Moreover,

]E{p?%} = E{ [ipxs la:s (Az)} 2} = E{ prspxs/ lxs (Ai)lxsz (Az)}
s=1 5,5’

m

:i E{s2 1..(4)} = (1/m) Y82,

s=1

Now the A;’s are independent. Then,

’ ’ ’

2 (S~ 1)} = S o (on—1m) ) = 3 (B33 - 1/0)

=1 1= 1=

m

— (NA/m)Zpis — Ny /m?
= (Na/m)[ 352, = 1/m| = (Na/m) > lpe. (b2, = 1/m)] .
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8.3.2 Study of the Central Limit Theorem
CLT for double independent sequences

Having an IID sequence a;, it is easier to obtain results with the Central Limit
Theorem. But, to have infinite limits with sequences of a; smaller than m,
one will have to employ the results on the double sequences. Indeed, one can-
not choose samples a; increasingly large when m is fixed. One thus will make
increase m and, thus the number of a;. R

The aim is to understand by using the CLT that P{T~(I)} —1/d? is small

One thus will suppose that one has IID sequences a}' € F(my,), i = 1,....,my,
and that one makes to tend m = m,, to infinity. As a matter of fact, one studies
the samples of al € F(m,,), all distinct, of size Na». Then, one uses sequences
of probabilities pl} = ps,, s € {0,1,....,m, }.

Moreover what interests us, it is to apply the functions T, when q is fixed:
i.e. one admits that Lan = Nan/m, = 1/d? + Ob(1)/m,, remains about con-
stant.

On the other hand, one will admit also the following assumption.

Hypothesis 8.3.2 In this section, one supposes that mpp,. < mS where 3 <
1/4. We set n,, = mppy, .

This assumption means that the associated probability is not concentrated
nearly a small number of points.

Is what this assumption is correct?

A priori, that could be not always the case. Thus, for an unspecified sample,
it would be always possible that a sample of elements all distinct with size 10'°
corresponds for example to a uniform probability concentrated in 10%° points.
Such a model would be a priori a correct model.

But, other assumptions intervene: it would not be a logical model for our
model my,, = gn + my,. Indeed, any point k € {0,1,....,m—1} has a reasonable
chance to be a my/,. One must thus reject this possibility.

Moreover, to suppose that n,, > m,ll/ 47 that means that as soon as m,, is
large, there is a point which is likely much more to appear in a sequence my/,.
It is not the case.

It is even known that, normally the probability of y, is close to a uniform
probability (cf above). However, it is always possible that an estimate of the
density can be slightly different from the uniform distribution. That means
that there remain unknown properties about this law. We use the function of
Fibonacci to eliminate these unknown properties.

Therefore, the assumption n,, < m}/ Yis logical with the sample which we
have. In fact, it is even too strong. For the same reasons that described above,
one can even admit the following assumption.
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Hypothesis 8.3.3 In this section, in some cases, one will suppose § < 1/5.

Some lemmas

To avoid complicating the notations, one keeps the notations a; and A; instead
of a and A}. Then,

P2, 2,

i

Var (NAn /mn) {Zs[pxs (pxs - l/mn)]:|

2

;g

n2. /m2 n

Lan | Zalne, /mn)n, fmn = 1/ma)] - Lan [ Lona, (ne, = 1)]

pa;,—1/mny 2)

Let d > 0. By the theorem of page 103 of [19], we know that Zf;c T

N(0,1) if and only if, for all d > 0,

g —1/m,
5 E{l]d,oo[(‘m /
P Var

) )

= ZZ:E{l]d,oo[( % ) 7%‘_/522} — 0.

In order to study this limit, we shall need the following lemma.

Lemma 8.3.3 Let d >0 . Let a(n) = d\/LAn >y e, (g, —1)). We denote

by F,; the distribution of = \/17/ -

2 (nws - 1)2
Y [ has(zha? dF @) = ) :
j/ ' oy (S (e, — 1)

sz, —1>a(n

. Then,

Proof We have
/1]dm[(|x|)x2.an’j(ac)

e R

a 2 e (A i (|ij - Zmni) (P, - Zm")Q}

-3 p{L (Al oy
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Ina;, —1] ) (pa; — 1/mn)2}

_ ;E{lmmj)nd,m[(mn NSRS A
:ZE{lws(Ag)l]doo[( na; —1f )(ij ;iimny}

dlna, — 1I) (pa, — 1/mn)2}
Var

. (ij - 1/mn)2
= > E{lxs(A])T}
S, Ng,—1>a(n)
(na, —1)?

= > E{ Lo, () (22 no, (N2, — 1)) }

8,Ng,—1>a(n)

- ¥ ) E{lm (45) 7 A(Z(jmnz_(}%)x - 1))}

1 (nn - 1)2
T 2 TS 1)

8y, —1>a(n)

Therefore,

Z/l]dyoo[(|$|)$2~an,j(x)

_ N(A™) (e, —1)°
 omy, Z ) Lan (X, 1, (12, — 1))

8,Mg,—1>a(n

_ (n:c - 1)2
Z (Zs Ny, (Mg, — 1))

5,n5, —1>a(n)

Study of the assumption ”)  n, (n,, —1) — oo”.

In the set of the probabilities p,_, the assumption ) ng, (n,, —1) — oo is an
often satisfied assumption. Now, one will understand that, or

st LAn(z(;Ltn:l():,fl)) — 0, or the uniformity holds.
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Let us try to understand why.

First, let us suppose that ) 74, (n., —1) — oo and consider the x5 = z7

ey —1)2 .
such as % does not converge to 0. Let us consider two cases.
s '"Ts Ts

1) Either ) ng, (ng, — 1) tends very quickly to oo, i.e. is normally much

larger than any (n,, — 1)2. In this case, it is possible that there exists such .
But, for all d, for n large enough, d?(n,, —1)? is much smaller than >~ n,_ (n,, —

na,— —1/my)?
1), and therefore, E{lws (Aj)l]d,oo[( Ina; 1l )(ij 1/mn) } =0.

ma/Var Var
Therefore 3, 1) E{1$S (Aj) el } —0.

Lan (Es Nag (Nag *1))

2) Or, Y, ng, (ng, — 1) tends slowly to oco.
In this case, (1/my) > Ns, (ny, — 1) = 0 means that n,, ~ 1. Therefore
Dz, = 1/my,. Therefore the uniformity holds.

These results are proved by the many numerical simulations that we made.
It are also confirmed for the following examples.

Example 8.3.4 Let us suppose that the probability is concentrated in m?«/4 dis-
tinct points x5 such as ng, = mi/?.

Study Under these assumptions, > 1, (n, —1) = mi/4(m}l/4)(m71/4—1) R~

5/4 1/2
m2/?, Moreover, ngi < my Therefore,

Example 8.3.5 Suppose Y ny (ny, —1) — 00 asn — oo and n,, < K.
Study In a obvious way, close to infinity,

{ >d}:@..

In order to prove asymptotic normality, one could try to completely make
the mathematical proofs associated with the previous reasoning. But, there is
simpler: it is enough to use the following example.

2

N,

Lan {Zs N, (N, — 1)}

> d} = {n2, = d.Lamd/mi i -1} — 0. m

n2

a;

Lan | Syme, (s, = 1)]

208



Example 8.3.6 Suppose that, for all s, n,, = 1+ ul, where for all n, u =
UM(ws) , and where U , s =1,2,...my, is a sequence of IID random variables,

with mean 0, defined on a probability space (Qa, Az, Ps) such that E{(UT")'} = e}
for t=2,34.

Study First, remark that one is interested only in the sum Y7 n2 —> n,,.
Then, because ) |, n,, = my, according to proposition 8.1.1, one can always sup-
pose ng, =1+ U.

Under these assumptions

Zs Ny, (nﬂ?s - 1) — mneg _ Zs ngﬁs B Zs Ny, — m”eg
vm, - vm,
L (U 4207 — 1= U = maey _ TLUR)? — ] + U

Vi, Vi,

which has asymptotically a Gaussian distribution.

The associated variance is
o%, = B{[(U!)? - e + U]*}
= B{(U})* + (e§)* + (U)* = 265 (UF)* +2(UY)? — 2e5U}
= E{(UM*} + (§)* + e — 2(e5)* + 2E{(U})*}
= B{(U)"} +2B{(U!)’} — (e3)* + e}
= (ef) +2(e§) — (e5)” + e .

Therefore, if b is large enough, with a probability very close to 1,

Zni - an = mpely + Ob(1)boy, v/m,, — oo . (8.2)

Indeed, n,, < mf, B < 1/4. Therefore, e} < m28 e < my/*. Finally, one
can admit U%,n < Bmflﬁ .

Therefore, boy, \/m,, /m, — 0. Therefore, if ef > C5 > 0,

mpes + Ob(1)bay, v/m,, — oo .
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Now, because n?2 < m}/ 2, for all d > 0, there exists Ny such that, for all

Ts

d' < dLan[el + Ob(D)boy, /v/m. ],

This result holds again if Y n2 —> ng, > ’y(n)mi/Q where v(n) > ¢ > 0
where c¢g is a constant. H

2
nai

Lar | T, (ns, = 1)

> d} C {”ii > d’mn} =0

Therefore, finally, if >~ n,_ (ny, —1) > fy(n)m}/ % one can always admit that
we have or the CLT whose we shall deduce uniformity or the uniformity itself.

8.3.3 Study of the other assumptions
Case m,,/* Do Na, (Mg, — 1) < K.

It one of the cases not studied in the example 8.3.6. It occurs if e — 0.
However, this case is simpler: it implies obligatorily the uniformity.

Indeed if 3, ny, (n,, — 1) < Kymi/? |

Z(nzs —-1)% = ans Nz, — 1) = Z(nxg -1)

S S

= ans(nms —1) = (mp —my) < Klmi/Q .

Then, we can admit O(e}) = (1/m,) > (ng, — 1)* < Kl/mi/z.
Now, let Vary(Na,) be the variance of N, =1+ UZ. Then

Vary(Na,) =€ — 0.

If Vary(Na,) is close to 0, that means that n,, is close to 1, i.e. p,, is close
to 1/my,,. i.e. that one has a uniform probability.

There is thus always the uniformity in this case. Therefore, finally that
proves that the quasi-uniformity of the marginal probabilities is satisfied in all
the cases.
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Case ej — 0.

It is the last case not studied of the example 8.3.6. However, it is the same case
as previously. Indeed,
Vary(Na,) =€y — 0.

There is thus always the uniformity in this case. Therefore, finally that
proves that the quasi-uniformity of the marginal probabilities is satisfied in all
the cases.

Case m,,/* > s Na, (ng, —1) is not bounded and does not converge to co

In fact, these cases do not interest us. One is in a concrete study. One chose a
"m”, i.e. "n”. The n, = n}_ are fixed. Thus my Y s e, (ng, — 1) is fixed.
It is large or small, not both. The probabilities that we will really obtain will
check, either ) n, (n, — 1) enough large, or > n,_ (n, — 1) enough small.
One will be able to thus consider that one is in the case Y ny (ny, —1) — oo
quickly or in the case 3", n,. (n,, — 1) < Kym!/2.

We want only that, numerically, |P(f‘1(l) - 1/dq| is small. Now, in all the
cases, one obtains this result.

8.3.4 Numerical study of the Central Limit Theorem

Thus the uniformity is checked in all the limit theoretical cases. Now, the
’nAifl

\/LAn >Ny (Nzg—1)

Moreover, which interests us, it is that ’ > i(pa; — 1/my,)| is small enough.
It is a result less strong than the CLT.

Thus, because convergence is very fast, one could almost do without the
theoretical study of the double sequences. Numerically, it will be almost always
found that | Y iPa — 1/ dq’ is enough small. It is what is arisen from the nu-
merical simulations that we made (but it was good to confirm this result by a
theoretical study).

are IID. Now, convergence for an IID sequence is very fast.

Thus, for a = 165580141 , m= 267914296 , d= 10, q = 4, one tested more
than 250 different probabilities in 100 possible points k/m. The maxima for

‘Zi(pai — 1/104)‘ are

[4.715% 107" [ 11.7052 + 107 | 6.0254 107 [ 0.8687 + 107 [ 2.1077 x 107 |
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8.3.5 Consequences of the Central Limit Theorem
Meaning of the assumption CLT
Therefore, one supposes that
>i(na, —1)
VELan 3o e, (na, — 1)
has asymptotically a standard Gaussian distribution. L.e. , for the probability

of Ai7
roba ‘Zi(pAi - 1/mn>| ~
Prob 2{(1/mn)ﬂm ~——— > b}~ 1)

Therefore,

> VLan \/Zs Na, (Mg, — 1) b} ~T(b) .

Probag{f Z(pAi - 1/m")| = M,

Now we have the assumption n,, < m,l/ oof hypothesis 8.3.2. Therefore,

Yo Na, (ng, — 1) < mn(m},/4)(m}l/4 -1 < me/?. Therefore, generally,

mn

LAnm3/2.b
Prob{| Y (pa, — 1/ma)] > L2 <1
i
It is thus that which means that the CLT holds.

Consequences under assumptions n,, < m}/s
Now, the previous results are not specific enough: if they thus are applied one
could lose data during construction of the random sequence b*(n’). Also we will
study now what occurs under hypothesis 8.3.3.

First, let us suppose that one has a probability concentrated in a number of

. 4/5 1/5 . .
points x4 near of mn/ where n,_ =~ mn/ for these points. In this case, one has

about Y~ ng (ny, —1) < mi/5(m,1/5)(m71/5 -1 < m%/.
One can understand that the result is true by numerical studies. In fact, the
maximum seems reached for a probability concentrated in a number of points

4/5 . 1/5
T, near to mn/ with n,, ~ mn/ .

In this case, one has about > ng, (ng, —1) < m%*.

Remark 8.3.7 This result remain true in all the cases if one admits the as-
sumption m}/5 > ng, . That seems rather difficult to show completely by math-
ematical reasoning, but intuitively, it appears true. In any case, one can always
circumuent the problem during the construction of b*(n’) by choosing better pa-

rameters. But that would probably lead to an useless loss of data.
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Let us suppose again that one has a probability close to mi/ ® concentrated

in a number of points zs such that n,, ~ m}/ % Then, generally,

Lanm®® b

Probag{{ Z(pAi —1/my)| > } <T(b) .

mnp

Therefore,

\(L n.b
Probag{‘ Z(pAi — l/mn)’ > T’jm} <T() .

Let us deal the case where one uses the application T/ : F(m') — F(m),
i.e. q=1, d=m, where m and m' belong to the Fibonacci sequence : cf section
11.1.2. As a matter of fact, with our current notations, it would be better to
write (m1), and (m), instead of m! and m. Suppose that (m), ~ (m!)¥/°. In
this case, Ln ~ (ml);3/5. Therefore, we have

b
0§ < T

Proba2{| zi:(pAi - 1/(m1)n)| 2 W

Therefore, with a probability approximately larger than 1 — I'(b),

|PX,I{XTL = k/(m)n} - 1/(m)n| S (Tnll))ZL/N .

Therefore,

Px, {Xn=k/(m),} =

For example, if (m?),, > 10%°, (m),, ~ 10%°, b=20, with a probability larger
than 1 —T'(b) =1 —107%9 |

Py, (X0 = b/ ()} = 002 = : L[ Q0]

1
(m)n{ + 1030/10 m)n 50

These results are sufficient to guarantee that the marginal laws are suffi-
ciently close to the uniform law. They are the assumptions that one will choose
in section 11.1.2.
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Case where the assumption CLT is not satisfied
Therefore the assumption CLT means that

|22 (pa; — 1/my)|
(1/mn)\/LAn Yo Na, (M, — 1)

ProbaQ{ > b} ~T(b) .

Now with a very weak probability on the A;, it is possible that | > i(Pa;— 1/mn)|
is not very small and thus that |P(f*1(1) —1/d4] is not small enough.

What is what that means?

We keep the notations of example 8.3.6 : n,, = 1+ u” where v = U(w)
and where U} is a IID sequence of random variables.

The fact that | > i(Da, — l/mn)| is not too small can happen, for example,
if a large number of the n,, checks n,, > 3/2 for i=1,2,...,c’-c.

But, in this case, that would mean that there is a connection between the set
of {ai,as, ...} and the probability induced by the y,. Then, it was understood
that it is not the case.

In reality, this possibility always exists. That means that the sample of the
data y,, does not behave as it should. It is known that it is always possible, but
with a very weak probability: in this case, the {aj,as,....} can indeed have a
connection with the empirical probability associated with the text v,,.

But that does not correspond to our assumption a priori. One thus rejects
it with regard to the theoretical probabilities (but not with regard to empirical
probabilities).

Thus the random sequences of bits b'(n’) obtained in section 11.2 will check
the theoretical assumption IID. But it is always possible that, despite all our
constructions, the sequence b; which we obtain finally does not check all the
tests of randomness, as it is the case for any sample really IID, i.e. with a
negligible probability.

8.3.6 Conclusion

Finally under our assumptions, one finds no theoretical case where the p,_ are
not close to 1/m. As a matter of fact, one can prove that it is also true for
many Borel sets Bo.

It is an important result. Indeed, for a sequence of data y,, there exists
very large number of possible models Y,,. But the reasoning above shows that
| Probax{T~*(I)} — L(I)| is small for all the reasonable and logical models.

It is concluded that, for all the correct models X,, of the sequence of data

z} = T4(yn) the marginal probability of the X, is very close to the uniform
probability. That is thus true for sequences e(j) = mgT]"*(e%(j)/m%) (cf
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section 11.2).

This result is important : in the section 11.2, we will be sure that
our model for the sequence E3(j) is good : the probability marginal of the
E3(j) is very close to the uniform probability.

8.4 Multidimensional case

One will understand now that the previous results seems to be again valid in
the multidimensional case. We did not make a detailed study of this problem
because the techniques which we employ in the chapters 11 and 12 do not require
it.

8.4.1 Empirical probability

Let z} = T4(yn), n = 1,2,....,n0, be a sample of the random variables X, =
T,(Y,), where all the y,,’s are distincts. For t=1,2,...,p, we set I' = [%, :ﬂ—‘[

where ¢, ¢; € F*(m). In order to simplify notations, in some cases we iden-
tify I, I' N F(m) and I' N F(d?). We denote by P, the associated empirical
probabilities. Therefore, we have

PE{{Tq(YnHl)e]l}ﬁ....ﬁ{Tq(Yan)EIP}}: S Y pewn

5105
1 1 P
ZE51€I x5, €IP

where Pest .ab, = Pe{{f(Ynﬂ-l) =zl }n..n {f(Ynﬂ-p) = x’;p}}.

We set At = T-1(I') = {a},..... ,aig_q} for t=1,2,...,p.

Let us suppose that the y, is obtained starting from text. The y, thus
represent parts of texts. There is then no logical connection between this text
and the sets A’

Relationship between texts and the sets A’ : 1

As in section 8.1.4 there is no logical connection between the set J =

[Newton’s theory ]
[of gravitation was]
[ soon accepted wit)
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and the sets of type H; =

whgkudf ly cughjg]
aamxgusdggbxckmp]
x;cbkutee ze xycyc x|
oeHlm mlk Rdfg yu]

In multidimensional case, the probability that {[Newton’s theory ], [of grav-
itation was], [ soon accepted wit]} C H; ® Hs ® Hs is approximatively equal
to Hle [card(Ht)/32'8]. These results can also be understood by numerical
studies.

Relationship between texts and the sets A’ : 2

Because there is always no connection between parts of texts (Yn4j;s e Untj, )
and the sets A’ ® .... ® AP, it is thus logical that sums on the various possible
sets A'®....® AP (where p < Log(ng)/log(2) ), behave as sums over sets chosen

randomly, i.e.
2 : } : ~ 1l
..... pemé17"7z§p ~C
x;1611 xg‘pelp

for almost all the sets which have a same size : cf corollary 8.1.6 (C! is a con-
stant).

As it is true for all the sets A' ®....® AP |, C' must check C' ~ [[7_, L(I?).

For example, one can apply this result to several hypercubes of the same size
I'®....® I? forming a partition of F(m)>?.

Example : continuous functions

Consider the vector (X4, ..., Xntj,). We know that

= E E{1A1®....®Al’(yn+j17~---7yn+jp)} .
(Untjy s sUntip ) EAIR... QAP

Let us suppose that (Y4, ...., Yn4j,) is approximately a function with con-
tinuous density and that the ¢} —c¢; are large enough. By applying the traditional
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methods of integration, it is then clear that

Under the assumption of this continuous model, one thus obtains easily IID
sequences. Let us recall that, when ng << dP, one often accepts like model a
model with continuous density. That shows that the functions T; are a good
tool to obtain IID sequences.

8.4.2 Theoretical probability
Let us choose a random vector (X, Xp+1,...., Xn+p). One generalizes the no-
tations of section 8.2 . We set

Dol 2%, :P{(Xn+1 inl)ﬂ...ﬂ(Xnﬂ, :fls)p)}

s1000

Probabilities chosen randomly

One generalizes the reasoning of the unidimensional case. At first a natural order
is defined in F(m)P. According to proposition 8.1.1, there exists a permutation

Yo such that the sequence py (1 W2) can be regarded as an IID

=D, P
Yl eyt
sample of random variables (according to the order defined on F(m)P) which
have the distribution M.
Because T can be regarded as independent of the text, therefore independent
of probabilities p?);il R the permutation ¢y (y! , .., yr) = vy "(T(yl), -, T(y%))

corresponding to

f f _ _ _ _ o
Pyr o wr, TPt T Proleg (Tl TWE)) T PTwE ) Tt,) = Palyyet,

can be regarded as chosen randomly.

Therefore, the sequence p,1 ) can be regarded as an IID
S1

oty T Pyl L,
sample of random variables which have the distribution M.

Model

Therefore, one can consider that the associated theoretical probabilities behave
as if they were chosen randomly.

Hypothesis 8.4.1 Suppose that

/

Pl

P
slw‘gIsP

R D DS 3 ‘
d1=1"""" ip=1%1/m,.. ip/m
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We assume that the pl, . ’s are a sample of a sequence of IID random

variables P, » defined on the probability space (21, Ay, Probay) : pl,  »
I8 1ty
» has the distribution M. Let Ep and
17..,Zl)sp
o3, be the associated expectation and the associated variance, respectively .

P, ., (w1). One supposes that P!,
ES AL s

We shall need the following notations.

Notations 8.4.1 Let p,, = |Log(ng)/log(2)]. For all b > 0, we denote by
Iy (b) the fonction T1(b) = 2.Mazy<p,, n.>n2Probai{|Sm) | > b} where n? =
MiNgep+(qo)(card{r/m | k/d? < r/m < (k+1)/d?)}, (n) = (n1,....,np), and
where . -

Dt i =1 Bl pmiy ym
OM/M1N2. Ty .

Of course T'1(b) =~ 2I'(b) as soon as m/d? is large enough.

S(n),p =

Independence in each point

Now, one will understand that one has a good approximation of the indepen-
dence in each point. First, one has the following proposition.

Proposition 8.4.1 The following approximation holds.
P{(Xn, s Xap) = (K1, ....,kp)/dq} ~1/dP7

Proof We assume that I, = [k;/d?, (k; + 1)/d?[. Then,

P{(Xn,....,Xn+p) - (kl,....,kp)/d‘I} D D

zlely zbel,
B Pty db he P/
Ceause Pal ,.at, = =1 2 =1Phy fm. iy and because the T3y 0Ty
have the distribution M,
P{{T(Yl) EL}M . N{T(Y,) € Ip}}

1
HS(C/S — CS) I1.(ch—cs) Ex;eh """ ZwEEIP p:vilr..,mgp

- D 1 xm m /
m mpP Zh:l""Zi,,:lpil/m,...,ip/m

ns (‘/L _Cs)
mp

which converges in probability to because the p; v o arean IID

i1 Vip

sample. l

More precisely the following lemma hold.
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Lemma 8.4.1 We assume that I, = [ki/d?, (k, + 1)/d?[. Let N(I,) be the
number of r/m € F(m) such that k;/d? < r/m < (k, +1)/d?. We suppose
I; N F(m) = [¢t/m, ¢, /m[NF(m).

Let us suppose m enough large compared to d9 and to the N(I). Let us
suppose that b and oy are not too large. Let us suppose that Ep is not too
small.

Then, with a probability larger than 1 — T'(b),

P{{Yl e T7HI)}N...n{Y, € T—l([p)}} ~ (et — ) [1+ Ob(1).bou )} .

En/11, N(s

Proof We use the CLT. Then, with a probability larger than 1 —T'1(b)/2,

1 ’ Ob(l)bUM
p—————meo) G pzl xp == E + —— .
HS N([s) Z Z 510 Tsp M HS N(Is)

zlel zfel,

s

1
Hs(c.ls — Cs) I1.(cL—cs) Zméeh """ foé]z, p/rl

. Sl,...,xﬁp
mP (1/mP) 370 22:1 pgl/m ..... Jip/m
E Ob(1).bon
L —e) ML v
- P 0b(1).bo ps
m Ey + =75
_ (e = e) 1+ (0b(1).bonr)/[Enr /1 N(L)]
mP 1+ (Ob(l).baM)/[EM\/mP]

HS(C; —Cs) |:1 Ob(l).bd}\/j + Ob(l)bd}\/j]
mp EJWVHS N(Is) EM\/W
~ HS(CIS —CS) {1 Ob(l).bajw :|
mp ExTI, NI

We deduce the following proposition.

Proposition 8.4.2 Let us suppose m enough large compared to d? and to the
N(Iy)’s. Let us suppose that b and opy are not too large. Let us suppose that
Eyy is not too small. Then, with a probability larger than 1 — T'1(b),

P’{Xl =ky/di,..... ,szkp/dq}

—L[l Ob(1)2p.d? Ob(1).2b0 1 }
= dra m Eni/11, N(Iy)
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Proof In this case, [cx/m, ¢}, /m[= I}. By the proof of lemma 8.4.1,
P{{vi e 7' (1)} e {Y, € T7(1,)}

[ (cs —cs) [

mP

Ob(1).boyy +O(1).bGM}
Exy/II,N(L)  Envmr 1

By our definition hg/m < 1/d? < (hg + 1)/m. By the lemma 8.1.2, N(I}) =
¢, — ¢k = ho or N(I) = ho + 1. Then,

1+

cg—cs 1 n Ob(1)
m  dd m
Then,
H c,—Cs [i Ob(l)} [i Ob(l)]
m  Lde " lda m

_ 1 pob(1)  Ob(1)p(p—1)/2
T dra T m.d—Va m2.dP—2)q

1 p.di0b(1)  p(p —1)d>10b(1)

Then,

P{{vi e T {1} N0 {Y, € T71(1,)} ]

_ 1., pdiOb1) plp-— 1)d?90b(1) Ob(1).bops O(1).bos
=gl e i R
1 Ob(1)(3/2)p.d Ob(1).(3/2)bo
_@[1+ m H1+EM HSN(]:V)[]

_L{ Ob(1)2p.d?  Ob(1).2bons | =
dpa m EnTI,N(I)!

8.4.3 Case of Borel sets

One supposes "p” fixed with p < p,,, = | Log(ng)/log(2)].

Now, we study the probability that (X,1;,,...., Xpny;,) € Bo where Bo is
a Borel set of F'(d?)P : we set Bo = U, ... x,)col(k1/d?, ..., k,/d?)} , where
© c{0,1,....,d7 — 1}P. Let Kg = card(©).

One can also write that

BO = U(kl,...,kp)EG{[kl/dqa (kl + 1)/dq[, ceey [/ﬂp/dq7 (kp + 1)/dq[} .
Then, L(Bo) = Xe,

dra
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Let Ir, = [k /d?, (ki + 1)/d?]. Then,

/
2o T8 )€Uy, kp o iy ® @1k, (Pzél R

>
Probal{’ =2y
v/ N(Bo)oy

Moreover, we have the following proposition.

Proposition 8.4.3 Let us suppose m enough large compared to d? and to the
N(Iy,). Let us suppose that b and opr are not too large. Let us suppose that
E\ is not too small. Then, with a probability larger than 1 — T'1(b),

[1+0b(1)2p.dq Ob(1).2b5 1 }

En-Inf{/TI. N(Ix.)}

P{(Xntjy» s Xntj,) € Bo} = L(Bo)

Proof By proposition 8.4.2 |

P{(Xntjy, s Xn+j,) € Bo}

1 Ob(l)Qp.dq Ob(l).QbO’]w
= — 11
(m%me ar [ e EMJnf{\/HSN(IkS)}}
_ Ko [1 L Ob)2pdt Ob(1).2b0 5 ]
dre m EM.Inf{\/HSN(IkS)}
- Ob(]. 2p.dq Ob(l).QbJ[W
= L(Bo)[1+ === + B nf{ *HSN(I@)}} '

Now, one can prove the following lemma.

Lemma 8.4.2 We assume that the assumptions of proposition 8.4.3 holds. Let
1 <n<ng. Let Px,(Bo) = P{(Xn+j,,-, Xntj,) € Bo}. One supposes that
M is the uniform distribution. Then,

2p.di V3b. } }}

Probal{ N {|PXH(B0)—L(B0)\§L(BO)[ m T Tpoo

n+j¢,Bo

>1—nb2?' T (b) . (8.3)

Proof For all Borel set Bo, by proposition 8.4.3, we have thus with a
probability larger than 1 — T'y(b),

| Ob(1)2p.d° Ob(1).2bo s }

m +EM.Inf{\/m}

P{(Xnijr, s Xnys,) € Bo} = L(Bo) [1
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Then, because 032, = 1/12, Eyy = 1/2,

2p.d¢ 3b
Probal{‘Pxn(Bo) — L(Bo)| > L(Bo)[ + \/W” <) .

m

For h € {0,1,...,dP?}, there are C%,, Borel sets Boy, such that card(Boy) =
h. Moreover, there is at the maximum (ng)? ”n + j;” possible. Then,

2p.d?
Probal{ ﬂ {|PXW(B0) - L(Bo)| < L(Bo)[ D }
j m 3 ap( Q q)
n+jt¢,Bo
= Probal{ ﬂ {’Pxn (Bop) — L(Boh)‘ < L(Boy) [2p.d }
n+j¢,h,Boy, 3dp(Q q)
2p.d9
=1-— Probal{c ﬂ {‘PXn(BOh) - L(Boh)‘ < L(Boh)|: (Q } }}
n+j¢,h,Boy, m 3.dP q)
2p. dq
=1 — Proba; { Px, (Bop) — L(Boy)| > L(Bop) { ] }
{ n+jf,L,£,Boh ‘ ’ \/W
>1-— Z Probal{‘Pxn(Boh) - L(Boh)’ > L(Bop) [212 da ] }
n+jt,h,Boy, \/W
=1-2_ > T
h n+j¢,Bon

=1- Z nbCh,, T (D)

=1-nb2%'T(b) . W

We deduce the following properties.

Property 8.4.3 One supposes b big. In order that the inequality 8.3 is useful,
we have to impose b = K11d%/2 where K11 > 1.

Proof One use the study of property 8.2.4. One reminds that (1/2)I';(b) ~
I'(b) ~ \/% e="/2if b is large.

Then, if one choose b = K11d%/? with K, suitably chosen, n@?dmfl(b) <<
1. Then, 1 — nf2¢"'T'(b) ~ 1. M.

Now, b has to be not too large.

Property 8.4.4 One supposes b large. In order that the inequality 8.3 is useful,
we can impose 2q < Q).
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Proof One use the study of property 8.2.5. One reminds that if one chooses
b= K,d/?,
deq \/gb _ 2pdq \/§K11

m +\/dp(qu) m p(@Q—2q)

In order that this equality is usefull, on can impose % =€ << 1,

and therefore, 2¢ < Q. Now, % =¢€4 ~ 0. Then, €5 = €4+ €3 = 0. We deduce
that

m dr(Q—q)

Probal{ N {|PXH(BO)_L(BO)\g L(Bo)[

n+j¢,Bo

2. V3 H}

_ Probal{ N {|PXH(BO) — L(Bo)| < L(Bo)es }}

n+ji,Bo

>1-nh2?'Ti(b)~1. 1

As in the case p=1, one notices that it seems that one is not obliged to
impose this condition to have x,, IID when the size of the sample ng checks
ng << d? .

Remark 8.4.5 Conditions 2q < Q of property 8.4.4 is much too strong. Indeed
in lemma 8.4.2 one can decrease the number of conditions about Borel Set : cf

(18]

The problem of marginals laws

In the choice of spaces (£21,.41, Proba;) there is a problem: one does not take
account of the marginal probabilities.

In fact with the measure defined into hypothesis 8.4.1, p is fixed. There
will not be the same results if p is changed: in this case one changes space of
measure. Thus let us note (QF, A}, Probal) the probability spaces associated
with the (X,4j-1,., Xnyj,) for each p fixed.

Thus, in (2%, A2, Proba?) with a probability very close to 1 one has

(e —a)(ch—ca) Ob(1)-b
P{{Xlell}ﬁ{X2€I2}}~ 2 [HW} '
Therefore,
- _d—c Ob(1)b
P{Xl6]1}_P{{X1EIl}m{X2€F(m)}}N - 1 |:1+ SN(Il)mi|
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Now, in space (Q1,A{, Proba}), one has

P{Xl GIl} ~

dh—a [1+ Ob(1)b }

V3N ()

This difference comes from the marginal probabilities. In space (22, A2, Proba?)
those will be already a sum of probabilities taken randomly. That means that
with this measure, the marginal probabilities Dol = ngz Pal a2, in their vast
majority will have a priori uniform distribution.

One thus does not take in account that the Pa1, are probabilities in two
dimensions with marginal laws, i.e. with constraints. It is thus a result which
seems not to correspond to reality.

However it is not completely true. Let us place in empirical probabilities,
which is always the case because ng << m. Then, the y,, seems quite indepen-
dent of the sets T, (Ix) ® T, ' (I}r). It is not true any more for the theoretical
probabilities. It is normal : it is impossible to estimate p,_ for each point x,.
because ng << m.

For this reason, one can choose functions with continuous densities instead
of estimating the probabilities in each points p, . But that also does not cor-
respond to the case of the functions with continuous densities which are also a
reasonable model cf remark 7.1.21.

Anyway, this is not very important : measures of spaces (Q1,.41, Proba;)
are only measures giving an idea of the numbers of models close to a sequence
I1D.

Moreover, that does not change anything with the ultimate result. The ap-
proximation P{xz, = k/d?} is always very fine with one or other space. More-
over, for all the logical models that we studied the result is always the same
one: e.g. the case with continuous density. Indeed, the sums associated to
X, = T,(Y,) behave as sums taken randomly. That shows well that only a
negligible minority of models does not check relations of lemma 8.4.1.

To have probabilities not checking relations of lemma 8.4.1 it is necessary to
choose especially selected nonnatural probabilities for the occasion: therefore
our results are true for all the logical models: cf chapter 13.

8.5 Use of the qu

In the construction of the random sequences of bits b (n’) we use the functions
Tj. twice. The selection criteria of the parameters are not the same.
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8.5.1 First use

One considers the transformation 77" used in section 11.1.2 : we remind €% (j) =
mT™(e%(j5)/m') where m and m! belong to the Fibonacci sequence.

In order to choose parameters m and m!, one can use the results studied in
section 8.3.5 : m < (m')3/5. These results are sufficient to guarantee that the
marginal laws are sufficiently close to the uniform law.

Because m < (m")3/5 < (m')3/4, one supposes only m < (m')3/%. For
example, if m! = 0(10%®), one can admit n,, < (m')>* = O(10%!). In fact,
this assumption is still too strong. It corresponds for example to the fact that
the probability is concentrated in approximately 102! points. Indeed, in section
11.2, one uses a sample e2(j), j = 1,2, ..., J where J > 107, where the e2(j) are
well distributed To suppose that for such a sample, the probability is concen-
trated in 102! points does not have any logical support.

Any way, it is better to choose the parameters in a way which will be good
for the two methods studied in this chapter in sections 8.2 and 8.3. In the first
method one obtains

o1 Ob(1).b.c
P{X, = k/d"} ~ — [HT\/WX} .

Generally, it is a result stronger than that obtained in the second method :

1 [1 n Ob(l).b}

3/5 1/10

Px {X, =k/d?} =

In the concrete cases, in order to choose well the probability that one wants
for Q1 or €5, best is to use the two previous studies together. This is why we
conclude that the assumption "m < (m')3/4” is quite sufficient.

8.5.2 Second use

One considers the transformation of the h(n) which are obtained by using the
XORLT in section 11.1.2 : z(n) = T,(k(n)) . This choice depends on the
quality of the approximation of an IID sequence which one desired to have for
the sequence X(n).

In fact what interests us it is that the assumption studied in section 7.2 is
correct : 1

Py{Y =k/m} = — [1 + Uk] .

where uy is a sample of an IID sequence of random variables U with 0'[2J <1.

But, it is necessary that this assumption is checked by the conditional prob-
abilities P{H (j) = hlha,...., hp}, ie.

P{H(j) = hlha, ..., hy} = %[1 + uk} .
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One can deduce this result from the hypothesis 5.7.1 which results from the
section 5.7.

To confirm this assumption, one will detail here the behavior of the condi-
tional probabilities.

One transforms the H(j)’s by using the functions T: to calculate P{H (j) =
h} (or P{H(j) = hlhg,....,hp}) amounts to summon the probabilities p,, asso-
ciated with the F(i,j)’s. Then according to the corollary 8.1.4, one can always to
consider that one has this model. The problem is to prove that one has o7, < 1.

Probability of G(j) One reminds that H(j) = G(j) modulo m : cf section
11.1.2. Then, by proposition 5.6.1, it is enough that this model is correct for
the conditional probabilities of the G(j), P{G(j) = glg2, ..., gp }-

Let us suppose again that one uses text. One understood in section 3.1.3
that, in the worst case, p,, < 32/32" as soon as rg is large enough. After
transformation in F*(m), that amounts to p,, < 32/m. It is noticed that this
increase p,, < 32/m is much better than n, < m!/4.

But it is difficult to study a priori all the conditional probabilities associated
with a text. One thus will choose a worse increase to be sure of this increase.
Finally, by using text, according to various numerical simulations and the logi-
cal study carried out in chapter 10, one can admit that p,, < mt/8 for m > 10%°.

Distribution of the sums of the conditional probabilities Now, one can
apply the results to the laws of sums to the sums of conditional probabilities :
cf proposition 5.7.1. One will thus use the sum of the conditional probabilities
of the F(i,j)’s : cf section 11.1.2,

One knows that in almost all the cases, as soon as the probability is not con-
centrated nearly a small number of points, the speed of convergence of the sums
to a probability having a density in shape of bell is extremely fast. Now, our
study of the conditional probabilities in section 3.1.3 show that the conditional
probabilities are not concentrated nearly a small number of points. Moreover,
various numerical studies confirm this result.

Finally, the curve of the sums has the shape of bell: cf section 5.4 and 7.1.2.

Preliminary standardization We remind that the F(i,j)’s (cf section 11.1.2)
are variables made uniform : e?(j) = mT{"(e?(j)/m'). Moreover, by section
8.4, T{™ makes the E?(j) independent.

That consolidates the fact that the P{G(j) = g|g2,-..., gp} are not concen-
trated nearly a small number of points.

Probability of H(j) The distributions of the H(j)’s have a convergence (to
the uniform distribution) even clearer than that of the G(j)’s. One of the rea-
sons, it is that to have the distributions of the H(j)’s, it is necessary to make
various mixtures which make uniform the distributions : cf proposition 5.7.2.
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Moreover, by proposition 5.2.4, this convergence is a convergence to the
uniform distribution. There will be thus

P{H(j)=h | H(j +js) = hs} ~ P{H(j) =h} =1/m .
In dimension p, there will be

P{H(j+js) =hs|s=1,2,...,p} = 1/mP .

Rate of convergence By proposition 5.2.4, P{H(j) = h|ha,....,hy} = 1/m.
This result is checked with a rate of convergence extremely fast : cf section
5.5.2.

Conclusion All these results show that, so that the assumption P{H(j) =
hlhg,.....hp} = & [1 + uk}, with o7 <1 is not satisfied, it would be necessary
that the probabilities P{H(j) = h|ha, ...., h,} are concentrated nearly a small
number of point. Now, even if one used simply sums of F(i,j) not made uniform

by T7", it would not be the case. One can thus admit that the assumption
? 0(2] < 1”7 is checked.

However, this is, for the moment, only one conjecture because not completely
proved. There are thus two solutions.

1) Or one admits this conjecture which is very probably checked

2) Or it is noted that the results are checked with a probability infinitely
close to 1 in the set of the possible probabilities : cf section 5.5.
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Chapter 9

Empirical Theorems

9.1 Notations and assumptions

We keep the classical notations for the stochastics ”O(.)” and ”o(.)” (cf notation
A.2.1. cf also [42] page 8, section 1.2.5). In particular, X, = Op(1) if X,
converges in distribution to a random variable X.

Notations 9.1.1 A sequence of random variable X,, is bounded in probability,
if, for every € > 0, there exists M. and N, such that P{|X,| < M.} > 1— ¢ for
alln > N . Then, one writes X, = Op(1) .

Moreover, we write X, = op(1) for sequence of random variable X,, if X,
converges in probability to 0.

In this chapter, we use the following notations.

