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Summary : In this report one explicates the new method to generate
random numbers whose the randomness is proved. One transforms data result-
ing from electronic files or provided by machines or software methods. This
method can be applied directly in computers in the same way that the function
"random”. It can be also applied with the machines and the chips or software
methods. In this report, one shows that ont one can use only the Fibonnacci
functions. Moreover, one obtains new results about two other methods already
obtained in a previous report.

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

NOTICE

This report has to be read in relation to the first report which we go published
on this subject ” A perfect random generator I” : cf [18]. Indeed the first report
is very long. As a matter of fact, this new report is also a summary of the
results of this first report with a simpler presentation and some new results.
Then, in order to read well these two reports, the best way is to read this
report, and when it is necessary, to refer to the corresponding part of report I.
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Chapter 1

Introduction

1.1 General presentation of the matter

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

1.1.1 Presentation of the result

To have random 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
dependence.

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.

1By abuse of language, we will call ”IID sequence” (Independent Identically Distributed)
the sequences of random numbers.



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. 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 or by software-based generators. 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 (without
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.

Then, our technique can be applied with all the current methods.

One can thus obtain sequences of real numbers which are proved random,
which is a completely new result.

1.1.2 Summary of the method

Currently, when one uses random noise, bias and dependences are removed.
In this aim, one supposes that theses noises check some assumptions. But,
generally, those are not checked. Moreover, for each samples z,, 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 hypotheses
: we assume only that theses noises are not completely deterministic.

Moreover our results are true for all logical models possible. That suppress
the problem of the model. That allows also to satisfy the mathematical def-
initions of random numbers (these definitions are very difficult to etablish cf
1)),
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 software for example.

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.

One can apply also our methods to noises furnished by machines, by chips,
by mouse or by keyboard: 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 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 understand that no current mathematical definition is really
satisfactory.

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

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

Let L be the Lebesque 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 can-
not predict the place of x,y1 with a probability very different from that of
the uniform distribution : Pe{xny1 € Bolxy,........ ,Tn} =~ L(Bo) , where
P.A{xn11 € Bo|xy,........ , XTn } 18 the empirical conditional probability of Bo when
the past is given.

This type of definition 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
difficult 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 x,,.
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.

1.2 Presentation 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 [33] [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 mnoises y, : one can always assume
Yn = Yn(w) with the following rule.

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).

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.

1.2.1 Fundamental properties

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

Notations 1.2.2 : 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, ...... s Jp satisfy
moreover 0 = j1 < jh < ...... <Jp-

The notation P{Xn € Bo|:r2, ........ ,a:p} means always the conditional prob-
ability that the random variable X,, belongs to the Borel Set Bo given Xy, =
L yerurnnns 7Xn+jp =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 pm and uk, the uniform measures on F(m) and
F*(m) , respectively : pum(k/m)=1/m.

Let X¢ be a random wvariable which has the distribution N(0,1) : Xg ~
N(0,1). For all b > 0, we set I'(b) = P{|X¢a| > b}.

Transformation of Fibonacci

Definition 1.2.3 Let fi,, be the Fibonacci sequence : fiy = fio =1, fin4o =
fins1 + fin. Let T be a congruence T'(z) = ax modulo m such that there exists
ng > 3 satisfying a = fi,, and m = fin,4+1. Then T is said a Fibonacci’s
congruence with parameters a and m (or more simply m),

Notations 1.2.4 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.

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



In the same way, if the choice of m is obynious, and if T is a congruence :
T(x) = ax + ¢ modulo m, we set T(z) =T(x)

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

Definition 1.2.5 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 TS = Préo T

where -

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

2) Prg(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 Prg in Prg.

To make IID by the functions of Fibonnacci

These functions T, make independent sequences of random variables Y,, € F'(m).
Moreover, they make uniform their marginal distributions.

Now because Y, is discrete, one can always regard y,, € F(m) as the real-
ization of a sequence of random variables Y}, : y, = Y, (w) such that Y,, has a
differentiable density with respect to p, ® .... ® .

Moreover, assume that this density have a Lipschitz coefficient Ky which is
not too large. That is a logical assumption. As a matter of fact, that is an
assumption which most mathematicians admit: that is especially clear when
they estimate the densities (which they suppose to exist) when N << m where
N is the size of sample.

Now, the conditional probabilities P{Yy|yn1j, = Y2,..., Yntj, = Yp} have
also a continuous density with a coefficient Lipschitz K§¥ which is not too great.
Then, one will prove that, for all interval I,

O Ky"

P{Tq(Yn) el | Yn+j2 = Y2, "'7Yn+jp = yp} = L(I) |:1 + N(I)

(1.1)
where N(I) = card{k/m | k/m € I, k € N}. For example, if m > 2100,
d=2, ¢ = 50, K;¥ < 10, then P{T,(Y,) € I | Yoijo = Y2y .eeee. Yoti, = Yt =
L1+ 2] .

We set X,, = T,(Y,). A good choice of the parameters N, m, q will imply
that

P{X,, € Bolx, ........ , @} = L(Bo)[1 4+ Ob(1)e] ,

where X,, = T4(Y,,) and where ¢ = 0, not only for intervals I, but also for all
Borel sets Bo :

If € is small enough with respect to N, the size of sample, X,, cannot be
differentiated from an IID sequence : cf section 2.1.4.



Because the assumption that the Lipschitz coefficient K is not too large is
correct, we deduce that the sequence X,, behaves really as an IID sequence.

Now, we are considering a new situation : we are considering the set of all
the possible probabilities for sequences Y,,, n=1,2,....N. We provide it with a
uniform probability, i.e. we want to know what occurs when the probabilities
are randomly chosen.

Then, we shall prove in chapter 6 that, for all intervals I, s=,..,p, with a
probability larger than 1 — 2pI’(b) approximately, in this set of probabilities,

P{{Xnﬂl €L}N..N{Xnyy, € I,,}} _ Hf:;g(fr) [1 \/%]

For example suppose m > 2190 ¢ = 50, d=2, b=40. Moreover, we can
assume p < Loga(N). Indeed, the following remark is used.

Remark 1.2.1 One imposes p < Logs(N) because that does not have any
meaning to consider the empirical dependence if p > Loga(N), e.g., if p=5,
and if one has a sample of size 10, that has not meaning to study its dependence
in 32 = 2° cubes of width 1/2.

Then, 1 — 2pI'(b) ~ 1 — 128 and Inf{N;,} ~ 2°°. Moreover, because
O(1).pb ~ O().pb
VInfo{N1} T
Therefore, X, is IID with a probability larger than 1 — Qng‘giéV) in the sets of all
the possible models for the sequence y,,. Let us remark also that, if necessary,
one can choose b much greater.

Let us notice that the result is thus true even for a very large number of bad
model Y, associated to y,,. It is pointed out that with a sample, one can always
associate a certain number of correct models. The other models will be bad: for
example a model AR(1) is a bad IQnodel for an IID sample. However our result

D

is true with a probability of 1 — {55 . It is thus true even for an infinity of bad

model of y,: it is thus a strong result.

, one will not can differentiate X,, with an IID sequence.

One can still refine this result : in many cases, for example if y,, is obtained
from texts, the previous equation holds for all the logical models.

Therefore, X, is IID for all the logical models of Y,, and even for an infinity
of bad models.

That means that

1) X,, is IID in almost all the cases.

2) One avoids the least error in the estimate of K”. It is especially useful
if one knows nothing a priori about y,.

3) The functions Tj are functions which make a sequence IID with a great
power.

4) One is sure that X, is IID: there is no risk of error.

10



Also let us notice that thus one answers the problem of the definition of a
random sequence : for every correct model or for almost all the models even
bad Y, P{Xn € Bo|xa, ........ ,xp} = L(Bo)[1 4+ Ob(1)e], i.e. X, cannot be
differentiated with an IID sequence.

In conclusion there is really a method to obtain IID sequences X,, and this
result is proved.

1.3 Other Methods of construction

The first method applies to data having Lipschitz coefficient which are not too
large. It is thus better to use only data which check surely this assumption, for
example text files. Then one uses the CLT which smoothes the probability very
quickly and thus decreases the Lipschitz coefficient. As a matter of fact it is
better to summon these data modulo m, which corresponds to new a theorem
limit, the XORLT (XOR Limit Theorem) which produces a smoothing even
faster.

There are then transformed data which have Lipschitz coefficients not too
large. One thus applies the functions of Fibonnacci Tj; to them. The choice of
the parameters is carried out according to the results quoted previously.

The second method consists in standardizing data and then to apply a trans-
formation to them which has characteristics rather similar to those of a permu-
tation. After, the XORLT is used.

Indeed, in this case one is sure that one can apply results to the rate of
convergence of the XORLT which one obtains in section 7.3.4. Indeed, that
one is extremely fast. For example one obtains P{Xn € Bo|m2, ..... 7mp} =
L(Bo)[1 4+ Ob(1)e where e = 0(1/259009)!

We have concretely built IID sequences of real by using the method described
here. This sequence can be asked to rene.blacher@imag.fr. Soon one will be able
to obtain it in a website.

We carried out the traditional tests of Diehard with these sequences. All
were checked : cf section 11.2.4.

1.4 Conclusion

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.

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

11



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 2.2.2.

12



Chapter 2

Quality of obtained
sequences

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 z,,. Many studies were made to have 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 ob-
tain a sequences of real numbers x, which can be regarded as a sample of an
ITD sequence of random variables X,,. Then, one could 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) where w € Q.

But there is a problem with this definition : for example, x,, can be increas-
ing. Of course, it is possible only with a negligible probability. But it is possible.
Then, Franklin proposed another 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.

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.

13



Definition 2.1.3 : For all finite sequence of intervals I C [0, 1], we denote by
P, the empirical probability : P, = (1/Ny) Zgil L (2n) 1, (Tng1) . 11, (Tngp)
where Ny = N — p.

The sequence {x,} is said p-distributed if |P, — L(I)| < N;l/Q for all T =
LoL®. .®I,.

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, , Tiy, -..... 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 — ¢, 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¢,, Tiy,s ...... xy,, , determined by A, it is p-distributed
for all p < Loga(N).

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.

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]).

2.1.2 Statistical definitions

Now, the definitions above are not satisfactory statistically. Indeed, it is known
1/2 _
that if x, is really an IID sample, w has approximatively the nor-
mal distribution where o is the variance associated to P.. That means that it
is possible that the event |P. — L(I)| > N~Y/2 occurs. 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 P, = (1/Ny) S0 150, (1)1 8oy (Tn41)- 180, (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 suitable p, for all Bo = Bo1 ® ...... ® Boy, it checks all
the tests associated to N'/2|P! — L(Bo)| with the same frequency as a really IID
sequence would do it.