Notations 9.1.2 Let j; , s=1,2,...,p, js € Z, be an injective sequence such that
j1=0. Let dy = |min(js|s = 1,2,..,p)|.

Notations 9.1.3 Let m € N* be a fized integer. Suppose € fized and statisfying
0<e<1/4. Let X2 € F(m), n € N* be a sequence of random variables defined
on a probability space (2, A, P).

One supposes that, for all Borel set Bo C F(m) , for all p € N* | for all
sequence js, for all xa, .....,zp, for all n € N*, such that n > dy,

P{X}) € Bo|X);, = %2, ...... Xppj, = ¥p} = L(Bo) + Ob(1)e .

Notations 9.1.4 We set X,, = X2+d0'
In this chapter, we shall suppose also that Bo is a fixed Borel set.

Notations 9.1.5 Let Bo = Bo; ® Boz ® .... ® Bo, C F(m)P be a Borel set
where L(Bos) < 1/2 for s=1,...,p.
We set 1Bo(Xn) = 1301 (Xn+j1)1302 (Xn+j2)----lBop (Xn+jp)~
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Then, by proposition 4.2.2, for all Borel set Bo, for all p, for all sequence js,
E{1po(Xyn)} = [L(Bo1) + Ob(1)e]......[L(Bo,) + Ob(1)e] .
We deduce the following property.

Proposition 9.1.1 For all p € N*, we set ¢, = Rp(e) = (1/2+¢)P — (1/2).
Then, for all Borel set Bo such that L(Bos) < 1/2 for s=1,...,p.

E{lBO(Xn)} = L(Bo) + Ob(1)e,, .
Proof One can write

E{1po(Xn)} — L(Bo) = (L(Bo1) + €)......(L(Boyp) + €,) — L(Boy)....L(Bo,)

where |e€}| <e.

Then,
(L(Bo1) 4 €}).....(L(Bop) + €,) — L(Bo1)....L(Boy)
= L(Bol)eé....e; + L(Bog)€)€;..... e; + o
+L(Bo1)L(Boz)ey.....€, + L(Boy) L(Bog)€yey.....€, + ...

In this chapter one will study the asymptotic behavior of the empirical prob-
ability of a Borel set Bo C F(m)P.

Hypothesis 9.1.1 In the three following sections 9.2 , 9.8 and 9.4, p means

an fized integer. Moreover, Bo means a fized Borel set. Finally the sequence js
18 fixed.
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9.2 First Theorem

9.2.1 Definition of H(n,q)
At first, we have to define the set H(n,q).

Notations 9.2.1 We set j(e) = je for e=1,2,...,p. We denote by c(1) < ¢(2) <
< Q) , c(s) € Z, the integers c(p) = j(e) — j(e’), where e and e’ €
{1,2,...,p}.

That is to say that, if c(u) = m—n , there exist e and e’ such that X,, | ;) =
Kntj(er):

Then, there exists e and €’ € {1,2,...,p} such that c¢(u) + j(e’) = j(e). That
is to say n + c(u) + j(e’) = n + j(e). That is to say m + j(e') = n + j(e).

Then, if m # n + c(p) for all u, Xpyjey # Xmyjery for all e and e’
e {1,2,...,p}.

Notations 9.2.2 For all n, we set H(n) = {m € N*|3u : m = n+ c(p)},
H*(n)={m eN*|3u:m=n+c(p),m#n} .

Notations 9.2.3 Let g € N*. For all n, we set

H(n,q) ={me N*

31t In+ efp) —m| < q)

and H*(n,q) = H(n,q) \ H(n) .

9.2.2 Notations

We suppose that there exists a certain asymptotic independence.
Hypothesis 9.2.1 For all n € N*, let L, = L,(Bo) = E{lBO(Xn)} . Let

E{ (1B0(Xn) - Ln) (1Bo(Xn+d) - Ln+d) } ‘ .
We suppose that there exists ¢ € N* and kg > 0 such that En+d¢H(
(kB/IO)Gp.

0q = Maxpens

nq) 0d <

For example, if there is a Qd-dependence, one can choose q = Qd : in this
Case Y., ag fi(n,q) 0d = 0.

Notations 9.2.4 Let N € N* . We set

] =

ot = (/NE{[Y (1po(X0) = L))} .

n=1
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M=

o2 = 0% (Bo) = (1/N)E{[ (1po(X}) — L(BO))]Z} ,

n=1

when X! is an IID random sequence which have the uniform distribution on
F(m).

For example, if p=1, 04 = L(Bo)[l — L(Bo)]. Remark that L(Bo) =
N(Bo)/m.

9.2.3 Wording of the first theorem

Now, we can expound the first empirical theorem.

Theorem 9 Let A(p) =1— (p> —p+1)27P . Let LV (Bo) = (1/N) 25:1 L,.
Let
B1p = VNILY(Bo) — L(Bo)]/op(Bo) .

We set

1

Vip = 2A(p)L(Bo) [(pQ —-p+1) (6p+2fJG2p+ (1+42q) [21_Pep+ef,]) —s—k;BO.lep} )

Let P. =+ ZnN:1 10(Xn). Then, the following inequality holds

P{\/]v’Pe - L(BO)| > UB(Bo)x} < K; (M‘r) ,

T+7p

where K (z) = P{W > x} .

For example, if X, is Qd-dependent, W has asymptotically the

distribution N(0,1).

9.2.4 Proof of theorem 9
First, we suppose € is small enough. Then, the following lemma is needed.

Lemma 9.2.1 We suppose € is small enough. In particular, we suppose € <
1/4. Then, €, > epy1 if p>2 and €y < €pq1 if p=1.

Proof We have Ry(€) = exp(p.log(1/2 + €)) — exp(p.log(1/2)).
Therefore,

d(By(c))

P log(1/2 + €)exp(p.log(1/2 + €)) — log(1/2)exp(p.log(1/2)) ,
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which is equal to 0 if and only if

log(1/2 + €)exp(p.log(1/2 + €)) = log(1/2)exp(p.log(1/2)) ,

exp(p.log(1/2 + €) — p.log(1/2)) = lolgo(gl(/12/2_2€) ’
i.e. log(1/2)

exp(pllog(1/2+€) — log(1/2)]) = Tog(12+9)

which has an alone zero

pllog(1/2 + €) — log(1/2)] =log< log(1/2) )) 7

log(1/2 + €
that is to say

log(1/2) log(1/2)
109(4109(1/2+e)) B 109( log((1/2)[1+26]))

[Zog(l/Z +e€)— log(1/2)] [log((l/Z)[l + 2¢]) — log(l/?)]

p:

log(1/2) log(1/2) 1
N lOg(Log(1/2£)]+log(1+26)) N ZOQ(Log(gl/2)+2e) N l09(1+26/log(1/2))
- log(1 + 2e¢) - 2¢ - 2¢

~ —2¢/log(1/2)
2e

=1/log(2) = 1.4427 .

Now R,(€) ~ % if p > 2. For example for p = 3 > 1.4427, R,(€) > Rpi1(e).

Then, d(’Z‘f)) < 0if p > 1.4427. Then, R, (e) is decreasing if p > 1.4427 (and

also p > 2).

If p=2, R,(€) = €+ €® and R,y1(€) = 3¢/2% 4 3€%/2 + €3.
Therefore,
Ry(€) — Rpii(e) =€+ € —3e/4 — 3622 — €

= (1/4)e — (1/2)e® — € = (1/4)e(1 — 26 — 4€®) = —(1/4)e(4e* +2¢ — 1) ,

—24/4—4(—1x4)

where 422 + 22 — 1 = 0 has the following zero : = = 5t

—244F16 _ —1+VIF4 _ —1+5 o —1£2,25 0.312 or = -0.812
8 - 4 - 4 ~ 4 -9 -9 :
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Therefore, if 0 < € < 0.25 < 0.312, R,(e) — Rp+1(e) > 0if p = 2.

Therefore, Ry,(¢) > Ryt+1(€) if p>2. W

We deduce from notation 9.2.1, the following property.
Lemma 9.2.2 With the previous notations,
{c(1),¢(2), -, c(Q)} = {j(e) = j(Nl(e. ') € {1,2,....p}*}
{c(1),¢(2), ..., c(Q)e(p) # 0} = {j(e) — j(€)I(e,¢') € {1,2,....p}* e # '} .

We deduce the following lemma.

Lemma 9.2.3 The followmg inequalities hold :
card(H*( )) <p —-p,

card( ) <pP—p+1,
card(H(n,q)) < 1—|—2q)(p -p+1),
card(H ) <2q(p*—p+1).

Lemma 9.2.4 The following inequality holds : 0% > A(p)L(Bo).

Proof One can write

0% = (1/N)E {[i [15,(X7) (Bo)]r}

=N Y (B{1ne(X0)150(X))} - L(Bo)?)

n=1meH (n)
N
= (/NS (B{no(X)}+ > E{lp(X)1po(X))} = 3. L(Bo)?)
n=1 meH* () meH (n)
N
> (1/N) Z (E{lBO (p2_p+1)L(Bo)2)

- L(Bo)(l — (P -p+ 1)L(Bo)) N

Lemma 9.2.5 The following inequalities hold : 0% > A(p)L(Bo) > L(Bo)/8.
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Proof At first, (p? —p+ 1)L(Bo) < (p*> — p + 1)27P. Now,

d(p> —p+1)27?
dp

=277[(2p — 1) — Log(2)p* + Log(2)p — Log(2)]

=-27P [Log(2)p2 —[2+ Log(2)]p+ [1 + Log(2)]}

=(2p—1)27P — Log(2)(p* —p+1)277

which has the following roots

2+ Log(2)] + \/[2 + Log(2)]” — 4Log(2)[1 + Log(2)]
2Log(2)

2.6931 & /2.69312 — 4% 0.6931 * 1.6931 _ 2.6931 + /2.5586
B 2% 0.6931 © 2%0.6931

_2.6931 + 1.5996

— 0.7888 ou 3.5423.
2% 0.6931 ou

Therefore, (p?> — p + 1)27P decreases and converges to 0 if p > 4. Moreover,
(p? —p+1)27P = 3/4 if p=2, 7/8 if p=3, 13/16 if p=4, 21/32 if p=5.

Then, (p> —p+1)L(Bo) <7/8. 1

Lemma 9.2.6 If m € H*(n,q),
E{1po(Xn)150(Xm)} = L(Bo1)?.....L(Bop)* + Ob(1)esy,
If me H(n)

E{1po(Xn)1p0(Xm)} = E{1,(X,)1po(X,,)} + Ob(1)e, .

Proof The first equality results from proposition 9.1.1.

Let us study the second equality.
If n=m, that results also from proposition 9.1.1.
If p=1, it is the case n=m : 15,(X,)150(Xm) = 1o (X,), where Bo' C Bo.

Suppose p > 2 and n # m. One can assume n < m.
Then, there exists a sequence i4, s=1,...,p’", p’ < 2p, and a sequence of Borel sets
Bol, s=1,...,p’, such that
lBo(Xn)lBo(Xm)
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Therefore
180(Xn)1B0(Xm) = 180 (Xn)1Boy (Xntiy) oo 130;, (Xn+ip,) ) (9.1)
Clearly p < p’ < 2p. Therefore, because p > 2, E{IBO(XH)IBO(Xm)} =

E{1po(X/)1po(XL)} + O0b(1)ey = E{1p,(X})1p0.(X},)} + Ob(1)€,, consider-
ing €, > ¢, (cf proposition 9.1.1). B

Lemma 9.2.7 The following equality holds

LyLy = L(Boy)*.....L(Bop)* + 2' 7POb(1)e, + Ob(1)e.,
Proof We have
LuLn = [L(Boy)...L(Bo,) + 0b(1)ep] [L(Bol) ..... L(Boy) + Ob(1) ]

= L(Boy)*.....L(Bop)® + 2 % 2770b(1)e, + Ob(1)c, . B
Lemma 9.2.8 The following equality holds

o1 = op[1+0b(1)271 ).

Proof Let X/ be an IID sequence with uniform distribution. Then,

— (1/N) {Z 150(X) n)f}

2
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N
= /ey (13o(X0) = Ln) (15o(Xn) = L) }

n=1meH (n,q)

+(1/N)E{ 3 (180(Xn) = Ln) (150(Xnsa) — L,Hd)}

n=Ln-+d¢H(n,q)

N

/MY > (B{1so(Xa)150(Xm)} = LnLun)

n=1meH(n)

My X (E{lBo(Xn)lBo(Xm)}—Lan)

1/N2N: > (E{lBO )1 Bo( ;n)}—L(Bo)Q)Jr@

n=1meH(n)

N
+(1/N) Y Ob(1)eq,

n=1meH*(n,q)

N

+(1/N)Z Z [2'7P0b(1)¢, + Ob(1)er]

n=1meH(n,q)

+(0b(1)kp/10)¢,
where

= (1/N) Z |:E{1Bo n)1Bo( m)}_E{lBO(X’;L)lBO(X;n)}}' (9.2)

n=1meH(n)
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Then? P < (1/N) Zf:;l ZmEH(n) Ob(1>ep

Then,

N
= (/N> Y (B{15(X0)180(X],)} — L(Bo)?)

n=1meH(n)

N

+(1/N)Y > ob(1

n=1meH(n)

N

HA/N)Y D Ob(L)ey,

n=1lmeH*(n,q)

+A/N)D D [2'7P0b(1)e, + Ob(1)€]]

n=1meH (n,q)

+(0b(1)kp/10)e,

=o0%+ (p* —p+1)(0b(1)e, + (p° — p+1)(29)Ob(1)ey,
+(p* —p+1)(1+2¢)0b(1)[2' e, + €3] + (Ob(1)kp/10)e,

= o514 Ob(1)2v1 , A(p)L(Bo) /o] = o5 [1+ Ob(1)27,,] . W

Lemma 9.2.9 The following inequality holds :

o1 <(1+7p)0B

Proof Let e — 1(e) be the function defined by /1 +2e = 1 + e + 1)(e)e?
e > 0, that is ¢(e) = ¥ *25-1=¢. This function has the following derivative:

(2(1/2)(1 +2¢)~Y2 —1)e? — (VI+2e —1—¢)2e

et
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It is equal to O for
e(1+2e)™ Y2 —e—2y/1+2e+2+ 2 =0.

That is to say

e—2(1+2e)+2vV1+2e+eV1+2e=0,

or
2+e)V1+2e=2+3e,

or

(4+e* +4e)(1 +2e) = 4+ 9e* + 12e,
or

44 e? 4+ e+ 8e + 2¢> + 8e? = 4+ 9% + 12¢,

or

2¢% + 9e% + 12 + 4 = 9¢% + 12e + 4,
that is e = 0.

Moreover, in e = 4, the value of this derivative is wa = %3 > 0.

Therefore, v is increasing for e > 0 . In 4 its value is @121*4 = 2% < 0. More-

over, ¥(e) = 7”%9‘;176 — 0 as e — o0o. Therefore ¥ < 0 if e > 0. Therefore

vVi4+2e<1l+e.
Therefore, 01 = op/1 +20b(1)y1p < oB\/1+271, <op(l+71,). B

Proof 9.2.10 We prove now the theorem 9

The following inequalities hold.

§
o

VN|[P. — L (Bo)]
< P{‘\/N[Pe — LY (Bo)]

VN|[P. — L(Bo)

>0‘B.T}

> opx — VN|LYN — L(Bo)|}

> opz[l — 51717/36]}

1—
> 61’p/x01x}

< P{‘\/N[Pe —L¥(Bo)]| > -

1—
g () .
1 +71,p
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9.3 Second Theorem

9.3.1 Notations and assumptions

In this section, we use a Borel set, Bo ® J, where Bo = Boi, J = Jo, ® J3 ®
...... ® Jp, and J; = Bo, for s=2,3,...,p.

Notations 9.3.1 Let p € N* . Let N € N* . Let Bo® J = Bo® Jo ®
J3® ...... ® Jp where Bo and the Js, s=2,...,p, are Borel sets. We suppose that
L(Js) = L(Bo) = 1/2 for s=2,...,p.

We set

L (Xn4j) = 15 (Xnsj@) 17, (Xntjp)s 1Bows (Xn) = 180(Xn)15(Xn1;),

Ln - E{1B0®J(Xn)}; ln = E{lJ(Xn+j)}7

LN(Bo® L) = (1/N)X N Ly, IN(J) = (1/N) N 1.

The following assumptions are admitted.

Hypothesis 9.3.1 Let D,, = E{[15,(X,) — L(Bo)]1;(Xn1;)} . Let

5 =

Mazx,cn* { ‘E{ [1Bo(Xn)*L(BO)] [1bo(Xn+d)*L(BO)} lJ(Xn+j)1J(Xn+d+j)}7DnDn+d

|

One supposes that there exists ¢ € N* and K > 0 such that, for all n € N*,
Zn+d¢H(n7q) 8, < (Kp/10)e.

IN(J)

Hypothesis 9.3.2 Let 04 = Max,en- ’E{(lJ(Xn) - ln) (1J(Xn+d) - ln+d)}’.
One supposes that there exists ¢ € N* and kg > 0 such that Zn+d¢H(n)q) 0q <
(kp/10)ep—_1.

Notations 9.3.2 One simplifies IV (J) in 1 : 1 = IN(J). We set eM(l) =

1/L(J) — 1/1.
Let
&= (172 [M(J)M(w + S anm) + /260 - DEDMO
(p—1) p+ 2+ 6¢ 8[p(p — 1) + Kp/10|L(J)
+[172(p71)6]{[172(p71)6]+13 + I

S8L(J)[L(J) + ep—1]

7 2¢+1)(p° —p+1)

+ [1+¢
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2
Let op(J)? = (1/N)E{(zﬁf:1[1',(xg) - L(J)]) } when X!, is IID. Let
A(p) =1— (p> —p+1)27P. Then, we set
805(J)2L(J)
91) - 172
8€p_1L(J) 8€2p_2L(J)
12 12
8[2* Pep 1+ €5y L(J) L 08kpey 1 L()
12 12

+(p* —3p+3) + (p* —3p+3)(29)

+(p* —3p+3)(1+2q)

We set
20 p = e(zg,, + 21 + e€,] /0, + ee,,) _

Moreover the following assumption will be admitted.
Hypothesis 9.3.3 One supposes that
NE{(P. — L(Bo)p.)*} > (1/4)L(Bo)L(J)
if X,, is 1ID.

In fact, this assumption probably holds in all the cases when X,, € {0,1} : cf
section 9.6.

9.3.2 Wording of the second theorem

Now, we have the second emprical theorem.

Theorem 10 Let p € N*. Let N € N*. We assume that € is small enough and
p is not too large

Let D = LN(Bo® J) — L(Bo)IV (J). One supposes that

VRl MBI D )

VN(pe —1¥(J)) = 0p(1) ,

pegl as N — oo,

l—L(J) as N — o0,
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L — L(Bo)L(J) as N — o0,

P.—LN(Bo®J) 20 as N - cc .

We keep the assumptions of section 9.1. One supposes that the assumptions
9.3.1, 9.3.2 and 9.53.3 hold.
N N
We set Pe = % anl 1J(Xn)7 Pe = % Zn:l 1BO®J(XTL>'
N
We denote by o3 the variance of \/N[PQ_LZ(NB(‘?%_D + 2 II(V‘?J;ZDPG].

We denote afp instead of o3 when X,, is IID

1/2
Let 3o, = % +n where n > 0.

One supposes that vV NH, = \/N(Pe*Ll(NB&)fe*D + Dl}j}{?ﬁf“) converges in
distribution to a random variable which has the distribution function Fy, (x) >

0.

Then, for all m > 0, there exists Nog € N such that, for all N > Ny,

P, 1-—
P{VN|=2 — L(Bo)| > 00p  p < Kg(Mx) 7
Pe 1+72,p

P.—L(Bo)p.—D + DIN (J)—Dp.
IN(J) IN(J)?

where Ko(x) = P{ﬂ

o2

o).

For example, if the X,,’s have the same distribution and if X, is a sequence
N
Qd-dependent, gv [Pe_Ll(NB(‘}))p e=D 4 DI 7 J(V‘QJ}D P e} has asymptotically the distri-
bution N(0,1).

9.3.3 Proof of theorem 10

To clear up the notations, in certain lemmas, one will pose Bo = I. In this
proof we simplify LY (Bo® J) in L and [N(J)inl: L=LYN(I®J), 1 =1N(J).

9.3.4 Lemmas of introduction

Notations 9.3.3 For all n, we denote by
Gn)y={m|3s,s :m=n+jsandn=m+jg} .

We set G*(n) = G(n) \ {0}.
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Lemma 9.3.1 The following increase holds : card(G*(n)) <p—1.

Proof If m € G*(n), n = m + js, and m = n + js,. Then, js, = —js,.
Therefore, for any n, there is at the most p-1 ”m = n + j” such that there
exists sp et s satisfying j,, = —js, and sp # 0. B

Lemma 9.3.2 Let n =m+ j,, and m =n+ js,. We set
J1:J2®J3® ....... ®J51_1®J51+1® ...... ®Jp,
I =ILeJs®..... ® Jso—1 @ Jsg41 ® wne. @ Jp.
We denote by j' the sequence j1(s) = {2, J3s e sy —1s Jisyt1s e Jp} and by 5°

the sequence j°(8) = {J2, 3, s Jso—1s Jso+1s -es Jp } -
Then, one sets

lJl (XTL+_]1) -
1J2 (Xn+j2)1J3 (Xn+j3)~-~-1J51,1 (Xn+j5171)1J51+1 (Xn+jsl+1) """ 1Jp (X’ﬂ+jp)'

1]0 (Xn+]0) ==
L, (Xn+j2)1J3 (Xn+j3)""1JsU—1 (Xn+jso—l)1Jso+l (Xn+js0+1) """ 1Jp (Xn+jp)'

Then

E{[11(Xa) = LU)[11(Xon) = LD (X t) Lo (Xomt5) |

= [LUIN )~ LD L) | (LN T0) = LIV EC) | E{ 1 (X4 Lo (X jo) }
+(1/16)0b(1)ep_1 + Ob(1)(3/8)(1 + 2¢)L(J) + (3/2)eOb(1)1L,, ,

where X! is an IID sequence.

Proof We have

E{[11(X0) = LD (Xm) = LDy (Xt ) 1o (Xmt)}
= B{[L106) = LD, (o L1 (X) = DL, (g 1t )0 (K 0) |
= E{[lf(Xn) — LDy, (Xn) 11 (Xm) = (D)L, (Xm) 11 (Xwnuo(xmﬂw}

- E{ [hmso (Xn)~L(D)1y,, (Xn)] [11%1 (Xim)—~L(D)1s,, (Xm)] 1,1 (Xn+j1)1Jo(Xm+jo)}
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= B{ L0, (X0) [, (Xom) = L)Ly, (X)Lt (K1) 12 (X 2) |

—L(I)E{lJSO (Xo) [Linwa, (Xon) = L)Ly, (Xon)] 1s (X1 ) 1go (Xm+jo)}

= LU 0 T E{ [, (Xin) = L)Ly, (X)L (X 5) Lo (X 0) |
+Ob(1)eE{| [, (Xm) = LD 1y, (Xp)] 1t (X 1) 150 (Xm+jo)|}
L)L) B [ins, (Xm) = L)L, (X)L (K)o (Xng)

—L(I)Ob(l)eE{| [Lrns., (Xm) = L(I)15,, (Xm)] 1J1(Xn+j1)1J0(Xm+j°)’} ;

(by lemma 4.2.1), and where, because m = n + js,,

[Lras., (Xm) = LU 1y, (X)L (Xpg ) Lyo (Xgjo)
< Ling, (Xm) 1 (Xng i) 10 (X jo)
< Ly, (Xt )1 (Xng 1) < 15(Xngy)

and where

—[L1nu., (Xm) = L)1y, (X)) |11 (X 1) 10 (Xpng o)
< L)1y, (X))l (Xt )1y (Xpgjo) < LUD1Ly(Xnsy) -

Therefore,
|[Lrag., (Xm) = L1, (X)) ] 10 (Xgj )10 (Xggo)| < 10(Xngy) -

Therefore,

E{| [, (Xom) = (D)1, (Xm)]1J1(Xn+j1)1J0(X,,L+jo)|} <1, .

Therefore,
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B{[L1(X,) = LN (Xon) = DI (K)o (Xons) }

= L(I N Jso)E{ []—IﬂJsl (Xm) - L(I)]-Jsl (Xm)] Ly (Xn+j1)]-J0 (Xm+j0)}
~ L)L) E{ [Lieus., (Xin) = L)L, (X)L (X 5) Lo (Xm0 }

+(3/2)e0b(1)l,

- [L(I N Jey) — L(I)L(JSO)] E{ [1mJ51 (Xm) = L(D)1y,, (Xm)] 1, (Xn+j1)1Jo(X,,L+jo)}
+(3/2)e0b(1)1,,
= [L(I N Jsg) = LIDLWo0) | B irs, (X)Lt (K1) Lo (Ko o) |
[T N Js0) = LD L) | B{ B L, (X)Lt (X)L o (X jo) }
+(3/2)e0b(1)l,,
= [L(INJ,) - L(I)L(JSO)} L(In Jsl)E{L,l (Xpgj1)Lyo (Xm+jo)}

+Ob(1)e[L(I N Jyy) — L(I)L(JSO)} E{L,l (Xpji) 10 (Xm+jo)}

(LI N J50) = LD L) | LD L(s ) B 1 (X 5) L0 (Xm0 |

+Ob(1)e[L(I N J4y) — L(I)L(JSO)} L(I)E{1J1 (X110 (Xm+jo)}
+(3/2)c0b(1)l,, .

There exists ”t” such that
B{15(Xpyj1)Lyo(Xmpjo) } < B{1n(Xny 1)1, (Xintj,) }

= (L(Jy) + Ob(1)e) E{1 1 (Xp1j1) } = (1/2+ Ob(1)€)2°77
= (14 Ob(1)2¢)L(J) .
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Therefore,

E{[(Xa) = LD][11(X0m) = LD (X)L (Ximts) |

- [L(IﬂJsO)—L(I)L(JSO)} [L(IﬂJsl)—L(I)L(JSI)} E{1J1 (X j1)Lyo (Xmﬂ-o)}

+Ob(1)(3/2)e[L(I N Jo,) — L(I)L(JSO)] (1+2¢)L(J)
+(3/2)c0b(1)i,,

= [L(IN )~ LD L( ) | [N T0) = LD L) | E{ 1t (X 1) Lgo (X0 }

FOB(1)(3/8)(1 + 2€)eL(J) + (3/2)€0b(1)L,

= [LUIN )~ LD L) | [N T0) = LI EC) | E{ 15 (X4 o) Lo (X o) }

LI N Jy) — L(I)L(JSO)] [L(INJ.,) - L(I)L(Jsl)} Ob(1)ey_1
FOB(1)(3/8)(1 + 2€)eL(J) + (3/2)€0b(1)L,

(where p’ — 1 >p—1 > 2 because sg # s1)

= [LUNT) =L L(T) | [LUNT) = LI LE) | B{ Ly (X)L (X ) |

+(1/16)0b(1)ep_1 + Ob(1)(3/8)(1 + 2€)eL(J) + (3/2)e0b(1)l,, . M

On the other hand, by using lemma 9.3.1, one obtains the following result.

Lemma 9.3.3 Let
(1/16)ep—1 + (3/8)(1 + 2¢)eL(J) + (3/2)el .

L(p)=N(p-1) 202
PC
Then,
oy Wt GO 20N TR < pp) .
n meG*(n) e
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Lemma 9.3.4 If € is small enough, if p is not too great,

L(p) <N

(p—1e [[p+2+66 +13}'

[1—2(p— D L[1 —2(p—1)e]

Proof We have
l=L(J)+0b(1)e,—1 ~ L(J)—2(p—1)Ob(1)e/2°~" = L(J)[1—20b(1)(p—1)e] .

Therefore, by hypothesis 9.3.3 ,
(1/16)ep—1 + (3/8)(1 4 2€)eL(J) + (3/2)el
Pobo
1/16)ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)el
12(1/4)L(I)L(J)/L(J)?

1/16)e,—1 + (3/8)(1 + 2€)eL(J) + (3/2)el
l2

N(p-1)

SN@—D(

<8N(p— 1))

(1/16)(p — 1)e/2P~2 + (3/8)(1 + 2¢)eL(J) + (3/2)el
l2

~8N(p—1)L(J)

p—DL(J) + 3(1 + 2¢)L(J) + 121

< N(p—)L()ed

l2
~ N (o — [ = DL(T) +3(1 + 2¢)L(J) 121
e[ +3+6e 12
<N(p 1)[h—2@—1M2+[1%pD4]

(p—1)e [ D+ 2+ 6e
[

T a-nd iz od T Y-

Then, one suppresses the approximation with the increase

L(p) <N

(p—1)e [ p+ 2+ 6e
[

T—2p-Ddli-20p-1Dd +13) . m
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9.3.5 Study of E{(P. — L(I)p. — D)?}.

Now, one need some properties. At first, one reminds the following lemma : cf
lemma 4.2.1.

Lemma 9.3.5 Let f be a measurable function defined on (X1, Xo, ..., Xpn—1, Xn+1,
wery XN). Then,

E{1;(Xn)f(X)} = L())E{f(X)} + Ob(1)eE{| f(X)]}.
We deduce the following lemmas.

Lemma 9.3.6 The following equality holds :
E{(15(X,) = L(I)) £(X)} = Ob(L)eE{ | F(X)]}.
Lemma 9.3.7 The following equalities hold :
D,, = Ob(1)el,,
D = Ob(1)el.

Proof We have D,, = E{(1;(Xy,) — L(I))1;(Xp4;)} = Ob(1)eE{1;(Xpn+;)} =
Ob(1)el,,.
Moreover D = (1/N) " D, = Ob(1)e)_ 1, = Ob(1)el. B

Lemma 9.3.8 The following equality holds :
E{1Bo(X0n)1;(Xntj} = [L(Bo) + Ob(1)e] E{1,(Xni;} -
Proof By lemma 9.3.5,
E{lpo(X:)15(Xpts} = [L(Bo) + Ob(l)e] E{l;(Xn4,;} .1

Lemma 9.3.9 If m ¢ H(n), the following equality hold
E{15(Xn15)15(Xm) } = Ob(1)[L(J) + ep—1] E{15(Xp1;) }-
Proof By proposition 4.2.2 and by lemma 9.3.8,
B{15(Xui i) 1y (X3} = (L) + OB(1)e).o(L(Jy) + Ob(1)e) E{ (X )}
Now,
(L(J2) + Ob(1)e).....(L(J,) + Ob(1)e) = (1/2 + Ob(1)e).....(1/2 + Ob(1)e)
<24 = (12 ey = L) 4y . W

Then, by using the previous lemmas, one obtains the following property.
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Lemma 9.3.10 The following equality holds :
N?E{(P. — L(I)p. — D)*}
= [(1 —2L(1))(L(I) + Ob(1)e) + L(I)*][N1]
+ 3 [L(szo)—L(I)L(JSU)} [L(IﬁJsl)—L(I)L(Jsl):|E{lJl(X;_Hl)lJo(X:n_‘_jg)}
n,meEG* (n)
+Ob(1)N (p — 1)[(1/16)ep—1 + (3/8)(1 + 2¢)eL(J) + (3/2)el]
+0b(1)e(p* — p)[N]
+O0b(1)e[1+ €] [L(J) + ep—1] 2¢ + 1)(p* — p+ 1)[N]]
+N(Kp/10)el .

Proof We know that NP, = > 1;/(X,)15(X04j) , Npe = >, 15(X0yj)
and

N(P. — L(I)p.) = Z [1I(Xn)1J(Xn+j) - L(I)lJ(XnJrj)]

— Z[lI(Xn) = L(I)]15(Xn+;).

Then, N(P, — L(I)p. — D) = ¥, (11(X,)) — L(I)|15(Xny;) — Dy), where
Dy, = B{[L1(X,) — L(D]Ls (Xns,)}-

Then, the following equalities hold

N2E{(P. — L(I)pe — D)*}

_ E{ 3 ({[1,(Xn)_L(1)}1J(Xn+j)_Dn}{[1I(Xm)_L(1)]1J(Xm+j)_pm})}

n,m

= E{ Z ([1I(Xn) - L(I)][ll(Xm) - L(I)]lJ(Xn+j)1J(Xm+j) - Dan)}

= > B{([1(X0) = LX) = LD (Xns )1 (Xint5) = DuDua) |

3 B - LD](X) = LD (X )15 (Ximts) ~ DaDin) }

n,meG*(n)

Y B () B )~ LD X)U (Xins) D D)}
n,meH (n)\G(n)
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+ Y E{([1I(Xn)—L(I)}[11(Xm)—L(I)]1,J(Xn+j)1J(Xm+j)_Dan)}

n,m,meHx(n,q)

+ ; )E{([11<Xn>—L<I>][11<Xm>—L<I>11J<Xn+j>1J<Xm+j>—Dan)}

= B{ Z[lz(Xn) — L1 (Xnty)}

+ 3 [L(mJSJ—L(I)L(JSU)}[L(szn—LU)LUsJ]E{lﬂ<X;+j1>1J°<Xin+jo>}
n,meG*(n)

+ 3 [(1/16)0b(1)ep-1 + 0b(1)(3/8)(L + 2¢)eL(J) + (3/2)e0b(1)l,,]

n,meG*(n)

+ Y OM)eB{15(Xn1 )1y (Xt}
n,meH (n)\G(n)

+ Y OM)eB{1(Xn )1y (Xos)}

n,m,meH*(n,q)

_ Z D, D,,

n,meH(n,q)

DD SN

n n+d¢H(n,q)

- Z E{1/(X,) — 2L(I)11(X,) + L(I1)?)1(Xn4) }

+ 3 [L(mJSJ—L(I)L(JSO)}[L(szn—LU)L(JSI)]E{lﬂ<X;+j1>1Jo<X;@+jo>}
n,meG*(n)

+Ob(1)(p— 1) > [(1/16)ep—1 + (3/8)(1 + 2€)eL(]) + (3/2)eln)

n

+0b(1)e Z E{1,( Xy )15 (Xpnij) }
n,meH (n)\G(n)

+0b(Le Y B{ly(Xns)ls(Xmyj)}

n,m,meH*(n,q)

+ Y Ob)EE{1s (X)) E{Lr(Xuns)}

n,mGH(n,q)

+ Z (Kp/10)el

neN
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= > B{l(1 = 2L())(L(I) + Ob(L)e) + L(1)*15(Xn15) }

n

b [0~ s D) (0050 - EOL0) | B{ 1 (X 0100 (K00}

n,meG*(n)

+Ob(1)N (p — 1)[(1/16)ep_1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e Z E{1;(Xn4,))}

n,m€eH (n)\G(n)

+0b(1)e Z E{(L(J) + p—1)1;(Xn+45)}

nmeH*(n,q)

+ob(1)e > [L(J) + Ob(1)ep—1 | E{1,(Xn1;)}

n,m€eH (n,q)

+N(Kg/10)el

— 3711 = 2L(I)(L(I) + Ob(1)e) + L) E{1s(Xos;)}

Y [Lunng)-LLs )} (2070 =L 2| {11 (60150 (X o) |
n,meG*(n)

+Ob(1)N(p — )[(1/16)ep L+ (3/8)(1+ 26)eL(J) + (3/2)el]

+0b(1)e(p® — p ZE{lJ i)}

+Ob(e[L(T) +ept] Y. B{15(Xns))}

n,meHx*(n,q)
+Ob(W)E[L(J) +epa] > E{1,(Xny;)}
n,meH (n,q)
FN(Kp/10)el
= [(1 = 2L(1)(L(I) + Ob(1) ZE{lJ nis)

+ > [pUN) - LD LS )} [LU0Je) = LD, )} {1J1(Xn+] )1 ,O(XT’HHO)}

n,meG*(n)

+Ob(1)N (p — 1)[(1/16)ep—1 + (3/8)(1 4 2€)eL(J) + (3/2)€l]
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+0b(1)e(p® — p)[N]
FOB)E[L() + ey 1] (0* —p+ 1) S B{15(X0i5)}

+Ob()E? [L(J) + 6p-1] 20 + 1)(0* —p+1) > E{1,(Xni;)}

FN(Kp/10)el

= [(1 = 2L(1))(L(I) + Ob(1)e) + L(I)*][N1]

+ > [L(IQJSO)—L(I)L(JSO)} [L(]szl)—L(I)L(JSl)} E{1J1 (X!, )10 (X;nﬂ.o)}
n,meG*(n)

+Ob(1)N(p — 1)[(1/16)ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)€l]
+0b(1)e(p® — p)[N1]
+0b(1)e[1+ €][L(J) + €p—1](2¢ + 1)(p* — p+ 1)[N]]
+N(Kp/10)l . ®

We deduce a ratio with the variance.

Lemma 9.3.11 If € is small enough and if p is not too large, the following
equality holds :

(Pe — L(I)p. — D)?

NE{ o

} — 02, [1+ 0b(1)2¢5,).

Proof We have

(Pe_L(I)pE_D)Q}

wr (L)

= [(1 = 2L(I))(L(I) + Ob(1)e) + L(1)?*] /1

1 ’ ’
+x7m n’mezcy;*(n) [0 Jsg) = LD L] [LUNTo) = L L) | E{ 10 (X]0)1,0 (X 500}

+0b(1)(p — 1)(1/1)[(1/16)€p—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e(p”® — p) /1
+0b(1)e[1 + €] [L(J) + €p—1] 2g + 1)(p* —p+ 1) /1
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+(Kp/10)e/1

= [(1 = 2L(I))L(I) + L(I)*] /L + Ob(1)(1 — 2L(I))e/!

+m mm;};(n) [L(IﬂJSO)fL(I)L(JSU):| [L(mJ NL(J, }E{ (X, m+j0)}
1 1 , ,
+[W_ NL(J)z] 1; [L(INTe) = LD L(Jsg) | [EUNTe) =L LT, )] E{lJl (Xn+j1)1jo(x7yl+jo)}

+0b(1)(p — 1)(1/1)[(1/16)€p—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e(p* — p+ Kp/10)/1
+Ob(1)e[1+ ¢ [L(J) + ep-1] (20 + 1) (p* — p +1)/1

= (/L)L L= L)+ [1/1=1/L(D] L)1 = L(1)] + (0b(1) /1) (1 = 2L(1) )e

+NL1J)2 EXG:(”) [L(mJSO)fL(I)L(JSO)} {L(IﬂJsl)*L(I)L(Jsl)} { (X1 Jo(x;nﬂ,o)}

(/L) — VI [1/ECT) +1/1] > (1/16)E{1J1(X’+.1)1J0(X’ +-o)}
N n+j m+j
n,meG*(n)
+0b(1)(p — 1)(1/1*)[(1/16)€p—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e(p? — p+ Kp/10)/1

+0b(1)e[1+ €] [L(J) + €p—1](2¢ + 1)(p* — p+ 1) /1

+Ob(1)

= gz, + [0b(1) /4][1/1 = 1/L(J)] + (0b(1)/1)(1 = 2L(I))e
[1/L(J) = 1/0] [3/L(])]

N n,mgc;*(m
+0b(1)(p — 1)(1/1*)[(1/16)€p—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e(p? — p+ Kp/10)/1
+Ob(1)e[1 + €| [L(J) + 6p-1] (20 + D(P* —p + 1)/

+Ob(1)

(1/16)Ob(1)L(.J)
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= oz, + [0b(1) /4] [1/1 = 1/L(J)] + (Ob(1)/1)(1 — 2L(I))e
+0b(1)[1/L(J) — 1/1] [3/L(J)] (p — 1)(1/16)Ob(1) L(J)
+0b(1)(p — 1)(1/1?) [(1/16)ep_1 + (3/8)(1+ 2¢€)eL(J) + (3/2)el]
+Ob(1)e(p® —p+ Kp/10)/1
+Ob(D)e[1 + ¢ [L(]) + ep-1] (2¢ + 1)(p* —p +1)/1

1 1
=02, +0b(1)o2, | |1/l —1/L(J )’Fﬂaz (1 —2L(I))e
cp cp

/L) - 1/1]|%<p ~1)O/6)L)

)
L [(/16)1 4 (/91 + 2968 + (3/2)]
L —pl;KB/lo
+e[1+e]%(2q+l)(pzfp+l)
1 1
=02, + Ob(1 l|1/l—1/L( )|L(I)/L(J) +l(1/4)L(I)/L(J)(1—2L(I))e
UYL =V ez e 0~ DA/OL0)

(p—1e p+ 2+ 6e
2014 [[1 —3(p-1)q
p? —p+ Kp/10
L (/HL(D/L{J)

(
L F 1 oy - pi

T 13}

“+e€

+e[1+ el

(by assumptions 9.3.3 and by lemma 9.3.4)
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(p—1e P+ 2+ 6e
[ —2(p— 1) [[1 “op—Dd " 13]

+68[p(p — 1)+ Kp/10]L(J)
]

+ell+ €] 8LJ) [L(‘l]) e 20 +1D)* —p+1)

(where, by notation 9.3.2, e M(l) = |1/L(J) — 1/1] )

2L()M(1) + M(l —2L(I)) + (3/2)(p — VL(J)M(1)

=02, + Ob(1)e o2, ;

(p—1) p+ 2+ 6e
a1 = 2= * 3
+8[p(p — 1)+ Kp/10]L(J)

l

+ 1+ gD o )2 )

=02,[14+0b(1)2¢5,] . W

2
Pe—L(I)pe—D , DI—Dp.
9.3.6 Study of p{ [F=tlr=D | Dipee|T]

Lemma 9.3.12 We denote by o1(J) and opg(J) the variances o1 et op de-
fined in notations 9.2.4, but associated to J instead of Bo. Then, the following

inequality holds

2
Ucp
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Proof For p'=p-1, p?—p'+1 = (p—1)? = (p—1)+1 = p>—2p+1—p+1+1 =
p? —3p+3.
Therefore, by using hypothesis 9.3.3 and lemma 9.2.8,

(P _ (D sa(D2LU) _,

o2 ~ 0.25L(I)/L(J) 12 <0 -

We deduce the following lemma.
Lemma 9.3.13 The following equality holds :
[e(l — pe)]?