14



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.

Moreover in this definition, we use Borel sets rather than interval, because
if not, there is an important gap (cf page 24 of [18] ).

Remark that 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 an-
noying: 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, we introduced definition 1.1.1
which we remind now.

Definition 2.1.7 : It is said that x,, is random if P.{xp+1 € Bolz1, ........ T} A

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 2.1.7 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.

However that will not be necessary because we have avoided this problem
by using sequences which are really samples of random variables.

2.1.3 Use of random variables

Then, we use really random variables. It is this technique used with machines
by Von Neumann, Vazirani, and others ones : cf [4], [33], [8]. They assume
that x,, is the realization of a sequence (not IID) of random variables and they
transforms {X,}. But they obtain often the randomness under assumptions
whose one is not sure that they are checked : in this case, x, is provided by
physical phenomena in machines generating random numbers. Unfortunately,
the intruments of measurements distort the physical phenomenon and induce
bias and dependences.

As a matter of fact, it is necessary to choose a correct model for X,,. But it
is difficult.

At first, we know that one cannot choose definition 2.1.1 as definition of
randomness. For example, an increasing sequence x, can check =, = X, (w)
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where X, is IID (with a very negligible probability). As a matter of fact, this
definition is not a problem solely when it is known a priori that the sequence
X, is IID 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 increasing sequences).

To a sequence of real, it corresponds an infinity of models. Even if x, 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 X% (thus not IID).

The question thus should be asked: if one associates a model to a sequence
2, which criteria make that it possible to be sure that this model is correct?
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.

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.

A solution of the problem

In order to resolve the problem of the definition of the random sequence, one
can transform them : {XT} = F({X,}) as Von Neumann, Vazirani, etc.

But we use transformations which have good properties on a group of models.
Indeed, one can admit that some sets of model contain always a correct model.

For example, when all the x,, are different, one can admit that X,, has a dif-
ferentiable density with a Lipschitz coefficient K not too large. This hypothesis
is usually admitted by the statisticians especially those which use functional es-
timate.

Under this assumption, the transformations defined by Fibonacci functions
T, have good properties. Indeed, if a sequence y,, has models with continuous
density and a Lipschitz coefficient K, it will check

O(l)KO}

PAT,(Ya) € 1| Yasgs = 2o Yoy =t} = LD 1+

Then, one is sure that T,(Z,) could be regarded reasonably as an IID sequence
if Ky is small enough and g not too large (i.e. N(I) great).

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 contradiction. There will be two possible
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logical conclusions. It seems impossible. However, it is not obvious '. The
problem of the choice of the definitions is found again.

A total answer

Now, by using the Fibonacci functions, one avoids the problem. In section 6.4.3,
one proves mathematically that, for almost all the models, Ty(X,,) behaves as
an IID sequence . Indeed, one has

PUT,(Xn151) € IO (T (Xnrs,) € T} ) = T:1N(1r)[1 \/%]

mP
It is a very satisfactory result. Indeed, it is wellknown that if one uses all
the possible models without a priori, there will be an majority of bad models.
Here, we find of it only a negligible number : it is already extraordinary.

Moreover, there is another result. One indeed finds that for some data, for
example those resulting from texts, ALL the logical models associated with y,
will check (cf chapter 6.4)

P{T,(Y,) €I | Yayj, = Y2, Ynyj, = yp} = L(I) [1 + e] .

One could better wish with difficulty like results. It is a very strong result
which resolves the problem of definition.

2.1.4 Empirical properties

We remark that in the previous equation, there remain e. We will see now that
it is not annoying if it is rather small with respect to N, the size of sample.

Choice of the parameters

One thus chooses the parameters g, m and N according to the sample size. In
this paragraph, 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 N, the wished size of the sample, one will choose € and thus 7,. Let us
translate that mathematically.

1For example to say that, it would be to affirm that there is no characteristic of the English
language such as there is a connection between the units 71 (I;) and English texts : cf section
6.4
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Let us note by P. the empirical probability of an interval I associated with
a sequence z = X*(w), n=1,2,....,N. Then, if X} is a sequence of IID random
variables with uniform distribution, if N is big enough,

P{N'Y2|P, — L(I)| > ob} = T(b) ,

where 02 = L(I)[1 — L(I)] .
Now, if X checks only P{X} € I|x3,........ ,7p} = L(I) + Ob(1)e, one can
prove that
P{N'2|P, — L(I)| > ob} < T{b[L —n(e)]},
where n(e) > 0 and n(e) — 0 as e — 0.

For example, let us suppose that we built T}, so that n(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{N'Y2|P, — L(I)| > 0.1.5} < 0,148 if P{X,, € I|za,...,x,} = L(I) + Ob(1)e.

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(I), but the probability that occurs is weak.

Now, if P{X,, € I|xe,...,xp} = L(I) + Ob(1)e, 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(€) smaller : for example,
n(e) = 0.01. In this case,

P{N'Y?|P, — L(I)] > 0.1.5} < 0,135 if P{X, € I|x2,....,xp} = L(I) + Ob(1)e.

This type of result holds again for I1 ® .... ® I, where the I;’s are intervals.
Moreover, one obtains a similar result for the empirical conditional probability
PC = Pz, € 1|z, ..., 2p}

P{N'2|PC — L(I)| > b.cC} < T(b[1 — 1/ (€))),

where 7'(e) — 0 as e — 0.

Case of Borel sets

Then, we can obtain P{X,, € I|zy,...... ,xp} = L(I) + Ob(1)e for the intervals I,
by using the properties of Tj;. 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.
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Relations about B°(n’)

The previous results being true for all Borel sets, one deduced equivalents results
about the bits b°(n’) provided by the writing of x(n) bases 2 :

P{B (1) = blby, ..., by} = 1/2 + Ob(1)¢’ .

In practice ¢ = O\l}%a will be chosen where o < 0.02 and where ¢ is the

size of sequence b°(n’).

Checking of definitions

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

In particular, it satisfies the properties

Ob(1)«

P{B°(n)=b| B°(n+js) =bs,s =2,..,p} =1/2+ ,
{B"(n) | B*( ) }=1/ NG

P{N'2|P{ = 1/2)| > 0w} <T(z[1l —n]) ,

which correspond theoretically and empirically to the definition 2.1.7 of the
randomness.
It satisfies also

P{N'Y2|P, —1/2°| > opz} < T(z[1 — 7)),
which corresponds empirically to the definition 2.1.6 of the randomness.

Then all definitions of a random sequences are satisfied : the sequence b°(n’)
cannot be differentiated from a sample of IID random variables.

2.2 Comparison with the current generators

2.2.1 Various current techniques
Generators using algorithms

1) Pseudo Random generator for simulation .
2) Pseudo Random generator for cryptography.
3) Irrational numbers : for example 7 and e.

For these generators, 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).
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These generators will certainly not check the definitions of randomness given
by Knuth. One cannot thus mathematically regard them as random sequences.
Then, the pseudo-random generators must be tested for each application : cf
[2] page 151.

Generators using random noises

1) Hardware-based random bit generators : they exploit the randomness which
occurs in some physical phenomena :e.g. quantum phenomena. They use ma-
chine or chips.

2) Processes upon which software random bit generators may be based include
1) the system clock; 2) elapsed time between keystrokes or mouse movement; 3)
content of input/output buffers.

A true random bit generator requires a naturally occuring sources of ran-
domness. Designing a hardware device or software program to exploit this ran-
domness 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 ran-
domness are subject to influence by external factors, and also to malfunctions.
It is imperative that such devices be tested periodically (cf [3] ). Moreover, it
is impossible to reproduce calculations exactly a second time when cheking out
a program.

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] [33]). 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]). If there
are bits, the correlation of higher order are the multilinear correlation between
3,4,5,..... bits. If one does not remove the correlation of higher order, one will
not have independence.

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

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

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

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 of deterministic random number generators.

But, the randomness of the obtained sequence was not proved mathemati-
cally. In this report, we want to know logically if this sequence were random:
cf section 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

Conclusion

On none of the current generators there is certainty that the obtained sequences
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 scien-
tific errors (cf [1] page 32). Thus, it is necesary to obtain a more reliable solution.

2.2.2 Comparisons

At first, it is proved that the obtained numbers by our method are really ran-
dom. That had been obtained in no other method. Moreover,

A) Comparison with the pseudo-random generators

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.

Remind also that the usual opinion was that no generator built on computer
is random. It is understood that it is an error : the truth is that no generator
built by algorithm is random.

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).
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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 Uses of these results

Direct programming on computer It is enough to transform certain files
recorded on the computers. It is as simple to use as the function ”random”.
Moreover, our generators are perfect. It is thus a method quite superior to the
current generators.

Application to hardware devices One applies our transformations to data
provided by machines or chips. That offers several advantages.

On the one hand any dependence is removed, (and not only linear correla-
tions).

On the other hand, our method can be applied as soon as the data are not
completely deterministic. It is certainly the case for the data provided by the
machines maybe even if they have malfunctions.

It is thus a new method which one proposes to transform the noises pro-
vided by these machines. The advantage, it is that it needs extremely weak
assumptions to be applied.

Application to software methods One can choose as data those provided
by the software methods. As for hardware devices, our method can be applied
under wery weak assumptions. However, it is simpler to use text files than the
system clock for example.

Use of files of IID sequences By using our method, one can develops files
of numbers which are proved IID.

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]).

Transformations of b°(n’) From sequences b°(n’) which are proved random,

one can obtain a multitude of others by using any sequences y, provided by
generators which are pseudo-random. Indeed, b°(n’) + y,,» modulo 2 is also IID
(cf theorem 6).

22



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, for example, texts.

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.

This method can be used when one wants, for various reasons, to obtain new
sequences x,, completely reliable.

Combination of several methods If one wants to avoid any risk of human
error, of machine’s error, of computer’s error or other ones, one can build several
sequences b%(n’) as described above in section 2.3. Indeed, if one summons

modulo 2 : b, = Zi:l b, it is enough that only one sequence b7 is random so
that b, is it.

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. That will reduce infinitely the probability
of any potential error, human or different.
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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. Marsaglia mixed digital tracks from rap and classical music selec-
tions. Then the random bits were made by combining three sources of electronic
white noise with the output from a pseudo-random number generator. ”They
seem to pass all tests I have put to them — and I have some very stringent tests,”
Marsaglia says. Then, Marsaglia has studied his CD-Rom by using tests. But,
it is possible to study it by logical reasoning.