2.2
locp

N.E{ } = Ob(1)€%0,,.

Then, one obtains the following lemma.

Lemma 9.3.14 The following equality holds

N'E{<Pe —L(f)pe -D _ DI _l2Dpe>2}

— o2, [1 + Ob(l)e(2§p +2[1 + e€,]\/0, + eap)} .

Proof On the one hand, by the proof of lemma 9.2.9 and by lemma 9.3.11,

\/N.E{ (Pe = L(Qpe — D)z} < \JOZ L+ 266,] < op[L + €6

On the other hand, by using lemma 9.3.7, we have D = Ob(1)el.

Therefore,
Dl — Dp. _ Ob(1)e(l — pe)

12 l

Therefore,

P, —L(I)p.—D  Dl—Dp. P.—L(I)p.—D = Ob(1)e(l —p.)
; Tt ; + ; :

By Schwarz Inequality,

Pe_L(I)pe_D
l

N.EH

255



e e

< 6\/Jgp[1 + 26§p]\/agp9p.

< co? 1+ )\/F,

Therefore,

N.]E{<Pe —L(g)pe -D D _l2Dpe>2}

=02 [1 + 0b(1)e(2§p + 21 + &)\ /0, + eep)} N

We deduce the following lemma

Lemma 9.3.15 The following equality holds
09 = 0¢p {1 + Ob(l)’)/27p:| )
Proof By the previous lemma
03 = 02, [1+ Ob(1)233,] -
By the proof of lemma 9.2.9,

09 = Ocp [1 + Ob(l)’}/g,p} .

9.3.7 Proof of theorem 10

By our assumptions , N'/2(p,—1) = Op(1) and NY/?(P, - L(I)p.— D) = Op(1)
and p. — [ converges in probability to 0.

We keep notation 9.1.1 : op(1) . Then,
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VND

Pe

_ m(Pe - L(llf)pe - D) + VN (P, — L(I)p. — D) [pi _ ﬂ +

+ Op(l)

Dpe — D) N VND
l Pe

(because \/NW = Op(1) and p. — Lo )

Pe—L(I)pe—D)+\/ND+\/ND_ \/ND+
l l Pe !

:\/N(PE_L(

Op(l)

:m(

P, — L(I)p. — D ND DI — Dp.
— V(B e 2Dy IND NP Dby )

_ v (Femtne =Dy VD | DU Dre D= Drer L 1)

l 12 l Pe 1

P.— L(I)p. — D Dl—Dp. VND
=V ( (l)p )+ VN ; b +\Fl +op(1)

(because pe — 1 Lo ).

We set P.— L(I D Di-D
He: e (l)pe_ + _l2 Pe )

Then,
P.
P{\/N — —L(I) >ch:c}
Pe
Pe_L(I)pe_D Dl_Dpe D OP(l)
= P{VN = .
{ z + 7 +o NI > 0o
P,— L(Dp.— D DIl — Dp, N1/2p
gP{\/N (l)p +— Pel 4 op(1)] > oupa — l

1/2
< P{\/]v’He’ > Ocpk — N ;i D - ‘0p(1)|}

T

- P{\/N|He| > opar(l - 6271}) +M0cp — |OP(1)’}
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70 cp

< P{{\/N’He’ > Ucpx(l — @) + Noep — ‘op(1)|} N {‘OP(1)| < : }}

X

T

+P{{\/N’He| > opr(l— @) + M0y — ‘0P(n)|} : {|0P(1)| g m;w}}

< P{\/N|He| > oepr(l— ﬂQ,p) +770cp/2}

T

+P{|OP(1)] > 77(;0”}

< P{W|He| > opr(1— ﬁzp)}

_P{acp:r(l — %) +n0ep/2 > \/]V|He| > Ucpx(l — ﬂip)}

+P{Jop(1)] > %}

< P{ﬁ|ﬂe| > ool — ﬁif')}

(for N large enough, considering that v NH, converges in distribution to a
random variable which has a distribution function Fp_(x) > 0 and considering

the convergence in probability to 0 of op(1) )

L —fBayp/x
=P{VN|H, —_—
{ 1 >”2x1+0b<1m,p}

P.—L(I)p. =D _ DI —Dp. 1= Bap/
— P{VN T2 0b(Lv
{f z ME P 0b(1)a
_plyn| P EDpe=D  DI=Dp| 1= fhy/v| g
l 12 1 + '72,;0
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9.4 Third and Fourth Theorems

Now assume that the hypotheses 9.2.1 and 9.3.1 do not hold or that they are
too difficult to compute. Then, one can use more general theorems. It is the
aim of this section.

9.4.1 Wordings

Now, we generalize theorem 9.

Theorem 11 We suppose that the notations of section 9.1 and 9.2 hold except
the hypothesis 9.2.1 . We set

9 _ ; 2 1—p 2
TP T 5 A(p) L(Bo) (07 —p+ D+ V(2770 + ) + Ney

Then, the following inequality holds

{1 0 2 ontoon) < (1 el2).
1,p

_ N

Now, we take an interest to theorem 10. First, we generalize notations 9.3.2.
Notations 9.4.1 We keep the notations of section 9.3. We define ¢”,,, 67, and
¥ 2,p by the following way :

é‘??p —

ez + 0 anm) + ¢2m - Leme

(p—1) [ P+ 2+ 6e
[1=2(p— e L1 = 2(p — 1)¢]

8L(J)NIL(J) + epl]]

+[1+6] i

8op(J)2L(J) 8ep_1L(J)

= e
8N [227Pep_1 4+ €51 |L(J)  8Neg, oL(J)

12 + 12 :

0”}) + (pQ _ 3p + 3)

+
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2970 = (267 + 201 + €71/, + €67

Then, one can generalize theorem 10 by the following way.

Theorem 12 We keep the notations and assumptions of section 9.3 except the
hypothseses 9.53.1 and 9.3.2. Let p € N*. Let N € N*. One supposes that

JPes L(Blo>pe Do),

VN(pe =1 (J)) = Op(1)
peil as N — oo,
l—L(J) as N — o0,

L — L(Bo)L(J) as N — oo ,

P.—LN(Bo®J) 20 as N - oo .

One supposes that vV NH, = \/N(Pe_Ll(f(?])fe_D + Dliz(v‘?];fpe) converges in
distribution to a random variable which has the distribution function Fg, (z) >
0.

Then, for all m > 0, there exists Nog € N such that, for all N > Ny,

P@ ].752 /l‘
P{VN|=E — L(Bo)| > o, < Ko —— 222075
{ Pe ( 0) U‘P IE} — 2( 1_"_,77’271) I)

P.—L(Bo)p.—D | DI™(J)—Dp.
IN(T) IN(T)?

o2

where Ko(z) = P{ﬂ

o).

9.4.2 Proof of theorem 11
First, we generalize lemma 9.2.8.

Lemma 9.4.1 The following equality holds

o} =op[1+0b(1)27"1,].
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Proof Let X, be an IID sequence with uniform distribution. We recall the
equalities (cf lemmas 9.2.6 and 9.2.7) :

if m¢ H(n), E{1p,(Xn)150(X:n)} = L(Bo)* 4+ Ob(1)ezy,

meEH 7 E{lBo )130 m)} :E{lBo(Xy/l)lBo(Xy/n)}+Ob(1)6p
Ly Ly, = L(Bo)® + 2" 7P0b(1)e, + Ob(1)e,,

Then,

3
Il
-
3
Il
_

CUMY S (B{1aaX)1m(X0} + Ob1)e)

Ny Y ( +217POp(1 )ep+0b(1)eg)

+(1/N) Z > ( )? + Ob(1)ez, — L(Bo)? —21—P0b(1)ep—0b(1)eg)

n=1m¢H (n)
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N

=1/ > (B{1so(X)180(X})} — L(Bo)?)

n=1mecH(n)

N
—(1/N)Y Y Ob(e

n=1meH(n)

N
HI/N)Y Y Ob(L)ey,

n=1m¢H (n)

N N
+a/m Y (21 POb(1 ep+0b(1)eg)

n=1m=1

=0h+ (p* —p+1)0b(1)e,
+[N = (»® — p+1)]Ob(1)eay,

+N (21—P0b(1)5p + Ob(l)ei)

2 2
Op Op

W, N (217 0b(1)e, + Ob(l)ei)}

5 [(p2 —p+1)e, + Negy +N(217”6p + ei)} .

Proof 9.4.2 We prove now the theorem 11

The following inequalities hold.

§
|

VN [P. — L(Bo)

>03x}

VN|[P. — LN(Bo)]| > opz — VN|LY — L(Bo)|}
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\/N[Pe — LN(Bo)]| > opz[l — ﬂlyp/x]}

> 51;;/36 1T
1+’}/ 1,p

VNP, — LN (Bo)]

_K(lllﬂ;i/: ).m

9.4.3 Proof of theorem 12

At first, we generalize lemma 9.3.10.

Lemma 9.4.3 The following equality holds :
N2B{(P. — L(I)p. — D)*}
= [(1 = 2L()(L(I) + Ob(1)e) + L(I)*] [N]

(
+ Y [L(mJ )—L(I)L ML(mJ —L(I)L(Js )} {1J1(X )Jo(X;nﬂ.o)}

n,meG*(n)

+Ob(1)N(p — 1)[(1/16)ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)€l]
+0b(1)e(p* — p)[NV]
+Ob(1)e[1+ €] [L(J) + €p—1][N?1] .

Proof We recall the properties of section 9.3.5 :
E{1,(Xn)f(X)} = L()HE{f(X)} + Ob(1)eE{|f(X)|} ,
E{(lJ(Xn) —L(J) X)} 0b(1 eE{|f }
= Ob(1)el,, ,
D = Ob(1)el ,
E{17(Xn)17(Xn4s} = [L(I) + Ob(1)e] E{1;(Xn+;} ,
If m¢ H(n), E{1,( n+j)1J(Xm+j)} [L(J) + ep—1 | E{1,(Xns5) }

NP Zl[ Xn+j) 5 Npe = Z]-J(Xn+j) 9

N(Pe - L(I)pe) = Z[ll(Xn) - L(I)]lJ(Xn-‘rj) s
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N(P. = L(I)p. — D) = ([11(Xy) = LD (Xn4s) — Da) -

Moreover, we use notations 9.3.3 and lemmas 9.3.2 and 9.3.3. Then, the
following equalities hold

NQE{(Pe - L(I)pe - D)Q}

= B{ Y ({1100 =L L (X))~ Do} {11 (Xn) = L)Ly (X )~ D ) }

n,m

= B{ 3 ([1r(X0) = L[17(Xon) = LD (X15) L5 (Xon5) = DuDin) }

= > B{(u(Xa) = LD (Xn) = LD (X )10 (Xims) = DuDin) }

+ B{ (111(Xn) = D)L (Xom) = L)Ly (X ) 1o (Xnt5) = Da D) §
n,meG*(n)

Y B LD ()~ KDL (X)L (X))~ Da Do) }
n,m€H (n)\G(n)

+ %: ( )E{([11(Xn)—L(I)][1I(Xm)—L(I)]1J(Xn+j)1J(Xm+j)—Dan)}
n,mm&H(n

— B{ S [1/(X0) = LIDP1y(Xnt)}

bY [pnn)-smL)| [ - LOL0) | B (K )L (00}
n,meG*(n)

+ > [(1/16)0b(1)ep—y + Ob(1)(3/8)(1 + 2€)eL(J) + (3/2)eOb(1)L,,]

n,meG*(n)

i 3 Ob(1)eB{11(Xn15)1s(Xm+) }
n,meH (n)\G(n)

+ Y Ob()eE{1s (X)) 1 (Xpnsi)}
n,m,m¢H (n)
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—ZDan

n,m

—ZE{lI ) = 2L(1)11(X,) + L)L (Xoss)}

bY [pnn)-LmL)| [ L) | B (K010 (00}

n,meG*(n)

+Ob(1)(p— 1) > [(1/16)€y—1 + (3/8)(1 + 2€)eL(J) + (3/2)el.]

n

+Ob(1)e Z E{15(Xnt5)15(Xmj) }
n,meH(n)\G(n)

+O0b(1)e Z E{15(Xn45) 1 (Xmtj) }
n,m¢&H(n)

+> " 0b(W)EE{1(Xni ) }E{1/(Xmis) }

= > B{l1 = 2L(N))(L() + Ob(L)e) + L(1)* 115 (Xn1) }

+ > [EUndg) L)L, )} (L0~ L) L(e, )} {1J1(Xn+] )1JD(X;n+].O)}

n,meG*(n)

+Ob(1)N(p — 1)[(1/16)ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+HOb(Le D E{ls(Xui)))}

n,meH (n)\G(n)

+0b(1)e Z E{(L(J) + ep—1)17(Xn+5) }
n,m¢H(n)

+Ob(1)e> > " [L(J) + Ob(1)ep—1] E{1;(Xn1;)}

n,m

= (1 — 2L(1) (L) + Ob(1)e) + L) B{15(X,s5)}

Y L) ~LLU )] [2ns)- 22| B{ 1 (X010 00}

n,meG*(n)

+Ob(1)N(p — 1)[(1/16)ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
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+0b(1)e(p® — p) Z E{1;(Xp4j)}

+0b(1)e[L(J) + €p—1] Z E{1;(Xnyj)}
n,m¢gH(n)

+Ob(1)E [L(J) + ep—1] > E{1,(Xns))}

n,m

= [(1 = 2L(D)(L(I) + Ob(1)e) + L(1)*] S E{1,(X0i))}

b [Bna)-Ln)| [Hns) -2 L) | {1 (6010 (6,0}
n,meG*(n)

+Ob(1)N (p — 1)[(1/16)€p—1 + (3/8)(1 4 2€)eL(J) + (3/2)€l]
+0b(1)e(p* — p)[N]
+Ob(1)e[L(J) + e 1]N Y E{1,(Xny;)}

+Ob(1)e [L(J) + ep—1 | N> E{1;(Xns;)}

n

= [(1 = 2L(1))(L(I) + Ob(1)e) + L(I)*][N1]

b [Bna)-Ln)| [Hns) - L2 | {1 010 (6,0}
n,meG*(n)

+Ob(1)N(p — 1)[(1/16)€p—1 + (3/8)(1 4 2€)eL(J) + (3/2)€l]
+0b(1)e(p* — p)[N]
+0b(1)e[1+ €] [L(J) + €p—1][N?1] . W

We deduce a ratio with the variance.

Lemma 9.4.4 If € is small enough, the following equality holds :

(P — L(I)pe — D)?
12

NE{ } =0 [1+ ob(1)2ee7, .
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Proof We have

(Pe — L{I)pe — D)Q}

NE{ >

= [(1 = 2L(I))(L(I) + Ob(1)e) + L(1)?] /1

1

+7 mn;};(ﬁ) [L(Iﬂ Jso)fL(I)L(JSO)] [L(IﬂJsl)fL(I)L(Jsl)} E{1J1 (X;,+_7.1)1V,0(Xjn+j0)}

+O0b(1)(p — 1)(1/1%)[(1/16)€ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+Ob(1)e(p® — p) /1
+Ob(1)e[1 + €] [L(J) + ep—1] N/

= [(1 = 2L(I))L(I) + L(I)*] /L + Ob(1)(1 — 2L(I))e/!

+% > [L(IﬁJSO)fL(I)L(JSO):| {L([ﬂJsl)fL(I)L(Jsl)}E{1J1(X;'_'_].l)lJo(X:n_*_jo)}
NL(1)? | o=

1 1

+[W_W] 3[BT~ L)Ly

[L(mJS1 )—L(I)L(Js, )] E{lJl (X, ;1150 (Xj,Lﬂ-o)}

n,m

+0b(1)(p — 1)(1/1)[(1/16)€p—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e(p”® — p) /1
+Ob(1)e[1 + €] [L(J) + €p—1| N/

= (1/L(J))L(I)[1 = L(I)]+ [1/1—1/L(J)| L(I)[1 = L(I)] + (Ob(1) /1)(1 — 2L(I) e

+NL1 DS [L(IﬁJso)—L(I)L(Jso):| {L(szl)—L(DL(Jn)}E{lﬂ(X:L“l)lﬂ(x’/”“w}
()2 &G )

+0b(1)[1/L(J)—1/l¥1/L(J)+1/l] Z (1/16)E{1J1(X;+j1)1Jo(X;n+jo)}

n,meG*(n)
+0b(1)(p — 1)(1/1%)[(1/16)ep—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]
+0b(1)e(p* — p) /I
+Ob(1)e[1 + €] [L(J) + ep_l]N/l
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= 0z, +[0b(1) /4] [1/1 = 1/L(J)] + (Ob(1)/1)(1 = 2L(I))e
1/L(J) = 1/1]] [3/L(J)]

- mm;ﬂn)u/m)omlwu)}
+0b(1)(p — 1)(1/1)[(1/16)€p—1 + (3/8)(1 + 2¢€)eL(J) + (3/2)el]
+0b(1)e(p”® — p) /1
+0b(1)e[1 + €] [L(J) + €p—1] N/I

+Ob(1) [

=02, + [0b(1)/4][1/1 — 1/L(J)] + (Ob(1)/1)(1 — 2L(I))e
+Ob(D)[1/L(J) = 1/U] [3/L()] (p — 1)(1/16)0b(1) L(J) }
+0b(1)(p — 1)(1/1)[(1/16)€p—1 + (3/8)(1 + 2€)eL(J) + (3/2)el]

+0b(1)e(p* — p) /1
+0b(1)e[1 + €] [L(J) + €p—1| N/I

=02, +0b(1)oy, | |1/l —1/L(J )|4012 +%(1—2L(I))e

cp

+|1/L(J) - 1””%@)
p—

+— oy [(1/16)6,, 1+ (3/8)(1 + 2€)eL(J) + (3/2)el]

(- DO/16)L(]) }

p =D

2
lacp

N(L(J) + >]
lo,

+e€

+e[l+ ¢

1 1
=02, +0b(1)o2, | |1/l —1/L(J )\L(I)/L(J) + 1(1/4)L(I)/L(J)(1—2L(I))e

3
(/L) /L)L)

+[1/L(J) 1/l| (p—1)(1/16)L(.J)
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(p—1e P+ 2+ 6e
i3 - 4 [T = 2 = 17

+13}
p*—p
(1/4)L(I)/L(J)

N(L(J) + ep-1)
L(/4)L(I)/L(J)

—|—el

+e[1+ €]

(by assumptions 9.3.3 and by lemma 9.3.4)

= Jgp + Ob(l)agp [M(I)EL( ) + ——=(1—2L(I))e

+M(Z)6L1(2[)

(p—1e [ p+ 2+ 6e
[1=2(p—1)e L1 —2(p — 1)¢]

48t~ DIL)

SL(J)N[L(J) + ep1] ]

(p = 1)(1/16)L(J)

+ +13]

+e[1+ €] i

(where, by notation 9.3.2, e M(l) = |1/L(J) — 1/1] )

2L(J)M(1) + wa —2L(I)) + (3/2)(p — 1) L(J)M(1)

= ofp + O0b(1)e agp ;

(p—1) P+ 2+ 6e
T2 = 1 [[1 a1 " 13]
L Slp —ll)]L(J)

F[4d 8L(J)N[LZ(J) + epl]]

=0.,[1+0b(1)2¢¢7,] . A

269



Lemma 9.4.5 The following inequality holds

o1(J)?/1? <o
ng =P

Proof For p'=p-1, p’? —p' +1 = p? — 3p+ 3. Therefore, by using hypothesis
9.3.3 and lemma 9.2.8,

o1 (J)?/1 o1(J)*/1? 801 (J)’L(J) _
R T 37137770 R R

cp

We deduce the following lemmas.

Lemma 9.4.6 The following equality holds :

N.E{L —p)l” } = obeor,

2,2
202,

Lemma 9.4.7 The following equality holds

NE{(R; —L(g)pe =D DI —IQDpe>2}

=02, [1 + Ob(l)e<2§”p +2[1 + €€ )] /07, + eé)”p)}.

Proof On the one hand, by the proof of lemma 9.2.9 and by lemma 9.4.4,

\/N.E{ (Fe - L(Qpe ek } < 0% [1+2667p] < oep[l + €67,

On the other hand, by using lemma 9.3.7, we have D = Ob(1)el.

Therefore,
Dl — Dp. _ Ob(1)e(l — pe)

2 l

Therefore,

Pe_L(I)pe_D+Dl_Dpe
l 12 l l
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By Schwarz Inequality,

PE_L(I)pe_D

z j

e e

< 5\/‘7317[1 + 267 )] \/Uzpe”p‘

Ob(l) E(l — pe)

e ,

< eazp[l + e\ 07, -

Therefore,

N'E{<Pe —L(f)pe -D_ DI _l2Dpe>2}

— o2, [1 + Ob(l)e(?&”p Fol 4 e )T, + ee”p>] — o2, [1 + Ob(1)2fy”2,p] N

By the proof of lemma 9.2.9, we deduce the following lemma

Lemma 9.4.8 The following equality holds

09 = 0¢p [1 + Ob(l)’}/”g,p} )

Proof 9.4.9 Now, we prove theorem 12

By our assumptions , N'/2(p, — 1) = Op(1) and N¥/?(P, — L(I)p. — D) =
Op(1) and p. — I converges in probability to 0.

We keep notation 9.1.1 : op(1) £ o. Then,

MN(E - L(1)) = \/N(Pe —LDpe =D 2)

De Pe Pe

_ m(Pe —LDpe - D) +VN(P, — L(I)p. — D) [i _ }} L YND

l De l De

_\/N(Pe_L(I)pe_D>+\/ND

1
i o +op(1)
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(because \/NW = Op(1) and p. — Lo )

:\/N(Pe*L(I)pe*D>+\/7D+\/ND_ \/TD—FOP(I)

l De

P, — L(I)p. — D ND DI — Dp,
:\/ﬁ( (l)p )+\Fl +VN o Pe 1 op(1)

P.— L(I)p.— D ND Dl — Dp, Dl—Dp. 11 1
= VN (B e =Dy VD L D g PP LT

_ N(Pe — L(I)pe 7D> L yNDL=Dpe \/71)

i 2 +op(1)

(because pe — ! L0 ).

We set P, —L(I D DI-D
He: e ( )pe— + - pe .
! 12
Then,
A
P{\/N—L(I) >Ucpx}
DPe
Pe_L(I)pE_D Dl_Dpe D OP(]-)
:P N e = C
{\/ 7 + 7 +Z+N>opx
P,— L(p,— D DIl — Dp, N/2p
<P{\/N (l)p + = b +\oP(1)|>acpx—l}

1/2
< P{\/]v’He’ > Ocpk — N ;i D — ‘0p(1)|}

<P{\/N|H6| >acpx( 52”’)—1—7706]0— |0p(1)|}

T

X

< P{{\/N|He’ > oo (1 — 52,10) + Noep — |0p(1)|} N {|0P(1)| < nch}}

xT

+P{{\/N|He| > oo (1l — ﬂ2,p) +N0ep — |0p(n)|} A {’OP(1)| S m}}
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T

< P{\/N|He| > oepr(1— 52’1’) +nocp/2}

+P{|oP(1)] > 77020”}

< P{\/N|He‘ > acpx(l — ﬁip)}
I B
acpx(l - )+nacp/22\/N|He| >acpx(1 . )
srfv] > 252

< P{\/N|He‘ > Ucpx(l — ﬁfcp)}

(for N large enough, considering that v NH, converges in distribution to a
random variable which has a distribution function Fp_(x) > 0 and considering
the convergence in probability to 0 of op(1) )

- 1= Bap/x
= P{W‘HJ > 02T7 T Ob(l)'y”z,p}

Pe_L(I)pe_D Dl_Dpe
l + 12

<P{\/JV

U2x1—ﬁ2’p/$}. ]

1 4 777271)

9.5 Practical applications

In this section, we study how the assumptions of the previous theorems are used
concretely and how one can apply them.

We are interested by the sequence of random bits b!(n’) built in section 11.2
: we assume that B!(n’) is a sequence of random bits satisfying

P{B'(n') =0 \ B'(n' + j2) = ba, ..., B'(n' + jp) = by}

273



Ob(1)a
VNgq '
where oo = 0.02, N= 1.000.000 and ¢y = 57 : € = a/\/Ngo = 0.000002649.

=1/2+0b(1)e=1/2 +

To simplify the notations, in this section we will replace Ngg by N. We keep
the notations of the previous sections: we study the sequence X,, introduced in
section 9.1 when it equal to the sequence B'(n’). Thus, we have the following
notations.

Notations 9.5.1 In this section we assume that X,, = B1(n’) is a sequence of
random bits such that

Ob()a
\/N ’

P{B*(n') =b | B'(n' + j2) = ba, ... B*(n/ +jp) = by} =1/2+
with a = 0.02, N= 57.000.000 : € = o/v/N = 0.000002649.

Now, the sequence C(j) defined in section 11.2 is Qd-dependent with Qd=22.
Therefore K = kg = 0 for ¢ > Qd.

Obviously, all Borel set Bog are intervals I if p=1. Then, in this section we
impose the following notations.

Notations 9.5.2 In this section, we keep the notations of this chapter. But,
we assume that Boy is an interval I : Boy = 1.

Then,

1) One can write €, = (1/2 +€)P — (1/2)P ~ 525 = 2.

2) On suppose p < Log(N)/log(2).

Indeed, the study of P. has none sense if p > Log(N)/log(2) : it is known
that it is useleess to study P{v/N|P, — L(Bo)| > opx} for IID sequences when
L(Bo) is too small.

It is no possible to test the independence of p variables in this case: the
samples are too small. For example a sample with 3 elements do not allow
to study the dependence between two random variables. Thus, if one uses the
chi-squared test, a sample with size Ny > 2P is necessary.

Example 9.5.1 Assume that N = 57.000.000, p < log(N)/log(2) < 25,7 .

9.5.1 Study of Theorem 9

Now, we study the assumptions of theorem 9.

Hypothesis 9.5.1 We assume also that the sequence B'(n') satisfies the the-
orem 9.
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Then, we have the following properties.

1) Obviously, LN(Bo) = (1/N) SN L, = (XN (L(Bo) + 0b(1)e,) =
L(Bo) + Ob(1)e,.

2) We remind 0% > A(p)L(Bo).

VN .
3) Then, 1, = VN[L~(Bo) — L(Bo)]/os(Bo) < A(p)Lz()BO).
Now VNe, ~ 2v/Npe ~ o 2YNPE o e
' VAWLBo) | JApLBozr | AP T AR
Then, generally

2pa
O = Apigere

4) Moreover,
N = zagemey | (0 — 2+ D)6 + 206y + (14 20) 2776, + 2] ) + kg0.1ey .

Then, if kg =0,
2_ € € — € 262
p v ESREN 20 4 9g20p)e 1 (14 2q)[21 P 4 + 432

2_ 2P 2e
~ o (op + 20208 + (14 29) 22 + 42¢]
2
~ e lop 1 (14 40) 32 + (14 20) €]

2A(p)VN
Remark 9.5.2 We impose the condition”e = a/vV N” because (1, < %.
p o

Therefore,
(r* —p+ 1)a[ 4p dp’e
————(2p+ (1+49)—= + (1 +2 —}

A VN P (1+4g)5, + (1 +20)—;
0.0000026(p* — p+ 1)

4p20.0000026}

4
[2p+(1+4q)—p+(1+2q) >

- 2A(p) 2p

<0.0413 .

Remark that if B!(n') is Qd-dependent, under simple assumptions, %WI:)(&)))

has asymptotically a normal distribution. It is the case under the assumptions
of our data.

Moreover, the 1;(B'(n’))’s satisfy condition H,,s (cf Notation 5.1.5 and
section 11.2.2). At last, by definition, E{[VN(P. — LN(I))]z} = o1(I)? is
indeed equal to o(u)?/N introduced in the CLT : cf notations 5.1.4. Therefore,

W has asymptotically the N(0,1) distribution.

Moreover, if B,, is IID, v N %}EEBO) has asymptotically the standard normal
distribution.
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We want that B,, behaves like an IID sequence.
We thus increase P{w > :c} by using theorem 9 :

1- ﬁl,p/xx) .

P{\/N‘Pe — L(Bo)| > UB(BO)x} < Kl( T+

Let H1 be the hypothesis 9.5.1. Under assumptions IID and H1, one has the
following tables of increases of P{\/N‘PE — L(Bo)| > UB(Bo)x} regarded as

function of (x,p).

(x,p) (LY [ (1,2) | (1,3) | (14) | (L) | (1,10) | (1,15) | (1,20)
Under 11D || 0.317 | 0.317 | 0.317 | 0.317 | 0.317 | 0.317 | 0.317 | 0.317
Under H1 || 0.334 | 0.359 | 0.356 | 0.357 | 0.346 | 0.340 | 0.361 | 0.380

(x,p) 20 | (22) | .(23) | (24) | (25 | (2,10) | (2,15) | (2,20)

Under IID || 0.030 | 0.030 | 0.030 | 0.030 | 0.030 | 0.030 | 0.030 | 0.030

Under H1 || 0.049 | 0.052 | 0.051 | 0.052 | 0.053 | 0.050 | 0.061 | 0.073

9.5.2 Study of Theorem 10
We keep the notations of section 9.3 with Bo; = I.

General case

First, we study the assumptions of theorem 10.
Hypothesis 9.5.2 We assume that the sequence B'(n') satisfies theorem 10.
Then, the following properties hold.

Lemma 9.5.3 The following equalities hold
D=ILN1I®J)— LI)IN(J)=0b(1)eL(J),
D=LN{I®J)— LIIN(J)=0b1)eN(J).
Proof By the lemma 4.2.1,
|B([11(X0) = L] 1(Xoi )} < eB{L (Xns s}

Then, the following relations hold :
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|[LN(I @ J) — L(I)IN(J)]
= (/W) X B{LI (X)L (X )} = (U/N) . LDE{Ly (X))
< (UN)| S B{[L(Xa) = LD Ly (Xas) -
(U/N)| By (X s}| < €(U/N) S B{Ly(Xnss} = a¥(J). W

IA

Lemma 9.5.4 Under the hypothesis 9.5.3, 0’ > %

Proof By definition o3 is the variance of \/N{P“ULA(,I&’;"‘*D + Dl]\l,ﬁ,'](?];f)p"} where

D=LNI®J)—LI)IN(J). We denote 02, instead of o3 when X, is IID .
In this case, LN (I ® J) = L(I)L(J) and [V (J) = L(J). Therefore D = 0.

Therefore 0‘ is the variance of v N [%(I))pe
Therefore, by our hypothesis 9.3.3, Ucp > (1/4)LL(SI))2L(J) - (1/L4()§)(I) _ %_ 1

Lemma 9.5.5 If n is small, approximately (32, ~ % .

Proof We have 3, ), = % + n where n > 0.
cp

Now,
N'2D  NY2aN(J) N2
N S N S
oepl™ (J) Tepl™ (J) Ocp
1/2 1/2
_ N2 8N'2aL(J) _ 160 o
= (1/8)/L(J) =  NY2  — 2p

Lemma 9.5.6 The following equalities hold : IN(J) = L(J) + Ob(1)ep—1 =
L(J)[1+ Ob(1)2¢(p — 1)].

Proof We have
= (1/N) Zz (1/N) ZE{lJ nti) = (1/N) > [L(J) + Ob(1)ep 1]

N

2¢(p—1)
9p—1

= L(J) + Ob(1)e,_1 = L(J) + Ob(1) = L(J)[1+Ob(1)2e(p—1)] . W

Lemma 9.5.7 One supposes that By, is Qd-dependent. Then,

2 _
€~ Ob2(1 [(p—l)[llp—i—lﬁ]—k 16(2q+1)2(§ p—l—l)} .
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Proof We have

1

eM(l) = 1/L(J) - 1/l = 1/L(J) — LN + 200(1)e(p —1)]

B 1 _ 14+20b(1)e(p—1) —1
=W - mpmep—n) = YA T s0mmep =1
O/ LI s

Then, M(l) = [1/L(J)|22%00E=0.

For ¢ = Qd = 57, we have Kp = 0. then

@z(U@FLUM«0+&§”u—2unrwwm@—nLuM«w

(p—-1) p+ 2+ 6e
*u—zw—lm[u—aw—lm
+8[p(p — 1)+ Kp/10]L(J)
l
SL(I)[L(J) + € 1]
l

+ 13}

+ [1+¢ 2¢+1)(p*—p+1)

20-10b(1) 8L(J)
LA —2ep—1)] LI - 2e(p—1)]
2(p—1)
L) —2e(p— 1))
(p—-1) p+ 2+ 6e
*u—zw—lm[u—aw—lm

8[p(p — DIL(J)Ob(1)
L(J)[t —2e(p — 1)]

= (1/2)|2L(J)

+(3/2)(p — 1)Ob(1) L(J)

+ 13}

8L(J)[L(J) + €p-1]Ob(1)
L(J)[1 = 2¢(p - 1)]

+ [1+¢ 20+ 1D)(P* —p+1)
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~
~

2

_ 4(p —1)Ob(1)  3(p —1)20b(1)
_(Umll%@1)+ e 1)

(r—1) P+ 2+ 6e
Ti-2-1)d [[1 =1 13]
Sp(p — 1OM(1)
1—2¢(p—1)
8[L(J) + €p-1]Ob(1) )
+ [1+¢] e — 2¢+1)(p* —p+1)

2(1—2(p— )e) [4(17 —1)Ob(1) + 3(p — 1)*0b(1)
p+ 2+ 6¢
+(p—-1) [m 13}
+8p(p — 1)Ob(1)

+[1+ Ob(1) [B[L(J) + ep1]1(2¢ + 1)(p* —p+1)

{4(}) —1)Ob(1) + 3(p — 1)20b(1) + (p — D[(p + 2) + 13]}

+8p(p — 1)Ob(1) + 8Ob(1)L(J)(2g + 1)(p* —p + 1)]

(0= D[4+3(p— 1)+ [p+15]+8p] + 162¢+ D0° —p+1)

op

T {(P —1)[12p + 16] + W} =
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Lemma 9.5.8 One supposes that B, is Qd-dependent. Then,

8op(J)? 2 8
0, ~ ULB(f])) +16(p* —3p+3)(p— L)e|1 + +

2p—1 = 2p-1

Proof We set ¢ = Qd = 57. We have K = kg = 0. Then, the following
relations hold :

8055(J)*L(J)
Qp:l72
8,1 L(J 8eap_2L(J
<Hﬁ—3p+@fiﬁijwwﬁ—3p+@&@3@§}Ll
8[2* Pep1+ep_1]L(J)  0.8kpe,_1L(J
=34 31+ 29) p32p1}()+ “;1<>

- 80‘B(J)2
L)

8[2(2p — 2)¢/2% 7]
L(J)
8[227P[2(p — 1)e/277 1] + [2(p — 1)e/2P71]?]
L(J)

8(p? —3p +3)[2(p — 1)e/2P" "]
L(J)

+ +(»* —3p+3)(29)

+(p* = 3p+3)(1 +2¢9)

- 80’B(J)2
L)
8[2(2p — 2)¢]
op—1
8[212(p — 1) + [2(p — 1)]*¢*]
22(p=1L(J)

+16(p> — 3p+3)(p — 1)e + (p> — 3p+ 3)(2q)

+(p* —3p+3)(1+2¢)

- 8UB(J)2
T L)

32(p—1)e

+16(p* = 3p+3)(p — De + (P = 3p + 3)(20) =,

32(p — 1)e + 32(p — 1)%€?]
2r—1

+(p* = 3p+3)(1+2q)
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- SUB(J)Q

()
F(? —3p+3)(p—1)e|16 + 322153?) Y1+ 2q)32+322p(—f)1_1)6]}

- 80’3(J)2
T L)

49 21+ 2q)}

2
+16(p° —3p+3)(p — 1)6[1 + T =

-~ 803(J)2
T L)

2 8¢q

2
+16(% = 3p+3)(p— Ve[l + 55 + 57| - W

Then, one will adopt the following assumption : cf section 9.7.

Hypothesis 9.5.3 One supposes that og(J)* < 4L(J).

Study under the assumptions of section 11.2

Now, we study the numerical results obtained with the data used in section
11.2: € = a/V/N = 0.000002649 , L(J) = 2' 7.

Then, 2ys,, = 6(2517 +2[1 + €& /0, + eﬁp)} and B, ~ 1828

Then, for p > 3, we have the following increases.

p 3 5 10 15 20 32

& 1176 | 987.3 | 681.5. | 1275.3 | 2242.5. | 2959.1
0, 32 33 40 58.3 98.8 136.4
v2,p || 0.018 | 0.015 | 0.010 | 0.0023 | 0.035 0.047

Remark that, if B, is Qd-dependent, in many cases, the distribution of
d VN ($—L(1))
¢ o2 (1)
assumptions of our data.
By refering to the proof of theorem 10 in section 9.3.7, we deduce of it that
Pe _
w has asymptotically a normal distribution if v N (W) +
VN % has asymptotically a normal distribution.

is close to a normal distribution. It is the case under the

It is the same when B,, is IID.
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P p—
Proposition 9.5.1 Suppose that B,, is IID. Then, \/N”e (ng ) has asymptot-

ically the standard normal distribution

Proof By our assumptions, D = 0.
We keep notations 9.1.1 : op(1) Zo. Then,

Pe — L(I)pe
w0

\/N(E - L(n) = VN(

Pe
_\F(w)+f(13 L(I)p )[pi_ﬂ

P. — L(Ip.
Pel '

:W(Pe—f(f)pe)_\/ﬁ(pe_l)

By our assumptions vV N(pe — [) is asymptotically normal. Moreover, P, —

L(Ip. £ 0and Del L
Then,

\/N(E - L(1)) = m(w) +op(1).

Pe l

Moreover, v N (%(ll)pe) is asymptotically normally distributed.
cp

Then, if B, is IID, v/ N2e—— pcf L) has asymptotically the standard normal
distribution.

We want that B,, behaves like an IID sequence.

Then, we increase P{w > x} by using theorem 10 :

Tcp

1— 627p/$x)
1 +’V2,p

P{YN]SE - 10| > 7 2} < o

if N is large enough.

Then, we have the following table of P{M > 3:} regarded as

Ocp

function of (p,x)

(xp)) || (1,2) | (1,3) | (1,4) | (1,5) | (1,10) | (1,15) | (1,20)
Sous IID || 0.317 | 0.317 | 0.317 | 0.317 | 0.317 | 0.317 | 0.317
Sous H1 || 0.332 [ 0.334 | 0.330 | 0.324 | 0.319 | 0.335 | 0.346
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(x,p) (2,2) | (2,3) | (24) | (2,5) | (2,10) | (2,15) | (2,20)
Sous IID || 0.030 | 0.030 | 0.030 | 0.030 [ 0.030 | 0.030 | 0.030
Sous HI || 0.053 | 0.055 | 0.052 | 0.049 | 0.049 | 0.050 | 0.054

9.6 First assumption about variances

In this section one wants to know if assumption 9.3.3 holds in all the cases. One
thus places oneself under the following assumptions.

Hypothesis 9.6.1 One supposes that X,, is IID, X,, € {0,1}. Then, one sup-
poses that Bo is an interval I : Bo=I .

We set V2 = NE{(P. — L(I)p.)*}.
Thus, one wants to know if the following assumption is satisfied.
V2 = NE{(P. — L(I)p.)?} > (/) LU)L(]) .
First, this assumption is always satisfied for some sequences j, , for example
if j, is increasing : cf 9.6.2 below.
As a matter of fact, this assumption is probably all the time satisfied. But
to prove it risks to be complicated considering the complexity of each case as

soon as p increases a little. For better revealing the reasons why assumption
9.3.3 probably holds always, one uses the following lemma.

Lemma 9.6.1 Under the previous assumptions,

N2E{(Pe - L(I)pe)2}

=> E{[1/(Xn) = L)1 (Xn4;) }

+3 3 12200 | RIC. PRI 1) | RVIC SRPR] ) —

n s s#l,;m=n+js,n=m+j u#s v#L

Proof We have the following equalities
N2E{(Pe - L(I)pe)2}
= N2E{[(1/N) 3 1r(Xa) Ly (Xns) = LIY(/N) D 1o(Xns)] )
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= B{[ Y [11(X,) — L)]15(Xn47)])*}

n

= > B{[Lr(Xn) = L)Ly (X)) [1r(Xin) = L)L (X))

=3 B{[L(X0) — L)1y (Xosy)}
+Z Z E{[H l-f(Xn+ju)} |:H]-J(Xm+jv):|} ...................

n s: s#El,m=n+js,n=m-+j u#s v#£L

................................ E{[11(X)~L(D1, (X)) }E{ 11 (X) = L(D)]1s, (X)) .

Therefore, hypothesis 9.3.3 is statisfied if j; is increasing.
Lemma 9.6.2 One supposes that the sequence j, is increasing. Then
NE{(P. — L(I)p.)?*} = L(I)[1 = L(1)]L(J)

Proof We have {s #1: m =n+ js,n =m + j;} = (). Therefore,

N?E{(P. = L()pe)*} = Y E{[1:(Xy) — LDP*1,(X1;)}

= 1) Y B{[L(Xa) - LD} = L) Y (L) — L(1)?) . ™

n

In order to study the general case, one rewrites the sequence js by the
following way.

Notations 9.6.1 One rewrites the sequence js by using to sequences j. > 0
and 77+ > 0, where {js} = {—77:} U {j.} : that is the sequence {js} =
{""7 _j”27 _.j”lujlajiajéa }

One rewrites the sequence J; by using two sequences J!. and J”¢ correspond-
ing to the sequences j. and —j"¢ : {....J” o, J" _1, Jo, J1, Jb, ...}

With these notations, one has the following property.

Lemma 9.6.3 The following equality hold :

B{[1:(Xn) = L)Ly (Xon5.) FB{ [L1(Xon) = L)L (Xns,) | = 6(1/16)

where  =1s1J =J" and 6 = -1 if J” £ J .
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Proof We have
E{[11(X0) = LD (Xon5.) B (L1 (Xn) = LD (Xns,) |
= B{[11(X0) = L)Ly (Xa) }E{ [L1(X) = L)Ly (X)

Moreover,
B{[L1(X,) = LN (Xa) }

= B{[lnr (X,) = LUL(") |

= B{[Lrn (X,) - 1/4}

=0-1/4ifINJ" =0, ie. if [ #.J7
=1/2-1/4if [ = J.

We deduce the result. B

Therefore,
NE{(Pe - L(I)pe)g}

= (1/9LJ) + ) > (0s/16)H(s)L(J) ,

n s:s#,m=n+js,n=m+j,

where H(s) is a function of s.

If H(s) > 0, that increases the possibility that NE{(P. — L(I)p.)*} >

(1/4)L(I)L(J).

If H(s) < 0, that decreases it. It will be the case when J' # J”.
In all the examples which we studied, we have obtained N’ E{(P.—L(I)p.)?} >

(1/4)L(I)L(J). It is thus very probable that this assumption is always satisfied.

To support this assertion, one now will study some examples. One will

represent them by graphs with the following definitions.

Symbols 9.6.4 In the following graphs, for n fized, the first line represents the
n+js, s=1,2,...,p, around point n.

The points ”x” represent the points t # n + js, s=1,2,...,p.

The symbol ” O represents the point n : n =n+ j1 =n avec I = {0}
The symbol 70" represent the points n + js : Js = {0},

The symbol 71”7 represent the points n + js : Js = {1}.

The second line represents, for a "m” fized, the m + js, s=1,2,...,p, around

the point m with the same notations : e.g. the points "x” of the second line
represent the points t # m + js, s=1,2,...,p.
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We set Mini = L(TI)L(J)/4 = L(J)/8.

In the first examples, J; = {1} : that corresponds to the j; positive. More-
over, J”, = {0} that corresponds to the js; negative. Finally one supposes
I ={0} . In example 9.6.6 j; =0+ 1. Therefore, p=3.

In theses example we compute (05/16)H(s)L(J) for each case, i.e. for each
values of ”s”.

Example 9.6.5 It is the case where js is increasing. In this case, the variance
V2 is equal to L(J)/4 .

Example 9.6.6 One supposes {js} = {—1,0,1}, I = {0} , J"¢ = {0} for t =
-1, J. = {1} for r=1.

Therefore the points of each line are represented by x 0 O 1 x .
Moreover, L(J) =272 | L(I)L(J) =273, (1/4)L(I)L(J) = 275.
Case 1 : Result = (—1/16)272 .

x 0 O 1
0 O 1 x

Case 2 : Result = (1/4)L(J)

0 O 1
0 O 1

Therefore, altogether : V2 = (1/4)L(J) —2x(1/16)272 = (1/16) — (1/32) =
1/32 = (1/4)L(I)L(J) = Mini. B

Example 9.6.7 One supposes {js} = {—2,-1,0,1,2}, I ={0} , J’; = {0} for
t=-2,-1J.={1} forr=1,2.

Therefore the points of each line are represented by x 000 11 x .
Moreover, L(J) = 2% | L(I)L(J) =275, (1/4)L(I)L(J) =27".
Case 1 : Result =0

0 O 1 1
1 1

X X

x x 0
0 0 O

Case 2 : Result = (—1/16)27% .

0 O 1 1
0 1 1 x

0
0

X
0
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Case 3 : Result = (1/4)L(J)

0 0 O 1 1
0 0 O 1 1

Therefore, altogether : V2 = (1/4)L(J) — 2 * (1/16)2=* = L(J)[(1/4) —
(1/8)] = L(I)[(1/8)] = L(I)L(J)/4 = Mini. ®

Example 9.6.8 One supposes {js} = {—2,-1,0,1,2}, I ={0} , J" o =J] =
{0} and J"_1 = J; = {1} .

Therefore the points of each line are represented by x 01 O 0 1 x
Moreover, L(J) =274 L(I)L(J) =275, (1/4)L(I)L(J) = 27",

Case 1 : Result =0

x x 0 1 O 0 1
01 O 0 1 x x
Case 2 : Result =0
x 01 O 0 1
0 1 O 0 1 x
Case 3 : Result = (1/4)L(J)
0 1 O 0 1
0 1 O 0 1
Case 4 : Result =0
0 1 O 0 1
0 1 O 0 1
Case 5 : Result =0
01 O 0 1 x x
x x 0 1 O 0 1

Therefore, altogether : V2 = (1/4)L(J) > Mini. R

Example 9.6.9 One supposes {js} = {—2,-1,0,1,2}, I ={0} , J' o= J} =
{0} and J"_1 = J; ={1} .
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Therefore the points of each line are represented by x 0 1 O 1 0 x . Moreover,
L(J)=2"*  L(I)L(J) =275, (1/4)L(I)L(J) =27".

Case 1 : Result = (1/16)(1/2)L(J)

x x 0 1 O 1 0
01 O 1 0 x x
Case 2 : Result =0
x 01 O 1 0
0 1 O 1 X

Case 3 : Result = (1/4)L(J)

01 O 1 0
01 O 1 0

Case 4 : Result =0

Case 5 : Result = (1/16)(1/2)L(J)

01 O 1 0 x x
x x 0 1 O 1 0

Therefore, altogether : V2 = (1/4)L(J) + (1/16)L(J) > Mini. B
Example 9.6.10 One supposes {js} = {-3,-1,0,1,2}, T = {0} , J'_o =
T =10} and J'_y = J| = {1} .

Therefore the points of each line are represented by par x 0 x 1 O 10 x .
Moreover L(J) =2"%, L(I)L(J) =27° , (1/4)L(I)L(J) = 277.

Case 1 : Result =0

X

X x 0 x 1
0 x 1 O 1 0

Case 2 : Result =0

x x 0
0 x 1

o~
—_

Case 3 : Result =0
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x 0 x 1 O 1 0
0 x 1 O 1 0 x
Case 4 : Result = (1/4)L(J)
0 x 1 O 1 0
0 x 1 O 1 0
Case 5 : Result =0
0 x 1 O 1 0 x
x 0 x 1 O 1 0
Case 6 : Result =0
0 x 1 O 1 0 x x
x x 0 x 1 O 1 0
Case 7 : Result =0
0 x 1 O 1 0 x b'e
x x x 0 x 1 O 1 0

Therefore, altogether : V2 = (1/4)L(J) > Mini. R
Example 9.6.11 One supposes {js} = {—2,—-1,0,1,2}, T = {0} , J'_o =
J_1=J,={0} and J; = {1} .

Therefore the points of each line are represented by x 0 0 O 1 0 x . Moreover,
L(J)=2"*  L(I)L(J) =275, (1/4)L(I)L(J) =27".

Case 1 : Result =0

0 O 1 0
1 0

X X

x x 0
0 0 O

Case 2 : Result =0

0 O 0
0 1 b'e

1
0

Q|

X
0

Case 3 : Result = (1/4)L(J)

O 1
O 1

0 0 0
0 0 0

Case 4 : Result =0
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Case 5 : Resul

t
0
X

X
0 O 1 0

Therefore, altogether : V2 = (1/4)L(J) > Mini. B
Example 9.6.12 One supposes {js} = {-3,-2,—1,0,1,2,3}, I = {0} , J"; =
{0} for t =-3,-2,-1, J. = {1} for r=1,2,5 .

Therefore the points of each line are represented by x xx 0000 111 .
Moreover, L(J) =276 | L(I)L(J) =277, (1/4)L(I)L(J) = 27°.

Case 1 : Result = 0.

x x x 0 0 0 O 1 1 1
O 0 0O O1 1 1 x x x

Case 2 : Result = 0.

0 0 0O 1 1 1
0 1 1

0
O

X X
0 0

Case 3 : Result =(1/4)(—1/4)27¢ = —(1/16)L(J)

x 000 O 1 1 1
0 00 O 1 1 1 x
Case 4 : Result = (1/4)L(J)
0 00 O 1 1
0 0 0 O 1 1 1

Therefore, altogether : V2 = (1/4)L(J) — 2 % (1/16)L(J) = (1/8)L(J) =
(1/4)L(I)L(J) = Mini .|

Example 9.6.13 One supposes {js} = {—4,-3,—-1,0,1,2,3}, I = {0} , J"; =
{0} for t = -3,-2,-1 J. = {1} for r=1,2,3 .

Therefore the points of each line are represented by x xx00x00111.
Moreover, L(.J) =276,

Case 1 : Result = 0.
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X

0 0 x
x 0 O 1

X X
0 0

=)
= o
—
—
—

Case 2 : Result =0

o

0
1

= o

0 x
0 O

X X
0 0

"

Case 3 : Result = (1/16)277 = —(1/16)L(J)/2

0 0 0 O 1
0 x O 1

O™

X
0

Case 4 : Result = (1/4)L(J)

(
00 x 0
0 0 0

Case 25 : Result = (1/16)277 = —(1/16)L(J)/2

0 0 x 0 O 1 1 1 x
x 0 0 x 0 O 1 1 1
Case 6 : Result =0
0 0 x 0 O1 1 1 x x
x x 0 0 x 0 O 1 1 1
Case 7 : Result =0
0 0 x 0 O 1 1 1
x x x 00 x O O 1 1 1

Therefore, altogether :

V2 = L(J)/4 — 2% (1/16)L(J)/2 = L(J)/4 —

L(J)/16 = 3L(J)/16 = (3/2)[L(I)L(.J)/4] > Mini. &

Example 9.6.14 One supposes {js} = {—4,-3,—-1,0,1,3,4}, I = {0} , J"; =

{0} for ¢t =-3,-2,-1 J. = {1} for r=1,2,8

Therefore the points of each line are represented by x x x 0 0x00 1x11.

Moreover, L(.J) = 275.

Case 1 : Result =0

X

0 x O
1 x 1

0
O

b
0

X X
0 0 x
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Case 2 : Result = —(1/16)278 = —(1/16)L(J)/4

x x x 0 0 x 0 O 1 x 1 1
0 0 x 0 O 1 x

Case 3 : Result =0
0
x

X X 0 x 0 O 1 x 1 1
0 0 0 O 1 x

Case 4 : Result = —(1/16)278 = —(1/16)L(J)/4
0 0
0 x

X
0

O 1 x 1 1
1

x 0
0 O

Case 5 : Result = L(J)/4

0 0 x
0 0 x

0 O 1 x 1 1
0 O

Therefore, altogether : V2 = L(J)/4 — 4 x (1/16)L(J)/4

L(J)/4 —
L(J)/16 = 3L(.J)/16 > Mini. B

Example 9.6.15 One supposes {js} = {—6,-3,-1,0,1,3,6}, [ = {0}, J"; =
{0} for t = -3,-2,-1 J. = {1} for r=1,2,3 .

Therefore the points of each line are represented by
xxx0xx0x001x1lxx1.

Moreover, L(.J) = 275.

Case 1 : Result =0

X x x x x x 0 x x 0 x 0 O 1 x 1 x x 1
0 x x 0 x 0 O 1 x 1 x 1

Case 2 : Result = 0 (because O)

X x x x x 0 x x 0 x 0 O 1 x 1 x x 1
0 x x 0 x 0 O1 x 1 x x 1 x x x x X
Case 3 : Result = 0 (because O)

x x x x 0 x x 0 x 0 O 1 1 x x 1

0 x x 0 x 0 O1 x 1 x x 1 x x x X
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Case 4 : Result = —(1/16)278 = —(1/16)L(J)/4

x x x 0 x x 0 x
0 x x 0 x 0 O 1

Case 5 : Result = 0 (because O)

x 0 x x O
0

X 0 O1 x 1 x x 1
0 x x 0 x 1 x

X
O

Case 6 : Result = —(1/16)2710 = —(1/16)L(J)/16

0 x x 0 x 0 O1 x 1 x x 1
x x 0 x 0 O 1

X
0

Case 7 : Result = L(J)/4

X X X 1 x 1 x x 1

0 0 0
0 x x 0 x 0

0)
0)

1 x 1 x x 1

Therefore, altogether : V2 = L(J)/4—2%(1/16)L(J)/4—2%(1/16)L(J)/16 =
L(J)/4 = (5/8)L(J)/16 = (L(J)/4)[1 — (5/32)] = (L(J)/4)(27/32) > Mini. B

Example 9.6.16 One supposes {js} = {-3,-2,—1,0,1,2,3}, I = {0} , J"; =
{0} for t =-8,-2, J”y = {1} for t = -1, J. = {0} for r=1, J. = {1} for r=2,5.

Therefore the points of each line are represented by x xx0010011.
Moreover, L(J) =275 | L(I)L(J) =277, (1/4)L(I)L(J) = 27°,

Case 1 : Result = (—1/16)278

X X 0
0 01 O 0 1

Case 2 : Result = 0.
x x 0 0 1 O 0 1 1 x
0O 01 O 0 1 1 x x x
Case 3 : Result =0
x 0 01 O 0 1 1 x x
0 01 O 0 1 1 x x x

Case 4 : Result =(1/4)L(J)
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0 0 1
0 0 1

0]
0]

Therefore, altogether : V2 = L(J)/4 — 2% (=1/16)27% = L(J)[(1/4) —
(1/32)] = [L(J)L(I)/4][2 — (1/4)] > Mini. &

Example 9.6.17 One supposes {js} = {—3,-2,-1,0,1,2,3}, I = {0}, J"; =
{0} for t = -3,-2,-1, J. = {0} for r=1, J. = {1} for r=2,3.

Therefore the points of each line are represented by x x x 000001 1.
Moreover, L(.J) =276

Case 1 : Result =0

0 0 O 0 1 1
0 1 1 «x

X X

x x x 0
0 0 0 O

Case 2 : Result =0

x x 00 0 O 0 1 1
0O 0 0 O 0 1 1 x x
Case 3 : Result =0
x 0 0 0 O 0 1 1
0O 0 0 OO0 1 1 x
Case 4 : Result = (1/4)L(J)
0O 0 0o O 0 1
0O 0 0 O 0 1 1
Case 5 : Result =0
0O 00 O 0 1 1
x 00 0O O 0 1 1
Case 6 : Result =0
0 0 0o O 0 1 1
x x 00 0 O 0 1 1
Case 7 : Result =0
0 00 O 0 1 1 x x x
x x x 0 0 0 O 0 1 1
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Therefore, altogether : V2 = L(J)/4 > Mini. R

Example 9.6.18 Ezxample 9.6.6 is made more complez.

In order to make more complex this example, one adds ”0” and ”1”.

The worst case is that where it is necessary to subtract 2xL(J)/16 = L(J)/8.
Then, it is understood that it is necessary to add 0 on the left and 1 on the
right in order to remain in the case where V2 is minimal. If not, the result of
this addition will be null. On the other hand, if one adds n ”x” between the 0
or the 1, one will decrease the value which one has to substract: one will obtain
[2% L(J)/16]/2", 1 < n/ < n.

Finally, one always obtains V2 > (1/8)L(J).

But this is not a complete proof. If one wants to be surer about used result,
one can choose increases weaker, for example V2 > (1/16)L(.J).

9.7 Second assumption about variances

9.7.1 Study of variances

Now we study the hypothesis 9.5.3. We keep the notations of section 9.3 : X,
is an IID sequence of bits and J = J; ® ... ® Jpy C {0,1}? where p’=p-1. One

2
reminds that op(J)? = (l/N)E{(Zgzl(lJ(X;L) - L(J)])
The strongest increase of the assumption 9.5.3 takes place when all the J;’s

are identical, which we will thus suppose.
Then, in this section one wants to prove the following assumption.

Hypothesis 9.7.1 Let p’=p-1. One supposes that J, = {bs}, bs € {0,1}.
Then, one supposes that op(J)? < 4L(J).

In this section, one will understand why this assumption seems correct.
First, by the proof of lemma 9.2.4, we know that

o) = (1N X0l (Sonesrin ELLI (XL (X0} = S cnn LID?).
Moreover, by lemma 9.2.3 , o5(J)? < (p2 —p+1)L(J) .

Of course the hypothesis 9.7.1 is a much better increase. One will under-
stand why it holds.
First, it holds for p’=1, op(J)? = L(J)[1 — L(J)] = L(J)/2 .

In the general case, there is first the following proposition.
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Proposition 9.7.1 Let Iy € N*. Suppose that js = (s — 1)lp for s =1,2,...,p".
Then
> B{1,(X))1(X],)} <3L(J) .
meH (n)

Proof Let G, ,, = {n+ji | n+jr=m+js, s=1,..,p; t=1,..,p'}. Then,
for n < m,

ifm=n+ @ —1ly, Gom ={n+ @ — 1)},

ifm=n+p —2)lo, Gnm ={n+ @ —2)lo,n+(p—1)lo}

ifm=n+rl,0<r<yp, Gum={n+rlo,n+ (r+ o, ....n+ (p' — 1)}

ifm#n+rl, 0<r<p G,m=>0.

Suppose J; = {b} for s=1,2,....,p°, b € {0,1}. Then, because L(J) = 1/2”/,
if m=n+(p' = Vlo, BE{1;(X})1,(X},)} = L(J)/2"' !
if m=n+ (p —2)lo, B{1,(X)1,(X},)} = L(J)/2" 2

if m =n+rly, E{1;(X,)1;(X.)} = L(J)/2"
if m#n+rlo, E{1,(X/)1;(X})} = L(J)/2"".

if n > m, we obtain the same type of results.

Then,
S [B{L(X)1(X)} — L)
meH(n)
< L(J)+2L(J)[1/2+1/2% + ...+ 1/27 1]
< L(J)+2L(J)=3L(J) =

In this case, card(H (n)) = 2p’ —1. One can understand by numerical studies

that it is the case where }-, E{1,(X})1,(X],)} is maximum.

It is understood easily that this result becomes widely usable in the following
way.

Proposition 9.7.2 Suppose that js = (s — 1)ly for s = —p1,—p1 + 1,... —
1,0,1,2,...,p2 where ps > 0. Then

> B{1,(X))1(X],)} <3L(J) .
meH (n)
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Now, we study the minimal case.

Proposition 9.7.3 Let p’ > 2. Suppose J, = {b} for s=1,2,...,p. Suppose
card(H*(n)) = p'? — p'. In this case,

Yo B{L(X)1(X))} < [LO)/2107 = p)/27) + L(J) < (11/8)L(J).

meH (n)

Proof If card(H*(n)) = p'? — p/, then, E{1,(X})1,(X},)} = L(J)?/2 :
otherwise card(H*(n)) < p> —p’ (simplest to understand it is to make graphs).

Therefore,
> B{L(X)1,(X)}
meH*(n)
= (0 =)L) /2 = [0 - 9') /2" |L(T)/2 < (3/8)L(J).
Therefore,

Yo B{L (X)X, = 07 = p)/2)(L()/2) + L(T) < (11/8)L(J). W

meH(n)

It is the case where }_ () E{1,(X})1,;(X],)} is minimal.
Finally, in the numerical studies, one understands that the maximum is
reached when card(H(n)) = 2p' — 1 : og(J)? < 3L(J).

9.7.2 Study of ¢

In some cases, 7, defined in theorem 9 is too big. Indeed, in equation 9.2 in

the proof of lemma 9.2.8, the increase ® < (1/N) Zﬁ[:l > me(n) Ob(1)ep is not
fine enough.
Indeed, study

l/N Z Z [E{IBO(XVL)IBO(X'NL)}_E{IBO(X':L)IBO(X;”)}:I .

n=1meH (n)

Now we suppose that X, is a sequence of bits. Therefore, Bo; = {b} where
b=0 or b=1.

First, let us use again the equation 9.1 in the proof of lemma 9.2.6 : there
exists a sequence is s=1,....p’, p’ < 2p and a sequence of Borel sets Bo,, s=1,...,p’
such that

150(Xn) 130(Xm) = 15of (Xa)Lpo (Xntis)-oo Lot (X, ) -

Therefore, |E{IBO(Xn)IBO(Xm)} — E{lBO(X;I)lBO(X;n)H < €.
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To calculate the p’, we should use results of the same type that those of
section 9.7.1. Of course, for sequences of bits, the case which it should be
studied is that where Bo, = {b}.

First, let us interest in the case where ¢ is maximum.

Proposition 9.7.4 Let Iy € N*. Suppose Bos = J = {b}, for s=1,2,...,p. Let
¢(p) = 3%+2pr1 2040) - Suppose that j, = (s— 1)l pour s = 1,2, ...,p. Then

r=1 2p+r
P < c(e)eC(p)

where c(€) > 1 and c(e) ~ 1.

Proof One uses again the technique used in proposition 9.7.1.

If m = n, ].BO(Xn)lgo(Xm) = 1J(Xn)1J(Xn+lo) ....... 1.](Xn+(p—1)lg)~ Then,
p’=p.

Ifm=n+1, 1Bo(Xn)1Bo(Xm) = 1J(Xn)1J(Xn+l0) ..... lJ(XnerlO)1J<Xn+(p+1,1)lo).
Then, p’=p+1. It is the same for m=n-1.

If m:n—H", 1BO(Xn)1Bo(Xm) = 1J(Xn)1J(Xn+l0) ....... 1J(Xn+(p+7,,1)lo). Then,
p’=p-+r. It is the same for m=n-r.

If m=n+p-1, 1Bo(Xn)1Bo(Xm) = 1J(Xn)1J(Xn+lo) ....... lJ(X”J'_(Qp_l_l)lU). Then,
p’=2p-1. It is the same for m=n-(p-1).

Then,
O < e+ 2[ept1 + €pta + e + €ptp—1]
Ne[gp 2<2(p+1) 2(p+2) 2(p+p—1)>}
o op+1 op+2 T op+p—1
<eC(p) W

Lemma 9.7.1 The following inequality holds

10p — 4
¢(p) < o
Proof The following inequalities hold
2p 2(p+1)  2(p+2) 2(p+p—1)
W <5+ T+ g ot )

< 2P 4 yiop— 1) 1 L
_27‘1'(]?— )(ﬁ“rmﬁ- ..... "FW)
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< 2p  4(2p-1) (2)

- 90 9p+1
. 2£+4(2p—1) < 2p+8p—4 < 10p — 4 ™
= 9 2P 2P 2P

Now, let us interest in the case where ® is minimal.
Proposition 9.7.5 Letp’ > 2. Suppose that J; = {b}, for s=1,2,...,p. Suppose
card(H*(n)) = p? — p. In this case,

c(€)2(p® — p)(2p — 1))e
22p—1 ’

¢ <

where c(€) > 1 and c(e) ~ 1.

Proof One uses again the technique used in proposition 9.7.3. If card(H*(n)) =
p'? — p', then 15,(X,)150(X.m) = 1Bo, (Xn)lBo’Q(Xn+i2) ....... 130;/ (Xn+ip/) ,
with p’=2p-1 : otherwise card(H*(n)) < p'?> — p'.
Therefore,
‘ Z [E{lBo(Xn)lBo(Xm)} - E{IBO( )1BO(X H < p _p)€2p 1 -
meH*(n)

Therefore,

® < c(e)(p* — p)

Finally, in the numerical studies, one understands that the maximum is
reached when card(H(n)) =2p—1: ® < ¢(e)e(p).

Then, one can write the following proposition.

Lemma 9.7.2 Let ¢'(p) = 2p+ 2371 & p”). We keep the notations of the
proof of lemma 9.2.8 .

Let
;o () (pe  (P* —p+1)(29)e,
T =940 T 24(p)L(Bo)
(p* —p+1)(1+2q) b, 2 (kB/10)e,
T aapnme el S B
Then,

o7 =og[1+0b(1)2v ] .
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Proof In this case, with the notations of the proof of lemma 9.2.8 and if X, is
g-dependent,

2
01

=05+ +(p* —p+ 1)(2¢)Ob(1)eq),
+(p® —p+ 1)(1+2q)0b(1) [2' P, + €2] + (0b(1)kp/10)e,

(p* —p+1)(2¢)0b(1)ez,,

= a%’ {1 + Py + g
B B
(p2 —p+;)(1—|—29)0b(1) [2171761)_'_65} 4 W}
o3 o
— g2 {1 + o (p* —p+1)(29)0b(1)ea,
BT A(p)L(Bo) A(p)L(Bo)
(P* —p+1)(1+29) 1-p, 4 2 (0b(1)kp/10)€p
ApiEBe O e+ 4]+ ]

Then, we have the following approximation.

Lemma 9.7.3 We assume that X,, is a sequence of q-dependent bits satisfying
e = —2—. Then,

\/QON
¢'(p)ex (P —p+1)a 4p 4p?e
S 14+49)— 4+ (1+2
Tp 2A(p)vVqo N 2A(p)vVao N [( +4q) op +(1+29) op

Proof By our assumptions, L(Bo) = 1/2P, kg = 0 considering X,, is g-
dependent. Then,

_ e, 0F—pt D20
P Ap) A(p)L(Bo)

(p* —p+1)(1+29) (kp/10)e,
A(p)L(Bo) A(p)L(Bo)

271

+ [21_p€p + e]ﬂ +

L (PP~ p+ 1(20)2Cp)c
AGp) Ap)L(Bo)2%

~

. e (p)e
(
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(»* —p+1)(1+29) [217;7% 4p*e?

A(p)L(Bo)

_ e,

2p 22p

(r* —p+1)(29)(4p)e

A(p)

A(p)2r

A(p)

(P* —p+1)(1+29) [% 4p262]}

2p 2p
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Chapter 10

Study of some files

10.1 Introduction

In this chapter, we study the data resulting from certain electronic files, espe-
cially from texts. By a study of these data based on logic, we will understand
that one will be able to conclude that they behave like asymptotically indepen-
dent sequences (and even Qd-dependent sequences).

We understood that, to build z,,, we use a sequence y,, which one can regard
as a realization of a sequence of random variables.

In this chapter, we denote by y,, a such sequence and by Y,, the associated
sequence of random variables defined an a probability space (Q, A, P) : there
exists w € Q such that, for all n, y,, = Y, (w) for all n=1,....N .

We do not impose that the Y,, are independent or identically distributed.
But it is useful that the CLT is satisfied.

As a matter of fact, there are many data which are appropriate to obtain the
sequences b'(n’) built in chapter 11 . But we want to be sure that the previous
hypotheses holds. That restricts the numbers of possible data.

10.2 Existence of satisfactory datas

10.2.1 Definition

At first, we had to know when a sequence ¥, can be regarded as a realization
of a sequence of really random variables : y,, = Y, (w) for all i=1,....N .

First, any sequences of reals numbers can be regarded as a realization of a
sequence of random variable of a certain type (completely deterministic, I1ID,
etc) : this sequence of random variable is the model. But this model is correct
with a some probability.
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Then, to suppose "y,, = Y,,(w)” is a traditional scientific assumption if the y,
represents a physical phenomenon. One wants thus to show in an unquestionable
way that it is also the case when y,, is resulting from certain electronic files

As a matter of fact a such sequence is simply a not-determinist sequence :
that is to say, a sequence such that it is impossible to predicte fully ,,4,, when,
one knows y1, 42, ...... s Yn -

Now in order that the CLT holds, we impose that there is an asymptotic
independence. Of course, a such sequence is non-determinist. Indeed, in this
case, the sequence is not completely predictable.

10.2.2 Objections

But is what such sequences v, exist? It is a physical question. It is almost
a philosophical question. As a matter of fact, some people claimed that there
does not exist finite random sequences : e.g. cf [1] page 167.

It is due partly so that any sample of a sequence of random variables can be
regarded as fully determinist. Indeed the following proposition is obvious.

Proposition 10.2.1 Let x,, n=1,...,N, a sequence of real numbers. Then,
there exists a function g : {1,2,..., N} — R such that for alln € N, x,, = g(n).
Moreover, there exists p and a function g : RP — R such that for all n €
{1,2,...; N = p}, Zpip = f(@n, Tty ooy Tn—pi1)-

Moreover, some philosophies claim that all is given. For example, meteorol-
ogy would be fully determined by all data of earth (all temperatures in all point
of earth, all the atmospheric pressures, etc).

In the same way, actions of the men would be fully determined by the con-
text in which they live and by the cells of their brains. Then, a book is fully
determined before his writing by theses events.

But, in this case, the quantum theory is rejected. For that, one can call
upon various reasons: 1) it is valid only for the infinitely small. 2) It is only
a theory 3) It implies inadmissible contradictions for some people (Schrodinger
cat).

But, all theses objections are false. In order to prove that, we use a coun-
terexample : one can exhib a finite unpredictable sequence.

10.2.3 A finite random sequence

Let P(x) = (z — z1)(z — x2)....(x — zan) where 0 < 27 < 23 < ... < oy < 1,
zji1 —x; > 1/4N for j=1,2,...2N-1. Let 21, 22, ...... , 2N be a pseudo-random
sequence with values in [0,1] obtainded by a good pseudo-random generator.
Let y; = P(z;) for i=1,2,.....N.
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Then, it is no possible to predict y,4+p, , n < n+p < N if one knows only
Y1,Y2y oeveen s UYn -

Indeed, even if one knew z1, 2o, ...... , Zn+p, it would not possible because
any polynomial Q such that deg(Q) = 2N and y, = Q(z,) for n=1,2,....p is
a correct prediction of P. Then, all y;, = Q(%n+p) is a correct prediction of
Ynp-

Now there exists an infinite number of possible polynomials Q.

Then, it is no possible to predict y,,1, even if one knew the sequence z,, and
if one had an infinite computing power.

One can visualize that on the following example.

Example 10.2.1 The following sample is considered
2l =[-7.92,-2.70.2,4.5,8.99],
Yt = Q(zn) = [-0.2,-2.6, —0.45, —0.2, —0.3] * 107.

Figure 10.1: Marginal distribution near to the uniform distribution

Study The two polynomials P; and P, whose graphs appear in the figure
10.1 are two correct estimates for P. It verifies both y} = Py(z}) et yL = Pa(2)).
|

Now there is no reasons that the Y, s have the same distribution, (y, =
Y, (w)). But is is not important because the philosophical objections are that
the sequence is not independent.

Anyway, one can build a sequence y/, where the Y,'s have the uniform dis-
tribution : one uses y,, = F~!(y,) , where F is the distribution function of
P(X) when X has the uniform distribution: F~*(P(X)) has also the uniform
distribution.

There is another reason that it no possible to predict yn4+, . In order to

estimate P, it would be necessary to compute all the polynomial correlation
coefficient of order smaller than 2N (cf [10]) .
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It would thus be necessary to calculate the empirical orthogonal polynomials
PjN of order J smaller than 2N associated with z1, 2o, ...... , zn. However PjN =0
if j > N : the empirical polynomials of a order larger than the sample size are
impossible to estimate.

Then, it is no possible to predict (even a little) y,1, , n < 2N if one knows
Y1,Y2, -, Yn. That is to say, yn1, appears independent of the y/ s .

Moreover, it is not surprising that y,, is unpredictable : indeed P depends on
more parameters than N. As matter of fact, many simple function using more
than N parameter z,, can be appropriate to obtain unpredictable sequence. For
example if y; = Q(ky1, ko, ..., kn, Ky, Ky oo KL 24)

Indeed, in order to estimate the ks and the k’;’s, one has to resolve the N
equations : y; = Q(k1, ke, ..., kn, ki, kb, ..., kL, z;) for i=1,2,... N, that is there
are more parameters than equations.

Then, all sequence y1, 2, ...... ,Yn. which depend more parameters than N

may be an unpredictable sequence.

10.2.4 Consequence 1

Then, the sequence y,, is random : a sequence whose it is impossible to predict
the future, it is obligatorily random. It is even an independent sequence.

Then, the philosophy which affirms that there does not exists finite random
sequences T, , n=1,...,n, does not corresponds to reality : a sequence which one
cannot predict is obligatorily random. To say the opposite is illogical.

10.2.5 Consequence 2

In order to obtain sequences which satisfy concretely some asymptotical inde-
pendence assumptions, we shall use sequences which depend on a number of
parameters much many larger than the size of sample.

it is always possible because the size of IID sequences which one can use
on computer is quite lower than the number of parameters potentially usable :
those are provided by the physical universe. This number is thus close to the
infinity.

Thus to have finite random sequences, we use data which depend a priori on
a very great number of parameters

10.3 Practical example

The sequence b'(n’) which we have built in section 11.2 has been obtained by
using text. in this case, the y/,s, n = 1,2, ..., 107 represent letters or punctua-
tions which we write modulo k = 32. Moreover we took these texts in various
languages. In certain cases we have removed the introduction. A text on two
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was rewritten in the opposite direction : y) = yf‘\s,sfn where N; is the size of
obtained sequence : cf section 11.2.4.

Concretely, one has used the following texts (because they are large) in
various language : dictionary, Encyclopaedia, Bible, Theological sum, etc.

The dictionaries and the encyclopaedias are very good examples: the def-
initions which are consecutive in a dictionary generally represent independent
facts : for example ”decibel” is followed by ”decide” in some dictionaries. The
numbers which correspond to them are thus extracted from independent random
sequences.

There are other books having equivalent properties. Thus, the book of his-
tory form quasi-independent sequence : it is difficult to predict the associated
sequences of numbers because it is a question of predicting human behaviors.

In order to convert this files in number, one can use various programs. For
example, in MATLAB 2005, one can use the function :

fid=fopen('Name of file’);

fread(fid);

For example, in Matlab 2005,

[ABCDEFGHIJKLMNOPQRSTUVWXYZ abcdefghijklmnopqrstuvwxyz]

=[6566 676869 7071 727374757677 7879 80 81 82 83 84 85 86 87 88
89 90 10 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87
88 89 90 10 97 98 99 100 101 102 103 104 105 106 107 108 109 110 111 112 113
114 115 116 117 118 119 120 121 122]

In the same way, the key of the computer "return” = 10.

10.3.1 Use of text

In the majority of the sequences obtained from texts, it is reasonable to ad-
mit asymptotic independence: one can admit this assumption because of the
following logical arguments.

1) The writing of a book depend of a very large number of parameters. To
write a book is an human phenomenon. One can think that, in order to predict
fully a book, it would at least be necessary to know the contents of cells of
the brain of its writer and a great number of the events which he lived in his
life. Normally, the number of parameters whose the content of the book depend
will be always larger than the sample size of the example. One thus finds the
argumentation introduced in section 10.2.3.

2) When they write a book many authors do not know what they will write
exactly one page later. Concretely they would not predicte exactly what words
he will use 100 words later. It will be even more difficult for letters. Then the
dependence is weaker between more distant lines. That is, there is asymptotical
independence.
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3) It is more difficult to predicte the letters used for the people who are not
the author of the book. For that, it would initially be necessary to know many
things, for example its style, which is difficult with only one book.

4) Let us take the example of a novel. If the first pages of a book are known,
it is sometimes possible to predict about what is written some pages after. But,
a novel is left with the imagination of an author and sometimes these ones like
to surprise. In fact if the beginning of a novel is known, there is a very great
number of possible alternatives for the continuation of the history. Even for
each alternative, there is a very great number of possible texts.

5) Not only, it quasi-impossible to predict about a text. But it is even more
difficult to envisage the letters used.

6) To predict logically what is written in a book, it should initially be known
that it is written in a certain language. It is not sure that one can arrive at
this conclusion. Thus, one is unable to even currently decipher some languages.
One could have deciphered the Egyptian hieroglyphs if the Rosetta Stone had
not been written in several languages.

In addition, it has to be known that this text is written with an alphabet
of 26 letters for example. If the same book is written in Chinese, one has an
alphabet much more important. If this book were written in a rational written
form, but not yet invented by men, it would be still other matter. Then, it is
not at all certain that, even with means of infinite calculations, it is possible to
know that the sequences of numbers obtained has a meaning as a text of English
language, this more especially, as to build b (n’), we mix various texts and use
also texts written with backward.

Then, in most of texts it is very clear that it is many more difficult to predict
what words will used 200 words later than 100 words later. That is, there is
asymptotical independence.

On the other hand, some texts have particular characteristics.

Let us take a dictionary or an encyclopaedia: in this case, there has no logic
in this text, besides the first letters of the definite words (this characteristic
disappears when the words are turned in numbers)

All these facts mean that logic implies that the files obtained starting from
texts are asymptotically independent. One thus obtains a result concerning the
first step of our method of construction of the random bits b!(n’). That is log-
ically surer than if one uses sequences supposed random provided by machines
always prone to possible dysfunctions: if certain electronic files are used, there
are certain assumptions because of logical reasoning.

10.3.2 Other data

One can use other datas in order to obtain the sequences of random numbers.
Some give results less sure than text but easily usable.
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One can also use software etablished on computer. Anyway, it is necessary
to study by logical reasonning each type of files : programs, musics , etc..

For example, study mathematical texts

Of course, there is a certain logic in these texts.

But in order to predict what is written it would be necessary to know which
theorems, among the multitude of possible theorems, the author discovered.
That seems impossible especially if one takes care to remove the introduction.

Moreover it should be known which is the manner of writing of the author,
if there are errors, which are true results and the best way of proving them. It
also should be known if there are no errors and even if this mathematical text
is not based on an error. These are informations that one cannot know a priori
when one studies a file as a source of numbers.

Now study softwares. Then, much of subprogram can be used. Often, they
can be regarded as independent from each other.

One cannot detail all that here more especially as the important thing is
that in conclusion, the XORLT holds. However probably that arrives in much
case since it does not require asymptotic independence : cf section 5.2.1.

Moreover, the number obtainded in chapter 11 satisfies all these tests of
randomness.

10.3.3 Several files

One can use several files, for example, a dictionary and a software. Those are
often completely independent from each other. The sequences of numbers which
they provide are thus also independent.

It is the technique which we used to build the sequence b'(n') in section 11.2.

10.3.4 Conclusion

For this type of files, one can assume that ¥, is a realization of a sequence of
random variable Y;, : y, = Y, (w) where w € Q and Y,, € {0,1/k,2/k, ....., k/K}
where k = 32 . Moreover, there is asymptotical independence, and the CLT
holds : often there is Qd-dependence.

10.4 Numerical Study

We study numerically various types of electronic files. If they are text’s files,
we study the data used in section 11.2 to build the sequences of random bits
bt(n').
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10.4.1 Independence of the D(j)’s

First, we study numerically the asymptotic independence of the D(j) = Dg(j)
defined in section 11.1.2 with S=10. In this section, for conveniences of nota-
tions, we pose also D; = D(j).

Numerically these data behave as if there were Qd-dependence, that is there
exists Qd such that (~---Dj72Dj717 Dj) and (Dj+Qd7Dj+Qd+17 Dj+Qd+2~-~-) are
independent : cf [21], page 369.

10.4.2 Texts
Test of the linear correlation coefficients

One will test the coefficient of linear correlation of {D;} and {D,4,,}, i.e. the
correlation of the samples of size J , d; and dj4p,, j=1,2,....J .

Let p’(d;,djtp,) be the empirical linear correlation coefficient associated to
a sample (dj, d;j4p,)-

One takes an interest in the table of v/.Jp” (dj,djip,) for po varying between
1 and 200. According to the following lemma, if the sample is independent,
these values must have asymptotically the N(0,1) distribution.

Lemma 10.4.1 Let X,, be an IID sequence of random variables with E{X;} =
0. Let 0%(X) be the variance of X1. Lett € N*.

Then \/% Zf;f )292)((;5‘ has asymptotically the N(0,1) distribution.

Proof Let Z, = X, X,.¢. First B{Z,} = B{X,}E{X,4:} = 0.

Moreover Zs is (t+1)-dependent. Let 02(Z) = E{(Z1+....4+Z,_¢)?} . Then,
Sy % has asymptotically the N(0,1) distribution.