In this section we give examples of such reasoning. In order to simplify we
study only the case my!, = g, + my, € F*(m) where g, is a pseudo random
sequence and where the y,,’s derive from a text .

3.1 Theoretical study

3.1.1 Case of 2-dependence

In section 11.2, we understand that the data d(j) which we use can be regarded
as 2 dependent. Then, we study now the case where y,, is 2-dependent. Suppose
Jew1 > Je and jg 1y — jg, = 2. Then,

/ /! /! _ / /! /! / /!
(yn+j{7yn+jé7 ~~~~~ 7yn+j’) = ((yn+j{7yn+jé7 ~~~~~ vyn+j;0)(yn+j;0+lv ~~~~~ 7yn+j;7))7
where (Yn 1515 Yntjgs e yn-i-jgo) and (y”+j§0+1’ ..... 7yn+j,3) are independent.
Therefore, in order to study the dependence of g/, it is sufficient to study
the case j; = s — 1, i.e. the (Y5, Y415 Ynip_1)- Now, one supposes p <

log(N)/log(2) : cf remark 1.2.1. For example suppose p < 22. In this case,
if the g,,’s produce sequences where (g, gnt1, -----, gnto2) are independent, the

I Marsaglia has not used texts but Rap music. It is no important. We want only to study
logically the method of Marsaglia. Then, we use texts because we studied them in a detailed
way cf [18].
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(Yrs Yna 1> Yngas - Yngog) are independent. Therefore, one can consider that
y;""ji’y;"f'jé’ ..... , y;LJrjz,j) 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.

Therefore the method of Marsaglia can be sufficient to obtain IID sequences
if the parameters and the type of data have been suitably chosen.

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
independence : they are independence for some hypercubes of the g,: what is
it for the others?

3.1.2 Transformation of datas

Now, one can use transformed data. It is what we do for sequence c(j) € F*(32)
defined in section 10.1.2 : we set d(j) = Y12 c(ro(j — 1) +7)32" L.

Size of ry and conditional dependence

We choose again data resulting from texts. Then, if one finds a 7. 7, there is 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) =
S e(ro(j — 1) +7)327 ! will be less strong if ro increases. Indeed, suppose
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”.

Then, the behavior of y/, depends on the choice of transformation and of
parameters.

3.1.3 Independence induced by the data

We use again the example of ”.”. We note by p, their numerical value. Let
z € {1,2,...,m} be the value of successive "n” such as y, = p,, i.e. Yy, =
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
(Qs5, As, 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
simulations to realize that (cf section 3.1.4 of [16].
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This result means that my, = g., + my., = g., + mp,, has a behavior close
to an IID sequence because g,, can be regarded as chosen randomly.

3.1.4 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 transformations 7;, whose properties are appropriate
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 Some properties

Let X,, € F(m) be a sequence of random variables. In this section we study
some properties of conditional probabilites when P{Xn € Bol|xa, ....,asp} =
L(Bo) + Ob(1)e for all Borel set Bo.

Proposition 4.1.1 Let Bo= Bo;®B0os®........ ® Bo, be a Borel set of F(m)P.
Assume that, for all s € {1,2,...,p}, for all sequence xy, t=2,3,..,p, and for all
n € N*, P{X,, € Bos|zs,....,xp} = L(Bos) + 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 4.1.1 Let Yy € F(m) , s=1,2,...,N be a sequence of random wvari-
ables defined over a probability space (0, A, P). Let f € L' be a measurable
function defined over Y~ (2) where Y~ = (Y1,Y2, ..., Y1, Y41, ..., Yy) and
n€{1,2,...N} . Let Boy be a Borel set of F(m).

Assume P{Y,, € Bo1|y1,.....; Yn—1,Yn+1, - YN } = L(Bo1) + Ob(1)e for all
(Y1, ooy Yn—1sYn+1, -, Yn). Then,

E{1po,(Ya)f(Y7)} = L(Bo ) E{f(Y ™)} + Ob()eE{|f(Y )|} .

Proof Let Q be the distribution of (Y7,Y3,....,Yx) and let @~ be the dis-

tribution of (Y1,Y2, ..., Y1, Y041, ..., Yar). Let Q(|y1, ooy Yn—15Ynt1, -, UN)
be the distribution of Y;, given Ys; = ys, for s=1,2,....n-1,n+1,....N. Let y~ =

(Y1y ooy Yn—1s Ynt1s -, Yn ). Then,
E{L0, (V)£V} = [ Lo () F57) QL)

— [ ([ 120 ) QU1 1,100 ) F7)Q )
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- / P{Ys € Botlyns o tots hsts oo yn) } (5@ (dy™)

— L(Boy) / F)Q (dy) + / Ob(L)e(y™)) £y )@ (dy™),

where [e(y™))| < e. We deduce the lemma.

Proof 4.1.2 We prove the proposition 4.1.1

We use the lemma 4.1.1 with N=p, X,,;,;, = Y,. Moreover, we choose f(Y ™) =
1302 (Yn+j2) ....... 1Bop (Yn+jp ) Then,

P{{Xnﬂ-l € Boy} N N { Xy, € Bo,,}}

= (L(Boy) + Ob(l)e)P{{Xn+j2 € Bog} N N { Xy, € Bop}} :

Then, we prove the proposition by recurence. B

Now, one obtains a similar resul about conditional probability.

Proposition 4.1.2 Let Bo be a Borel set of F(m)P, Bo = Bo1 ® ..... ® Boy,.
Assume that P{X,, € Boi|xa, ....,xp} = L(Bo1) + Ob(1)e. Then,

P{Xn = Boll{XW € Bog} Moo N { X,y € Bop}} = L(Boy) + Ob(1)e.

Proof By using the proof 4.1.2 ,

P{Xnﬂ»l c Bol‘{XnJrj? € Bos} Moo N {X,0yj, € Bop}}

P{{Xn—i-jl € BOl} N {Xn+j2 € BOQ} N...... N {Xn-‘rjp € BOP}}

P{{Xnﬂz € Boy} Moo N { Xy, € Bop}}

(L(Bol) + Ob(l)e)P{{Xnﬂ»z € Bog} N N { Xy, € Bop}}

P{{Xn+j2 € Bog} N N{ Xy, € Bop}}

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

The proof of the following theorem is a consequence of proposition 4.1.1.
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Proposition 4.1.3 The sequence X,,, n=1,2,.....,N, is IID if and only if, for
allp € {1,2,...,N — 1}, for all sequence js, for all n € N*, for all Borel set Bo,
for all sequence x4, s=1,...,p

P{X, e Bo’XnHQ = 23,00y Xy, = 0} = L(Bo) .
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Chapter 5

Dependence induced by
linear congruences

We study in this chapter the dependence induced by (T (zg), 7" (z()) when
T a congruence T(z) = ax mod(m) with 0 < a < m and where a and m are
fixed. Then, we study the set By = {¢,T(¢) | £ € {0,1,....,m — 1} }.

5.1 Theoretical study

5.1.1 Notations

We will understand that this dependence depends on the continued fraction “*,
i.e. it depends on sequences 1, and h,, defined in the following way.

Notations 5.1.1 Let ro = m, r1 = a. One denotes by r, the sequence defined
by Tn = hpt1Tn+1 + Tny2 the Fuclidean division of v, by rpy1 when rpy1 # 0.
One denotes by d the smallest integer such as rqy1 = 0. One sets rq1o = 0.

Therefore, h,, > 1 for all n=1,2,....d and rq_1 = hgrq + 1431 = hqrqa + 0 =
hd’l“d.

The full sequence r,, is thus the sequence rg = m, r1 = a, .......... , Tag1 = 0,
rq+2 = 0. Then, it is easy to prove the following result.

Proposition 5.1.1 The congruence T(x) = a mod(m) is a Fibonacci conguence
if hpy =1 forn=1,2,....d, h4y =2 and rqg = 1
In this case, r,, is the Fibonacci sequence fi,, except for the last terms. In

addition, one considers also the following sequences.

Notations 5.1.2 One sets kg = 0, k1 = 1 and kpyo = hpyikns1 + kn if
n+1<d.
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Remark that if h, = 1 for n=1,2,...,d-1, k, is also the Fibonacci sequence
for n=1,2,....d.

5.1.2 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
and hg = 2. It will be thus the congruence of Fibonacci.

Theorem 1 Let n € {2,3....,d}. Then

If nis even , Egﬁ{[(), kn[®]0, rn,g[} = {(kn,lﬁ , Tn,lﬁ)‘ﬁ =0,1,2,...., hn,l},
Moreover the points (kn—1£ , rn—1f) are lined up.

If n is odd,
EsNn {}0, kn}®]0, ’I“n_g]} = {(kn_g 4 kp_1l, rH_o —’I“n_lf)’f =0,1,2,...., hn—1}~
Moreover, the points (kn—o + kn—1£ , rn_o — rn_1f) are lined up.

That means that the rectangle [0, %k, /2] ® [rn—2/2,7n—2[ does not contain
points of Fy if nis even : EsN {[0, kn/2]®[rpn—2/2, rn_g[} =0 . If hy,_1 is large,
that will mean that an important rectangle of R? is empty of points of Fs: that
will mark a breakdown of independence. o

Of course, one has equivalent results for rectangles modulo m : Ry = R9
where R® = {[xo,xo + kn] ® [yo,yo + rn_g[}.

For example suppose n=2. Then, one has a wellknown result. Indeed, m =
ro, 1 = a, k1 = 1 and ko = hy = |m/a| ou |z] means the integer part of x.
Thus, 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). Thus if "a” is
not sufficiently large, i.e if h; is too large, there is breakdown of independence.

Principal theorem

Now, one takes in account the number of points of Fs contained in rectangles
of the type Reet = [z, 2 + L[®y,y + L'[.

Theorem 2 [t is supposed that T is invertible. Let R..t be a rectangle of
F*(m)?, length Lo, > 1, width La. > 1. Let N(Reet) be the number of points
of Ey which belong to Rect and let Sg,., be its surface. One denotes by Log the
Neperian logarithm : Log(e)=1. Then,

SRect
|N(Rect) - T

< (p° + 1)[sup(hi) + 1] ,

where p° is a function of (Lon, Lar) satisfying 2.0782.Log(m;y,) + 2.00005 > p°
where my, = Min(Loy, Lar)-
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The proof is page 135 of [18] (cf also [13]).

This theorem shows that if sup(h;) is small, the only rectangles where there
is maybe breakdown of independence are the rectangles of the type R® = [z, x +
kn[®[y,y + rn—2[ : cf page 135-140 of [18] .

Then, these rectangles do not contain enough points to make tests if h; is
small. If y = T'(x) the breakdown with independence is proved by theorem 1 :
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, 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 the previous conclusion. We suppose m=21. If a = 13, we
have a Fibonacci congruence : cf figure 5.1. If one chooses a=10, sup(h;) = 20
: cf figure 5.2 . If one chooses a=>5, sup(h;) =5 : cf figure 5.3.

Figure 5.1: sup(h;) =1

Figure 5.2: sup(h;) = 20
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Figure 5.3: sup(h;) =5 Fig

Conclusion

To avoid any dependence, it is necessary that sup(h;) is small. In the case of
the Fibonacci congruence, independence is checked on all rectangles Re;.

Remark 5.1.1 For the Fibonacci congruence T? = £1d where Id is the identity
(cf page 141 of [18]) One cannot thus apply it to create directly a pseudo-random
sequence.

5.2 Proof of theorem 1

In this section, the congruences are conguences modulo m. Now the first lemma
is obvious.

Lemma 5.2.1 For n=3,4,...,d+1, kny1 > kn > kn—1 . Moreover kyyo =
hp+1knt1 + kn is the Fuclidean division of knio by kpy1.

Now, we prove the following results.

Lemma 5.2.2 Let n=0,1,2,...,d. If n is even, kna = m — r,. If n is odd,
m: Tn.

Proof : We prove this lemma by recurrence. For n=0, k,a = 0 = 0 =

m—m =m —rg. For n=1, kya=a=a=r1.

We suppose that it is true for n.
One supposes n even. Then, k,1a = ahpky, + akp—1 = —hprn + -1 = Tnt1.
One supposes n odd. Then, k1104 = ahnky, +aky,_1 = hprp —1rp—1 = —Tn41 =
m — Tp+1. Therefore, ke =m —7r,41. B

Lemma 5.2.3 Let n=2,3,...,d+1. Lett € {1,2,....,k, —1}. If n > 2 is even,
rn_1§a<mfrn.Ifn23i570dd,m—rn_12a>rn. e
Moreover, if n > 2 is even, kna=m —r,. If n >3 is odd, k,a = 1,.
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Proof : The second assertion is lemma 5.2.2. Now, we prove the first
assertion by recurrence.

One supposes n=2. Then, m = rq = hiri + r9 = hia + ro. Moreover,
ko = hq. IflSt<h1:kQ,T1:QSQt<h1a:m7T2.

Ifth) =k =1,{1,2,...,ke—1} = 0. In this case, we study ¢t € {1,2, ..., ks—1}
where k3 = hoko + k1 = ho + 1. Then, 1 <t < hy. Then, at = taky, = —trs.

Moreover, m —ry > m —trg > m — hore = 19 — hore = 19 — (r1 — r3) =
r3+ (ro —r1) > r3.
Therefore, because at = m — try, at = m — try .
Therefore, m — ry > at > r3 .

One supposes that the first assertion is true for n where 2 < n <d.

Let 0 <t < kpy1. Let ' = fk, + e be the Euclidean division of t’ by k,, :
e<ky,.
Then, f < h, . If not, ¢/ > (hy + Dkn + e > hpky + kno1 = kny1.

One supposes n even.
In this case, r,—1 <at <m —r, fort € {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—hpr, =m—(Tp—1 —Tpt1) =
70 = Tn—1+Tnt1 270 =71+ Tntl > Tngl -
Therefore, because at’ = — fr,, at’' = m — fr, .
Therefore, m — r, > at’ > r, 1 .

Now, one supposes f < h, and e >0 .
By recurrence, m —r, > @€ > ae — fry, > rp_1 — fro > rp_1 — (hy — L)ry, =
Tn + Tnt1 > Tl L
Therefore, because at’ = — fr,, + ae, at’ = ae — fr, .
Therefore, m —r, > at’ > r,41 .

One supposes f = h,, e # k,_1 and e > 0.
If e # ky—1, @€ # kyp_1a. Indeed, if not, a(e — k,—1) = 0. For example, if
e —kn_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 > rp1 — hprp = g1
Therefore, because at’ = — fr, + ae, at’ = ae — fr,, .
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Therefore, m — ry, > at’ > Tn+4l -

One supposes f = h, and e = ky,_1. Then, t' = h,ky, + ko1 = kpyr. It is
opposite to the assumption.

Then, in all the cases, for ' € {1,2,....;k,11 — 1}, m — 1, > at’ > 741.
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. One proves the recurrence by the same
way as if n is even. Then the lemma is true for n+1. B

Lemma 5.2.4 The following inequalities holds : kg11 < m.

Proof If t € {1,2,...., kg1 — 1}, by lemma 5.2.3, rq < at < m — rq4q or
m—rq > at > rgy1, 6. g < at <m or m—rqg > at > 0 where 4 > 0. Then,
0<at<morm>at>0.

Then, if kg1 > m, there exists tg € {1,2,...,kq41 — 1} such that tg = m,
i.e. atg = am = 0. It is impossible. A

Lemma 5.2.5 Lett, t' € {1,2,....,kqs1 — 1} such that at = at’. Then, t=t".
Proof Suppose t > t'. Then, a(t —¢') = 0 and a(t —¢) = 0. Then, by

lemma 5.2.3, g < a(t —t) <m —rgp1 or m—rq > a(t —t') > rqp1 = 0 where
rq > 0. Then, 0 < a(t —t'). It is a contradiction. W

Lemma 5.2.6 Let n:],,?,...,d. Let Hn = hlkl + h2]€2 + hgkg + e + hnkn
Then, Hy, = kp41 +kn — 1

The proof is basic.
Lemma 5.2.7 Let n=1,2,5,....,d-1 . Let L, = {t|t =0,1,2,.....H,} . Then,
forallmn>1, Ly = {t =1 —|—gkn+1|l €L,,g< hn+1},

Proof Let l € L,, , 1 < H,. Let g < hy,y1. Therefore, if t =1 + gk, 11, t <

Hy + hyikny1 = Hyq. Therefore, {t =1+ gkpi1|l € Ln,g < hny1} C Lgr -

Reciprocally, let t € L,,+1 and let t = fk, 11 +e€, e < kp1 be the Euclidean
division of t by k,11.
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We know that H,, = k41 + knn — 1 > kpy1. Therefore, e < H,,. Therefore,
ecL,.

Therefore, if f < hyi1, t = fhny1+e€ {t =14 gkns1|l € Ln, g < hpj1} -

hn+1kn+1 + 2kn+1 = Hn+1 - H, + 2I€n+1 = Hn+1 - kn+1 —kp+1+ 2kn+1
Hpi1+kpy1 —kn+1> Hppq + 1. Therefore, t ¢ Ly, y.

Moreover, if f > hpy1 +1 ,t = fkoy1 +e > (hpy1r + 2)kpy1 + € >

Then, suppose f = hpy1 + 1. Then, t = fkyy1 +e = (hpt1 + Dkpyp1 +e=
hn+1kn+1 +kn+1 +e= Hn+1_Hn+kn+l +e= Hn+1_kn+1 _kn+]~+kn+1 +e=
Hn+1—kn+1+€.

Because t € L,4q and t = Hpyq — kp +1+e€, e+ 11—k, < 0. Therefore,
e<k,—1.

Therefore, t = fkp+1 + € = hpt1knt1 + knt1 + €,

where k11 +e < kpy1+k,—1=H,

Therefore, t = hpi1kni1 + € where ¢/ < Hy,.

Therefore, t € {t =1+ gk‘nH’l € L,,g< hn+1} .

Therefore, Ly,11 C {t =1+ gk:n_,_l‘l € Ly,g< hn+1}~

Therefore, Ly, 41 = {t =1 +gkn+1|l € Ly,g< hn+1} .

Lemma 5.2.8 Let F, = {at|t =0,1,2,...., H,} .

Let B, = {at + km|t = 0,1,2,....,H,, k € Z} . We set E, = {o?|s € Z}
where of =0 et o, > of for all s € Z.

Then, for all s € Z, 03,1 — 0 =1y 01 001 — 0) = Tpyy.

Proof We prove this lemma by recurrence.

Suppose n=1. Then, r1 = a, H; = h1k1 = ko = hy. Therefore,
F1 = {E|t = 0, ].7 27 ceey hl} = {0,&, 2(1, ceey hla} = {0,7‘1, 27"1, ceey hl’f’l = m—’f‘g}.
Therefore, the lemma is true for n=1.

Suppose that the lemma is true for n.
Then, E,41 = {al + km|t = 0,1,2,...,Hyi1,k € Z}, where Hpyq =
h1ky + hoko + hsks + ....... + hpa1knir = Hy + hopaiknyn.

Because t € {0,1,2,.....; Hy41}, t € Lyy1. By lemma 5.2.7, si t € Ly,
t = 1+ gkn,y1 where g < hy,i1. By lemma 5.2.2, af = a(l + gk,y1) = al +
(71)n+297ﬂn+1 =al + (=1)"grpy1 -
Therefore,
En+1 = {a—‘r km|t € Ln+17k € Z}

= {at +km|t =1+ gkn41,1 € Ly, g < hpi1,k € Z}
= {al + (—=1)"grp41 + km’l € Lyn,g < hny1,k €L}

36



={f+ (=1)"grn41 +km|f € F, g < hyy1, k € Z}
= {02 + (=1)"grp41 + k:m‘s €72,9g<hpy1, k€ Z}.

Suppose that n is even.
Then, o + (=1)"grn41 = 07 + grpy1 < oY + r, — Tny2 because grpy1 <
hn+lrn+l =Tn —Tn42 -

Use the recurrence. Suppose oy, — o} = r, . Then, o} + (=1)"gr,41 <

0y +7Tn — Tnga = 0441 — Tnaa.

Therefore,

{opth [ om <optt <o} = {00 <0 +Tpgn < oo < OP A Bpy1Tng1 < 00 )
Therefore, o?jll — ot =y or ryg if of <oPtt < 0?:31 < 0541
Suppose oy, — 0F = rp41. Then, s is fixed .

Let T'=min{t = 0,1,..., |0}, ;1 —0l,; = 7 }. Therefore, o} ;. | =00 7 =ry,.

Let O = Ul_o{0l4s + grn+1 | 0 < g < hnga ).

Then, O = {0},0¢, 1, .., 05 p_ 1} U{00 7 +97Tny1| 0< g < hpya )

Therefore, O = {o},0,,1,....., 0, i} where o), | — o), = rpy1. Moreover,

Ogiri1 — 0/s+K =Tn — Rnt1Tnt1 = Tny2.