Now, 0*(Z) = Y00y E{Z2} + X0 B{Z:Z0} = 3000 E{Z3}
=31 E{X2X2, ) = (n—)E{X?}2 = (n—t)o?(X)%. W

For the texts, one has the following table meaning the ”"py” and Cor,, =
\/NpN(dja dj+p0)'

Do 1 2 3 4 5 6 7 8 9
Corp, || -9.71 | -4.78 | -0.29 | -4.44 | 1.73 | -0.50 | -1.81 | -0.46 | -0.23
Do 10 11 12 13 14 15 16 17 18
Cory, || 1.03 | -1.01 | 0.87 | -0.27 | -0.56. | -0.21 | 1.45 | 0.29 | -0.63
Do 19 20 21 22 23 24 25 26 27
Corp, || -0.93 | -1.62 | 1.19 | 0.27 | -0.61 | -0.66 | -1.02 | -0.12 | 0.70

These results show that independence between D; and Dj g0 is a plausible
assumption. They are confirmed by the following curve representing the em-
pirical linear correlation coefficients for the texts. In this case, the correlation
tends very quickly to O : cf figure 10.2.
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Figure 10.2: Correlation Coefficients :Text

Distance L?

One will consider as measures of dependence between two random variables X
and Y the distance L? to independence : for a partition {I;} of [0,1] in N
intervals with the same length, one sets

DL2(X,Y,n)

ST P(X e L)P(Y € I)[PUX,Y) € L, ® L} — P(X € L)P(Y € L)]".

1s=1

t=
One transforms the values of the two variables X and Y in [0,1] by translation
and homothecy. Then, for the distance DL2(D;, Djp,,10), there is the graph

of figure 10.3.

Figure 10.3: Distance L? : Texts

10.4.3 Mathematical text

One is interested now in the texts of mathematical papers or reports : one ob-
tains also independence between D; and D; a9 .

First, one studies the linear correlation coefficient. We use the samples
(Dj,Djtsp,) 5 j=1,....,10000, with po = 1,2,...,60 : One obtains the graph of
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figure 10.4.

Figure 10.4: Correlation Coefficient : Mathematical text

With regard to distance DL2, one notices that only the first term is too
large: for a partition (7,7), one obtains the following table representing different
10"2DL2(Cj, Cjtpy, 7) » j=1,....,10000.

[ 0.2472 ] 0.0013 [ 0.0025 [ 0.0024 [ 0.0032 | 0.0008

10.4.4 Programs

One tests various sequences obtained thanks to some Matlab programs. One
uses the chi-squared Test of independence : cf proposition A.1.1.

One use the statistics \/2x7 —v/2.d — 1. It is known that it has roughly the
distribution N(0,1) if there is independence : cf proposition A.1.2 .

Various values of these statistics are in the following table for the samples
(dj, dj+5p0)7 n=1 2, ..... ,100007 Po = 1, 27

13.5736 | 8.0426 | 7.0507 | 5.4497 | 6.0559 | 4.9351 | 7.7882 | 0.4296
3.0867 | 2.1431 | 2.5712 | 3.9886 | 1.4108 | 1.6074 | 2.6225 | 0.1329
2.2573 | 1.6054 | 0.2588 | 0.9548 | -0.1447 | 0.4380 | 1.4387 | 1.9938
-0.4956 | 1.3421 | 0.8168 | 0.2529 | 0.8284 | -0.3554 | 0.5218 | 0.1666
0.1172 | 0.3091 | -0.0522 | -0.5690 | -0.3577 | 1.6076 | 1.7870 | 1.0123

On this table, there is independence when 5pg > 18.

The correlation coefficients are in figure 10.5 for the samples (D;, Djis5p,)

We study distance DL2(X,Y,7), between D; and Djisp,, j=1 2,.....,10000.
The graph of 1012DL2(X,Y,7) is in figure 10.6 .
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Figure 10.6: L? Distance : Matlab Programs

Remark 10.4.2 One carried out much more tests than those used here. All
give the same result : there is Qd-dependence.

10.4.5 Multidimensional Tests

One has just carried out the tests of independence between D; and Dji,,.
But in order that there id Qd-dependence, one needs independence between

(Dij+17 ...... 5 Dj+p0) and (Dj+n1+1707 Dj+n1+p0+1, ...... Dj+’l’b1+po+p1) with ny Z

Qd.

In order to test this independence, simplest is to test independence between
Uj = ao(Dj)” + ar(Djy1)" + v + ap(Djipy) "

and

/

’ o b/ / b’ b
itmtpo = @0(Djtny+po)”® + @1 (Djtny+po+1)" + e + ap (D, +potpi)

for all the possibles sequences as, al, bs and b’,.

Of course, there is a very great number of possible tests. We thus have
carries out very many tests for various valeures of pg, p1, as, al, bs, and b..
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We tested the linear correlation coefficients by the chi-squared independence
test and the L2 distance. The results have the same order that for the indepen-
dence of X,, and X, ; : there is Qd-dependence. Now, we give some results of
these tests.

Linear correlation coefficient tests

The following table represents the values Cor,, = VJp? (Ujs Uity 4po) for
j=1,2,... Each line represents successively, mathematical texts, texts, programs.
The values chosen are the following ones: ny =144, a5 =a, =1 ,b, =0, =1
for pop = p1 = 5, when 1 increases

15.03 | 12.56 | 5.54 | -6.91 | -2.52 | 2.46 | -1.71 | +0.52 | -0.33
-12.23 | 10.35 | -8.65 | -7.06 | -4.55 | 3.01 | 2.84 | 1.11 -0.98
11.66 | 10.08 | -6.54 | -5.77 | -3.09 | 2.21 | 1.01 | -0.87 | 1.12

In the case of independence, the asymptotic distribution is the N(0,1) dis-
tribution.

Lemma 10.4.3 Let X,, be an IID sequence of random variables with E{X1} =
0. Let Vs = X+ Xo11+ ... + Xs4p . Let ¢ > p. Then,

Y1Y1+p+q + Y2Y2+p+q to YnYn+p+q
VRE{X?}/(p+ 12+ 2300 1

has asymptotically the N(0,1) distribution.

Proof First, Zs = Y;Ysp1q is Qd-dependent.
Moreover, E{Z;} = E{Y}E{Ys4p+q} = 0.
On the other hand
E{Z2}
= E{(Xs + XS-H + o+ Xs+p)2(Xs+p+q + Xs+p+q+1 + ...+ Xs+p+q+p)2}
= B{(Xs + Xoq1 + . + Xopp)? P = E{Y2}? = (p+ 1)*B{X2}*.

Moreover

E{ZsZs 1}
=FE{(Xs+ ... + Xoipp) Kssprg + oo + Xogopig) oo,
................... (Xs+t “+ ..+ Xs+t+p)(Xs+t+p+q + ...+ Xs+t+2p+q)} .
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Therefore, E{ZsZs1} =0sip<t.

Ift<p,
E{ZSZ&H-t}

= E{(XS + o+ Xs+p)(Xs+t + ...+ Xs+t+p) ......................................
..................... (X5+p+q + + Xs+2p+q)(Xs+t+p+q + + Xs+t+2p+q)}

=E{(Xs+ oo + Xogp) (Xt + oo+ Xogtap) Feoroeoriiiiiee

............................ E‘{ (Xs+p+q + ...+ XS+2p+q>(Xs+t+p+q + ...+ Xs+t+2p+q)}

= E{( Xt + o + Xoip)PE{(Xstptq + o+ Xoropre)’}
= (p—t+1)?B{X2}*

Therefore,

E{(Zy + Zo+ ... + Zy) }_ZE{22}+ZZE{ZZ }

s=1s"#s

fZE{Z2}+ Z > B{Z.Zs}+0(1)

s=p+1 s#£s’

_ZE{ZQ}+2 Z Y E{Z.Z.}+0(1)

s=p+1s<s’

n—p

—ZE{Z2}+2 Z ZE{Z Zsii} +0O(1)

s=p+1 t=1

=nB{X}(p+1)2+2 nip E{X%}sz:(p—tﬂ)? +O(1)

s=p+1 t=1
n—p
=nE{X{P(p+1)°+2 ) E{XZ}QZtQ +0(1
s=p+1

=nE{X?Y(p+1)* +2(n - 2p) E{X?}* ) £*+0(1)
t=1
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— nE{X2)? [(p F1)2 42 Xp:tZ +0(1)/n

t=1
Znt...+Zn : ol
Then, R Eom has asymptotically the N(0,1) dis
tribution .
Znt...+Zn . . S
Then, VTS AN (CI=VErSS S has asymptotically the N(0,1) distribu
tion. M

Chi-squared independence test

One carries out the chi-squared independence test with a partition in (10,10)
intervals: i.e one uses the statistics \/2x2 —v/2.92 — 1 where x? = X%(,y —x% -
X3 . We know that, under the hypothesis of independence, V2x3 —v2.92 -1
has about the N(0,1) distribution : cf propositions A.1.1 and A.1.2 .

One carries out the test between U, and U, ,, with the following pa-
rameters : p1 =25 ny =144, a; = a’, = 0 except ass = al, = 1 for s=1,2,3,4,5,
b5:b/5:2,b10=b/10:4,b15:b/15:1, b20:b/20:3, b25:b’25:4,whenj
increases.

For the text’s files, we obtain

[ 15.03 [ 12.56 [ 5.54 | -6.91 [ -2.52 [ 2.46 | -1.71 [ +0.52 | -0.33 |

For the files of mathematical texts, we obtain

[-12.23 [ 10.35 | -8.65 [ -7.06 | -4.55 [ 3.01 | 2.84 | 1.11 [ -0.98 |

For the Matlab programs, we obtain

[11.66 | 10.08 [ -6.54 | -5.77 [ -3.09 | 2.21 [ 1.01 [ -0.87 [ 1.12 |

All these results - as all those which we obtained in other tests - thus con-
clude that there is Qd-dependence.
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10.4.6 Study of the dependence between different files

When files of the different type are used - for example, a text file and a software
- these files are independent in the usual meaning of the English language. It is
the case also for files of comparable nature but of different sources, for example,
two different books.

It is logical to think that they are also independent in the statistical meaning.
All the tests which we have carry out confirm this result.

Indeed, one obtains results as those which we have just described, for exam-
ple in section 10.4.5 for the three types of used tests.

For example, let us carry out the chi-squared test of independence which
uses \/2x7 — v/2.92 — 1 where x7 = xX y — X% — X5 and which are associated
with a partition in (10,10) squares.

The following table gives the results for independence between two texts of
mathematical reports relating, one to the CLT, the other on cryptography.

Let X,, and Y,, be the random variables associated with the CLT and the
cryptography, respectively. Then, one tests independence between the variables

2X2 —45X2, | —05X2, , —2X3 o+ TXna —3.2X0 5 — X2, 6 +8X] .,

and
3 2 2 3 4 2 5
2y, Ay —08Y oy —2Y g+ Y npan —32Y s, — Yo e T 8Y

for different h.

Then, the following results have been obtained for h=0,10,20......

[-1.12 [ 0.80 [ -0.45 [ -2.01 [ 1.23 [ 0.78 | -1.37 | 0.61 | 0.98 |

Problems for some files

It is necessary to pay attention during the conversion of the files in numbers.
Indeed, for some systems, it can have certain problems there.

Thus if one uses files text AppleWork, there is much more zeros than the
text lets appear normally. Thus for a file of Y € {0, 1, ..., 31}, of size 10623940,
there were 2466752 zeros, which is of course too much. In this case, one can
find that there is even dependence between files of different books.

It is thus necessary to study correctly the behavior of the files translated in
number before using them in the construction of the random numbers.
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10.4.7 Uniformity

In the previous sections, we saw that there is asymptotic independence. To apply
the theorem 4, it remains to prove Hg, H,,s(4) and that E{(S,)?}—E{(5)?} —
0.

In fact, there is a result much more strong : one can conclude to the unifor-
mity of distributions.

Indeed, for the sequences D,,, it seems already reasonable to admit that
there is an approximation of the stationarity which check Hg. It is confirmed
by all the tests.

But in fact, it is even truer for sequences e?(j) considering one adds mod-
ulo m! a sequence of pseudo-random numbers randy(j) whose uniformity was
abundantly tested : e%(j) = eL(j) + randy(j) : cf section 11.1.2. Let us recall
that it is not the uniformity of the pseudo-random numbers which generally
pose problem, but the number of independence to be checked : cf section 2.1.5.

Reasonably, it is thus logical to think that one has the uniformity of the
distributions. Besides, it is what all the tests which one could carry out confirm
absolutely. In fact what one tests, it is again the uniformity of the used ran-
dom pseudo-generators. It is not surprising that one concludes to the uniformity.

There remains a condition so that theorem holds 4 holds : E{¢2} — 0. So
that happens, it is enough to choose suitably sequence x(n) so that x(n) — oco.
Thus all the assumptions so that the theorem 4 holds are checked.

10.4.8 Conclusion : CLT

The previous numerical results have all the same conclusion: there are Qd-

dependence in all the texts, mathematical texts and softwares which we tested.
Let us notice also that we developed in this section numerical, logical and

philosophical arguments. These arguments are perfectly reasonable.

One can reasonably conclude from all these facts that there is asymptotic
independence. With regard to theorem 4, all the assumptions are checked. We
deduce that one is in the case of the CLT.

But, the fact which interests us, it is that the curve of the probabilities have
the shape of bell. The fact that one can apply the CLT and numerical studies
carried out in the chapter 5.1 (in particular in section 5.3.3 ) show that this
result is probably checked for all the files that we studied here.

10.4.9 XORLT

Since one can apply the CLT, one can thus also apply the XORLT which is
weaker (cf proposition 5.2.3). But, one does not know yet all the assumptions
under which it is satisfied. To have a more definite idea, it is necessary to study
the H,,’s used in the section 11.1.2.
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Indeed, if there is Qd-dependence on the D,,, there is independence between
..... Hy,_9,Hy 1, Hy and ....Hp 04, HyrQd+1, HntQd42, - © cf also proposi-
tion 5.2.4 .

As a matter of fact, the H, behave even as being independent. That is
confirmed by the following numerical studies.

Independence between the H,’s : numerical results

One carried out many tests on the independence of the H,,’s. In particular, one
studied the dependences between Zf:o as(Hy,ys) and ZtQ:O al(Hpspotit)0-
The as ,a), , bs, b, have been chosen randomly : a = [10 * rand(1, P)] ,

s

b= |10 % rand(1,Q)] , where rand is a Matlab pseudo-random generator.

For example, we have used the chi-squared independence test with P=Q and
various sequences as ,a., , bs, b,. Then the following results have been obtained
for the statistics /X3 — v/2d — 1 (cf proposition A.1.2) :

1 |-0.7019 | 2.9104 | 0.952

2 | -24783 | 2.010 | 1.0245
3 |-0.9502 | 0.854 | -1.254
10 | -0.2449 | 0.548 | -1.987

d| | | T

Many of other tests were carried out: one can conclude to the independence
of the H,,’s.

One also has tested the uniformity. For the same reasons that for the CLT,
one concludes that uniformity holds.

Conclusion : XORLT

All the previous results confirm it to us: with our data, one can apply the CLT
and the XORLT. With all the arguments which we developed one can to con-
clude that reasonably, there are all the chances that one can regard the H,, as
Qd-dependent. In fact, they are even probably independent.
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Chapter 11

Building of a random
sequence

11.1 General method

11.1.1 Choice of data
Notations of data

Tt is supposed that one has a sequence of data a(j) translated in number: a(j) ,
j=1,2,....,N3, a(j) € {0,1,..., Ka — 1}. One will transform it into a sequence
of random bits b°(n').

One supposes that Ka is small enough : for example, Ka < 1000. If it is not
the case, one can break up the a(j)’s in order to have Ka small enough.

It is supposed that a(j) can be regarded as a sample of a sequence of random
variables A(j) defined over a probability space (2, A, P) : a(j) = A(j)(w) where
w e Q.

We write with CAPITAL letters the sequences of random variables defined
over (2, A, P) and with small letters the realization of these sequences (cf Nota-
tions 1.2.1). For example, ¢(j) = a(j)—«la(j)/k] and C(j) = A(j) — k| A(H) /K]
: cf below.

Study of data

It is supposed that there is some asymptotic independence : cf sections 11.1.1
and 11.2.9. If these conditions are not satisfied, it is maybe still possible to
apply the method described here. But that depends on the properties of the
XORLT.

One checks this asymptotic independence by logical and numerical studies.
For example, one studied data according to the method of the chapter 10. In
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particular, it is necessary that, for all Borel set Bo,
|E{(15o[AG)] — L) (1o AG + )] = Lisa) }| < 6(d
where >, ¢(d) < oo with L; = E{1p,[A(j)]}.

Of course, because the sequence a(j) is finite, one has always such a result.
But, which one wants, it is to be able to consider that there is well convergence
of 3, &(d). One will be able to admit this convergence if one finds for example,
¢(d) < Co/d**t, where t > 0 and where Cy € Ry is a suitably chosen constant.

One can also check asymptotic independence with the sequences transformed
of a(j), for example c(j), d(j) or €2(j) : cf definitions below.

11.1.2 Description of the method
Shortening of the a(j)’s

Let k € N*. We set c(j) = a(j) — rla(j)/K].

Comment 1 ¢(j) = a(j) mod k .

Comment 2 One chooses « in order to obtain a sequence ¢(j) such as, for all
t € {0,1,.,k — 1}, P{C(j) = t} > 0 where P! is the empirical probability
associated with ¢(1),¢(2), ....,c(N3) .

Choice of the parameters

a) We choose o € Ry such that o < 0.02.

Comment We choose a (and therefore € : cf section 11.1.4) according to the
quality of the desired approximation: in fact, one chooses o according to Bi
and (g5 : cf section 11.1.4.

b) One choose first S=10.

¢) One chooses now ¢qp and rg € N* . For that, we use the following nota-
tion.

Notations 11.1.1 Let fi,, be the Fibonacci sequence { fi,} (cf definition 1.5.2).
For all x > 2, we set m¥'(x) = fin,—1 where fin,—1 < T < fin,-

One chooses gy and 79 € N* such that :

a) qo/To is maximum

b) mg = m* ([m* (k7)]3/) is sufficiently large but not too (cf section 8.5.1
and remark 11.1.7)

c¢) They satisfy the conditions

mg/2% > 1001 ,
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@2q°/2f_1(a§) 23[1/1“0 mg ,

where a5 = F(F*1(4’q°)\/LmS/Q‘IOJ/(mS/TIO) + 2‘10/m5) and where I' is de-
fined in notation 1.3.6 .

d) One checks that the following assumption holds.

Hypothesis 11.1.1 The following approzimation holds : a3 = 1/4%. In par-
ticular, 0.9/4% < 47% < g5 < 1.1/4%.

That amounts supposing that the event |e, | < “T‘/F has a probability about
1.1/4% to be carried out whereas one has at the most a sample of 29 possible
intervals I, = [k/2%,(k + 1)/2%[ : cf section 7.2; cf also section 11.1.3 and
lemma 11.1.4 .

To make uniform the marginal distribution

a) We set dg(j) = > 10, c(ro(j — 1) + 7)1 for 5 =1,2,...., [ N3/ro].
Comment Then, dg(j ) € {0,1,...,k™ — 1} : dg(j) is a number basis x written
with r¢ digits and obtained by JOlnlng the ¢(j) . For example, the writting of

ds(1) is dg(1) = ¢(ro)e(rg — 1)....... c(2)c(1).

b) We set e5(j) = |ds(j)[mk/k™]| for j = 1,2,...,[N3/ro] where m} =
m¥ (k).

Comment The ds(j) € {0,1,..., — 1} are transformed in integers ek(j) €
0,1, ...,mL — 1} .

c) We set €%(j) = ek(j)+rando(j) mod mk for j = 1,...,|N3/ro] where
randy(j) is a pseudo-random generator with values in F*(m}) and period mj
or k;4.m§, ks € N*,

Comment : We want that, for all &k € F*(my) , it is logical to admit
P{e%(j) = k} > 0. We want that all k € F*(m}) have a reasonable probability
to be realized.

d) For j = 1,2,...,[N3/ro], we set eX(j) = msTy"*(e%(j)/m}) where TS
is the Fibonacci function modulo m} : cf definition 1.3.5.

Comment 1 We remark that e¥(j) € F*(mg).

Comment 2 One makes independent the e(j)’s and one makes uniform the
marginal distributions of the e%(j)’s.

Remark 11.1.1 In some cases, one can remove the transformation T{"S de-
fined in the step d) for the last numbers. For example, one can set es(j) =
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|2 (j)ms/my]| for the last j € {ng,nq + 1,...,|N3/ro|}, where ng is about
(S —1)|N3/[Sro]|. This is carried out with the aim described in remark 11.1.2.

To avoid losing data, one can make differently: at first, one chooses r{y < rg.
One applies the step a) (ds(j) = >00, c(rh(j —1) +7)s"1) to the na last c(j)
where ng is selected so that the ng last numbers obtained thus (that one notes
ds(J)) corresponds to a last line f(S,n) € F*(mg) defined in the following
subsubsection : cf remark 11.1.2 .

In this case one can replace m%; by mg for the constructions defined in the
steps b) and c).

Use of the limit theorems

a) We denote by ek (t), t = 1,2, ..ccc..... ,No, Ny=NS < |[Ns/rg| ,a subse-
quence of e%(j) obtained by suppressing some sequences e%(py), €%(py + Su, ).
...... €2 (pu + Su,,)-

Comment One removes possibly some e3(j) in order to ensure independence
between the lines defined below. If one does not have independent files, this
step is not necessary forcing : N3 = N.S should just be imposed.

b) We set fs(i,n) = e(n+ N(i — 1)) for i=1,....S , n = 1,...,N.
Comment One transforms the matrix line {e%(j)} into a SxN matrix.

c) We set gg(n) = Ziszl fs(i,n) forn = 1,...,N.
Comment One uses the summation of the central limit by summoning the
columns.

d) We set hg(n) = gs(n) mod mg forn = 1,....N.
Comment This corresponds to use the XORLT.

Remark 11.1.2 If one applies the changes of construction defined in remark
11.1.1, one chooses the parameters defined in this remark so that the last line
f(S,n) is made of numbers not having been transformed by 1" described with
the step d) of the previous section.

One uses the changes of construction defined in remark 11.1.1 so that the
probabilities associated with these sums can be regarded as selected really ran-
domly. In this case, one can apply the proposition 5.5.1 . One thus avoids for
example the difficulties defined in subsubsection ”Problem in some case”, section
5.5.8.

That is not necessary in all the cases : for example if we use the sequences
¢(j) resulting from files enough different as in section 11.2.
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Checking of S

a) One checks by numerical calculations that the curve of the
h— P{Hgs(n)=h | Hs(n+ j2) = he, ... Hs(n+ jp) = hp}

is enough close to that of the uniformity: it is necessary that the condition of
the section 7.2 is satisfied. In general, it is well the case if S= 10.

If it is not the case, one remakes several times the previous operations with
various S > 10.

One chooses S according to the obtained results by checking that, for the
chosen S, the curve of

g P{Gs(n) =g | Gs(n+j2) = g2,.... Gs(n + jp) = gp}
is sufficiently smooth and especially that the curve of the

h— P{Hs(n) =h | Hs(n+ j2) = ho, ..., Hg(n+ jp) = hp}
is sufficiently near to that of the uniform distribution.

b) One chooses smallest S > 10 which is appropriate. It is noted Sp.

c) We set h(n) = hg,(n) forn = 1,....N.

Use of the Fibonacci Congruence

For n = 1,...,N, we set k(n) = ah(n) modulo m

where m = mg, and where a is the largest element of the Fibonacci sequence
finsuch as a = fin, <m = fip,41.

Comment : k(n) = T(h(n)) where T is the Fibonacci congruence with param-
eters (a,m).

Getting the random sequences
a) We set r(n) = k(n)/m for n=1,...,N.

b) Let r(n) = 0,0%,b%..... , b € {0,1} , the binary writting of r(n).

c¢) We set x(n) = 0,07,05.....bJ where go was defined previously in 11.1.2.
Comment In fact, in the previous steps, one applied the Fibonacci function
Ty + (n) = Ty (h(n)/m) (cf definition 1.3.5).

d) We set by, ,,_, 1 = by for n=1,...N and r = 1,..., qo.

Comment One obtains the b/, by taking the b’s successively : b = bclm’
b/ _ bl b/ _ bl b/ _ b2 / _ b2 / _ b2
2 7 Ygo—1 oe » Ygo T Y1y Ygo+l T Ygo ° Ygo+2 T Ygo—1lscrt ’ Y2q0 T Y1 0
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/ — 13
2q0+1 _— bqo’ ........

e) The sequence {b/,} is noted b°(n’), n’ =1,2,..., Nqo.

11.1.3 Explanation of the conditions about ¢, and r
Assumptions

Because the various steps of this construction, one can accept the model of the
section 7.2 :

PY_Flivm) =k | Y Flin+j) = hes =2.3.} = [1 + uk]

1
m
(cf also section 11.3.1). By property 7.2.2, we admit the following assumption.

Hypothesis 11.1.2 For all k/2%, for all finite injective sequence js, we as-
sume that

P{X(n) =k/2% | H(n+ j2) = ho, ... H(n + jp) = hyp} = 1/2% 4+ Ob(1)ey, ,

I 1(479%)/Nzg

where | €1,| <e= —

Some lemmas
First, the following lemma is needed.

Lemma 11.1.3 For all k/2%, k € N, for all finite injective sequence js ,

P{X(n) = k/2?|X(n+ j2) = x2, X (n + j3) = x3,....} = 1/2%° + Ob(1)ey, .

Proof Define J; by {H(n + js) € J,} = {X(n + js) = z, }. By proposition
423,
P{X(n) = k/29| X (n+ o) = 2, X(n+ js) = 5,...}

B P{{X(n) = k/20} N {X(n+ja) = 22} N {X(n+js) =25} N }

P{{X(n+j2) = w2} 0 {X(n+ js) = w5} ...}

B P{{X(n) — k/20 ) N {H(n+js) € o} N {H(n+js) € Js} N }
P{{H(n+j2) €1y} N{H(n+js) € Js} N }
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P{{X(n) = /20 Y 0 {H(n+ j2) = ha} N {H(n + js) = hs} N }

= 2

ha,hs,... th,hg,.“ P{{H(n +j2) = h2} N {H(n + j3 = hg} n }
= P{{X(n) = k/2‘10} n {H(n +ja) = hg} n {H(n +js) = hg} n }
- h2,h37m77h2»h3w~ P{{H(n+j2) = hg} N {H(n+j3 = hs} N }
where
P{{H(n+j2) = ha} 0 {H(n+ js = hs} N ..}
Nhahs,... =

Shoer., PLLH (4 2) = b} 0 {H(n 4 js = ha} 0o}

Then, th,h‘g,“. Nha,hs,... = L.

Therefore,

P{X(n) = k/2%°|X(n + j2) = x2, X(n + j3) = x3,....}

P{{X(n) = lc/2‘10} n {H(n + ) = hQ} n {H(n +js) = hg} n }

= Z MNho,hs,...
ho,h3,... P{{H(Tl+j2):hg}ﬂ{H(nJ,-jg):hB}m““}
= 2 ”hzvhs,--AP{X(n) = k/29|\H (n + j2) = ha, H(n + j3) = h, ..... }
ha,hs,...
= " e [1/2% + OB(1)er, |
ho,hs,...
=1/2% + Ob(1)ey, ,
because Zh2,h3,... Nha,hs,... = 1 and 0 S MNha,hs,...+ |

One needs the following proposition.

Lemma 11.1.4 We set ago = ay. We suppose that hypothesis 11.1.2 holds.
We suppose m/2% > 1001.
Then, for all Borel set Bo C {0,1/2%,2/2% ... (2% —1)/2%} l|eg,| <

290/20~1(gy)
2/m .
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Proof We know that as = I‘(I"l(élqo)\/Lm/QqOJ/(m/2QO) 4 2’10/m)‘

Then, I'~!(ag) = 1 (4%)/[m/2% | [(m/2%) 4 2% /m.

—1/44q / m/24
Then, F_l(a2) === i}mzqu 0J+1'

Then, T~ (ay)/m/2% =T~ (4%),/[m /2% | + 1.

Then, T_-(@2)y/m/20 _ T7H(4%)y/Im/20]+1
’ m - m .

Suppose that L(Bo) < 1/2.
There exists K < 29 /2 such that Bo = UK | I} where

Iy = [k/2%, (k + 1)/29] .

Then, by using hypothesis 11.1.2 and lemma 11.1.3
P{X(n)€ Bo| X(n+j2) =22,.... X(n+jp) = xp}
=S P{X(n) € It | X(n+ ja) = 22, X(n + jp) = 2}

= Yo [L(I1) + Ob(L)ey,]
K T7'47%)/Ni,

= L(Bo) + Ob(1) >}, m
— L(Bo)+ Ob(1) S0, LV Im/2
= L(Bo) + Ob(1) YK, Tlelym/en
= L(Bo) + Ob(1)270-" T _(e2)
= L(Bo) + Ob(1) Z*7F ()
If L(Bo) > 1/2, we use Bo’ his complement set in {0,1/2%, ...... , (270 — 1)/2%}

which satisfies the predicted equality. B

Remark 11.1.5 One could maybe to have a finer increase by considering the
traditional problem of the samples.

Study For example, for a sample x(n) € {0/234,1/284, ... (284 —1)/284} of size
N = 1.000.000, let us take the Borel set Bo; = UN_, [z, — 1/2% x, 4+ 1/2%].
Then, L(Bo;) = N/28 = 7.7292/10%. Though P.(Bo;) = 1.

It is the matter of the traditional problem of the test a posterori when the
sample is known.

Because of the problems of this type, one can wonder whether there would
not a way to lower the increase by taking k¥ < N instead of k < 29001 = 283,

(Bo = Ul ). Indeed is it useful, for a sample of size N, to be interested with
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intervals length smaller than 1/N, since, in this case, one can always obtain
values of P.(Bo) completely different from L(Bo)?

If one can suppose k < N, one will improve the size of the final sample. It
is the assumption that we had made page 14 of [16].

It is a study which remains to be made. l

The following proposition is needed.

Lemma 11.1.6 We suppose N3 = NroS. We suppose that the hypothesis
21—1 2a/S
11.1.2 holds. We assume also that @2‘10/ I'ag) < N VTom Then,

8

|€Bo‘ < Voo N

_ aV S\/rov/m
Proof We have @QqO/ZF Haz) < %

Then, /G02%/20 ! (ag) < 2241

p VN °

290/21 =1 (qy) a

Then, 2ym < N §
Then, by using lemma 11.1.4 | |ep,| < N |

These increases are imposed because, in our calculations, (cf sectionl1.1.4),

[0}

one realizes that it is necessary to impose |ep,| < VR

Remark 11.1.7 One chooses qo and ro such that qo /7o is mazimum and check-
ing the condition @2qo/2f_1(a2) < MT‘/T:“\/E where m is not too large.

Study Indeed, o N & goN3/(roS) is the size of the obtained sample of bits
bO(n'). Tt is necessary thus that it is largest possible to have the best possible
output.

It is thus necessary to choose g¢o and ro such as ¢g/rp is maximum and

. . _ §
checking the condition \/go2%/2I' "1 (as) < W%ﬁ :

However that often forces to choose m very large. Indeed, the previous con-
dition about amounts choosing +/go2%/2T'~!(ay) < %« /ro k370/4 considering

that m is the largest element of the Fibonacci sequence such as m < k370/4,

-1
For example, if k = 32, that returns to impose about M\/ 2d0—1510/4 <

T0o
20/ S
VN *
In order that go/ro is maximum, it is roughly necessary that gy =~ 15r¢/4 .

This result is obtained when gy and 7o are big.

But, if one chooses m very large (e.g. about 10!%°0)  that can complicate
calculations modulo m much.

It is finally simpler to take m large, but, not very large : cf example of
section 11.2. W
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Results about the sequences of bits

Lemma 11.1.8 The previous assumptions are kept. Then, for all sequences of
bits bi,,, for all finite injective sequence js,

P{Bo(n/) _ bZl‘BO(n/+]2) = b22)BO(n/—|—]3) = bis, } = 1/2+Ob(1) \/C]oiN .

Proof We define the J, by {X(n + ji) € J} = {B°(n’ + js) = bis}. By
proposition 4.2.3,

P{B%(n’) = bi1|B(n’ + ja) = biz, B°(n + j3) = bis, ...}

=1/2+ Ob(1)ep, A

11.1.4 Explanation 2 : ¢ = a/\/qoN
In this section, we have obtained sequences of bits b°(n’) such that
P{B%(n’) = bi1|B(n' + ja) = biz, B°(n + j3) = bis, ...} = 1/2+ Ob(1)e .

By using the method described here, one will impose € = a/+/qoN where
Ngqq is the size of sample {b°(n’)}.

Now apply the theorem 9 and the result of the section 11.2.10 .

. 2
Then, by equation 9.3, 81 , < W.

vV Nqoep ~ \/W-Qpﬁ
Indeed, ;1 < VAW L(Bo) ~ A@)i/z2eE

Then, in order to use theorem 9, it is necessary that (3;, is small, e.g.
B1,p < 0.1. For this reason it is necessary that e = a/v/qoN.

Then, 3;, is enough small.
Now, use again the notations of theorem 9 . Then,
P{\/N\Pe —(1/2)"] > O—B:c} <T(0(x)7) ,

where 0(x) = 1;5;’1"/30 <1 and where

P = (1/N) Y 1, [BO(n)] 103, [BO (0 + o)) 14, [ B (0 + )]
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with bi,. € {0,1} for r=1,2,....p.

On the other hand, by the section 11.2.10, v; , is small when p is not too
big.

Then, (31, is enough small in order that 6 is close to 1, i.e. if € = a/\/qo N,
one will not be able to distinguish P, in case IID from P. when the assump-
tions of this section are checked : the empirical estimate of the probability that
(B°(n"), B°(n’ +j2), ..., B(n/ + ) = (bix, ...., bi,) is about also close to (1/2)?
that it would be it in case IID.

One obtains the same type of results for theorem 10.
It is not thus finally possible to distinguish the sequence b°(n’) from an 11D
sample.

Remark 11.1.9 The worst approzimation takes place for the sample of mazi-
mum size : qoIN. More this size is small, more the estimate is close to that of
the IID distribution.

11.1.5 Some other explanations
Practical conditions

When one uses a sequence of datas translated in numbers written base x with
size N3, one obtains a sample of N’ bits where N’ = N3qo/[Sr¢]. That means
that the size of the obtained sample h(n) is smaller than that of the original
sample d(j) (e.g. 15 times smaller, if S=10). One thus chooses the parameters
in order that N3/N' is largest possible in order to not to lose too many data :
cf also Remark 11.1.7.

Use of other congruences than the Fibonacci congruence

One could choose other congruences than the Fibonacci congruence, for example
sup(h;) = 3 with the notation 6.1.2. However the Fibonacci congruence is that
which gives the best theoretical results.

Use of limit theorems

Because generally, several files are used to constitute the data, one can use dif-
ferent files for each line: The lines are thus often independent : that facilitates
the use of the CLT or the XORLT.

Problem about the sums

In the section 5.5.8, one saw that, with regard to the sums of random variables,
to use the proposition 5.5.1 gives absurd results in some cases, whose the case
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with continuous density. In order to avoid this problem, one can use the tech-
niques described with the remarks 11.1.1 and 11.1.2.

11.2 Example : building of an IID sequence

In this section we study an example : we obtain a sequence of random bits
b'(n’) which can be obtained by asking it to rene.blacher@imag.fr (Laboratory
LJK, University Joseph Fourier of Grenoble, France). More precisions on this
subject will found in [18]. The data result from texts, mathematical texts and
file of programming : cf section 10.3.

11.2.1 Choice of random datas

Then, we use the sequence a(j) defined in section 10.3.

Notations 11.2.1 We note by a(j), j = 1,..., N3, the sequence of data which
we used to build the sequence b'(n’) where N3 = 298.159.056 > 28 x 107, and
1 < a(j) < 256. Then, a(j) can be regarded as the realization of a sequence of
random variables A(j) defined on a probability space (1, A, P)

Then, we transform these sequences of letters in numbers by using the ap-
propriate function defined on the computer : a(j) € {1, ...,256} (cf section 10.3).

Now, there are only 26 letters. But it is necessary to add, the capital letters,
the 7:” | ”;” | etc. There will be many of these 256 numbers which will not
appear not or little. Also, we will write these numbers in base 32 so that each
number can have a probability reasonable to appear.

Notations 11.2.2 We set ¢(j) = a(j) modulo 32 for j =1,2,....,N3 .

Therefore, ¢(j) € {0,1,...,31}.

11.2.2 Study of data

It is noted that it will be increasingly difficult to predict the C'(j) = ¢ knowing
the past : C(j—j3) = c2,....,C(j—Jj,) = ¢, 1 < j5 < ... < j,, when jj increases,
ie. P{C(j) =c|C(j—jy) = c2,.-.., C(i—13,) = cp} — P{C(j) = c} as jj — o0.

In fact, one understands that one can consider that one has a stronger as-
sumption : one can suppose that the following hypothesis holds (cf sections 10.4
10.3.1).

Hypothesis 11.2.1 The sequence C(j) is Qd-dependent with Qd=22.
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In order to prove this result, we have estimated for various d, various p, p’,
various injective sequences jl, jZ such that ji = j? = 0, various Borel sets
Bo=Bo1 ®.....® Bo,, Bo' = Bo| ®.....® Boj,,

E{150[C(n)]15o[C(n+ d)]} = B{15,[C(n)]}E{150[C(n +d)]} ,
where
Lgo[C(n)] = 180, [C(n)]150, [C(n + 7)) 150, [C(n + 5p)]
Lpo [C(n +d)] = 154, [C(n + d)] 1oy [C(n+ d + j3)]..... 1oy, [Cn+ d + )] |

and where Min,,(|(n+j!) — (n+d+ j7)|) > Qd = 22.

We have always obtained
E{IBO[C’(n)]lgd [C(n+ d)]} - ]E{lBo[C(n)]}E{lBo’ [C(n+ d)]} ~0. (11.1)

We made these estimates for many Borel sets except for those which are too
small (in this case this estimate is impossible).

Now for Min,(|(n+jl) — (n+d+ j?)|) > 22, by logical reasons, we know
that

‘E{lBo[C(n)]]-Bo’ [C<n+d)]}_E{lBo[C(n)]}E{]-Bo/ [C(n—i_d)]}‘ —0asd—oo.

For example, if the C(j)’s derive from text, it is more difficult to predict, C(j+t)
when t increases.

In conclusion, one can admit that equation 11.1 holds always for Min (| (n+
ji) = (n+d+j?)|) > 22. It is enough to prove that b*(n’) is IID : cf section
11.2.10.

11.2.3 Writing in number with r, digits
a) We set o = 0.02.
b) We choose S=10.
¢) We choose qo = 57 and 1y = 28 , m! = m%(32%8),
3220 < = 1454489111232772683678306641953 < mF (3221) = mF (32325/4).

Let a = 898923707008479989274290850145 < 3220 < m. Then m and a are
the parameters of a Fibonacci congruence.
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Then,
m/2% > 1001,

2
\/q702q0/211_1(a2> S \(jg /77‘0,’77/7

where ap = r(rl(rqo )/ [m/2% ] [(m]2%) + 290 /m) ~ 4.8148/10% .

Remark 11.2.1 We remark that ay = 4.814824860950729/103%. Then, we re-
mark also that as ~ 479 = 4.814824860968090,/103°.

To make uniform the marginals distribution

We make uniform the marginal distribution by using the method defined in
section 11.1.2.
Now, | N3/28] = [298.159.056/28| = |10.648.537.7142857| = 10.648.537.

Notations 11.2.3 We set d(j) = S 70,3228 7¢(28(j — 1) + 1) for j =
1,2,3,....10.648.537.

Then d(j) can be regarded as extracted of a 2-dependent sequence.

Notations 11.2.4 Forj =1,2,....,10.648.537, we set e*(j) = |d(j)[m*/32%8]].
Notations 11.2.5 Forj =1,2,....,10.648.537, we set €2(j) = e(j) + randy(j)
where randy(j) is a pseudo-random generator with values in F*(m') and with

period m*.

Notations 11.2.6 Forj = 1,2,....,10.648.537, we set €3(j) = m. T (e2(5)/mt).

11.2.4 Transformation in table

In order to use the limit theorems, one writes the e3(j)’s in the form of a table
with 10 lines.

a) We denote by e*(t), t = 1,2,....,10.000.000 a subsequence of e3(j) ob-
tained by suppressing some sequences {€3(py), €3(py + 1)..ccc., €3 (pu + na) }-
Comment We have suppressed some e3(j) in order that there is independence
between the lines defined below.

Thus, the union of several files gave us the beginning of the sequence e3(5)
:j=1.2,....,1.052.007. We have keep only the 1.000.000 first in order to form
the first line f(1,n) below. By this way the second line f(2,n) will be formed of
e3(j) coming from other files and will be thus independent of the first one.
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Notations 11.2.7 Let f(i,n) = e*(n + N(i — 1)) for i=1,...,10 , n= 1,...,N
where N = 1.000.000.

In section 11.2.2, it was understood that
P{F(i,n) = f | F(i,n —j3) = fo, ..., F(i,n = j,) = fp} — P{F(i,n) = f}
as jy — oo when j; = 0 < jy < .... < j,. In order to have the same result for
P{F(i,n) = f|F(i,n+j3) = fa, ... F(i,n+ j,) = fp} — P{F(i,n) = f},
we invert the even lines.