Therefore, if o}, " and o)t} € {of ™" [ o < of Tt <o 1y}, 0f =0T =1

Or Tp4o.

Suppose that n is odd. One proves this result by the same way as when n is
even. l

Proof 5.2.9 Now one proves theorem 1.

Suppose that n is even.

Then, k,_1a =r,_1, 2kp_1a = 2r,_1, ...... hp—1kn—10 = hpy_1Tn—1 = Tn — T'n—o.
Now, ak,_1£ =4¥r,_1 =¥lr,_1 for £ =0,1,2, ..., hp_1.
Therefore,

{(kn-1l,rn10)[6 =0,1,2, ..., b1} = {(kn—1€, aky_10)[€ = 0,1,2, ..., 1} C
Es5 .
Moreover, r,_o = hy_17p_1 + 7. On the other hand, by lemma 5.2.8 , all
the points of Fy = (¢,at), t < H,_1, have ordinates distant of r,, or r,_;.
Therefore, if there is other points of Ey N {[O,Hn_l] ® [O,rn_g[} that the
points {(k;n_lﬁ,rn_lﬁ)lﬁ =0,1,2,.....,hn_1}, there exists £y € {1,2,.....,hp_1}
and (z1,y1) € Fa N {[O, H, 1]® [O,rn_g]} such that 7, 10y — y1 = 7y

Because H,—1 = ky +kp—1—1 < kpy1 < kgr1, by lemma 5.2.5, there exists

an only ¢t € {1,...., H,_1}, such that at = y; : t = 21. Because y; # 0, there
exists an only t € {0,1,...., H,_1}, such that at = y;.
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Now, rn—14o —y1 = alok,_1 —at = r,, = —ak,. Then, alok,_1 ——ak, = at.
Then, a(lok,—1 + kn) = at.

Because rq_1 = hqrq with rq_1 > r4, hg > 2. Moreover, d > n > 2. Then,
d—1>0. Then, kg_1 > 0.

Then, by lemma 5.2.4, 2k, — kp_o < 2kq < 2kq 4+ ka_1 < hgkqg + kq_1 =
kg+1 < m. Then, 0 < bokp_1 +k, < kgi1-

Then, by lemma 5.2.4, 0 < k1 + kn < lokn—1 + kn < hp1bkn_1 +kn <
kpn —kn_o+kn =2k, —kpn_o <2kq < 2kq+ ki1 < haka +ka—1 = kgp1 < m.
Then, 0 < lokp—1 + kn < kgr1.

Now 0 < t < Hy1 = kn+kn1 —1 < kg + kg—1 < kgy1. Moreover,
0 < lokp_1+k,< kd+1.

Then, because a(lok,—1 + k,) = at, by lemma 5.2.5, t = lokp_1 + kn.

Then, t = boky_1 + kn > k1 + Kk, > H,_1. It is a contradiction.

Therefore, there is not other points of Es N {[0, H,_1] ® [0, Tn_g[} that
{(kn—lga Tn—lg) |€ = 0, 1, 2, ceeey hn—l }

Therefore, there is not other points of FoN { [0, & [®]0, 7 —2 [} that the points
{(kn—lga Tn—lg) |€ = 0, 1, 2, ceeey hn—l }

Therefore,
Ey 0 {[0,kn[®[0,7n—2[} = {(kn—1l,rn_10)[{ =0,1,2, ..., By 1} .
According to what precedes,
{(kn—10,akn—10)|¢ = 0,1,2, .....hp_1} = {(kn-1l,7n-10)|0 = 0,1,2, ... hpp_1 }
is located on the straight line y = (r,—1/kn—1)z if n is even.

Suppose that n is odd. One proves this result by the same way as when n is
even. H
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Chapter 6

Randomization by the
functions of Fibonacci

6.1 Study of the problem

In this section, we assume that our data y, are provided by texts. Then, one
will understand how one can make I1D the y,, thanks to the Fibonacci functions
Tg = Prg o T (cf Definition 1.2.5) (if d=2, one simplifies Tg in T,).

6.1.1 Some Notations

In this chapter, the following notations are used.

Notations 6.1.1 In this chapter 6, q,d € N*. Moreover, m is an element of
the Fibonacci sequence : m = fin,. Then, we set m = d° where Q € R, .
Moreover, Y,, € F(m) is a sequence of random variables defined on a probability

space (2, A, P) and X,, = qu(Yn) .

Notations 6.1.2 Let k € {0,1,....,d9—1}. We set I}, = [k/d?, (k+1)/d?]. We
define the interval [ci/m, ), /m] with ¢k, ¢}, € F*(m) by [ck/m, c)./m[NF(m) =
[k/d?, (k+1)/dINF(m). We set N(I) = ¢}, — .

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%, K /dINF(m).

Then, N(I) is the number of t/m € F(m) such that k/d? <t/m < (k+1)/d9.
Notations 6.1.3 Let x, € F(m). We set p,, = P{T(mY,)/m) = z}.

Of course, P{X,, = k/d?} = P{T(mY,)/m € [cx/m,c},/m[} =>
Moreover, the following lemma holds.

Lemma 6.1.1 With the previous notations, (cx — 1)/m < k/d? < c¢x/m and
(¢, — 1)/m < (b+1)/d < c/m.
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Lemma 6.1.2 Let 1/d? = ho/m +r where 0 < r < 1/m and hg € N. Then,
N(I) = ho or N(I,) = hg + 1. Moreover, m/d? = hy + e where 0 < e < 1.

6.1.2 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.

Proposition 6.1.1 Let z, , n = 1,2,...,ng9 be a sequence of integers z, €
F*(m) such that all the z,’s are different.

Then, there exists a permutation ¢ such that z, = Zgny, M =1,2,...,n9, can
be regarded as an IID sample having a distribution My .

Proof One can associate to z,, a continuous distribution function F which is
the smoothest possible and which have a density function which is the smoothest
possible.

Let z,, = x(n) be an IID sample with the distribution associated to F. For
any function f, f(z,) 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.

To avoid it, we denote by 7, and 7, the number of order of z(n) and z(n) =
Zn, Tespectively : r;(n) and r,(n) are the permutations of {1,2,....,ng} such
that Tyot(qy < Tpt(g) < ST and Z o1y < Zpsi(e) < < Zs1(n)

Then, there exists a continuous function f such that f (acT;l(n)) = z,-1(y, for
n =1,2,.....,n9. One can force this function to be smoothest possible with a
Lipschitz coefficient not too large. Moreover, if it is not smooth enough, one
can also use another IID sample {x]}.

Then, the following conjecture is applied.

Conjecture 6.1.2 Let z,, be an IID sample. One suppose that, for all function
which is smooth enough with a Lipschitz coefficient not too large, f(xy) can be
regarded as an IID sample.

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} = {zn | n=1,2,...,n0}. Then, there exists a
permutation ¢ such that zg,) = f(x,) for n = 1,2,...,n9. Then, z4,) can be
regarded as an IID sample. H.

Remark 6.1.3 Conjecture 6.1.2 is very likely. However it implies to choose a
function according to the sample in order to deduce from it that the transformed
sample is IID : it is always delicate. In fact it would be mecessary to explicate
all that. But it would be too long in this report.

But one understands well the meaning of this conjecture and one understands
that it is very reasonable. Moreover, we have carries out many simulations which
all, confirm it.
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Now what means this result? It means that the sample z/, = f(z,) behaves
like a sample IID of law M. However if z/, is an IID sample, that means that,
for almost all the permutations 1, sz(n) is a priori IID. Thus for almost all the
permutations ', 2y () is IID.

It is thus enough to check that it is indeed the case for various permutations
chosen randomly. One thus tests the independence of the obtained sample.

For example, we choose a sample of the sequence not satisfying the CLT
of Ibragimov-Linnik page 384 of [21]. Then, we have estimated multilinear
correlation coefficients for various dimentions p : with a empirical variance
equal to 39.57, the following values have been obtained :

- 0.0019 0.0032 | -0.0009 | -0.0062 0.0041 0.0036 0.0102
0.0014 0.0005 | -0.0094 | -0.0052 0.0034 | -0.0087 | -0.0027
-0.0057 | -0.0041 | -0.0013 | 0.0124 | -0.0074 0.0033 0.0051

"U"&ﬁ"d
=] ol N

We have also used classical Diehard tests (cf [1] , [2] ). All confirm indepen-
dence. Moreover, if one takes subsamples, those are also independent and have
the same law M.

Now, one would like to apply the CLT. For studying this problem, we will
apply proposition 6.1.1 to the sums.

Corollary 6.1.4 Let ) pz, where F C {1,2,...,n0}. Then ) pzn =
Y oner Zn s where 2, = zyn) is an IID sample which has the distribution My
and where F' = ¢(F) and ¥ = ¢~ 1.

Corollary 6.1.5 For all sets F” = ' (F"), except a negligible minority, » . 2z,
behaves as the sum of an IID sample which has this same distribution Mz.

Corollary 6.1.6 Let H be a measurable function. For all sets F” = ¢'(F’),
except a negligible minority, Y p» H(z,,) behaves as the sum of IID samples
which have a same distribution Mgz .

Corollary 6.1.7 For almost all the sets F, W(F) Y mer Zn = L where L does
not depend on F.

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 IID sequence of random variable Z/. Then,

car;(F) ZnEF Z’;L - E{Zi}
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Let us notice immediately that these results does not means that all the CLT
can be regarded as a sum of IID sample. In no case, the sum Z; + ..... + Z, is
necessarly close to a normal law.

Now suppose that one uses the sample f(z(n)) = z(¢(n)). One separates it
into several subsequences with the same size and one sums these subsequences.
Then, the empirical distribution of those sums will be close to a normal law.

In figure 6.1, we have transformed by a permutation MATLAB chosen ran-
domly a sample of size 900000 of the sequence not satisfying the CLT (cf page
384 of [21]). Then, one has it separated in 9000 successive subsequences which
one has summed. It is understood that the distribution is close to a normal law.

160

140

120

100+

80

60

401

20r

Figure 6.1: Sums of subsamples chosen randomly

In the same way, if sums of the z, are chosen randomly, the sample consi-
tuted by these sums shows that one has a distribution close to a normal law.

But these results do not mean inevitably that the exact distribution of a
sum chosen randomly will be close to the normal law. By example, let us
choose independent samples of the type 2y (1) + ... + 2y (), N1 < ng, where the
subsamples 2y,(1), -, Zy(n,) are all built with the same permutation ¢. Suppose
that the sequence Z,, has the distribution of the example not checking the CLT
(page 384 of [21]).

Then these samples of sums will behave like a nonnormal samples. An esti-
mate of the law obtained by these sample is in figure 6.2.

These results can appear strange. They thus should be explained.
1) If a sequence Z,, does not satisfy the CLT, it is anyway possible that samples
extracted of a sequence Zjyn,, Z2k+nqg; -y Lnk+n, d0 not satisfies the CLT, i.e.
Zktny + Zokiny + -ooo + Znktn, has not a distribution close to the normal law.
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4‘0 4‘5 50
Figure 6.2: Law of a subsample chosen randomly

In this case, it is plausible that samples of type 2y 1)4ny» 24(2)+n2-+-2(n) +na
do not satisfy the CLT (where 1 is a permutation, for example of {1,2, ...., kn}).
Then, Zy)4ns + Zy(@2)4ns T -+ T Zy(n)+n, has not a distribution close to the
normal law.

2) But, by proposition 6.1.1, we know that if ng = kn;, the sample 2] +....+2;, ,
IS S N VR , ZEk—l)n1+1 + ... + 2}, can be regarded as a sample
with a distribution close to the normal law.

Indeed, it is possible that Z] +.... 4 Z], has not a normal distribution. But
the Z), 1+ oo+ 25y, 5 o , ngfl)n1+1 +.... + Zj,,, have not the same dis-
tribution. Because that, they behave indeed as samples with normal law.

Then, when one uses SUMS 2y,(1)4nys 24)(2) 4ny - 2ep(n)+ny» they can regarded
by two different ways : we have to choose which is the good one.
In subsection 6.1.3 below, what we want, it is to use P{X, = k/d?} =

E%E[Ck/m’%/m[pxs where the sets Tﬁl([ck, ¢,.[) can be regarded as randomly

chosen. Then, it is about sum randomly chosen : they behave as approximately
normal.

6.1.3 Randomization of Y,
We have P{X,, = k/d?} =>_

nection between text and the distribution of the points of {as, as, ...} = T~(I)
where I is an interval. These two events are logically independent. Indeed,
the sequence {aj,as,....} = T~1(I) is built by a specific and relatively simple
mathematical application whereas the data ¥, are the realization of a sequence
of random variables Y,, and thus unpredictable in an exact way. Moreover the
sequence {ay, as, ....} 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

w€len/micl, jm] Pea- Now, there is no logical con-
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regard this set as randomly chosen.

That means that Zwse[%/mﬁ;/m[pws can be regarded as a sum ) _ppa,
where the set F is a Borel set chosen randomly. According to the corollary 6.1.7,
that means that, for all k, (d?/m) stqk/dq’(kﬂ)/dq[pws 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.

Atlast, 325 > 0 cpr/da,(k+1) a0 Pz. = 1. Therefore, 37, /g0 (541)/aa) Pos &
1/de.

Example In figure 6.3, one supposes card([c, ¢ [NF*(m)) = 10. One under-
stands that {a},a), ....,a}} is about uniformly distributed in [-4,4]. We obtain,
P{X, =k/d1} =~ 1/d9 .

Figure 6.3: Example : Normal curve

6.2 Empirical Probability

Unidimensional case

Let us be interested with a sample z;, = Ty (yn), n = 1,2, ....,ng, where all the
yn are distinct. Let pe, = PB{T(mYn)/m = 335} where P, is the empirical
probability. Then, one has

PAT,(Yy) € [e/m, ' /m[} = Z pey, -

zs€[c/m,c’ /m]
There is no logical connection between the set J =
[Newton’s theory ]

[of gravitation was]
[ soon accepted wit)
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hout question, and |
it remained unques]
tioned until the begin]
ning of this century. |

and the sets Hy =

whegkudf ly cuqghjg]
aamxgusdggbxckmp]
x;cbkutee ze xycyc x|
qtdxucdzlexy yx vyxy]
ory of Relativity in 190]
xwtex pez! iyi qy yqhfg]

Thus a priori, the probability that [Newton'stheory] € H is approximatively
of card(H)/32'® if y, € {0,1,....,31} ..

Now, there is no logical connection between the y,, and the set A = {a1, as, ....}.
Then, the set {aj,.....,ac—.} is well chosen randomly. Then, by corollary 6.1.7,
% o, Lay,an 3 (yn) — % where Ny = ¢ —c.

Finally, P.{X,, € [k/d?, (k+1)/d[} ~1/d? for any k.

One can also understand this result by a more classical way : cf section 6.2
of [18]

Now, because the subsample of the y,, such that y,, € A can be regarded as
IID (cf corollary 6.1.6), ﬁm S, [1{(117 ______ ap_ 3 (Yn) — NA/m] has asymp-
totically a standard normal distribution where 0% = Na/m — (Na/m)>.

One has checked these results by testing them with the the sequence d(j),
j=1,2,... : cf section 10.1 . All the tests conclude to the uniformity

In figure 6.4 , we have the histogram for the sequence d(j). The figure
6.5 which represents the histogram for a pseudo-random sequence of uniform
distribution.

Multidimensional case

For t=1,2,....p, we set I' = [& %[ where ¢, ¢, € F*(m). We set A® =

m’

T-11") = {dt, ..... sag, ., } for t=12,...p.

132 corresponds to 26 letters, punctuation, signs and space
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Figure 6.4: Histogram of £(1,j)

Figure 6.5: Histogram of uniform data

There is no logical connection between the sets J and Hs. Then, the prob-
ability that {[Newton’s theory |, [of gravitation was], [ soon accepted wit]} C
Hy @ Hy @ Hs is approximatively equal to []o_, [card(H,)/32'8]. This result
can be understood by simulation.

Because there is always no connection between parts of texts (Yn4j, s+ YUn+j,)
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.

p
PA{Xusjy € I'}000{Xngs € 7} = 30 0 S0 pew or =[] LAY,
sl el' ol elv ' t=1

where Pyt .t = P AT (mYpyj,)/m=al }n...0{T(mY,j,)/m = xg’p}}.

'7"135

6.3 Theoretical probability

Let us choose a random vector (X,,4;,, Xn+js,, ....,X,lﬂp). We set Pat,
P{(T (Y1) /m = 21) e (T(mYiu, ) fm = a2, }.

p
s sy
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Probabilities chosen randomly As for empirical probabilities P { {Xnﬂ-1 €

Il}ﬁ....ﬁ{Xn+jp € Ip}} isequal toasum of p1 at Because y,, means texts
I 5

and is independent with sets Tq_l(Il) ®....® Tq_l(Ip), the sums are about sets
randomly chosen. Therefore the p,1 ot ’s can be regarded as an IID sample
FR 4

of random variables which have a distribution M.

Model Because ng << m, there are many possibles models associated to the
sample y,, n = 1,2,...,n9. As a matter of fact there in an infinity of them.
Then, because there are several possible correct models meaning this text, we
will study the various possible probabilities Pzl ...t

7"):1:81) :

One will provide the set of the p,1 ot of a measure which is a probability
sp0 s
: i.e. the set of the possible probabilities p1 st is itself the realization of a
spools
probability space.

p'zg 4
For example, one can choose p,1  ,» = <= —r where
s17°Ep ip=1 '-~~21p:1 Py /m,...ip/m

the p/, » ’s are a sample of a sequence of IID random variables P/,

FIRE. 8 Sl,..,mgp
defined on a probability space (QF, A}, Proba}) and which have a distribution
M.

With a such model, we have proved in [18] section 8.4.2, that with a proba-
bility very close to 1,

P{{X1EI1}ﬂ ..... ﬂ{Xpelp}}zM [1+W}

mpP Eny/11, NI

Remark 6.3.1 This approzimation is not the same as nio o Yay,au_ 1 (YUn)
= Na/m + Ob(l)# because in this last one, the empirical approximation is

involved.

As a matter of fact with this probability P/,
wl

one changes space of measure.

» ,Ppisfixed. If p is changed,

5o Ls

The problem of marginals distributions

If the model defined on spaces (Qf, AV, Probal) is chosen (cf [18] page 217
section 8.4.2), there is a problem : one does not take account of the marginal
probabilities.

If p=2, in space (0%, A%, Proba?) those sums will be already sums of proba-
bilities taken randomly. That means that, with this measure, the marginal prob-
abilities Pal, = 29552 Pal a2, in their vast majority will have a priori uniform
distribution. One thus does not take in account that the Pzl are probabilities
in two dimensions with marginal laws, i.e. with constraints.
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It is thus a result which seems not to correspond to reality, for example if
P! s has continuous densities.

Anyway, this is not very important: measures of spaces (QF, A}, Probal)
are only measures giving an idea of the numbers of models close to a sequence
IID. Moreover, that does not change anything with the ultimate result : only a
negligible minority of models does not check

P{{xien}n..n{X, ep}}~ % [1+0b(1)¢]

where |e| << 1.

6.3.1 Two dimensional case

If one wants to take account of the marginal laws, it is necessary to con-
sider the probabilities of each Y, ;,, i.e the probabilities of the marginal laws.
Then it should be considered that the sums are taken randomly: for example

Ez —20 2. €Ay Prs x5, = Pl -
51 =T, Tsg €EA2 1:%sg s1

Now, it is necessary to define associated probability spaces. One thus chooses
probability spaces (s, , A, , Proba,, ) for each z,,: one uses product space

(Q2, A%, Proba®) = (H Qa, T( H Az, ) , H Proba%l)

Tsy Tsy Tsy

where T( H;CSI Amﬁ) is the o-algebra generated by H%l Az, -

One takes also into account the probability space (!, A, Proba') associated
with the first marginal law and finally one uses product space (2, A, Proba) =
(Q, AL, Proba') @ (92,.A2, Proba?).

Let us notice that it poses the problem then to know if one chooses to take
the sums 2%1:36817%2642 Pa,, as, OT ZzsleAl,wszzw(QQ Pa,, a.,- As a matter of
fact for the results which we try to obtain, we will understand that does not
have importance.

Hypothesis 6.3.1 Suppose that

/

P12
Ts51%59

/
P ~m 07—
T ’
sq 212:1 Pzélin/m

e D
Z1:1 il/m

We assume that the p,, ’s are a sample of an IID sequence of random vari-
s1

ables P;l . We assume also that, for each xil, the p;é o2 ’s are a sample of
s1 s
an IID sequence of random variables P, . . Then, p;;17$§2 = Pﬂ/c;laxiz (w) and

s1°%sg

Py =Pl (w) where w € Q.
S1 S1
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One supposes that P., and, for each zl P L2 have the distribution M.
51 17782

s17 T xy,

Let Ey and o3, be the associated expectation and variance.