Notations 11.2.8 If 7i” is even, we set f1(i,n) = f(i, N—n+1) fori=1,...,10,
n =1,...,N. If i is odd, we set f1(i,n) = f(i,n) for i=1,...,10, n = 1,...,N.

Therefore, logically, when one will summon the lines f1 (i, n), it is reasonable
to think that it will be difficult to predict ), f1(i,n) knowing elements which
are past or future. One will thus have, for any injective sequence js such that

jl = 07
P{ZZF(LTL) :g‘ZiF(i7n+j2) :g29~~'7ZiF(i7n+jP) :gp} %ZZP{F(Z,H) 29}7

if ming(|7s|) is large enough.

11.2.5 Use of limit theorems
Then, we can use the CLT and the XORLT.
Notations 11.2.9 Let g(n) = .12, fi(i,n) for n = 1,...,1.000.000.

Notations 11.2.10 Let h(n) = g(n) modulo m, for n=1,.....,1.000.000.

11.2.6 Use of the Fibonacci Congruence
Notations 11.2.11 We set k(n) = T'(h(n))) for all n=1,2,....,N.

Notations 11.2.12 For all n = 1,2,....,N, we set r(n) = k(n)/m.

11.2.7 Building of a random sequence z(n)

Notations 11.2.13 Let r(n) = 0,b7b5.... , the binary writting of r(n). We set
x(n) = 0,b7b5...0%  (qo = 57).
Notations 11.2.14 We set b, ,, .., = b} for n=1,....N and r =1, ..., qo.

Notations 11.2.15 We denote the sequence b, by b'(n’), n’ =1,2,...., Nqo.
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11.2.8 Some remarks
Study of data

We checked in the chapter 10 the validity of our assumptions on the numerical
data of this example. We point out that we found that all the necessary as-
sumptions about the various steps of this construction were checked, and by far!

Problem about sums

In the section 5.5.8, one saw that to take the proposition 5.5.1 gives absurd
results for the sums of random variables in some cases. It is not the case for
the f(in) used in this section. Therefore, one has does not have to use the
techniques described with the remarks 11.1.1 and 11.1.2.

The data d(j) are obtained starting from sufficiently different electronic files:
texts in various languages, mathematical texts, files of programming. The dis-
tribution of the theoretical probability of these data must be regarded as chosen
randomly.

It is also true because we have applied the application T9" : €3(j) =
mTi"(e?(j)/m'). According to the section 8.4, that makes uniform and also
independent the probabilities. The variations with the uniformity in the case of
p dimensions are thus very small. But it remains random considering there is
always no connection between texts and the sets A® described in section 8.4.

That is also true for the conditional probabilities considering that

P{X,|x Tyt = P{{Xnijy =21} N {Xnjp = 2} N N{Xn+j, = Tp}}
n|L2; -y Tp P{{Xn+j2 = ZL’Q}Q """" m{Xn“rjp = l'p}} '

Now, it is precisely what we want to be able to do : to apply our results to
the conditional probabilities (cf hypothesis 11.1.2). The proposition 5.5.2 can
thus be applied to results of this section 11.2.

Choice of S

Normally, one would have to make previous calculations for several S in order
to improve the results. We did it in study numerical. In fact, in practice, as for
much of other files which are on computers, one finds that one can be satisfied
with S=10.

11.2.9 Properties of B!(n/)

We will study the empirical aspect by using theorems 9 and 10 .
For that let us notice that, according to the previous results, the following
assumption will be satisfied.
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Hypothesis 11.2.2 : For all b=0 or 1

Ob(1)«
VNqo '

P{B'(n')=b| B'(n' +j2) = ba, ... B (n +jp) = by} =1/2+
where a/(Nqo)'/? ~ 2.649/10° .

Remark that Nqq is the size of sample of the b!(n’).

Use of 2-dependence in empirical theorems

We understood in the study of the data which one can consider that sequence
C(j) is Qd-dependent with Qd=22. In particular, with the notations of sections
9.2 and 9.3, hypotheses 9.2.1 and 9.3.1, one deduces from equation 11.1 that,
for all Borel set, for Ming,(|(n + j!) — (n+d+ j?)|) > 22,

E{(150[C(n)] = L) (15o[Cln + d)] = L} 1) } =0,
E{ [120, (Ca)~L(Bo1)] [1 80, (Cu )~ L(Bo)| 1 (Co )15 (Cutag) } = DDl
where L, = E{15,[C(n)]}, D}, = E{ [Lpo, (C) = L(Boy)|15(Cuij)} -
That means that the hypotheses 9.2.1 and 9.3.1 hold for the sequence C(j).

Now, D(j) is Qdp dependent with Qdp = 2 . It is also the case for the
sequences F(i,n). That means that, with the notations of sections 9.2 and 9.3,
hypotheses 9.2.1 and 9.3.1, for all Borel set Bo, for all Min,(|(n+ji) — (n+

d+j?)]) > Qdx = Qdp =2,

E{(15o[X (n)] = Ln) (1go[X (n +d)] = Luta) } =0,

E{ (150, (Xa) = L(Bo1)] [1go, (Xnta) = L(Bou)] Ly (X )1y (Kntass) }
= DnDn—i-d .

Now, the sequence b'(n’) is Qdp-dependent with Qdp = 57. Therefore,
with the notations of the hypotheses 9.2.1 and 9.3.1, kg = 0 and K = 0 for

q = QdB = 57.
As a matter of fact we will understand in sections 11.2.10 and 11.2.11 that

one has results much more stronger. But this (Qdp-dependence enables us to
obtain a sure increase to the probabilities of the samples.
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11.2.10 Use of theorem 9
Use of 2-dependence in theorem 9

First, apply the theorem 9 with the 2-dependence.

We study a sample b'(y)(n)) , n = 1,2,...., Ny, where N; < N and where
¥ {1,2,...., N1} — {1,2,...., N} is an injective function.

We choose p < 40 : we choose a such p because there is little interest to
study the case where 2P > ¢oN = 57.000.000, i.e. p > 26. But in order to be
completely sure that all our results are correct, we study this theorem untill
p=40 : (cf Remark 11.2.2).

Of course, the simplest technique for using the theorem 9, is to choose
q = QdB = 58.

First, compute 31, and 7y, .

VNiep
VA(p)L(Bo) "

By the results of section 9.5.1, we know ; , <

Then, one can admit
ﬁ < v Ni2pe — Vv N12pa _ VN1 2pa
be = VA@?2?  \/aNA(p)2r  VNao Alp)t/22r/2

Then, for N7y = Nqq,

1, < | 0.04000000000000 | if p=1
B1,, < | 0.08000000000000 | if p=2
1, < | 0.12000000000000 | if p=3
1, < | 0.09237604307034 | if p=4
Bi, < | 0.06030226891555 | if p=5
1, < | 0.01309541208943 | if p=10
1, < | 0.00332528643438 | if p=15
81, < | 0.00078139197225 | if p—20
1, < | 0.00001726334915 | if p=25
1, < | 0.00003662110860 | if p—30
1, < | 0.00000152587891 | if p=40

Moreover,

4p2e

(W =p+ 1
op

T,p =
P 2A(p)vqo N
Then,

[Qp +(1+ 4Qd3)§—f + (14 2Qdg)
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Y1 < | 0.00121856976850 | if p=1
71y < | 0.00734320738757 | if p=2
Y1 < | 0.02592374729248 | if p=3
Y1 < | 0.02176471569129 | if p=4
Y1y < | 0.01239039814018 | if p=5
71, < | 0.00382913360640 | if p=10
71, < | 0.00855657503967 | if p=15
Y1, < | 0.02022398420111 | if p=20
71, < | 0.03980480582574 | if p=25
Y1, < | 0.06922022014741 | if p=30
Y1y < | 0.16540760122551 | if p=40

As matter of fact, in some cases, 1, is too large. Then, we can use the
approximation of vi}p of lemma 9.7.3. In this case,

/

1p ™

Then,

_ o) (p)a . (P —p+ 1D 4p 4p?e
AN 2A vE (L 4Qdn) g + (1+20d5) 7
where ¢'(p) = 2p +237_] 72(’;"").
71, < | 0.00121856976850 if p=1
7., < | 0.00021067452526182 | if p=2
7. < | 0.00733261112871 if p=3
M. < | 0.02122430648961 if p=4
7., < | 0.01171705405466 if p=5
7., < | 0.00128197696378 if p=10
TM.p < | 0.000248582465482 | if p=15
M. < | 0.000178421399711 | if p=20
7. < | 0.00020982313313 if p=25
7., < | 0.00024904181006 if p=30
M. < | 0.0003284840939180 | if p=40

Then, by theorem 9, for a sample of size N1 < Ng,

P{\/E|PQB —(1/2)?] > UBx} <T0(z)x] ,

where PeB == (1/N1) Zn 1bi1 (Bn)lbig (Bn+j2>-~--1bip(Bn+jp) .

Then, 6 is close to 1 with 6(z) =
1—p1,p/x

O(x) =

<1.
1+'yi,p <1

1
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Finally, the following table is obtained.

x=1 x=1.5 x=2 x=2.5 | x=3
p=1 O(x) > | 0.9588 | 0.9732 0.9788 | 0.9830 | 0.9854
p=3 O(x) > | 0.9114 | 0.9391 0.9512 | 0.9580 | 0.9596
p=>5 O(x) > | 0.9291 | 0.94888 | 0.9587 | 0.9647 | 0.9686
p=10 || O(x) > | 0.9857 | 0.9900 0.9922 | 0.9935 | 0.9944
p=15 || 8(x) > | 0.9964 | 0.9975 0.9981 | 0.9984 | 0.9986
p=20 || O(x) > | 0.9990 | 0.9993 0.9994 | 0.9995 | 0.9995
p=25 || 8(x) > | 0.9996 | 0.9997 0.9997 | 0.9997 | 0.9997
p=30 || O(x) > | 0.9997 | 0.9997 0.9997 | 0.9997 | 0.9997
p=40 || 0(x) > | 0.9996 | 0.9996 0.9996 | 0.9996 | 0.9996

In particular, 0.9291 <0 <1 if z > 1.

Then, one obtains the following increases for P{v/N ‘PSB - (1/2)p| > opx}

x=1 x=1.5 | x=2 x=2.5 | x=3
Under IID hypothesis p=1 0.317 | 0.133 | 0.045 | 0.012 | 0.0027
Under hypothesis 11.2.2 p=1 0.337 | 0.144 | 0.050 | 0.013 | 0.0031
p=3 0.321 | 0.136 | 0.046 | 0.012 | 0.0040
p=b 0.352 | 0.154 | 0.05 | 0.015 | 0.0036
p=10 || 0.324 | 0.137 | 0.047 | 0.013 | 0.0028
p=15 || 0.319 | 0.134 | 0.046 | 0.012 | 0.0027
p=20 || 0.317 | 0.133 | 0.045 | 0.012 | 0.0027
p=25 || 0.317 | 0.133 | 0.045 | 0.012 | 0.0027
p=30 || 0.317 | 0.133 | 0.045 | 0.012 | 0.0027
p=40 || 0.317 | 0.133 | 0.045 | 0.012 | 0.0027

One obtains similar results for samples of size N; < Ng.

Then, it is difficult to differentiate the sequence b!(n’) from an IID sample.
Indeed, if our data were not IID, that would imply that /Nqo|PZ — (1/2)1”
would be large. That can certainly occur for some (biy, bia, ....... ,bip) but, as the
previous increases show it, with a probability which is not too different from
that of IID case.

Finally, by using PP, it is not possible to differentiate the sequence b'(n’)
from an IID sequence.

Moreover, the worst approximation occurs for the sample of maximum size:
Ny = goN. The smaller this size is, the more our results approaches those of
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VN 2
IID case : 6171, S \/Niqlo W.
One can thus say that, with regard to the behavior of the P2, that it is not
possible to differentiate b'(n') from an IID sequence.

Use of independence in theorem 9

In the previous results, one has increased 71, by using the 2-dependence. In
fact, this 2-dependence is the dependence existing for the sequence D(j). For
the sequence B!(n’), the results are much better because we did everything in
our building so that it is identical to a sequence IID.

One could thus have finer increases. For that, it is necessary to calculate
0} = op[l + 27)], i.e. it is necessary to calculate +, which is defined by this
previous equality. We have estimated o7 and have compared it with the exact
value of 0% for p=1,2,3,4,5.

We thus obtained the following increases of |0} — 0%| for different p and
different bi; ® ...... ® bip.

p 1 2 3 4 5
02 =021 < [[2%107% [ 1x10°° [ 351077 [ 71072 [ 2% 1077

That means 7; ~ 0. One thus obtains finer increases of

P{\/N1|PP — (1/2)"| > o} .

Indeed, one obtains the following majorations for

P{\/Ni|P? —(1/2)?| > oz} :

x=1 x=1.5 | x=2 x=2.5 | x=3
Under IID hypothesis || p=1 0.317 | 0.133 | 0.045 | 0.012 | 0.0027
Under hypothesis 11.2.2 p=1 0.317 | 0.133 | 0.045 | 0.012 | 0.0028
p=3 0.317 | 0.133 | 0.045 | 0.012 | 0.0028
p=> 0.317 | 0.133 | 0.045 | 0.012 | 0.0028
p=10 || 0.317 | 0.133 | 0.045 | 0.012 | 0.0027

One concludes that the sequence b'(n’) cannot be differentiated from an 11D
sequence.
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11.2.11 Use of theorem 10
Use of the 2-dependence in theorem 10

It is pointed out that P{\/Nl I;;f — L(I)‘ > Ogp a:} < F(O’(x)x), where

0'(x) = g2 where PP = (1/N1) 52, Loi, (Butji) Loia (But o) -+ 1oi, (Buj,)
and where p? = (1/N1) 3", 1biy (Bnjz)----1bi, (Bt j, )-

By the results of section 9.5.2, the values (2, (lemma 9.5.5) and 2, are
produced by the formulas

- v N1 16704_ VN1 0.32
T VNg 2 /Nqo 2°

62,;0

and

Yop = e(2§p +2[1 + €&p]/0p + eﬂp)} ,
where (cf lemma 9.5.7 and 9.5.8 )

16(2Qdp + 1)(p®> —p + 1)}

&~ 1[(13 —1)[11p +16] + 5

2
0. ~ 8op(J)?
PTL())

Moreover, one can assume that op(J)? < 4L(J) (cf Hypothesis 9.7.1).
Lastly, we have always € = 2.649/10°.

o1 " o1

+16(p* — 3p + 3)(p — 1)6[1 + 2 8QdB} .

Then, for Ny = Ngqo, the table of 35 ,, p=1,2,... is

[ 0.16 [ 0.008 | 0.004 [ 0.002 | 0.001 | 0.0005.

The table of v p, p=1,2,...40, is

0.00016 | 0.0003 | 0.00048 | 0.0006 | 0.0009 | 0.0011 | 0.0014 | 0.0018
0.00222 | 0.0027 | 0.00325 | 0.0038 | 0.00450 | 0.0052 | 0.0059 | 0.0068
0.00763 | 0.0085 | 0.00951 | 0.0105 | 0.01159 | 0.0127 | 0.0139 | 0.0151
0.016376 | 0.0177 | 0.01908 | 0.0205 | 0.02198 | 0.0235 | 0.02510 | 0.0267
0.02842 | 0.0301 | 0.03194 | 0.0338 | 0.03568 | 0.0376 | 0.0396 | 0.0417

Thus finally, the decreases of 6'(x) are obtained

340



x=1 x=1.5 | x=2 x=2.5 | x=3
p=1 O(x) > | 0.8399 | 0.8932 | 0.9199 | 0.9359 | 0.9465
p=3 O(x) > | 0.9595 | 0.9729 | 0.9795 | 0.9835 | 0.9862
p=>5 O(x) > | 0.9891 | 0.9925 | 0.9941 | 0.9951 | 0.9958
p=10 || 8(x) > | 0.9970 | 0.9971 | 0.9971 | 0.9972 | 0.9972
p=15 || O(x) > | 0.9941 | 0.9941 | 0.9941 | 0.9941 | 0.9941
p=20 || O(x) > | 0.9896 | 0.9896 | 0.9896 | 0.9896 | 0.9896
p=27 || O(x) > | 0.9813 | 0.9813 | 0.9813 | 0.9813 | 0.9813
p=28 || O(x) > | 0.9799 | 0.9799 | 0.9799 | 0.9799 | 0.9799
p=30 || O(x) > | 0.9770 | 0.9770 | 0.9770 | 0.9770 | 0.9770
p=40 || 8(x) > | 0.9600 | 0.9600 | 0.9600 | 0.9600 | 0.9600

For example

B
p{m P; —(1/2) >ocpx}

x=1 x=1.5 | x=2 x=2.5 | x=3

Under ITD assumption p=1 0.317 | 0.133 | 0.045 | 0.012 | 0.0027
Under assumption 11.2.2 p=1 0.401 | 0.180 | 0.065 | 0.019 | 0.0045
p=3 0.337 | 0.144 | 0.050 | 0.014 | 0.0031

p=>5 0.323 | 0.137 | 0.047 | 0.013 | 0.0028

p=10 || 0.319 | 0.135 | 0.046 | 0.013 | 0.0028

p=15 || 0.320 | 0.136 | 0.047 | 0.013 | 0.0029

p=20 || 0.322 | 0.138 | 0.048 | 0.013 | 0.0030

p=27 || 0.326 | 0.141 | 0.045 | 0.014 | 0.0032

p=28 || 0.327 | 0.142 | 0.050 | 0.014 | 0.0033

p=30 || 0.329 | 0.143 | 0.051 | 0.015 | 0.0034

p=40 || 0.337 | 0.150 | 0.055 | 0.016 | 0.0040

Remark 11.2.2 One cannot increase suitably P{v/Ny 1;5: - (1/2)| > o¢p x}

for any p. But it is not important.

Study If p increases, 6, and &, - and therefore v, - increase. Then ¢'(x)
converges to 0.

The theorem 10 cannot thus be used if p is too large under the assumption
of the 2-dependence. In fact, that does not have importance.

Indeed, one will be face to similar problems in case IID : let N, = P.N;
be the number of points (b*(n'),b*(n’ + j2),....,b (n/ + jp)) which belongs to
Bo=10bi1 ®bis ® ..... ® bip.

Under the assumption IID, P{N, > 1} is almost equal to 0 if L(Bo) is very
small. For example for a sample of size 100 and a Borel set Bo of measure L(Bo)
=1/10000, there is approximately a probability equal to 1/100 that N, > 1.
Therefore, probably PP — (1/2)P = —(1/2)P. For example, if x=1, that means
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that, if p is large, P{\/Ni|P. — (1/2)?| > op} ~ 0 whereas for a sample of
sufficient size, P{v/N1|P. — (1/2)?| > op} ~ 0.3173 .

Moreover, %Jj —(1/2) = 3 — (1/2) it is not computable.

There are the same results for our data which are not IID. But they are
Qd-dependent. That is enough. If p is large, N, = 0 in the majority of the
cases : P{\/Ni|P. — (1/2)?| > o5} ~ 0 .

Thus for a fixed (biy, ..., bip) it is always possible that there is a ” n’ 7 such
that 1y, (' (n'))1};, (b'(n' + j2)).....1s, (b' (0’ + jp)) = 1. But, it is what occurs
in the case IID

Of course, it is the same thing for N, = p.N;.

Then, it doesn’t make sense to study the behavior of P2 /pZ when p > 40.
That means that our results include all the cases which had to be studied. B

N

Use of independence in theorem 10

As for 71 p, one increases 72, by estimate. One calculates 03 = pr[l + 712,].
We thus obtained the following increases of |03 — afp\ for various p and var-
ious bi1 ® ...... ® bip.

p 1 2 3 4 5

lof —oo | < | 11%10°* [1.2%10° % [ 1%10°* [ 0.9%10°* | 1107

For example

B
P{\/ﬁ1 J;Z? —(1/2)| > 0ep x} =
x=1 x=1.5 | x=2 x=2.5 | x=3
Under IID hypothesis || p=1 0.317 | 0.134 | 0.045 | 0.012 | 0.0027
Under hypothesis 11.2.2 p=1 0.317 | 0.134 | 0.046 | 0.012 | 0.0040
p=3 0.317 | 0.134 | 0.046 | 0.012 | 0.0027
p=>5 0.317 | 0.134 | 0.046 | 0.013 | 0.0028
p=10 || 0.317 | 0.134 | 0.045 | 0.012 | 0.0027

One obtains the same conclusions that previously. The results are not
changed so much. But, one does not have to worry for the case where p is
large.

11.2.12 Conclusion

The inequalities above show that it could be that b'(n’) does not check certain
tests of an IID sequence, but that will occur with hardly more probabilities that
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for a sample of a really IID sequence. It is thus not possible to differentiate the
sequence b*(n') from an IID sample by using these tests.

Thus by an empirical opinion, it is not possible to differentiate the sequence
b(n') from an IID sample by using PP and PZ/pB. Now, we understood in
section 2.1 that these are these conditions that one admits for the definition of
the randomness

Let us notice that these results remain true for any subsequence
bt(t(n’)) that we could choose : it is a very strong result

The sequence b'(n’) satisfy all the conditions which we have indicates in
section 2.1. Then, one can already consider that b(n’) is an IID sample.

Morever by an not-empirical opinion, we know that

P{B'(n') =b|B"(n/ + j2) = b, ..., B (n + jp) = by} =1/2+ Ob(1)e .

It is an additional property. However it is very important. If there is only
this only property, that proves already that one can admit that b'(n’) is an IID

sample if € is small enough.

For these two reasons, one concludes that B!(n') can be regarded as a sam-
ple of an IID sequence of random variables.

11.2.13 Results about z(n)

One obtains the same type of equations with X(n) as with the B*(n’), i.e. x(n)
could be regarded as sample of IID variables X(n) : for all Borel set Bo,

P{X(n) € Bo|X(n+j2) = x2,..... X(n+jp) = 2, } = L(Bo)+0b(1)2.649/10° .

Now study the theorem 9 :
P{\/NllPeX — P(Boy)....P(Boy)| > aBa:} < I(0(z).x) ,

where
PX = (1/N1)Y 1o, (X(n+ 1)) 180, (X (n + jp)) -

Then, one has to study the p such that 27 < N = 1.000.000, i.e. p < 20. In
fact one chooses to study p < 30.

Then, for Ny = N,
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Bip < | 0.0044 if p=1
Bip < | 0.0131 if p=3
Bip < | 0.0065 if p=5
Bip < | 0.0014 if p=10
B1p < | 0.000014 | if p=20
B1,p < | 0.000004 | if p=30
Moreover,

o » < | 0.000560 if p=1
7 » < | 0.00357 if p=3
o » < | 0.0007 if p=5
" » < | 0.00004 if p=10
o » < | 0.00000029 | if p=20

Thus finally, one obtains the following decreases of 6(x) :

x=1 x=1.5 | x=2 x=2.5 | x=3
p=1 O(x) > | 0.9595 | 0.9728 | 0.9795 | 0.9834 | 0.9861
p=3 O(x) > | 0.8769 | 0.9167 | 0.9367 | 0.9486 | 0.9566
p=>5 O(x) > | 0.9390 | 0.9591 | 0.9692 | 0.9752 | 0.9792
p=10 || O(x) > | 0.9869 | 0.9912 | 0.9934 | 0.9947 | 0.9956
p=20 || O(x) > | 0.9992 | 0.9995 | 0.9996 | 0.9997 | 0.9997
For example
P{\/E\PEX —~ L(Bo)| > O—Bx} -
x=1 x=1.5 | x=2 x=2.5 | x=3
Under IID hypothesis p=1 0.317 | 0.134 | 0.045 | 0.012 | 0.0027
Under hypothesis 11.2.2 || p=1 0.337 | 0.144 | 0.050 | 0.014 | 0.0031
p=3 0.381 | 0.170 | 0.061 | 0.018 | 0.0041
p=> 0.348 | 0.150 | 0.053 | 0.015 | 0.0033
p=10 || 0.324 | 0.137 | 0.047 | 0.013 | 0.0028
p=20 || 0.318 | 0.134 | 0.046 | 0.012 | 0.0027

One obtains similar results with the second empirical theorem.

These results shows that x(n) behave like an IID sample. It is an additional
proof that one can regards b*(n) as an IID sample.
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11.2.14 Tests

We are going to verify the previous conclusions by making tests of randomness.
We use the classical Diehard tests cf [2], [1]. We tested the sequences b!(n’) or
x(n).

Results are in accordance with what we waited: for sequences b(n’) and
x(n) the hypothesis "randomness” can be accepted by all the Diehard tests.

We denote by N7 the size of used samples. We denote by as the selected
percentage points with probability 0,95.

In the following results, we test several samples of size N;. We take the
maximum of the statistics associated in these tests. It is not thus surprising
that they are sometimes larger than as. As a matter of fact, We notice that
these maximums are close to a5 and that this result is even almost too good

Equidistribution Test We use the chi-squared tests. First, we test b'(n’) :
of course the associated partition is {{0},{1}}.

We use sample with size Ny. Let X?Vl be the associated chi squared statistics.
We take the maximum of x%; . The number of samples increase if Ny decrease
(not linearly) . Thus it is normal that maximums have tendency to increase.

The following table is that of the maxima of X?vl obtained for each N;. More-
over as is the selected percentage points with probability 0,95 of chi squared
statistics with one degree of freedom.

N 57%10° | 57 10° | 57 %107 | 57 % 10° | 5700 | 570 | 100
Maz(x%,) || 0321 | 0.789 | 1.874 | 3.456 | 1.987 | 1.54 | 4.012
as 3.84 3.84 3.84 3.84 384 | 3.84 | 3.84

Now we test the sequence x(n). We use partitions in D(N7)+1 equal intervals
: D(Ny) is a function of Nj.

The following table is that of the maxima of X?\h obtained for each N;
(then, D(Ny) is constant). Moreover aj is the selected percentage points with
probability 0,95 of chi squared statistics.

N 5700 | 570 | 100
Maz(x%,) || 40.851 | 1821 | 17.32
s 4377 | 16.92 | 16.92

if Ny is larger, we use Ng = /2x% — /2d — 1) KA X where X% ~ N(0,1)
cf proposition A.1.2. Moreover a5 is the selected percentage points with
probability 0,95 of G.

N 57+ 10% | 57%10° | 57 10* | 57 % 103
Maz(|Ngl) || 0.754 1.506 2.033 2114
aN 1.960 1.960 1.960 1.960
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Serial Test We test the sequence b'(n’). We use the chi squared test with
the partitions of {0,1}? : there are 2P partitions. Here we denote by X?\h the
chi-squared statistics with 2P — 1 degrees of freedom.

The following table is that of the maxima of X?\h obtained for each p. Then,
for all p, we use several values of Ny.

D 2 3 4 5

max(x2 ) || 3.431 | 8.801 | 19.823 | 38.456
Ny

Qs 7.815 | 14.07 | 25.00 36.41

If p is larger, we use Ng = v/2x9 — v2d — 1~ N(0,1) .

P 10 15 20
maz([Ng|) || 1.952 | 1.874 | 2.074
an 1.960 | 1.960 | 1.960

Now, we test the sequence z(n). We use partitions in D(N7) + 1 equal
hypercubes where D(N7) is function of N;. Because D(N;) is big, we use
Ne = /2x4 = vV2d—1 ~ N(0,1) .

The following table is that of the maxima of X?Vl obtained for each p.

D 2 3 4 5 10 15 20
maz(|Ng|) || 2.221 | 1.947 | 2.004 | 2.121 | 1.745 | 2.2144 | 2.002
oN 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 1.960

Gap Test One test the sequence x(n). We keep the notations of [1] page
62. We choose [, B[= [0,1/2[. Then, one uses the chi squared statistics with t
degrees of freedom (with the notations de [1]) : we denote them by x3,.

One chooses t = 5,6,7,8,9,10. We use samples with various sizes N;. We
are interested in the maximum of these various x%. .

The following table is that of the maxima of X?\h obtained for each t.

t 5 6 7 8 9 10
Ma;c(x?vl) 12.45 | 15.04 | 19.02 | 20.31 | 20.99 | 19.11
as 11.07 | 12.59 | 14.07 | 15.51 | 16.92 | 18.31

For this test, we took many different samples. It is not surprising that max-
imum are close to as.

346



Poker Test One tests the sequence x(n). We keep the notations of [1] page 63.
Then, one uses also chi squared statistics : we denote them by X?\h' Then, X?vl-
is used for testing the number of k-tuples. We choose k = 5,6,7,8,9,10,11,12.
We lump a few categories of low probability together.

We use samples with various sizes N;. We are interested in the maximum
of these various x%, .

The following table is that of the maxima of X?\fl obtained for each k.

k ) 6 7 8 9 10 11 12
Maa:(x?\,l) 7.89 | 10.84 | 13.25 | 12.15 | 13.45 | 20.75 | 13.64 | 16.82
as 7.81 | 9.49 11.07 | 12.59 | 12.59 | 14.07 | 15.51 | 16.92

Coupon collector’s Test One tests the sequence x(n). We keep the notations
of [1] page 64. We choose d=3,4,5,6,7,8 (with the notations of [1] ). Then, one
uses also chi squared statistics : we denote them by X?Vl' We use various t (with
the notations of [1] ). We choose t as a function of d. We lump a few categories
of low probability together.

We use samples with various sizes N;. We are interested in the maximum
of these various x%, -

The following table is that of the maxima of X?\h obtained for each d.

d 3 4 ) 6 7 8
ma:z:(x?vl) 11.02 | 13.59 | 18.08 | 16.73 | 20.08 | 22.84
as 11.07 | 12.59 | 14.07 | 15.51 | 16.92 | 18.31

Permutation Test One tests the sequence x(n). We keep the notations of
[1] page 65. We choose t=3,4,5,6,7 (with the notations of [1] ). Then, one uses
also chi squared statistics with t!-1 degrees of freedom i.e. 5, 23, 119, 719, 5039
degrees of freedom. We denote them by x%;, .

We use samples with various sizes N;. We are interested in the maximum

of these various x%, .
The following table is that of the maxima of X?vl obtained for t=3,4.

t 3 4
Maz(x3,) || 12.67 [ 408
an 11.07 | 35.17

If t is bigger, we use Ng = v/2x9 — v2d — 1~ N(0,1) .
The following table is that of the maxima of | Ng| obtained for each t.

t 5 6 7
maz([Ng|) || 2.191 | 2.432 | 1.801
an 1.960 | 1.960 | 1.960
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Run Test One tests the sequence x(n). We keep the notations of [1] page 66.
We uses the chi squared statistics with 6 degrees of freedom. We denote it again
by X%, -

We use samples with various sizes N;. We are interested in the maximum
of these various x3, .

The following table is that of the maxima of X?\/l obtained for each Nj.

N 57%10% [ 57 10° | 57 % 10% [ 57 %103 | 57 * 102
maz(x3,) | 5.710 8.848 10.640 | 12.312 | 12.584
an 12.59 12.59 12.59 12.59 12.59

Maximum-of-t Test One tests the sequence x(n). We keep the notations of
[1] page 70. We test the distribution function of maximum V;,. Then, one uses
VY it is enough to apply equidistribution test with partitions of size D+ 1.
Then, one has chi squared statistics with D degrees of freedom.

We use samples with various sizes N;. We are interested in the maximum
of these various X?vl when the degree of freedom depends on Ny : D(Ny) .

We use Ng = v/2x% — vV2d — 1 ~ N(0,1) .

The following table is that of the maxima of |Ng| obtained for each Nj.

N, 57+ 10° | 57 % 10° | 57 % 10¥ | 57 % 10° | 57 * 102
Maz([Ng|) || 0431 | 1.554 | 2.025 | 1.905 | 2.102
an 1960 | 1.960 | 1.960 | 1.960 | 1.960

Collision Test One tests the sequence b'(n’) . We keep the notations of [1]
page 70. We do the test with samples which have a size of 2'4 in 220 urns as in
[1] . Then, one can use the tables of probabilities of [1] page 70.

Let co(t) be the numbers of collision of t-th test. Then, we have the following
inequalities for t=1,2,...,1000

109 < co(t) < 141 .

We recall that P{co(t) < 108} = 0.043 and P{co(t) > 145} = 0.946 : cf [1]
page 70.

Birthday spacings Test One tests the sequence x(n). We keep the notations
of [1] page 71. We use the test exacly as in [1]. Then, we use the chi squared
statistics with 3 degrees of freedom. We denote it by x3.

The following table is that of x3.

x2 [ 366[4.02]1.94]5.67]332]6.77[701][278]4.25]6.11
os || 7.81 | 781|781 | 7.8 | 781 | 7.81 | 781 | 7.81 | 7.81 | 7.81
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As a matter of fact, we made this test more than hundred times. For these
other tests, similar results have been obtained.

Serial Correlation Test One tests the sequence x(n). We keep the notations
of [1] page 72. One chooses N1 > 100. Let C be the serial correlation coefficient.
Then, oz ~ 2 when one tests |v/N;C|.

The following table is that of the maxima of |/N;C|obtained for each Nj.

Ny 57 %100 [ 57%10° | 57+ 10* | 57 103 | 57 * 10°
maz|v/N:C| || 0.31 1.11 1.51 1.86 1.55
as 2 2 2 2 2

Higher order correlation coefficient Test One tests the sequence x(n).
We keep the notations of [10] page 72. In this test, we test not only the linear
correlation coefficient : we test also the polynomial correlation coefficients.

For this test one can use samples (z(2n),x(2n + 1)). But - as for the serial
correlation coefficient - results are similar if one uses samples (z(n), z(n + 1)).

Therefore one uses the statistics ||Sy, ||*> defined in theorem 6-11 of [10] :
[|Sn, [|? has asymptotically a chi squared distribution with h? degrees of freedom
(here h=k with the notations of [10]). One chooses h according to Nj.

Because h? is big, we use Ng = /2x% — v2d — 1 ~ N(0,1) .

The following table is that of the maxima of | N¢g| obtained for each Nj.

| IVq | 57 %108 | 57 % 10° [ 57 % 10% | 57 % 103 | 57 % 102
Maz([Ng|) || 0.541 1.121 1.584 1.659 1.832
an 1.960 1.960 1.960 1.960 1.960

Conclusion Every test made conclude that the x(n) and b'(n’) are IID se-
quence. It is only confirming our previous study. It brings a supplementary
proof to the correctness of our reasoning.

11.3 Certainty of the randomness of {b'(n/)}

Now, one wants to show that there is no doubt about the randomness of the
sequence b'(n’) : all was proven.

11.3.1 Detail of the method

Our method is based on different steps.
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1) We use data a; which can be regarded like the realization a; = A;(w) of
a random sequence A; having a certain asymptotic independence.

2) We transform them into a sequence €?(j) having marginal laws rather
well distributed thanks to the addition of a pseudo-random generator.

3) Thanks to the Fibonacci function we transform the e?(j) into a sequence
e3(j) almost independent and with marginal distributions extremely near to the
uniform distribution.

The advantage, it is that almost all the logical models E3(j) of the sequence
e3(j) are almost independent and have marginal distribution extremely near to
the uniform distribution.

4) Then, one uses the XORLT. One makes the sums modulo m of the S=10

lines of the matrix of the f(i,n) : h(n) =5, f(i,n).
By the sections 5.7 and 8.5.2, the advantage of using the XORLT, it is that
the conditional probabilities satisfy

P{Z F(i,n) el ‘ Flin+ji) = fuss=2.3,.} = P{Y_Flim) € 1} :

It is even truer for

P{Z Fi,n) el ‘ > F(i,n+js) = his, s =2,3, } .

However, the law of each F(i,n) is extremely close to the uniform distribution.

Therefore, the conditional distribution of ), F'(i,n) given >, F(i,n + j) =
his,s8=2,3,... is also extremely close to the uniform distribution.

One can thus accept the model of

PYF(iim) =y | Y Fintj) = higs =23} = %{1 + uy] :

where wuy, is a sample of an IID sequence Uy.

5) One uses once again the function of Fibonacci Ty,. That allows us to con-
clude that P{X(n) € Bo | X(n+j2) = 2, ...., X (n+j,) = x,} = L(Bo)+0Ob(1)e
for any Borel set Bo.

6) Then, one transforms the sequence X(n) into a sequence of bits B(n’)
satisfying P{B'(n’) = b | BY(n'+j2) = bi, ...., BY(n'+jp) = bi,} = 1/2+0b(1)e
for any bits b.

7) The condition imposed on the parameters, m and gy imply that e = ﬁ,

where goN is the size of the sequence B(n’). This equality means that one will
not be able to differentiate the sequence B!(n’) from an IID sequence of bits.
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11.3.2 Details of the certainty

The results on the various steps which we have just pointed out are logically
certain. Indeed,

1) One is logically sure that the sequence A(7) has some asymptotic indepen-
dence. In particular, if one takes a dictionary or an encyclopaedia, the various
definite words represent Qd-dependent events.

2) One showed by reasoning that the sequence €?(j) has marginal distribu-
tions enough well distributed : e2(j) = el(j) + rando(j) where randy is inde-
pendent with respect to the behavior of e!(j).

The reasoning could even be useful in order to show that E?(j) has not only
uniform marginal distributions, but is even IID. It is besides the reasoning of
Marsaglia in the construction of its CD-ROM : cf chapter 3.

3) Thanks to the functions of Fibonacci we transform the e2(j) into a se-
quence €?(j) having marginal distributions extremely near to the uniform dis-
tribution for all the logical models E3(j). Moreover, these E3(j) are almost
independent.

This result is proved mathematically. As a matter of fact the sequence e3(5)
is maybe already an IID sequence : cf section 12.2.

4) Then the XORLT shows that
P{) F(i,n) €I | F(i,n+j.) = fiss=2.3,.}~ L(I).
5) One can thus accept the model
_ - 1
P{S F(i,n) = Fli,n+js) = his,s = 2,3... :7[1 }
{zz: (i,n) y\zz: (i,n + js) 55 S } - + uy
where uy, is a sample of an IID sequence of random variables Uj, with mean 0.

Now according to the CLT, one knows that the curve of the probabilities of
the sums has well the shape of a bell of the type

_ 5(y=0.5)?
e 202

S
P{ZF(Z,TL) =y ZF(i,n—Fjs) =gss=2,3..} = W{l—kvy} ,

where mo?, = O(1) (o is the variance of V).
Therefore, it will be the same for of,. The supposed condition o7 < 1 is
thus too weak. One is thus sure that it will be satisfied.

6) The results on the Fibonacci function show that

P{B'(n') =b| B*(n' + j2) = bia,...., B*(n' + j,) = bi,} = 1/2+ Ob(1)e ,
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where € =

[e]
VN

7) Our study, as well as the traditional results on the samples, thus shows
that one will not be able to differentiate the sequence B!(n’) from a sequence
of IID random bits.

8) As a matter of fact, we took precautions so much that e is probably much

o (8]
smaller than N

There is thus no uncertainty on the randomness of b'(n’). All was proved.

Remark 11.3.1 So that the sequence b'(n') is not representative of an IID se-
quence, there are only two solutions

1) The computer has a defect. But in this case, any calculation also risks to be
false.

2) By an extraordinary chance, it is the same case where a really IID sequence
does not satisfy the necessary tests. But that can occur only with the same prob-
ability, i.e. negligible.

11.3.3 Presentation of the result

In the beginning, one has a sequence of data a(j). But the sequence e3(j) can
also be regarded as a sequence of data. One can thus expound the result in the
following way.

One considers the sequence of data e3(j) .

One can thus say that, for all the logical models E3(j), associated to the
sequence of data e3(5), the sequence b*(n’) transformed of €3(j) according to the
transformations described above, cannot be differentiated from an IID sequence.

It is always possible that a test of randomness is not checked. But that
will happen only with a probability which has the same order as that of an IID
sequence.

We thus have turns the difficulty of a mathematical definition of an IID se-
quence because our result is true for all the models E3(j), and thus for all the
models B!(n) which are deduced from it.
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Chapter 12

Other methods of building
of IID sequences

12.1 Second method

In this section one uses the rate of convergence of the XORTL (cf 5.5). One does
not apply it to a sequence of numbers of the same type that f(i,n), n=1,...,N, but
to random numbers of size N, i.e. very large, for example with a sequence of bits
of size 100.000.000 regarded as a number with values in {0, 1, ...., 2100:000-000__13
This technique makes it possible to avoid using conditional probabilities.

12.1.1 Method of construction of the sequence

One keeps a part of the steps of the method used in the chapter 11.

1) One supposes that one has a sequence of data which one writes in the
forms of bits a; € {0,1, ...,k — 1}, j=1,.....,N. One supposes that one can write
a; = Aj(w). It is supposed made up of several independent files.

2) One rewrites it in the form of a table cé-, ji=1,...,J; i=12,..,S. The J;’s
are chosen in order that the lines are made up with independent files.

3) For each line i, one chooses a congruence of Fibonnacci T;(z) = a;x
modulo m; so that N/m; is very small. We assume also that there exists v; € N
such that m; = m? (k7).

One groups the data togheter by set of ~; elements :

‘ s=1,2,..,Jl ou J] =

d1(]) = Cf]i—(s—l)'yﬂC?.L‘,—(s—l)’yi—l""C:L]7,—(s—1)’yi—('y71—1) ’

L i/l
4) For all j = 1,2,...., J/, one transforms each d;(j) by Fibonacci functions

T, where ¢; < 3v,;/4.
4-a) One defines e} (j) € {0,1,....,m; — 1} : el(j) = [di(5)mi /27 ].
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4-b) One sets eZ(j) = el(j) + rand;(j) modulo m;, where rand;(j) is a
pseudo-random generator of period m; with values in F*(m;).
4-c) One defines €} (j) € {0,1,...,2% — 1} by : e3(j) = 29T, (€2(j)/m;).

5) One rewrites the e} (j) in the form of a sequence of bits.

5-a) For j =1,...,J] , let €}(j) = bi{ (j)bis(j)....bi, (j) be the writing of the
e3(j) base 2.

5-b) One defines the sequence of bits bt;(n), n = 1,2,....,¢;J], by setting
bti(gis —u+1) =bii(s) fors=1,....J ;andu=1,...,¢q; .

yYq

6) One modifies the lines bt;(n'), ' = 1,2,....,¢;J/, thanks to transforma-
tions having a behavior close to that of the permutations. In this aim, one
uses other sequences of datas c}(n') € {1,2,....,q;J/}, n' = 1,2,...,¢;J!, where
1=1,2,....,35. Because we use transformations similar to permutations we set
ct(n') = Perm;(n') in order that the notations are clearer.

6-a) One groups them togheter by package of three successive sequences
Permt(n’) for t=1,2,3,1=1,2,...,.S, n = 1,2, .....,¢; J].

6-b) For each line i, for n’ = 1,2,....,¢;J/, one sets, rj(n’) = bt;(n’) and, for
each t=1,2,3, ri(n’) = bt;(Permi(n’)) for n' = 1,2, .....,q; J].

6-c) For each line i, we set r;(n') = r{(n’) + ri(n') + ri(n’) + ri(n’) modulo
2forn=1,2,.....,¢qJ..

Remark 12.1.1 Less large sequences c;(s) can also be used in order to define

these transformations. For example, one can suppose i=1,2,....5 : then, we
choose three lines i1,1i2, 13 which we associate at each line i in the step 6-a).

7) One definite g; as the number with J bits whose writing bases 2 is g; =
ri(1)7i(2)...r:(J) , ou J = min;(q; J}).
The numbers g; are thus number of very large size.

8) We set h = Zle gi . For calculation one uses the method described in
section 12.1.2.

9) We set k = h, mod My + 1 where My =27 —1: 0 <k < M.

10) Let k = by, b, ...., the writing of k& base 2. Then, one regards the se-
quence by, ba,...., 0.

It is the sequence of bits by which will check the properties that we want for
our IID sequence.
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12.1.2 Calculation algorithms

As we make calculations on extremely large numbers, one cannot directly use the
various mathematical programming systems: e.g. if g; € {0,1, .....,101:000:000
We thus clarify now the method of calculating h = Ele g; when S=15.

It is known that g; represents a number with J digits in base 2 : ¢g; =
ri(1)r;(2)....r;(J). Therefore, g; = Z'j]:l ()27 77 where r;(j) € {0,1} .

Then, ¢; = Zi;é ri(J — n)2™. Therefore h = ano Yo ri(J —n)2" =
S oo 2h2" where 2} = S21° r;(J — n). Therefore, z} < 15.

We set 2L = 0if n < 0. Two algorithms A1l and A2 thus will transform

1 ; _ 19n 1 : k
a sequence z,, corresponding to h = ZnGZ z;2" , z, < 15 into a sequence z,

corresponding to h = Y, ., 2k2™ where 2 € {0,1}.

Algorithm A1l

Algorithm Al is composed of several successive steps.
Transformation of z} into 22 For any n, one writes 2, in base 2. Because,
zy, <15, for all n € Z, 2, = pi ,2° + p} 2> + pi .2+ p1 ,, ou p} ,, € {0,1} for
i=1,2,3.4.

Therefore,

h=> 22" = (p1.2° + i 2% + ] .2+ 9 ,)2"

neZ nez
=D a2y a2 Y a2 Y 2t
nez nez nez nez
neZ

where z2 = pi,, +p3,,_1 + 3 o+ pl,_3. Therefore, z2 < 4.

3 Because 22 < 4, we set, for n € Z, 22 =

Transformation of 22 into 23 2

P3n2% + 05,24 ph -

Therefore,

h=> 222" = (p3,2°+ 3,2+ pb,)2"
nez nez
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=2 A2 Y 052 Y 2 =) et

neZ nez neZ nez

where z3 = pb,, + p3,, 1 + p3,_o . Therefore, z} <3 .

4

n

Transformation of z? into 2} Because 22 < 3, we set, for n € Z, 23 =

P3n2 + Py With p3, < 1.

Then,
h=Y 282" = (p3,2+p5,)2" = _ p3,.2" "'+ > ph,2"
nez neE”Z nez nez
-y
neE”Z

where Z;IL = p;);n + p?’),n—l .
Because z: < 2, we set for n € Z, 2} = pin2 + P};,n with pin <1

The first algorithm is finished in this way. Indeed, by continuing the same
method, the following step transforms z2 into a sequence z3 which checks the
same conditions : z3 < 2.

Algorithm A2

Then, A2 algorithm transforms a sequence z¢ into a sequence z5*1 which checks
the same conditions.

Then, one supposes 25 < 2.

Now, if h = Y, o, 252", with z5 = p2 2+ pL, , p2, <1, 25 € {0,1,2},
zy =01if n <0, then

h=> 232"=> (p2,24ps,)2" =D p2,2"" + ) pl,2"

nez nez nez neL
_ E Z:rS'L—‘,-IQ’fL7
nez
+1 _ 2 1
where Zfb - ps,n—l + ps,n
Ther6foreﬂ 2781+1 = p§+1,n2 + piJrl,n with ngrl,n < 1 ) ZZ+1 € {Oava} )
221 =0if n <0.

Therefore one did not change conditions on 2] when one transforms ”s” into
"s+1” by A2 algorithm
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Finally, A2 algorithm transforms any sequence z2 € {0, 1,2}, z$
p. s p2, < 1, into a sequence {z:t'} = A2({z:}) € {0,1,2} , =&
2’ 1
ps,n—l +ps,n .

However, the number of 2 tends to decrease. One then will repeat a certain
number of times the A2 algorithm in order to make disappear the 2 from the
sequence z, .

Indeed, in order that 25*! = 2, it is necessary and sufficient that pé’n =
2
ps,nfl =1

Finally, after each step which transforms z¢ into 25*! the new sequence z357*

has less from 2 (or the same number) that the sequence z7. One can understand
that on the following examples.

Example 1 Wesupposez=0111201
Then,
z=0111201
A2(z)
=0111001
+0001000
=0112001
A22(2)
=0110001
+0010000
=0120001
A23(2)
=0100001
+0100000
=0200001

A24(2)

357



=0100001
+1000000

=1100001

Example 2 We supposez=0110201
Then,
z=0110201
A2(z)
=0110001
+0001000

=0111001

Exemple 3 We supposez=0112201
Then,
z=0112201
A2(z)
=0110001
+0011000
=0121001
A2%(2)
=0101001
+0100000
=0201001
A3%(2)

=0001001
+1000000
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=1001001

As a matter of fact, the existence of a ”2” after the step ”s” is still checked
in the step ”7s+1” if this ”2” is preceded by a "1”.

If it is preceded by a ”0” or by a ”2” it is removed.

Therefore, if there is still ”2” in the step ”s” that means that there was
several 717 which are consecutive in step 0 (followed by a 727).

Because the probability that n ”1” are consecutive decreases if n increases,
there will be normally no ”2” in sequence z;° after so steps.

Method of calculating of b;

The calculation of by,....,by, is very simple. Let h = hjirhjpr—1....... hahy
(where r > 0) the binary writing of h . The bits b, are the bits hs ex-
cept the r first bits hjir, hyyr—1,.., hyy1 which one removes : by, bs,....;0; =
hyhy_1.....h1.

12.1.3 Properties

One uses the properties on the rate of convergence of the XORLT. For example,
one reminds the following proposition (cf section 5.5.1).

Proposition 12.1.1 One uses the set of the probabilities on the (x1,...,xg5) €

{0,1,....,27 — 1}° defined as in section 5.5, hypothesis 5.5.1 : Py, . .o =
P/

prlélizis provided with the uniform probability on the Py,

y xS

One supposes that with these notations, and our previous notations (section
12.1.1, step 7), X; = G;.

Then, for all y € {0,1,....,27 — 1}, with a probability equal to 1 — 2T'(b),

bOb(1)
Vil

Proof Under our assumptions, the N of the assumptions 5.5.1 is equal to the
27 defined in section 12.1.1 : N =27.

Moreover Epr = 1/2 and 0%, = 1/12.

Finally, x1 +... +2s =91 +... t gs = k. 1

P{K =y} ~ (1/21)[1 +

One can thus obtain probabilities very close to the uniform distribution with
a probability very close to 1. Indeed,

PAE=y}= > Do

r1+...+Ts=Y
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P{K =y} = P{{B1 = b} N {By=bo} .. {Bys = ng}} .

Then, if b° is large, with a probability infinitely close to 1,

b°0b(1) ] .

P{{31 — b} N {By = by} Nee N {Bys = bZJ}} = (1/2) {1 Vo=

12.1.4 Study of datas

Then, we have a sample of S lines d;(1), ..., d;(J]) where

di(j) = C.i]if(sfl)'yi’Cflif(sfl)'yifl""C?}if(sfl)yif(vifl) J

which is transformed in

Concentration of the G;’s

The problem most difficult to solve logically, it is that the G;’s should not have
a probability which is cancelled in many points : cf section 5.5.10.

First, to have an idea of the effects of the transformations of the data, we
suppose that we did not make a transformation on the d; and that we summon

them directly, i.e. g; = r;(1)r;i(2)....r;(J) , J=10.000.000, means a sum of text.

Then, it is important that these lines does not come from the same type of
files, for example from English books. Indeed, if a line comes from an English
text, that is not of consequence about the CLT: this text is only a sample of
size 1 chosen randomly.

But if all the lines are obtained from English texts, that will involve logi-
cally that the probability associated to each line is very particular. Thus any
line which does not correspond to an English text will have a null probability
theoretically and there will be many of such sequences. Thus, the measure asso-
ciated to the English texts is a priori concentrated in a small number of points
on the set of the possible points r;(1)7;(2)....r;(J). There is 210-000-000 pogsible
points, but there are much less possible English texts than one can write with
10.000.000 of bits.

Therefore, there are many points s which have a null or negligible proba-
bility: P{G; =~} =0.
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Now, it was shown that the curve of the probabilities obtained by the CLT
has the shape of bell, except in certain cases where the measure is concentrated
nearly a small number of points.

In the case which interests us here, one can regard as example, the case
where, for any i, 7;(1)r;(2)....7;(J) = r;(1)7;(2)....r;(P)0.0....0.0 where P=1.000.000
and J=2.000.000. It is understood indeed that h = hihs.....hp0.0.....0. There-
fore, in fact bpi1bpia.....0q = 0,0,....,0.

If one directly applies the method above without modifying the d;(j), one
would not be sure to have a curve of the probabilities in the shape of bell. The
quality of the result would be thus dubious.

Of course, g; = r;(1)r;(2)....7;(P)0.0....0.0 is an extreme case. But it pro-
vides an example and shows that it is necessary to avoid being in a case of this
kind.

Because of that, we made uniform the d;(J) and then we employed trans-
formations of a type similar to the permutations.

Remark 12.1.2 One cannot directly add pseudo-random generators as in the
chapter 11. In the chapter 11, one used the numbers with 10 or 20 digits. Each
provided number could be regarded as random because one can easily take a germ
with 20 digits. Here, it would be necessary to use a generator with values in the
numbers which have a order of 210-000-000 4f J — 10.000.000 for example. In no
case, it could not to be random.

12.1.5 Study of sums of text

First, let us consider a sequence resulting from texts or mathematical texts or

programs. Let us suppose that for any line ¢! = ¢¢ ..., ¢4, J = 400.000 where ¢
means a letter of the Latin alphabet : ¢ € {0,1,..,25}.

If one uses all the possible sequences of letters £ | there is 26499-990 pogsible
combinations.

Of course, there are much less texts possible in English. How much is there
of them? It is rather difficult to evaluate correctly.

In the tests and the numerical results which we calculated, we obtained a
Qd-dependence with Qd=22 : cf section 10.4. To avoid any error, let us increase
Qd: let us consider that there is Qd-dependence with Qd=40.

Study of a particular case

To illustrate the ideas, let us group the letters by group of 40. There is
400.000/40= 10.000 of it. Let us take 1 group out of 2. There remain about
5000 of them.
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Because of the 40-dependence, there would be thus more than (40terms)>°%0
possible combinations.

Let us suppose that there are 20.000 words in the English language (it is an
average: one can admit that there are 500.000 words).

But how much there are sequences of 40 terms in the English language?

To try to estimate it, let us suppose that one has words of 10 letters and
that each word is independent. Then, there would be for each group of 4 words
of 10 letters, (10000)* possible combinations.

But, one is not in this case. In fact, it seems that there would be at least
(20000)3 possible combinations for each group of 40 terms. But it is extremely
difficult to be sure for it without making a long study.

Altogether, there would be thus ((20000)3)5%9%0 ~ 26°6538 possible combina-
tions.

That is much smaller than 26409990 the number of all the possible combi-
nations with 26 letters. There will be thus many [, checking Proba{¢! = i,} = 0.

But these points of probability equal to 0 can disappear if several lines are
summoned.

Thus let us suppose that we summon 15 lines by group of 40 terms.

Let £i(j) be the obtained lines with 5000 groups of 40 terms.

Let hi(j) = Z:L £i(45). One thus will group 15 groups of 40 independent
terms togheter.

Then for each hi(j) associated with a group of 40 terms, there will be
(40terms)t® = (20000%)' = 20000*> possible combinations.

Thus altogether, there will be ((20000)45)5000 ~ (2615595)15 ~ 26683925 g
sible combinations: that would be more than the total number of possible com-

binations : 26400-000

On the other hand, there will be even more possible combinations with the

sum Ay () = 32,2, 4()).
It will be the same thing if one takes all the groups of 40 terms instead of
removing 1 of them out of 2.

That thus means that by summoning 15 lines, one can remove the risk that
Proba{h(j) =z} = 0.

Study of the assumptions of this particular case

Is what the assumptions which we have made are sufficiently close to reality?

The assumptions that we have made are approximate. For example: there
is really 22-dependence? It is what numerical results show. Here we suppose
that there are 40-dependence. But is this sufficient?
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On the other hand, one can improve this type of results if one adds files of the
different type: English texts, music, mathematical texts , computer programs.

The problem, it is that, in order to use this type of reasoning directly, it
would have to be shown that for each line, there are about no points of proba-
bility equal to 0. Here, it is shown that the sum of the lines has this property.

But is this true? For example if all last the bits of the lines are equal to 0,
that is not true.

General case

In fact, it is to avoid this kind of risk which we have initially transforms the
data by the techniques of standardization and by transformations having sim-
ilar properties to those of the permutations. But, all these results are to be
confirmed.

In fact, these reasonings show that it would be maybe possible to summon
the data directly. We improve the chances that it is possible by the various
transformations carried out.

12.1.6 Permutations and associated transformations
Permutations

To avoid having points of concentrations of the probability, the simplest method,
it is to make permutations on a certain number of sequence of c; Indeed, the
permutations can transform into independent sequences about any sequence of
real numbers (including the pseudo-random sequences) : cf section 8.1.2.

It is quite clear that, if permutations are made, that changes immediately
the type of probability associated to each line d;: for example, if one permutes
d; € {¢4ch....c50.....0} .

Therefore, if the various lines d; were summoned, there is not thus a priori
reasons of considering that they are a sample of a random variable concentrated
nearly a small number of points.

Choice of permutations

Like permutation, one can use for example the various Matlab permutations.

But, it poses a problem: they are not permutations taken randomly. In fact,
one is in the case envisaged by Knuth ( [1] : cf also definition 2.1.5 ) and which
it is necessary to avoid. One would need permutations taken randomly to be
sure that one can considers the probabilities as not concentrated nearly a small
number of points.

For that, one can use nondeterministic sequences of data to define the per-
mutations.

363



For example let us suppose that one wants to permute a sequence x(j) of
size N and that one has data d(j) € {0,1,...,m — 1}, m > N. One would like to
be able to define the permutation P(j) = | N *d(j)/(m — 1)| . Unfortunately,
there is no reason that P is injective.

One can try to remove the j, j’ such that P(j)=P(j’), 7 # j/. But if N is
large, that can be long.

It is easier to use these functions differently

Transformation having some characteristics of permutations

To define these transformations, nondeterministic sequences of data are used.
In our construction defined in section 12.1.1, one used other sequences of datas
ck(s) € {0,1}.

First, we must define the numbers of which we have need to define these
functions close to the permutations: we build them starting from the c}(s). We
define these numbers in section 12.1.1, 6-a, 6-b, 6-c, 6-d. We obtain random
sequences (not 1ID) Pf(n) for t=1,2,3,i=1,2,....S, n = 1,2, ..., ¢;J]

Then, one applies these transformations on each line i: we set 7i(j) =
bti (P} ())-

Lastly, they are summoned modulo 2% : 7;(5) = r§(j) + ri(j) + 75 () + ri(j).

It is easy to note that this technique allows a mixture of the lines (and data)
which is as random as it would be the choice of a permutation taken randomly.
That is thus appropriate perfectly so that we can suppose that the probabilities
of each line cannot be regarded as concentrated nearly a small number of points.

12.1.7 Question about sums

In section 5.5.8, one understood that to use proposition 5.5.1 involves in some
cases absurd results for the sums of random variables. In the section 11.1.5,
one understood that that does not pose a problem for the example studied in
section 11.2. Is also the case for the sum of g; used in section 12.1.17

As a matter of fact, in the construction defined in section 12.1.1 there is
obviously no problem.

Indeed, by using the method described in section 12.1.1, one makes directly
an operation corresponding to a permutation. That thus amounts well taking
probabilities randomly.

One can thus consider really that the probabilities that one uses in the sum
behave as being taken randomly.

12.1.8 Example

By using, the technique defined in section 12.1.1, we have created a real sequence
b2(n’) which can be obtained by asking it to rene.blacher@imag.fr (Laboratory
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LJK, University Joseph Fourier of Grenoble, France). More precisions on this
subject will found in [18]

Detail of the construction

The following steps are carried out.
1) One has a sequence of digits in base 32 obtained as in the chapter 11.
a; €{0,1,...,31}, j=1,..., 34785384 : one thus has a sequence of 173926920 bits.
The data of the various lines were extracted from various texts in various
languages: the Bible, dictionary, mathematical program, mathematical texts,
encyclopaedia.

2) One rewrites it in the form of a table cé, 7 = 1,...,J;, i=1,2,...,5 with
J1 = 7.222.542 Jy = 6.980.250 J3 = 6.987.224 J, = 6.774.012 | J5 = 6.821.356.
Each line consists of independent file

3) One chooses the congruence of Fibonnacci T'(x) = ax modulo m =
m* (32%) (it is the same one which in the chapter11).
One groups the data togeteher by unit of v = 28 elements : d;(j) =

cf]i_(s_1)7....cfji_(s_1),y_(,y_1),j =1,2,...,J] where J/ = | J;/v] > |6.774.012/28|

= 241.929. We set J' = min;(J]) = 241.929.
Then, we use only the matrix d;(j), j=1,2,...,J°, i=1,2,3,4,5.

4) For all j =1,2,.,.J’, one transforms each d;(j) by the function of Fibon-
nacci.

4-a) One defines e} (j) € {0,1,....,m — 1} : el(j) = [di(§)m/27].

4-b) One sets €2(j) = el(j) +rand;(j) modulo m, where rand;(j) is a
pseudo-random generator MATLAB of period m with values in F*(m).

4-c) One defines €3(j) € {0, ...,29—1},j=1,2,....0°, by : e3(j) = 29T,(e2(5)/m)
where q=105 (¢ = 21 5, 21 = 3v/4) .

5) One rewrites the e3(j) in the form of a sequence of bits.

5-a) For n.=1,...,J" , let e}(n) = b} (n)bi4(n)....bil (n) be the writing of the
e3(j) base 2.

6-b) One defines the sequence of bits bt;(n'), n' = 1,2, ...., J, J=qJ'=25402545,
by setting bt;(gs —u + 1) = bii (s) for s =1,....,J ,andu =1, ...,q .

6) One modifies the lines bt;(n'), n’ = 1,2,....,J, thanks to transforma-
tions having a behavior close to that of the permutations. In this aim, one
uses other sequences of datas ¢'(n’) € {1,2,.....,J}, ' = 1,2,...,J where i =
1,2,....,35. Because we use transformations similar to permutations we set
ct(n') = Perm;(n') in order that the notations are clearer.

6-a) One groups them togheter by package of three successive sequences
Permt(n’) for t=1,2,3,1=1,2,....S, n' = 1,2, ..., J.
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6-b) For each line i, for n’ = 1,2, ....,J, one sets, rj(n’) = bt;(n') and, for
each t=1,2,3, ri(n’) = bt;(Permi(n’)) for n’ = 1,2, ....., J.

6-c) For each line i, we set r;(n') = ri(n’) + ri(n') + ri(n’) + ri(n’) modulo
2forn=1,2,......J.

7) For i=1,2,3,4,5, one defines g; like being the number with 25402545 bits
whose writing bases 2 of it is g; = r;(1)r;(2)....r;(J) .

8) We set k = 3°°_, g; modulo 27. Let k = b2(1)b2(2)....02(J) the writing
bases 2 of k . The sequence b?(n) is a sequence of random bits.

Programming

In some computation’s systems, it can be long to execute the program of the
transformations similar to permutations, Perm;(n) € {1,2,....,J} when J is
large (step 6). For example, if J = 25402545, the used memory is large. In
Matlab 2008, the execution can be long.

In order to use not too memory, one can proceed step by step : one uses the
Perm;(n') by packages : for example Perm;(n’), n’= 508050(s-1)+1 : 508050*s.
Now we show how processing with the first line.

1) We have a sequence of bits bt(n’) = bt1(n'), n’= 1,...,J, where J =
25402545.

2) We write it in a form of a sequence Bt(v) € {0,1,...,2%0 — 1}, v =
1,2,...,508051 where Bt(v) = bisg(v)....bia(v)bi1(v) and 508051 = [J/50] + 1 :
if u-1=50v—+s is the Euclidean division of u-1 by 50, bt(u) = bisyq1(v + 1).

3) We denote by res(n’) € {0,1}, n’=1,2,...,J, the sequence which we want to
obtain : at the end of computation res(n’) = bt(Perm(n')) for n’= 1,....,J. We
write it in a form of a sequence Res(v) € {0,1,....,2°° — 1}, v = 1,2,..., 508051 :
Res(v) = bitso(v)....bitg(v)bity (v) and res(u) = bitsiq(v+1), where u-1 =50v+s
is the Euclidean division of u-1 by 50.

We execute the following steps :
A) At step 717, we set res = zeros(1,J) and Res=zeros(1,508051).

B) At step ”s” :
for n= 508050(s-1)+1 : 508050*s,

1) Let Perm(n) — 1 = 50jy 4+ ro be the Euclidean division of Perm(n) —1
by 50.

2) We set b = biyy+1(jo + 1). Then b = bt(Perm(n)).
Indeed, for jo = 0,1, ....,508050, we use Bt(jo + 1) = biso(jo + 1).....bi1 (o + 1).
We extract from it b = bi,41(jo + 1) which is thus equal to bt(Perm(n)).

3) Let n — 1 = 5073 + ro be the Euclidean division of n-1 by 50.
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4) We set bit,,+1(j2+1)=b.

That means that one regards Res(ja + 1) = bitso(j2 + 1).cee.... bit1(j2 +1). By
replacing the old bit,,+1(j2+1) = 0 by b, one obtains thus a new Res(jo+1) =

bitso(jo + 1)eeennee. bito(jo + 1)bity (jo + 1).

Then, we obtain at the end of step ”s” a transformed sequence res(n’) repre-
senting the sequence bt(Perm(n’)) obtained for n’= 1,2,...,508050.s. After, we
will execute the following step.

In order to make computations at the step ”s”, one needs memory for
1) Perm(n) € {1,2,....,J} , n = 508050(s — 1) + 1 : 508050.s,
2)Bt(v) € {0,1,....,2°0 — 1}, v = 1,2, ...., 508051,
3) Res(n’) € {0,1,....,259 — 1}, n’ = 1,2, ....,508051.
Then, we do not need too memory if we use Matlab 2008.

Remark 12.1.83 It is also possible to write the sequence Perm(n), n=1,....,J,
in a form PErm(v) € {0,1,....,250 =1}, v=1,..., 508051 as for bt(n’) and Bt(v).

Remark 12.1.4 Here, we write the method to execute computations. We do
not write the program. For example, in order to compute the step 4), the most
simple way is to use Res(jo + 1) = Res(jz + 1) +0.2™ .

An other method

Now the previous way of programming is a little long. Then, one can use a fast
way : one can apply the transformations similar to permutations to €3(j). With
this aim, one changes the method defined above in ”Detail of the construction”.

We replace steps 5) 6) 7) by the following way.

5) One modifies the lines e3(j) € {0,1,.....,279 — 1}, j = 1,2,...., J', thanks
to transformations having a behavior close to that of the permutations. In this
aim, one uses other sequences of datas Perm;(n’) € {1,2,.....,J'},n=1,2,..., J
where i =1,2,....,35.

5-a) One groups them togheter by package of three successive sequences
Perm!(n) for t=1,2,3, i=1,2,....S, n = 1,2, ....., J'.

5-b) For each line i, for n = 1,2, ...., J, one sets, rj(n) = e3(n) and, for each
t=1,2,3, ri(n) = e2(Permi(n)) for n = 1,2, ..., J'.

5-c) For each line i, we set r;(n) = rj(n) + ri(n) + ri(n) + ri(n) modulo 2¢
forn=1,2,...,J".

6) One rewrites the r;(n) in the form of a sequence of bits.
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6-a) For n =1,...,.J" , let r;j(n) = bi{ (n)bib(n)....bil (n) be the writing of the
r;(n) base 2.

6-b) One defines the sequence of bits bt;(n'), n’ = 1,2, ...., J, J=qJ'=25402545,
by setting bt;(gs —u + 1) = bii (s) for s=1,....,J ,andu=1,...,q .

7) For i=1,2,3,4,5, one defines g; like being the number with 25402545 bits
whose writing bases 2 of it is g; = bt;(1)bt;(2)....bt;(J) .

Now, it will be necessary to know if this way is sufficient in order to have
random bits b?(n) whose the randomness is sure.

12.1.9 Properties

First, let us notice the following remark.

Remark 12.1.5 One can admit that the sequences d;(j) and €3 (j) are 2-depend-
ent : cf section 10.4. The d;(2j + 1) thus form an independent sequence. As
each €3(j) has a distribution close to the uniform distribution (cf chapter 8),
that means that, at least, the sequence d;(2j + 1) is IID.

On the other hand, by using proposition 12.1.1 one finds that in the set of
probabilities provided with the uniform distribution, with a probability infinitely
close to 1,

P{{Bl = bl} N {Bg = bg}ﬂ ..N {BQJ = bQJ}} = (1/2J) [1 + 2500(?%

It is a very strong approximation.

Now,
P{{32 = o} NN {Bys = by}}

- P{{31 =0} N {By=bo} M. {Bys = sz}}

+P{{B1 =1} N {Ba = b} 1.0 {Boy = by} }

0Ob(1) }

— J—-1
- (1/2 )[1 + 250.000.000
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More generally

P{{B =01} 1 {Bussy = ba} 0. (B, = by} } = (/2)[1 4 o

Therefore,

P{Bn - bl‘BnHz = by, By = bp}

P{{By = b1} N {Buyj, = b2} N {Buyy, = by} |
P{{Busja = b2} 0.0 {Buss, = by} }
(1/2%)[1 + 72t
(1/2071)[1 + 552 |
20b(1) Ob(1)
~(1/2) {1 + 250.000.000} =(1/2)+ 950.000.000 °

Therefore,

P{Bn - bl‘sz = by, Boyj, = bp} = (1/27) + Ob(1)e

Ob(1)
where € = 2500%

Now, we apply the theorem 9 with the Qd-dependence where Qd < 22x5 =
110 considering that a; € {0,1,...,31} and that 32 = 25 : cf section 11.2.9.

By the results of section 9.5.1, and by lemma 9.2.5,

Brp < \/“% where Ny < 25402545 , € < sz, A(p) > (1/8). Then,

< V/8%25402545 2p __ 4%14255.538 < 217 < 1
ﬁl,p = 77950.000.000 p/2 — ~950.000.000 = 950.000.000 — 49.999.983 *

2
Moreover, 71, & @Q_Aip(z)l)e [210 +(1+4Qd)3% + (1+2Qd) 4]2326} :

Now 2.J3 ~ 3.278398058033158 * 1022.
Then, 2.J3 < 276 ~ 7.555786372591432 * 1022.

3 275 _ 1
Then» '71,1) S J €< 950.000.000 — 949.999.925 *

Finally,

Yip S 949.999.925
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Therefore, with the same notations as in section 11.2.10,

P{\/NT|P€B —(1/2)] > oBa:} < F[(ﬂ)x} <

L+,

<T 1~ gosbewss <rf(1- L
<r|( 2 o] < v{(1 - gmowes )]

]- + 249.999.925

1
for x > 500

With the notations of section 11.2.11, the same results are obtained for

P{m L/ (1/2)‘ > 00 x}

B
e
B

pe

It is quite clear that with such an approximation, nothing could differentiate
such a sequence from an IID sequence if one has sample with size 26.000.000.

The question which is asked is: <<How can one obtain such a fine approxima-
tion?>>. The answer is that this is because the property of the XORLT and its
speed of convergence. We understood that this asks a question in section 5.5.8,
et 12.1.7.

It is necessary however not to forget that these results are true with a prob-
ability infinitely close to 1 in the set of the probabilities provided with the
uniform distribution (as defined in proposition 12.1.1). Then, it asks the ques-
tion to know if this measure on the set of the probabilities is quite selected. To
arrive at absoluetely sure conclusions , that will require a still long study which
we will make later on.

12.1.10 Tests

We are going to verify the previous conclusions by making tests of randomness.
We use the classical Diehard tests cf [2], [1]. We tested the sequences {b*(n)}
defined in the step 8 of section 12.1.8 and &, = 0,b7.....b%,. .

Results are in accordance with what we waited: for sequences b?(n) and &,
the hypothesis "randomness” can be accepted by all the Diehard tests.

We denote by N the size of used samples. We denote by a5 the selected
percentage points with probability 0,95.

Equidistribution Test We use the chi-squared tests. First, we test b%(n)
with the partition {{0}, {1}}.
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We use sample with size N;. We use the chi squared statistics X?\/l . We
take the maximum of X?Vl' The number of samples increases if N decreases
(not linearly) . Thus it is normal that maximums have tendency to increase.

The following table is that of the maxima of X?\h obtained for each N;. More-
over as is the selected percentage points with probability 0,95 of chi squared
statitics with one degree of freedom.

Ny 25402545 | 2540200 | 254020 | 25402 | 2500 | 250 100
Max(x?vl) 0.875 2.974 2.091 3.115 | 3.028 | 3.985 | 3.770
as 3.84 3.84 3.84 3.84 3.84 | 3.84 | 3.84

Now we test the sequence &(n). We use partitions in D(N7)+1 egal intervals
: D(Ny) is a function of Nj.

The following table is that of the maxima of x3;, obtained for each N
(then, D(N7) is constant). Moreover «s is the selected percentage points with
probability 0,95 of chi squared statistics.

N 2500 | 250 | 100
Maz(x%,) || 41.828 | 15.01 | 15.25
as 4377 | 16.92 | 16.92

if Ny is bigger, we use Ng = /2x% — v2d — 1 A X where X% ~ N(0,1)
cf proposition A.1.2. Moreover as is the selected percentage points with
probability 0,95 of G.

N, 25402545 | 2540200 | 254020 | 25402
Max(|Ng|) || 1.627 1.489 1.778 | 1.990
aN 1.960 1.960 1.960 | 1.960

Serial Test We test the sequence b?(n) . We use the chi squared test with
the 27 partitions of {0,1}”. Here we denote by x%, the chi-squared statistics
with 2P — 1 degree of freedom.

The following table is that of the maxima of X?\h obtained for each p. Then,
for all p, we use several values of Nj.

D 2 3 4 5
max(x%,) || 5287 | 9.984 [ 25.765 | 36.704
as 7.815 | 14.07 | 25.00 | 36.41

If p is bigger, we use Ng = /2x% —v2d — 1~ N(0,1) .

p 10 15 20
maz([Ne|) || 1.847 | 1.789 | 1.954
an 1.960 | 1.960 | 1.960
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Now, we test the sequence {(n) . We use partitions in D(N7) + 1 equal
hypercubes where D(N7) is function of N;. Because D(NNp) is big, we use

Ng = /2x2 = v2d—1~ N(0,1) .

The following table is that of the maxima of X?\h obtained for each p.

D 2 3 4 5 10 15 20
maz(|Ng|) || 1.874 | 1.801 | 1.647 | 2.210 | 1.521 | 2.010 | 1.984
an 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960

Gap Test One tests the sequence £(n). We keep the notations of [1] page
62. We choose [a, B[= [0,1/2[. Then, one uses the chi squared statistics with t
degrees of freedom (with the notations de [1]) : we denote them by X?\h'

One chooses t = 5,6,7,8,9,10. We use samples with various sizes N;. We
are interested in the maximum of these various X?\h'

The following table is that of the maxima of x%; obtained for each t.

t 5 6 7 8 9 10
Maz(x%,) || 1021 [ 13.27 | 14.02 | 17.84 | 17.73 | 20.02
s 11.07 | 1259 | 14.07 | 15.51 | 16.92 | 18.31

For this test, we took many different samples. It is not surprising that max-
imum are close to percentages in 95 percent or in 99 percent.

Poker Test One tests the sequence £(n). We keep the notations of [1] page 63.
Then, one uses also chi squared statistics : we denote them by X?vl- Then, X?\h'
is used for testing the number of k-tuples. We choose k = 5,6,7,8,9,10,11,12.
We lump a few categories of low probability together.

We use samples with various sizes N1. We are interested in the maximum
of these various x%, -

The following table is that of the maxima of x%;, obtained for each k.

k ) 6 7 8 9 10 11 12
Max(x%\,l) 724 | 7.3 13.25 | 13.80 | 14.54 | 14.04 | 12.22 | 18.00
as 7.81 | 9.49 | 11.07 | 12.59 | 12.59 | 14.07 | 15.51 | 16.92

Coupon collector’s Test One tests the sequence £(n). We keep the notations
of [1] page 64. We choose d=3,4,5,6,7,8 (with the notations of [1] ). Then, one
uses also chi squared statistics : we denote them by X%Vl' We use various t (with
the notations of [1] ). We choose t as a function of d. We lump a few categories
of low probability together.
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We use samples with various sizes N1. We are interested in the maximum
of these various x?vl.
The following table is that of the maxima of X?\ll obtained for each d.

d 3 4 5 6 7 8
maaf(x?\,l) 12.74 | 12.27 | 14.88 | 19.90 | 19.72 | 20.92
o5 11.07 | 12.59 | 14.07 | 15.51 | 16.92 | 18.31

Permutation Test One tests the sequence £(n). We keep the notations of [1]
page 65. We choose t=3,4,5,6,7 (with the notations of [1] ). Then, one uses chi
squared statistics with t!-1 degrees of freedom i.e. 5, 23, 119, 719, 5039 degrees
of freedom. We denote them by X?\fl'

We use samples with various sizes Ni. We are interested in the maximum
of these various x3, .

The following table is that of the maxima of X?vl obtained for each t=3,4.

t 3 1
Max(x%,) || 1422 | 3317
an 11.07 | 35.17

If t is bigger, we use Ng = /2x% —v2d — 1 ~ N(0,1) . The following table
is that of the maxima of |Ng| obtained for each t.

t 5 6 7
maxz([Ng|) || 1.777 | 2.029 | 2.223
an 1.960 | 1.960 | 1.960

Run Test One tests the sequence £(n). We keep the notations of [1] page 66.
We uses the chi squared statistics with 6 degrees of freedom. We denote it again
by X3, -

We use samples with various sizes N1. We are interested in the maximum
of these various x?vl.

The following table is that of the maxima of X?\ll obtained for each Nj.

Ny 25402545 | 2540200 | 254020 | 25402 | 2500
max(x?vl) 2.254 10.087 11.774 | 11.454 | 13.821
an 12.59 12.59 12.59 12.59 12.59
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Maximum-of-t Test One tests the sequence {(n). We keep the notations of
[1] page 70. We test the distribution function of maximum V;,. Then, one uses
VY it is enough to apply equidistribution test with partitions of size D+ 1.
Then, one has chi squared statistics with D degrees of freedom.

We use samples with various sizes N;. We are interested in the maximum
of these various X%Vl when the degree of freedom depends on Ny : D(Ny) .

We use Ng = v/2x% — v2d — 1 ~ N(0,1) .

The following table is that of the maxima of | Ng| obtained for each V.

Ny 25402545 | 2540200 | 254020 | 25402 | 2500
Max(|N¢g|) || 1.115 1.602 1.754 1.994 | 1.813
aN 1.960 1.960 1.960 1.960 | 1.960

Collision Test One tests the sequence b*(n) . We keep the notations of [1]
page 70. We do the test with samples which have a size of 2!* in 22° urns as in
[1] . Then, one can use the tables of probabilities of [1] page 70.

Let co(t) be the numbers of collision of t-th test. Then, we have the following
inequalities for t=1,2,...,1000

110 < co(t) < 137 .

We remind that P{co(t) < 108} = 0.043 and P{co(t) > 145} = 0.946.

Birthday spacings Test One tests the sequence £(n). We keep the notations
of [1] page 71. We use the test exacly as in [1]. Then, we uses the chi squared
statistics with 3 degrees of freedom. We denote it by 3.

The following table is that of x3.

x5 || 531 ] 6.77 | 5.87 | 1.07 | 7.11 | 3.01 | 2.25 | 4.21
os || 781 | 7.81 | 781 | 7.81 | 7.81 | 7.81 | 7.81 | 7.81

As a matter of fact , we made this test more than hundred times. For these
other tests, similar results have been obtained.

Serial Correlation Test One tests the sequence £(n). We keep the notations
of [1] page 72. One chooses N1 > 100. Let C be the serial correlation coefficient.
Then, as ~ 2 when one tests |v/N;C|.

The following table is that of the maxima of |/N;C|obtained for each Nj.

N 25402545 | 2540200 | 254020 | 25402 | 2500
maz|y/NiC| || 1.27 1.13 1.62 1.94 | 177
as 2 2 2 2 2
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Higher order correlation coefficient Test One tests the sequence £(n).
We keep the notations of [10] page 72. In this test, we test not only the linear
correlation coefficient. We test also the polynomial correlation coefficients.

For this test one can use samples (£(2n),£(2n + 1)). But - as for the serial
correlation coefficient - results are similar if one uses samples (£(n),£(n + 1)).

Therefore one uses the statistics ||Sy, ||*> defined in theorem 6-11 of [10] :
/S, ||? has asymptotically a chi squared distribution with h? degrees of freedom
(i.e. h=k with the notations of [10]). One chooses h according to Nj.

Because h? is big, we use Ng = /2x% — v2d —1 ~ N(0,1) .

The following table is that of the maxima of | N¢g| obtained for each Nj.

A 25402545 | 2540200 | 254020 | 25402 | 2500
Maz([Ng]) || 0.541 1.121 1584 | 1.659 | 1.832
an 1.960 1.960 | 1.960 | 1.960 | 1.960

Conclusion All the tests conclude that £(n) and b?(n) form IID sequences.
It is only confirming our previous study. It brings a supplementary proof to the
correctness of our reasoning.

12.1.11 The methods of sections 11.1 and 12.1

Comparisons of the two methods

The method defined in this section 12.1.1 has theoretical results much better
than those defined in the chapter 11.

But, such a quality of the approximation seems useless since one reasons on
samples. In our method defined in chapter 11, we obtained an approximation
theoretically less fine and yet, we saw that one can regard it as sufficient.

The improvement made in this section by the method defined in the chapter
11 seems not to mean much.p For example, there exists always a probability
close to 0.045 such as %\}%)l > 2.

The approximation provided by the method defined in this section 12.1.1
can thus be only one additional guarantee which one can take when one builds
a sequence of random bits b,,. It could however to be useful if one wanted to
build functions of the b,, with certain mathematical properties

However considering the quality of the theoretical results, why then not
employ only the method defined in this section 12.1.17

To answer to this question, it should initially be recalled that it there many
other possible methods that those defined in this article to transform sequences
of data into IID sequences : cf section 12.2.

After, we studied much more the method defined in the chapter 11 than that
defined in this section 12.1.1. Following this study, we do not understand any
possible fault for the method defined in the chapter 11.
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With regard to the second method, the rate of convergence of the XORLT
should be the subject of a systematic study for better specifying the result.
Indeed, we studied it only in the case of sequence p),  , which are IID and

chosen randomly: cf section 5.5. Therefore, this study about the XORLT would
deserve to be developed and the results to be better specified.