Hypothesis 6.3.2 We assume that I; = [ki/d, (ky +1)/d9[. Let N(I;) be the
number of r/m € F(m) such that k:/d? < r/m < (ki+1)/d?. Let ct,c, € F*(m)
such that Iy N F(m) = [ct/m, ¢, /m[NF(m).

We suppose m enough large compared to d? and to hy. We suppose d? >> 1.
We suppose that b and op; are not too large and that Epr is not too small.

We shall need the following notations.

Notations 6.3.1 Let b > 0. Let I'|(b) = Mazy>p, (Proba{|5n| > b}) where

n ’
S — > =1 Pl m
n omv/n

n ’
S Pl i/

Remark that I (b) = Max,>p, (Proba{|5§l| > b}) where S, = om/n
and z} € F(m). Moreover, I} (b) &~ T'(b) because m/d? is large enough.
Then, one has the following proposition.

Proposition 6.3.1 Under the hypotheses 6.3.1 and 6.3.2, with a probability
larger than 1 — 4T (b),

N(I,)N(I
P{{X1 eh}in{Xye 12}} = %[1 + Ob(l).e’@)] ,
!~ 2bo
where 6(2) ~ E'M\%To'
Proof At First,
/ p;% =3, ’ Ez§2€12 p;£1 3,

1 ™ 7 p 1 ™ 7
x . xr .
D oy D AR

Pl el
B Lia/m
Z Z Dzl a2 = Z Z 22:11921/771 - Z

m ’
:cil cl, :v§2612 xileh m§2612 zgl cl, Eil:l pil/m
We use the CLT. Then, with a probability larger than 1 — I} (b),

1
N(I2)

Ob(1).bons

/ _
Z pxél’xlﬁz = Eu + N(I)

w2, €l>

Moreover, with a probability larger than 1 — I} (b),
1 &, Ob(1).bo s
o 2 Pt am = B =20

ip=1
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Then, with a probability larger than 1 — 2T (b),

Ob(1).bo ps
Yaz,enlo a2, N(I) Ev+ = X%

/
Dyt <~m = Py Ob(1).b
s1 Zi2=1 pzél jia/m S Y %

m
Ob(1).bons
’ 1 = ;
N g aay NP [1+Ob(1).¢5]
T T 14 Obon — oy -627
Envm

bo yr bo

~ M
where €3 ~ /N2 + Fars/n -
Moreover, with a probability larger than 1 — 2T} (b),

Y Pl =Byt
Pzgl M N(Il)

:Cél SR

1
N(I)

1 - ’ Ob(l)bo‘M

l = By 4 —20M

m Zf’fﬂm Mt m

1=
Then,
Ob(l).bo’zu

Dot en, P Ev+ =705 Na
nehte, _ N(L) N L)y 4 on(1).0]
m

m Ob(1).b
Zh:l p;ﬁl/m m E]VI + %

bom bom

where €] & —22M1__ .
L™ Euy/N) | Buvm

Moreover,
Ob(1).bons

1 Ob(1)
S 0b()phy =<t Y pha = Ob(1)|Eap + et |
N(L) =, Wre, = N1 ¥ ehpa»l ( >{ M N }

Then, with a probability larger than 1 — 2I"} (b),

’ E 0b(1).bonr
ey en WPy OMON() *M T NGy OWON(R) 6y
m

1

m O i -
Zh:lp;l/m m EM+ %

Then, with a probability larger than 1 — 41" (b),

22 er Py o
/ Tsp €12 Tzs 25, N(I2)p’ 4
LEND Sy i
S1 ig=1 Ié11i2/m

I I e Vs

x} €N al, €lr zy €N

T 1+ Ob(1).c2]
ZZ:l pil/m

/
i1/m zl €h
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N(L)N (L) N(L)N(I2)
I~ bo bo bo bo . 2boy
where f2) ¥ EM\/JJ(II(II) + EM% + E]M\/% EM% ~ EM\%TO .n

The form of this result resolve the problem of knowing if one chooses ini-
tially the sums szl ey €Az Proy ey OF 2151641%2 =00, Piey ey Whatever

the chosen sum, the result remains the same one :

— 0
_xsl

! ~ 2b0’]v[

€2~ Euvho

We have regarded the probabilities associated with (Xy4j,, X,4j,) when n
and the sequence j, are fixed. But we will need also a definite probability space
for any n and all jo. Then, we shall use the following assumptions.

Hypothesis 6.3.3 We generalize by natural way the notations of hypothesis
6.3.1. For each n and each ja, we replace the notation of the probability space
(€2, A, Proba) by (2, 5y, An,j), Proba, jy).

In this case, we denote by (2, A, Proba) the probability space (2, A, Proba) =
[T, (Qn.g)s Ay Proban,)-

6.3.2 General case

Hypothesis 6.3.4 We generalize by natural way the notations of hypothesis
6.3.1. with probabilities p,1 2 v . Then we generalize the Plaoandpli .

s177sg2 TS s1 R
mp .o p which are samples of sequences of IID random variables defined
on the probability spaces (Qn_jy, A(n,j), Probag, jy) and which have the distri-
bution M. We denote by (2, A, Proba) the probability space (2, A, Proba) =

Hn7_j(Q(n,j)7 -A(n,j)a PT’Oba(mj)).

Then, one generalize easily proposition 6.3.1.

Proposition 6.3.2 Under the hypotheses 6.3.4 and 6.53.2 , with a probability
larger than 1 — 2pI'} (b),

v N(I)
P{{Xl e Il} m . ﬂ {Xp 6 Ip}} = AT[]- + Ob(l).ﬁl(p)] )
!~ _pbo
where ) & EM\}/IH'

We deduce the following proposition.

Proposition 6.3.3 Under the hypotheses 6.53.4 and 6.3.2, with a probability
larger than 1 — 2pI|(b),

1
P{Xy = ki /d, ..., X = p/d} & (14 Ob(1).(,)]

o1



Proof We have P{X; = k1/d?, ....., X}, = k,/d?}
- P{{Xl enyn.nix,e Jp}} = L) 114 0b(1).€),) -
p.dqzb(l)+p(pflg’(ri:;10b(1)+.“ <<

/

) —ck

Moreover, [] 2" = L1 4¢.], wheree, =
’ m dpa ’

e’(p) by hypothesis 6.3.2. Then,

i[1+0b(1).egp)] N

1
P{X1= ki /d?, ... X, = ky/d7} = o [Lea[1HOb(1).c(y] & -

Now, we study the Borel sets of F/(d9)®?: Bo = U, ... k,)e0i (k1/d?,. p/dq)} =
Utky,.o k)01 Ik, @ @Ik, } where Iy, = [k¢/d?, (ki+1)/d?[. Then L(BO) =Le.
We have the following proposition.

Proposition 6.3.4 . Assume that, for all (k1, ..., kp), P{X1 =k /d4,..... X, =
kp/d'} = gz [1+ Ob(1)ef,].
Then, P{(Xp+j,; s Xn+j,) € Bo} = L(Bo)[1 + Ob(1)ef,, |-

Proof We can write

P{(Xutjrs oo Xury,) € By = Y dpq[1+0b() 0] = Zpg [1H0b(1)e,)] - W

Now, one can prove the following result.

Proposition 6.3.5 We assume that the the hypotheses 6.3.4 and 6.3.2 hold.
Let 1 < n < ng. Let Px,(Bo) = P{(Xn+tj,, s Xntj,) € Bo}. One supposes
that M is the uniform distribution. Then,

2b.pL(Bo)
Proba{ ﬂ |Px, (Bo) — L(Bo)| < ———" } > 1 — 2p.nBdPiT (b) .
n+jt,Bo{ m }
(6.1)
Proof Let {k} = {k1} ® ... ® {k,}. Clearly, M ~ e 2pbo

v Vho (p)| = Epyvde-a’
Then, by the proof of proposition 6.3.3, with a probablhty larger than 1 —

2pIy (b)),

P, (1)) = LD 1+ TR ]

Then, because 03, = 1/12, Eyy = 1/2,

2b.p

Probaf|Px, ({k}) = L({R)| > L({KD| o=

|} <2
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By proposition 6.3.4,

2pb0’M
{0, fim o s < e 22

2pbo
> |Px, ({k}) = LU{KY)| < LUK} ———= } .
{nﬂO{k}{ EM\/dCTq}

There are dP? sets {k}. Moreover, there is at the maximum (ng)? "n + j;”
possible. Then,

Proba{ N {|PXN(BO)_L(BO)|§ L(Bo) 21’?}}

nbie Bo V3.dR—4
2b.p
> Proba Px,({k}) — L({k})| < L({k}) ———= }
{nﬂm{* 8 2y 3

:1—Proba{ﬂ ﬂ {’PX({k})_L({k})‘ < L({k}) \/322%}}

n+je,{k}

2b.p
=1 — Proba |P n({k}) — L({kz})| > L({k}) [ }
LU 2y )

b.p
>1- Y Proba{ [P, (1K)~ (D] > L((k)) ke
n+je,{k} { W}

=1- > 2pI(b)

n+je,{k}
=1—2pnbd”T(b) . A

Now, I'; (b) = T'(b) ~ % e~/ when b is big (cf (28) page 56 [31]). Then, if

2./3. Popa,—b2/2 pel0a(ng)p log(2)pa ,—b2/2
d=2, 2p(ng)P2P9T (b) ~ fp(no\)/Eb e ~y 2V2.pe 0\/% e . Then,
we have to impose b > /2[Log(ng)p + Log(2)pq] in order that the inequality
6.1 is useful.

We deduce the following properties.

Property 6.3.2 Assume d=2. Then, in order that the inequality 6.1 is useful,

we can impose b = /3p[Log(ng) + q].

%]



Proof Indeed, in this case,

2\/§,peLOg(n0)peLOg(Q)pqe_b2/2
Vb
24/2.pelog(no)peLog(2)pap—1.5.p[Log(no)+d]
_ \/37rp[L09(n0) +q]
2v/2.p.e~Log(no)p/2—pa/2
V/3mp[Log(no) + q]

2p(no)P2PIT (b) ~

Now, b has to be not too large.

Property 6.3.3 Assume d=2. Then, in order that the inequality 6.1 is useful,

. L 394
we can impose €3 = % << 1.