Joint use of the two methods

A means of reducing the uncertainty of the model would be also to employ as
sequence a(j) - defined in construction in section 12.1.1 - sequences of bits b°(n')
created by the method of Fibonacci in the chapter 11.

One could thus be ensured that the lines are taken randomly and do not
have probabilities concentrated nearly a small number of points. Moreover, one
could apply the reasoning of the section 12.1.5 for each line.

12.1.12 Use of an additional congruence

One could want to use the method described hereinbefore in section 12.1.1, and
after to finish by the use of theorem 1 as one does it in section 11.1. In fact
it would be useless. One however will describe this method because it makes
possible to better understand the utility of congruences in the construction of
the sequences of random bits.

Theoretical method of construction of the sequence b,

One keeps the same general method that in section 12.1.1 until step 9, the def-
inition of k with S=15. One suppresses the step 6. One thus starts again the
definition of construction from this step by supposing J=27J", J' € N*.

9) We set k = h mod My + 1 where My = 227" _ 1 is very big.

10) We set £ = T*(k) where T* is the function defined in proposition 4.1.1

11) Let g2 € N* . Let @ = J — g2. Then, one considers the sequence

b1,b2,....,bg where £ = b1bs...., is the writing of ¢ base 2.
Under these hypotheses, it is the sequence of bits b, which will check the

properties that we want for our IID sequence : one thus selected gy according
to these conditions : cf proposition 12.1.3 below.
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By acting thus, one wants to apply the same method as in the chapter 11
but one avoides the introduction of the conditional probabilities which require
strong assumptions.

On the other hand, it is obvious that as soon as J’ is big, one cannot use
congruences of Fibonnacci, their calculation being too much long. One thus
replaces by congruences easy to calculate : the binary congruences.

Method of calculation of the b;

First, et us remind that to apply binary congruences, it is enough to invert the
J’ first bits with the J’ last ones: cf section 4.1.2. Therefore, to obtain the b;,
the following operations are made.

1) Ifh= hQJ/+7 ...... thl+1h2J/h2J/_1 ..... hl y k= hQJ/hQJ/_l ..... hl

2) Then one calculates ¢ = T*(k) modulo My = 227" — 1.

For that, we set, k = kojkoj_1.....k1, the writing of k base 2. Then, by
section 4.1.2, T*(k) =kpky_q... kikogrkoyr_1..... /€J/+1.

Let us notice that the chance that k = 227" — 1 = 1.1.1......1 is negligible.

One excludes this case which it would not be possible to consider as represen-
tative of a IID sequence.

3) In order to apply the property 12.1.2, one limits oneself to the Q first bits
: bl,bg,....,bQ :kJ/kJJ/_l ..... kJr_(J/_q2)+1.

Properties of the sequence B;

One will understand now that there is no improvement by using binary congru-
ences. To simplify, it is supposed that the following assumption is satisfied.

Hypothesis 12.1.1 One supposes that the following inequality holds
P{K =k} — P{K = k'}| < Kx|k — K'|/4*"

where K < 1.

Let us notice that Kx = Ky the coefficient of Lipischitz of the theorem 1
increasing the slope of the density. Indeed, that is a consequence of lemma 5.6.3.
Now, one wants to apply the theorem 1.

Lemma 12.1.6 We keep the notations of proposition 4.1.1 with d=2. Let I
be an interval of F(Msy). Then P{T*(K)/My € I} = L(I) + Ob(1)er where
er < 1/d7 4.
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Proof By proposition 4.1.1 with d=2, p=J’,
P{T*(K)/Ms € I} = L(I) + e(Kg,d,p), where
e(K,d,p) = 2(3K +4)/dP + O(K /M) and

_ 2(K+1) dr 3(K+1
O(K/My) = 255 (2 4 4L ) 4 JEHL (14 1/dP).

Therefore, e; = 2(3Kx +4)/d” + O(Kx /My) < 16/d”" = 1/d” ~* because
d=2. &

Proposition 12.1.2 For all injective sequence ng, s=1,2,....p, p < Q, 1 <
ns < Q, the following equality hold

P{{Bn1 =b} N {By, =b2}N..0{By, = bp}} = 2% [1+ Ob(1)2%%].

Proof Let T*(K) = by, ba, ....., bay. Then

T*(K) T*(K 1 !
T(K)/Mz = 22J’(_)1 - 22(J/) +T7(K) [ﬁ - 227‘]}
T (K 227 — (227 —1
S et
_TE) | THE) 1 THE) | e

27 T opy 1 920 © 920 T gar o

where 0 < e < 1.

Then,

Moreover,

e

ﬁ - O7 OOO..ObIQJ/+1bI2J/+2 ...... B

where o), € {0,1}.

Then

T*(K)/My = 0b1b, -bss b1 1y yr g -

Then, by lemma 12.1.6,

P{{B1 =bi} N {By=b2} N..N{Bg = bQ}}
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- P{T*(K)/M2 €[0,61,.,60,0,...0,0,b1,.....00, 0.0+ 2*62}

1 g
= 55 T 0b(1)2 (J'=4)

Therefore, by lemma 4.3.2,

P{{Bm = b} N {Bn, =ba} N... N {B,, = bp}}

]. !
N Q-po—(J'—4)
= 5 +0b(1)29772
1 cgd—p 1 _
=5 T0b(1)2 G2ti-p — N [1+0b(1)2° ] . |

Proposition 12.1.3 If go > 14, For all injective sequence js, s=1,2,...,p, the
following equality holds

1
P{{Bn+j1 =b ‘ Brtj, =bgy . s Brtj, = p}} =3 [1 + 2_1Ob(1)23—qz] ]
Proof We have
P{Bn+j1 =b ’ Bn+j2 =bg, ... an+jp = bp}

P{{Busj, =1} N {Butjo = b} 01 {Busg, = by} }
P{Bnﬂ-g = by} NN {Boyj, = bp}}

(1/2P)[1 4 Ob(1)23~ 2]
~ (1/2r-1)[1 + Ob(1)23- 2]

. % [1+210b(1)2°%] . m

This approximation is much less good than that of section 5.5.1 :
C1
That means that
1 Cq
P{{Bm = by} N {Bp, = bo} N .. N {B,, = bp}} == [1 n Ob(l)m}

Therefore, in this case, the use of binary congruence does not improve any-
thing. This fact is confirmed by the use of virtual sequences.
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Use of sequences of virtual numbers

Let us suppose that instead of having lines g; length 2J’ bits, one has lines of
4J’ bits. One applies the technique defined in the section 12.1.12. It is then
clear that the algorithms will be use primarily on the last 2J° (bits) of g;.

Now, one can define this sequence of 4]’ bits, by taking the sequence of 2J’
bits g; and by joining on the left a virtual sequence of 2J’ bits g;.

Finally, one applies the algorithm Al and A2 to all the sequence g; and not
only with his right half. The properties remain the same ones. The advantage,
it is that one obtains a sequence of size (about) twice larger.

Therefore, in this case, the use of the theorem 1 with binary congruence
nothing brings. It is normal considering it is limited to permute the J’ first bits
with the J’ last ones.

Utility of the transformations with congruence

One wants to understand why there’s not advantage in using here congruences
and why it is useful with congruences of Fibonacci in the chapter 11.

At first, that would not be the same thing if one employed results on H which
is close to the normal distribution whereas K is close to the uniform distribution.

On the other hand, the conguence of Fibonacci mixes the bits. It is not
the case for binary congruences which permutes the J’ first bits with the J’ last
ones.

In fact, the events T, ' (k/d?) provided by the Fibonacci sequence in section
11.1.2 are independent of the data which we use, for example text. It is clear
that it is not the case of binary congruences: it transforms a text into text with
two parts: it is always text. It is the origin of the problem.

12.2 Other methods of construction of an IID
sequence

It there certainly several methods other than the ones introduced into this report
to transform sequences of data into IID sequences. In this report, we studied
two methods. But these methods are maybe too strong and one could have IID
sequences by a simpler way.

12.2.1 Methode of Marsaglia

In this construction, one stops at the construction of the e%(j) in section 11.1.2:

e%(j) = e5(j) + randy(j) where e}(j) are the sum of two sequences of data.
One studied the randomness of this type of sequences in chapter 3. By
choosing the different parameters well, one can have good reasons so that the
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obtained sequence have properties close to the randomness.

12.2.2 Method of transformations 7

In this case, one stops at the following step of the construction defined in section
11.1.2: €(j) = msT]™ (3 (j)/mks).

It is known that the use of T}, implies that the e¥(j)’s are made uniform :
cf chapter 8. Normally, it 1mphes also their independence : cf section 8.4.

It is confirmed by a simple reasoning: let us try to know what means to
apply the function T; to a nondeterministic sequence. If a sequence X, is non-
determinist, for any conditional distribution, one knows that the probability
of X, given X,,_1 = x1,X,,_o = x9, X,,_3 = x3,... is not concentrated in one
point. Let us suppose that a sequence is sufficiently not determinist, i.e. that
X, given X,,_1 =21, X,_2 = x9, X;,_3 = x3, ... have a distribution distributed
sufficiently well in an interval. Then if one applies T, with this distribution,
considering the properties of the functions of Fibonacci, one will make uniform
the distribution : i.e. P{Xn S Bo|Xn,1 =x1,Xp 0 =29, Xn_3 = xg,...} ~
L(Bo), for all Borel set , and for all n. That implies that there is independence.

Therefore, the use of the function 7j, does not make only uniform, but also
seems to make independent. That is particularly understandable in the case
where (X, Xp41, ..., Xn+p) is close to a vector with a continuous density. Thus,
the €3(j) are maybe IID.

It is all the more possible as, in the previous step (technique of Marsaglia),
one wondered already if there were not randomness. But certainties are wanted.
To have them, one would thus need a more thorough study of the functions of
Fibonacci.

Counterexample.

However, there is a simple theoretical counterexample.

Example 12.2.1 Let (Y,Y’) € {0,1,...,m — 1}? be a random vector having a
density f with respect to fim @ pm : flz,x) = mpB and f(x,y) = a if x #y
where 3 > a.

Study First, m*mB3/m? + a(m? —m)/m? =1, ie. B+a(l —1/m)=1ie.
a= ui%/ﬁm) For example, if 6 =1/2, a = m
Let A = {(n,n)|n =0,1,..,m—1} be the diagonal of {0,1,..,m—1}2. Let A’ =
{(k/d?, k/d?)|k =0,1,.. dq—l} be the diagonal of {0/d?, 1/dq 5 (d1=1)/d9}2.

Then, P{(T,(Y),T,(Y")) € A’} > P{(V,Y") € A} = 5.
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There will be a breakdown of independence as soon as 3 is larger than
« : in this case, the absolute value of the linear coefficient of correlation
|p(Ty(X), T,(Y))| will be much larger than 0.

As a matter of fact this results is true for |p(v[T,(X)], y[Ty(Y)])| for all
function . In particular, it is true if v = P, the orthonormal polynomial of
degree n, i.e. it is true for the polynomial correlation coefficient of order (n,n)
o (Ty(X), Ty(Y))| = |p(PulTy(X)], Pa[Ty(Y)])| (cf [10]). These coefficients
|pnn (Ty(X), Ty(Y))| show an important breakdown of independence. W

This example could be apply for text y, if m is rather small. It is possi-
ble that, for example, words of 10 letters (or word groups) are repeat several
times. But one is in the case of marginal probability concentrated nearly a
small number of points : we can eliminate this case by choosing m large and
my,, = myn + gn, where y,, means the sequence of data and g, means a pseudo-
random generator : cf section 8.2.2.

Another reasons so that there is not independence

Still let us regard the my,, = my, + gn.

Contrary to the unidimensional case, the (gn, gn41, s Gntp); D=1,2,.....,m,
generated by the pseudo-random generators g, does not generate all the set
{0/m,1/m,.....,(m — 1)/m}?, but a subset of the type of a subspace with one
dimension.

In the same way, all the points of {0/m,1/m,....,(m — 1)/m}? cannot be
image of a (Yn, Yn+1, s Yntp) , ® = 1,2, ...,n9. Indeed, they means texts with
p elements.

One will be thus, theoretically at least, in the case where probability associ-
ated with the (gn, gn+1, .- gn+p) is concentrated in a small number of points.
There will be thus the possible disadvantages described in section 8.2.2: one
will not be able to apply the same reasoning that those used to obtain the
uniformity.

Reminders

It is infinitely more difficult to prove than there is independence than to prove
than there is uniformity. For a sequence of size 108, there is a quasi infinite
number of possible dependence whereas there is only one uniformity : cf section
2.1.5.

However, it should be remined that certain data seem of a type simpler: it be-
haved as Qd-dependent sequences (cf section 10.4), sometimes even 2-dependent
( cf section 11.2.9).
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Conclusion

It is thus possible that there is independence in some cases there. But, that
would require to be confirmed by a more thorough study.

12.2.3 Other congruences than Fibonacci congruences

One has used the Fibonacci congruences in the chapter 11 and in section 12.1
because they have the best properties. But, one could use other congruences
having very close properties and satisfying for example sup(h;) = 3 or 4 (cf
notations 6.1.2).

12.2.4 Use of random permutation

In the method of the section 12.1, one understood how to use random trans-
formations of type of permutations. Then, one could thus want to stop with
ri(j) = 13(3) + r10) + () + 3(j) modulo 2.

Indeed, the use of permutations involves the randomness. But one has not
exactly permutations. As, it would have to be proven that one can stop with
this step.

On the other hand, the use of all the method defined in section 12.1 allows
to obtain mathematical properties such as that defined in proposition 12.1.1
which can be useful for some research. It can thus be useful in some cases to
use all the method defined in section 12.1.
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Chapter 13

Study of models

In this chapter we study the sequence of random variables Dg(j), E}Q (j) and
FEZ%(j) associated to sequences of reals ds(j), e5(4), e%(j) used in section 11.1.2
or 12.1.1. More generally, we study the sequence of random variables X,, =
T,(Y,), n=1,2,....N, where T is the Fibonacci function.

13.1 Continuous densities

In this section we study the case where Y,, € F(m) have a continuous density
with respect to p,,, with a Lipschitz corfficient Ky which is not too large.

13.1.1 General case

Let us suppose that one has a sample resulting from texts, y,, n = 1,2, ...., ng,
yn € F(m) where ng << m. We suppose y,, # yn if n # n’. Generally, that
occurs always if m is great enough with respect to ng. One can always obtain
this assumption for normal texts. In order to be sure that this assumption holds,
one can compute Min(|y, — Yn'|).

One can suppose that Min(|y, — yn/|) is not too small with respect to the
size of sample.

This assumption involves that, for all subsequence y;(,) and for all p,

(Ye(n)> Ye(n+1)s -+ Yt(ndp—1)) 7 Ye(nr)s Ye(n'+1)s s Ye(n/+p—1))
if n£n'.

Then, one can assume that Y;, € [0,1] and that one is boiled down to case
Y € F(m) according to the traditional method.

Then, one can regard y,, as the realization of a sequence of random variables
Y, : yn = Yn(w) such that Y,, has a a differentiable density. One can also
assume that this density have a Lipschitz coefficient K which is not too large.
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Now, if Y € F(m), there exist always a such density with respect to p,, ®
ceee @ fhm. In this case the only problem is to estimate Ky in order to check that
K is not too large

It is a logical assumption: there is nothing which shows that it cannot be
checked. Admittedly, it is not a sufficient reason. But, it is felt well that if one
produces a sample of such a model, one will can obtain very likely the sample
Yn : one wants to mean that for a such model, there exists a reasonable chance
to obtain the fixed sample y,, (of course all that requires to be specified).

As a matter of fact it is an assumption which most researchers admit: that is
especially clear when they estimate the densities (which they suppose to exist).

Therefore, when one has a sample y,, n=1,...,.N where N << m, it is reason-
able to admit that it is the realization of a sequence Y,, such as the associated
Lipschitz coefficient is not too large

Now, if one uses texts ¥,, the model is not exactly known: it is only known
that there exists a fixed model Y,, with a differentiable density such that Ky is
not too large, there exists a reasonable chance to obtain the fixed sample v, :
Yn = Yn(w)

It is a rather intuitive conjecture. But it is thus admited implicitly by most
mathematicians.

We have studied numerous examples which corroborate this hypothesis. But
it would be too long to detail. As a matter of fact all this needs to be explicated.

For example, one can use a process of estimation. But there is a problem.

Indeed, let us clarify at first what we shall want as model: let N be the size of
the sample. We want that (Y7, ...., Y) have a density with a Lipschitz coefficient
which is not too big . The problem is that this density is theoretically impossible
to estimate with samples y,, of size N. Indeed, in theory, it is necessary that there
is more than N ”y,,” to use a process of estimation of the density of (Y7, ....,Yn)
(cf section 10.2.3).

If one wants to use a process of estimation, we could only estimate the
marginal distributions and, for example, a few higher order correlation coeffi-
cients. But we do not want an estimation but a right model. Then, one can,
also estimate more coefficients in order to have an idea of the model. After, we
vary by a continuous way the obtained model. By this way, we can have an
idea about model (Y1, ...., Yn). One estimates thus the Lipschitz coefficient K.
By using this method, we understand that it is not too big (maybe except if a
higher order correlation coefficient is big). That means that our model is right.

It is also possible to estimate (Y7,....,Yn) where N << N’ with sample of
size N’ in order to have an idea of Ky. One can use other texts in order to
increase the size of the sample. All these methods corroborate that K is not
too large. As a matter of fact, it is not surprising because it is the assumption
which is used often in estimation (except if one uses higher order correlation
coefficients).
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It is understood that this problem is complicated. The fact remains that
this assumption is intuitively logical and that it is very often admited.

Let us notice that there is another difficulty to solve : when one wants to
study the couples (y(2n), Yt(2n+1)) associated with y,(,), there is a problem. One
can often for example choose the permutation t such as it exists n; and ns such
that [ys(2n,) = Ye(2ns)| a0 [Yi(2n,41) = Ye(2ns+1)| are both minimum elements in
the set of the |y, — yn/|. Therefore, the distance

|| (W2n1)s Ye2na+1)) s (Wr(2n2)s Ye(2ns+1))] |

is too small.

It will be similar in 3,4,5 dimensions etc. One will thus obtain Lipschitz
coefficients which are a little too large.

But it is not an important problem because, for samples, there will be always
a priori empirical higher order correlation coefficients larger than others ones.
That thus boils down to the traditional problem to choose tests associated with
a sample when this one is known.

In any case, this problem would require to be studied in detail and risk to
imply a long study if one wants to solve it completely.

13.1.2 Case of text

We have just understood that, if N << m, one can admit that (X, ...., Xn)
has a density with a Lipschitz coefficient Ky not too large. Then, this model is
logical.

Now, by an other way one can admit that it is not logical. Indeed, the set
of texts is s much smaller than F(m). Then there exists many points ps such
that P{Y;, = ps} = 0.

It is a contradiction. The two assumptions are logical but contradictory.

Then, what is the good model?

In the theory of the models, the important thing, it is what one wants: here,
it is that one can manage to have numbers which are unpredictable . The model
with K not too large seems right for this sample. Then, the conclusion are also
right.

Now, because one knows that one uses texts, one can choose some ways in
order to improve the result. Thus, we add a pseudo random generator g/, :
Yn + g/, (cf section 8.2.2, page 200 ).

If one use many texts, one knows that one will have some points ps such
that P{Y,, = ps} = 0 and other points p/, such that P{Y,, = p.} > 1/m. But is
is in the future (with respect to N). We do not need to use this property.

Anyway nothing proves that one will continue to choose English texts like
sources of numbers. Thus certain conclusions can be erroneous.
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For choosing the model well, it is necessary to take account of that which
one needs. Admittedly one could choose the ideal model only concentrated on
all the possible English texts. A priori it would be logical. But one understands
well that an infinity of model can be associated with a sample. The model with
differentiable density is as logical as the English texts.

Finally, all that one can say, it is that there is an infinity of possible models
which are well reasonable. The fact of knowing that they are texts can bring to
us some additional conclusions like asymptotic independence or like the addition
of a pseudo random genrator ¢, : yn + g,

13.1.3 Case of conditional probabilities

Now, in the case where densities are continuous, the conditional densities are
also continuous.

That means that the conditional probabilities P{Yy|Yntj, = Y2, Ynij, =
yp} has a continuous density f,,, ., with a coefficient Lipschitz K which is
not too great.

P

Let Tﬁl(I) = {a1,az2,.....;ap_.} where I = [¢/m, ' /m[is an interval. Then,
by classical integration techniques,

P{Tq(Yn) S I ‘ Yn+j2 = Y2, "'7Yn+jp = yp}

d—c
= Z P{Yn = a;|Ynij, = 2, Yaij, = Yp}
j=1

/
C

c

(1/m) fy,.....y, (a;) = L(I)

J

It is exactly the technique which we developed for properties 7.1.22 and
7.1.18. We recall that we obtained the following equalities :

C2
PIT,(Ya) € 1 | Yjs = o, Yars, = 9} = LI 1+ m}

or
O(1)KyP
P{Tq(Yn) €l | Yn+j2 = Y2, "'aYn+jp = yp} = L(I) |:1 + M] :

c —c

Of course, K" is the Lipschitz coefficient associated with conditional densi-
ties. To be sure our results for a fixed model, it is necessary to estimate it.
In order to increase the slope of conditional probabilities, one can increase
the slopes of
F1(y° v, y3, )
f2(y27 Y3y eeeey y}?)
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where fa(y2,¥3,....,Yp) is the density of (Yiyj,, Ynijs,--oory Yug,) and where
140, y2,ys, ....) is the density of (Yiij,, Yitjas Yatjss oot Yoyg,) with j; =0
(it is the density with respect to the uniform measure).

In order to obtain K”, it is thus necessary at first to increase the slope of
f1(y°, y2, 3, ....) for the variable 4°. That can be done by ordering the points
y9 of the sample. After, one takes those of minimal distances, which gives us an

idea of the value of K. It is also necessary to underestimate fa(y2, Y3, ..., Yp)-
That can be done by estimate.
A simpler mean is to estimate the density of dependence f9P (y1;y2, Y3, ..., Yp)

by using higher order correlation coefficients considering than one has f,, ., (y1)
= f9P(y1; 92, Y3, o, Yp) f2(Y2, Y3, -, Yp) ¢ cf Proposition A.3.2.

One can also estimate the P{Y,, € I | Y,1j, = ¥2,..., Yuyj, = yp}. In this
case one chooses js = s — 1. Indeed, in the case of text, the dependence is
maximum for j, = s — 1.

Finally, one can estimate K;”. We deduce from this estimation an increase
which will have to be certain. That will enable us to have the following property
(for the model where Kj is not too large) :

O(1)K P
P{Tq(yn) €l | Yn+j2 = yQa"'aYn+jp = yp} = L(I) I+ M] :

c —c

13.2 Another group of models

The model that we have just studied is that where the coefficient of Liptchitz
K is not too large. We know that, under this assumption, one has always by
properties 7.1.18 or 7.1.22 :

PIT,(Ya) € | Yasja = 2o Yurs, = 4} = LD |1+ Oc(,lizfzo] .

However, in order to prove these results, we use Ky. But it is enough to
read the proofs of these properties 7.1.18 or 7.1.22 in order to understand that
it would be possible to use the coefficients of Lipschitz K" associated with each
interval [r/N(I),(r + 1)/N(I)[ to obtain the same result. In this case, there
would be weaker hypotheses: it would be enough that ) K" is not too large.

It is felt well intuitively that this kind of conditions is satisfied by our models.

Admittedly, it is easier to understand for the classical densities of (Y7, ....., Yn).
But what interests us, are the conditional probabilities. Then to understand
that the property ”>" K" not too large” is checked for the conditional den-
sities, simplest way is to remember that the conditional density f, ,,(y1) is
equal to the product of the marginal densities fa(y2, s, -, yp) and of the density
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of dependence (cf proposition A.3.2 ) :

fyg,...,yp (yl) = fdep(yl;y%y& ""7yp)f2(y27y3a ""7yp) .

Therefore, this kind of conditions on ) K" seems checked by our models.

As these assumptions are more general, that makes our end result even
surer. Our results are thus true for all the models checking this new assumption
7>, K" not too large”. And in these models, there is of them inevitably one
(and even an infinity) which is models correct for the sample y;,.

But in our opinion, it is likely useless to study these new models, the model
supposing only ” Ky not too large” is sufficient as soon as N << m is chosen.

13.3 General case

The use of the previous models is interesting because it shows that y, behaves
indeed like a sample of one of these possible models Y,,. We thus do not make
any error while putting to us under these assumptions. Our calculations are
thus right. That implies that the bits b°(n’) obtained by our construction (cf
section 11.1 and 12.1.1) behave indeed like IID sequences.

But it is probable that there do not need even to suppose to be under the
assumptions of one of these models: it is probable that, for any logical model,
one will still obtain

P{T,(Yn) € I'| Yayj, = Y2, Ynij, = ypt =~ L(I) .

It is almost the results of sections 8.2 and 8.4 .

13.3.1 A very strong result

Indeed, we understood that if one provides the set of possible probabilities with
the measure defined in section 8.2, our results are checked for almost all the
possible probabilities.

There is thus a slight restriction: some models are not appropriate. This
restriction is normal: one knows very well that in the set of ALL the models
(thus without no a priori) there will be an infinity of them which will not be
appropriate.

However, it is already extraordinary that the result is true for almost all the
possible models.

In order to understand it, let us take for example a sample really IID y,,,
i.e. obtained starting from a sequence of random variables Y, when we do not
know that Y, is IID.

One wants to associate with y,, a model Y,,. Under assumption IID, all the
possible models without a priori (except one: Y,?) are bad: a priori there are a
correct model and a noncountable infinity of bad one.
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Now, if one knows nothing a priori about y,, there will be an infinity of
good models and an infinity of bad ones. One can think that, in a certain way
(for example if it is supposed that the probabilities are written with a limited
number of decimals), there will be much more bad models than goods.

If one uses the results of sections 8.2 and 8.4, it is the opposite: in the set
of all the possible models, almost all will be good. It is a very strong result.

However, a priori there remain bad models associated with our sample: we
want to mean thus that they will be such as

PT,(Ys) € I} # L(I)

or
P{T,(Y) € I'| Yayj, = Y2, Ynyj, = ypt # L(I) .

13.3.2 A result checked by all the logical models

As a matter of fact, one can remove these bad models. Indeed, one can admit
that P{T,(Y,) € I | Yatj, = ¥2, ..y Ynuj, = Yp} ~ L(I) will be checked for all
the logical possible models.

Indeed, for the moment, one has used no assumption on the y,. However,
there is no connection between the T=1(I;) = {ai,az,....,ar_.} and text (in
any case, it is an assumption extremely extremely reasonable. Moreover we also
checked it by numerical computations).

Therefore, if a model was bad, that would mean that there is a logical
connection between the 7, L(I}) and text. A priori, it seems that can occur
only with one similar probability (even smaller or infinitely smaller or even
null) to that which a really IID sample has to check the tests that it has to
check.

One can thus a priori exclude a such model.

Thus our result holds with all the possible logical models, those where there
is no connection between text and the T, ' (I).

Of course, nothing proves completely that this assumption is true. But if it
was wrong, it would be with a negligible probability due to the text and thus
due to the sample : one would find the fact that a sample can always be bad
for a fixed model.

In all way, a priori it seems that it has there no connection between the
Tq’l(l %) and text. That means that, empirically there is no connection between
the y,, and the T, (Ij).

Let us suppose now that they are false: let us suppose that the French texts,
for a strange reason of structure, have a connection with the Tq_l(l ). In this
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case, it is enough to add modulos 2 another sequence obtained starting from
other data of another type (texts in another language, another type of data).

Indeed, if one adds two unspecified sequences modulos 2, it is enough that
only one is IID so that the sum is IID : cf section 2.6.7, page 44.

However, it appears incredible which the program data processing, for exam-
ple, have also a connection with the T-1([I) if it is also the case for the French
texts, so much is large the differences in structure between these programs and
the French texts.

Of course, one can always consider that there is a negligible probability in
order that that carried out for both. But it is so negligible that one can admit
that it is impossible.

In any case, it is not here the matter of statistical study, but about a rea-
sonable and logical connection. It is very probable that this connection does
not exist. Therefore, one can use the functions of Fibonacci and find

P{T,(Y,) € I} ~ L(I) .

That means that, very probably, our result is true for all the possible
logical models.
It is a very strong result.

13.3.3 What logical models?

Then, it is obtained that P{¥; € T-1(1)} ~ 7 [1+ SXLL] for all the

logical models because there is no logical connection between text and 7T, ).
Then the question is put: which value to choose for b?

If the previous result is not true, that means that b is too small. In order
to be sure that for the logical models one has an equation of this type, one can
increase b. For example, one could choose

(¢ —¢)

PvieT (D} =2 [1+

Ob(1) ]
\/gN(I)l/4

As a matter of fact, the question is: How to know of which is order must be
b in order to admit that the previous equations are logically true?

In order to know that, it is necessary to go back to the themself texts them:
i.e. it is necessary to study the associated empirical probabilities.

We thus estimated b for various texts and for various T, *(I).

If p=1, all the numerical studies that we have made show that, for intervals I
of the same length, the sets Tq_l(I ) contains about the same number of possible
texts. More precisely, one has carries out the chi squared tests of uniformity
with D = d? — 1 degrees of liberty for various texts. At first, it was supposed
that one has a partition of F(m) in d? subsets T, '(I). Because D is large, we

use Ng = /2x¥ —v2D -1 L X¢ where X& ~ N(0,1) : cf proposition A.1.2.
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Moreover we denote by a5 the selected percentage points with probability 0,95
of G. Then, we have obtained the following results.

D 1000 | 2500 | 1000 | 3500 | 200 400 1000 | 5000 | 10000

|Ng| || 0.640 | 0.854 | 0.302 | 1.154 | 1.241 | 0.541 | 0.921 | 1.084 | 1.321

an 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960

One has made the chi squared tests of uniformity with D’ > 30 degrees of
freedom without supposing that one has a partition : various subsets T, L(I)s

were used where f‘l(I ) is smaller. The following results were obtained.

|Ng| || 0.721 | 0.801 | 1.254 | 0.345 | 0.905 | 0.677 | 1.784 | 1.112 | 0.549

an 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960 | 1.960

Many of other tests were made. Finally, it is found that one can admit - and
by far - in all the cases

P{vie T} = (=) {1 + Ob(l)'m} . (13.1)

m V3N

This increase (b=20) is not astonishing. Indeed, according to proposition
8.4.1, it occurs with a probability larger than 1 — I'y(b). However, if b=20,
['1(b) &~ 1.12/10%8. Then, a priori, in order to find a case where that is not true,
it would be necessary to use a such large number of texts that it is impossible
to realize.

In any case it is even not sure that one can find cases where this equality
is not checked empirically. Indeed, one does not use texts representing samples
which have a fixed law. What one uses, it is, on the one hand sequences which
have the logic of the English language, and on the other hand sets which have
simple mathematical properties. Anyway, we never have encounter such a case.

Thus, if one writes the sets T—1(I) with letters one understands that those
are unions of the elements of the type

[whgkudf ly cuqghjg]

[aamxgusdggbxckmp]
[x;cbkutee ze xycyc x|
[qtdxucdzlexy yx vyxy]
[uezuxcuazvxaoaqzq]

[ ;hadsgcize cqy bxq]

[a picykhgkkl hfqfqqq]
[ory of Relativity in 190]
[xwtex pez! i yi qy yqhfg]
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It is thus possible logically that it has no text not checking the equation 13.1.

In two dimensions, one will have the same type of results. But, in this case,
it is better to use the results of [18]. In particular,

[1(c; —cs) [1 Ob(1)2.20 }
m? 3Inf{N{I)}

P{{Y1 eT Y )} n{xse :F—l(lg)}} ~

As a matter of fact, if T-1(I1) # T-1(I,), sets T~'(I) and T~ (I5) behave
like randomly selected compared to the text.

If T=1(I;) = T~1(Iy), sets T~'(I;) behave also like randomly selected com-
pared to the text. It will be due to chance if two texts which can be consecutive
belong to this same set (one chooses two texts which are consecutive because it
is there that there is the strongest dependence). Now, it will be impossible that
two identical texts belongs to the set T7-1(I;) ® T~1(I,). But this case is also
excluded if I7 # I5.

log(no) 1.

If p > 2, we have obtained results equivalent for p < Tog (10)

[L.(c —cs) [1+Ob(1).20.p/\/§] _

P{{yl e T~ HI)}IN...n{y, e f_l(fp)}} ~ mp Inf{N(I)}

Let us notice that a priori it is possible that the {a1, a2, ....} have a connec-
tion with the empirical probability , i.e. if p=1,

0b(1).2o]
VBN

But that is likely to occur with a negligible probability as it is the case when
one tests if an IID sample is well IID.

Thus, a priori it is always possible that the sequence z,, is not IID, but it
would be with a negligible probability.

P{y; e T-1(I)} # (CIT; ) 1+

13.3.4 Conditional probabilities

The fact that there is no connection between text and the sets T, ' (k/d9) =
{a1,....,ac—.} applies to the conditional probabilities. Indeed, there is always
no logical connection between text and the sets T, *(I) = {a1, ..., aer—} in the
conditional probabilities:

P{Xn € 1| Yoyjy = y2, -, Yaij, = Yp}

I'We recall that ng is the size of sample : if one use p > log(ng)/log(10), the results do not
mean anything any more and are increasingly random

393



P{ {¥n € T, H (D} N Vs = 2} 0o 0 (Yo, = 15} }
P{ N {Yntjo = y2} N N {Yops, = 4p} } '

Therefore, the conditional probabilities behave well as sums on sets taken ran-
domly, i.e.

P{T,(Ys) €I | Yagjy =2, Ynyj, = Up}

=Y P{Yn=as | Ynij, = v, . Yarj, = Up} ~ L(I) .

13.4 Consequences 1
By applying our results to the techniques of section 11.1, for all the reasonable

models D(j), or E'(j) or E?(j) or H(n), one understand that, by properties
7.1.22 or 7.1.18,

P{Ty,(H(n)/m) € I | H(n+ja) = ha,..., H(n+j,) = hy} = L(I) {HL}

N(I)
P{T,,(H(n)/m) € I | H(n+j2) = ha, ..., H(n+j,) = hy} = L(I) [HO(%{O] :

This result is true for the all models D(j) (or H(n) ) where K is not too
large, or for all the models D(j) where ) K" is not too large, or for all the
logical models D(j) associated to the sample d(j).

Thus one is sure that according to our assumptions, for the sequence of bits
B()(n/)7

n+jsz

1
P{Bg:b’BO :b27""B’I(’)L+jp:bp}:§|:1+€:|,

where € is small enough with respect to Nqg the size of sample.

Now, one knows that when ¢ is small enough with respect to Nqq, it is not
possible to distinguish 8°(n’) from a sample IID. It is particularly obvious for
€ = ssyoeooo0 @s in section 12.1.9.

In this way, one has well proved that the sequence b'(n') behaves like a
sample of an IID sequence of random variable.

Remark 13.4.1 If e = W, it likely possible to obtain an ultimate se-
quence which is completely IID (and not only which has the same behavior that
a sequence IID), i.e. a sequence checking

1

P{B)=b| By, =bs By, = by} =5 .
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It is likely enough to use functions (X}, ..., X%) = f(X1,...., Xn) € [0,1]Y and
to vary slowly f and continuously in order to obtain that X1,., X is IID.
Then it is very probable that b*(n') will be also a reasonable sample of the
new model, i.e. of the IID model.
It is only one remark. This method seems complicated to prove and useless
since one has already proved that b'(n') behaves like an IID sequence.

13.5 True for all models

One thus has proves that b!(n’) behaves like a sample of an IID sequence of
random variables :

1) for the all models D(j) where Kj is not too large

2) for all models D(j) where ), K" is not too large

3) for all the logical models D(j) associated to the sample d(j).

Our result is thus well proved and it is proved for all the models that one
can associate reasonably with the sequence d(j).

By this way, we obtain thus also a solution to the problem of the definition
of a random sequence : thanks to the use of the Fibonacci functions, our results
hold for all the reasonable models possible: that resolves the problem of defini-
tion.

13.6 Consequences 2

With the previous results and other chapter of this report, on can prove that,
for all p < Log(N)/Log(2), for all injective sequence j, for all logical models
By,

P{\/N|Pe - Qip| > an} =K ([1-n]2) .

Fe

Pe

P{\/N (1/2)

> 0 x} = K ([1=7x) .

where 7 and 7’ are small enough and 0% and Ufp are the variances associated
to P, and P./p. when P, = (1/n;) 221:1 15(Bt, ) s, (Btnﬂé) ...... 1y, (Btn+,-p) and
pe = (1/n1) 3201 16y (By,,y, )10, (Bt,,, 5, ) where t is a permutation and ny <
N

These results correspond well to definitions 2.1.7 and 2.1.8 for all logical

model B,,. That means well that one cannot differentiate B,, from an IID se-
quence.
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For example, in section 12.1.9. One has n = O(e) and ' = O(e) where

_ 1
€ = 3550.000.000
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Appendix A

Summary of some
mathematical properties

In this chapter, we remind some mathematical properties used in this report.

A.1 Chi squared independence test

When the marginal distributions are known, the chi-squared independence test
is obtained by using the following property : cf [17].

Proposition A.1.1 Let (X,Y) € R? be a random vector. Let I, s=1,..,d, be
a partition of R. Let X%{,yy X%, X3 the chi-squared statistics of, respectively,
(X,Y), X, Y, associated with the partitions I, @ Iy, Iy and Iy, s,t=1,2,...,d.

Then, if X and Y are independent, X§(7Y —x% — X% has asymptotically a chi
squared distribution with (d-1)(d-1) degrees of freedom.

This test is more powerfull than that associated with x% y : cf [17] .

On the other hand, if the degrees of freedom are large, one can approximate
the chi-squared statistics thanks to the normal distribution : cf [1] page 44.

Proposition A.1.2 Let x§ d=1,2,..., be a sequence of random variables which
have the chi-squared statistics with d degrees of freedom.

Then, \/2x% — vV2d—1 2 X}, as d — oo, where X% ~ N(0,1) .

A.2 Stochastic ”70” and 70”

Notations A.2.1 A sequence of random variable X,, is bounded in probability,
if, for every e > 0, there exists M. and N such that P{|X,| < M.} > 1—¢€ for
alln > N, . Then, one writes X,, = Op(1) . Moreover, we write X,, = op(1)
for sequence of random variable X,, if X,, converges in probability to 0 : ( cf

[42], page 8 )
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A.3 Higher order correlation coefficients
First, we remind the definition of these coefficients : cf [10] and [9].

Definition A.3.1 Let X € RP and Y € R? be two random vectors defined on
a probability space (2, A, P). Let ux and py, be the laws of X and Y, respec-
tively. Let {A;}, i=0,1,2,.. and {B;}, j=0,1,2,.. be two families of orthonormal
functions associated. One assumes that Ay = By = 1. Then, one defines p; ;,
the correlation coefficient of order (i,j) by p; ; = E{A;(X)B;(Y)} fori=1,2,..,
j=1,2,...

Now the following propositions hold.

Proposition A.3.1 Let Fxy,Fx,Fy be the distribution function of (X,Y), X
and Y, respectively. Assume that {A;}, i=0,1,2,.. and {B;}, j=0,1,2,.. are two
bases of L*(RP, ux) and L?(RY, iy ), respectively. Then, for all (z,y),

FX,Y(xvy)

Awax@)([* By @)

i>1,5>1 =00 v=—00

Proposition A.3.2 Assume that (X,Y) has a probability density function f
with respect to ux ® pwy . Then, fis the dependence density.

Let f* be the function defined by f*(y) = f(x,y). Let ui- be the conditional
distribution of Y given X = x. Then, f* is ux-almost surely the probability
density function of 5, with respect to py .

Proposition A.3.3 Assume that p=q=1 and that A; = P; and B; = Q;,
i=0,1,2,.. are the families of orthonormal polynomials associated with ux and
wy, respectively. Then, p;; is the polynomial correlation coefficient of order
(1,j) and p11 = p, the classical linear correlation coefficient.

Then, p is the first coefficient of a sequence which measures dependences more
and more fine : p; ; measures linear dependence, p; 2, p2,1, p2,2 measure quadratic
dependences, etc.

Proposition A.3.4 Assume that {P;}, i=0,1,2,.. and {Q;}, j=0,1,2,.. are
two bases of L*(R, ux) and L*(R, uy), respectively. Then, in L*(R?, ux ® py),
o0 oo
i=1 =1
with p11 = p.

One can generalize these results by the following way.
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Definition A.3.2 Let (X1,...,X,) € RP be a random vector defined on a prob-
ability space (Q, A, P). Let {P$}, i=0,1,2, be the families of orthonormal poly-
nomials associated to px, the distribution of X5. Then, one defines Piv,.ovsips the

polynomial correlation coefficient of order (iy, ....,4p) of (X1, ..., X}) by piy,.....i, =
B{P(Xy)...P" (X,)} -

Remark A.3.1 One can estimate Pir,.oiy by using the empirical orthonormal
polynomials associated with the empirical measure.
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