Proof If one chooses b = /3p[Log(ng) + q]

2op __ 2p\/3plLog(no) +4] _ 2+/p*[Log(no) + 4 \/Log [p324
V3 %2Q-d4 ~ V3% 2Q—4 V204 )

If e3 << 1,

Pmba{ N {|PXn(Bo) — L(Bo)| < 2\/5L(Bo)} ~1.1

n+j¢,Bo

Property 6.3.4 If d=2, in order that the inequality 6.1 is useful, we can im-
pose

1) if one regards all the possible "p”, [Log(no) +a](no)2? << 1,

2) if one regards all the p < p,, = LLog(no)/log@)J, [Log(no)i%q](pm)sw << 1.
6.3.3 Continuous density
Consider the vector (X4, ..., Xntj,). We know that
S S e
/ ’ ST
sheld Al ene[d]
= Z E{1A1®....®Ap(yn+j17""ayn-‘rjp)} .

(U71+J1 """ 7Un+jp)€Al®nu®Ap

o4



Let us suppose that (Y, 4j,, ..., Yo, ) has a density function with a Lipschitz
coefficient K not too large. Suppose that the ¢ —c; are large enough. We know

that the sets A* = T_l(mft)/m =7 ([ee, ¢j[) /m are well distributed in F(m),
i.e. the sets A" have a distribution close to that of {r/N(I;)|r =0,1,..., N(I;)}
(see below). Then, by applying the traditional methods of integration, it is clear

that ,
Z ..... Z Pal ..at, ~ HL

zl el EI t=1

Under this assumption, one thus obtains easily IID sequences. Let us recall that,
when ng << dP, one often accepts like model a model with continuous density
and a Lipschitz coefficient Ky not too large. That shows that the functions T},
are a good tool to obtain IID sequences.

Theoretical study
For example if p=1, the following property holds.

Property 6.3.5 Let m >> 1. Let hy be the probability density function of
Y € F(m) with respect to i, : fo hy(u um(du) = 1. Let hly = (1/co)hn be
the probability density function such that fo Ry (u)du = 1.

Let Ko € Ry such that |hn(r) —hn (') < Kolr' — 7| and |hy (r) — Ry ()] <
Kyl — r| when r,r’ € [0,1].

Then, the following equality holds : P{T(mY)/m € I} = L(I) {1 + O](Vl()f)(o} ,
where N(I) < m/2.

Proof We need the following lemmas.
Lemma 6.3.6 The following equality holds :
O(1)K,

m

00:1+

Proof The following equalities hold :

(t+1)/m (t+1)/
1;/ Py ( dufz/ h’ (t/m) + Ob(1)Ko/m]du

t/m

—Zh’ (t/m) + ( /h’ W) o (dt) + M.

m

Then, fo Ry (w) po, (du) = 1+ M Therefore,

1= /O h (W) pm (du) = co [ Py (u)pm(du) = co [1 L Ob(1)Ko

0
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Lemma 6.3.7 The following equality holds : ﬁ > hn(r/N(I)) = 1+%

Proof The following equalities hold :

- /(r+1>/N(1> Wi — 3 /(T“)/N(I) [y (r/N(1))+0b(1) Ko /N (I)] du

= Jr/N ()  Jr/N(D)

_ 1 , Ob(1) Ky
= N ZT:hN(r/N(I)) T ND
Therefore ¢y = ﬁ S hn(r/N(I)) + %_

Therefore, by lemma 6.3.6,

O(1)Ko
co=1+ O(QKO = ]Vt])zT:hN(T/N(I)) + Ob(l)[l;(l)m Ko

Because m >> 1 and N(I) < m/2, we deduce the lemma. Wl

Then, the following property holds.

Property 6.3.8 Let I = [¢/m,c/m[. Let gn(k) = hN(Til(k)/m). Assume
again that T is a Fibonacci congruence. The following approzimation holds

c’'—1

60b(1) K,

m kZ:cgN(k) =1+ N

Proof Let k", n=1,2,..,c’-c, be a permutation of I N F(m) = {¢/m, (c+ 1)/m,
(@ = 1)/m} such that T (K1) < T '(k2) < T (k%) < . <T (k).
Then, for all numerical simulations which we executed, one has always obtained

T (k") /m —r/N(I)| < 4/N(I) .
We deduce that |gn (k") — hy(r/N(I))| < 4Ko/N(I).

Therefore, by lemma 6.3.7,
i 2 o) = s S o)
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= 3 2PN+ iy S ow () — st/ )]

! 10b(1)Ky - 20b(1)K, . 40b(1)K
_mghN(r/N(I))—FiN(I) 014 N ) ° 4 N C m

Remark 6.3.9 The only result which is not proven mathematically is
[T (k") /m —r/N(I)| < 4/N(I) .

It is enough to prove this result in order that property 6.3.5 is fully proven. We
point out that, by our numerical study, this result seems sure.

Proof of property 6.3.5 By the previous equalities,

k
= L()[1+ Offll)} 1+ 6013((11))[(0} = L()[1+ O](Vl()go} .

Remark 6.3.10 One can easily generalize the proof of property 6.3.5 to the
two-dimensional case. For example, if p=2, by proposition A.0.1,

O(1)Ky
Inf[N(I)]

Remark 6.3.11 The previous results can be proved in another manner. In this
case, there is a less fine approzimation : cf property 7.1.21 of [18].

P{(T(mY1)/m,T(mY)/m) € I ® I} = L(I,)L(I) [1 +

Numerical results

All the results which we have obtained confirm the previous result. For example,

—[10(y—0.5)]2/(252) . .
when hy(y) ~ %< o ;ﬂ;z /e , we have obtained the following tables where

m= 2178309 and I = [541231,1905574 , e = N(I)/m — P{X € I}.
2

o €
1/4 0.0000042
1/2 0.0000028
1 0.0000016

1/16 0.0000225
1/128 0.0001511
1/1024 || 0.0003016
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Many other numerical results are in [18] section 7.1.2. All the results which
we have obtained confirm the property 6.3.5.

6.3.4 General numerical results

In [18] , we have studied the case where the probability density function of
Y with respect to i, is written in a form : h(y)[1 + ”ég)] , where n(y) is a
sample of a white noise independent of h and where [ h(y)um (dy) ~ 1. We have
obtained equivalent result. Here we recall some results when h is a normal or

uniform density.

Normal case

 10.e~110(y=0.5)]?/(207)

We assume that h(y) = NorTe

_myolef| } ~ G _ _ .
that P{0_0485 UL > b} ~ () where e = N(I)/m — P(X € I}. This result

thus gives us a probable increase of [¢$].

, co > 10. Then, we have proved

Example 6.3.12 Suppose that we do not have more than 10° possible intervals
I. We know that T'(6) < 10~2. Then, if N(I) is not too small, one can assume

) < XV %w) | (6.2)

I

For example, suppose m= 267914296 , a= 165580141. We choose intervals
I length L(I) = (1/5)1077 for j =1,...,6 . Choose standard deviations o = 1/2,
1/4,1/8, 1/40.

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 Maxz{0.5% 10%(e¥| | I5, o}
on these 50 terms.

L) \o 1/2 1/4 1/8 1/40
(1/5)10~1 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

We have other various numerical results : a more complete study has been
done in section 7.1 of [18]

98



Uniform distribution

Here we study the model Py{Y = k/m} = L {1 + uk} where uy, is a sample of

an IID sequence Uy with variance o7.
Let I be an interval. We set e; = N(I)/m — P{X € I}. Let Niq =

Supk‘card [F(m) N[k/29, (k+1)/2¢ [} ‘ = |m/2%| + 1. Then, for all interval I},
generally,

mler, | _
P{i’“ > b } <479
oV Nrel !

Because there are only 27 intervals Iy, = [k/29, (k + 1)/29], one can admit

bgouv/Nrier

|61k| < m

(6.3)

For example for datas h(n) used section 11.1.1, if m > 1.4 % 103, oy < 1
and if q==84, one choose by = 15, Ny¢ ~ 7520. Then, one can suppose

9.3
ler,| < 105

A more complete study has been done in section 7.2 of [18]

6.3.5 Other congruences

Similar results are obtained with other congruences. But the approximations
are less good. For example we proved the following result in section 4.1.1 of
[18].

Proposition 6.3.6 Let (d,p) € {2,3,....,}?. Let T(z) = dPx mod m = d*) — 1.

Let Z € F(m) be a random variable. Let f be the density of Z with respect
to pim. Let Ko > 0 such that, for all z,z" € F(m), |f(z) — f(2")] < Kolz — 2/].
Then,

P{T(Z)/m e I} = # N @ .

6.3.6 Remarks

Remark 6.3.13 The previous results were obtained by considering that one
chose randomly a measure in the set of the possible probabilities. But, for that ,
one needs that the probabilities of the X,, are not concentrated in a small number
of points. If not, the majority of the p,, will be equal to 0 and could not thus be
regarded as chosen randomly. Of course, it is one of the exception envisaged in
section 5.4 of [18]. But it is better to remove this case.

At first, it is necessary that one has a sample of y, which all are different.
In this aim, it is enough that m is large with respect to ny.

Moreover, it is better that a priori all the possible values of F(m)P can exist
in a sample. For p=1, it is reasonably the case when one adds modulo m a
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pseudo-random sequence g, of period m : myl, = gn + my,. For p=2, one can
use two generators g3, and g3, 1 : if n=2n", myh,, = g, + myon

Remark 6.3.14 We can make this study without supposing that T is the con-
gruence of Fibonacci. But, the conclusion does not hold when T is the identity
and that the curve of the probabilities have the shape of a mormal curve. It is
natural : contrary to the congruence of Fibonacci, there is a dependence between
T and text : if y, means an extract of texts, T (y,) means the same extract of
text. It is the same when T(x) = dPx modulo d* — 1 (cf proposition 6.5.6).

Remark 6.3.15 There exists another method to prove our conclusions: it should
be considered that the probabilities are fixed and the a; are taken randomly : cf

section 8.3 of [18].

6.4 Study of models

A more detailed study of models is in chapter 13 of [18].

6.4.1 Continuous densities

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, # y, if n # n’. Generally,
that occurs always if m is great enough with respect to ng. This assumption
involves that, for all subsequence y;(,y and for all p, (Y(n), - Ye(ntp—1)) 7

(yt(n’)7 ciiny yt(n’+p71)) ifn 7& Tl/.

One can always regard y,, € F/(m) as the realization of a sequence of random
variables Y,, : y, = Y;,(w) such that Y}, has a a differentiable density with respect
tO fhyn ® .... ® ty,. One assume also that this density have a Lipschitz coefficient
K which is not too large.

It is a logical assumption. In fact it is an assumption which most mathe-
maticians admit when N << m : that is especially clear when they estimate
the densities.

We have studied numerous examples which corroborate this hypothesis : cf
[18].

Now, in the case where densities are continuous, the conditional densi-
ties are also continuous. Then, the conditional probabilities P{Y, |ynyt;, =
Y2, ., Ynij, = Yp} has a continuous density fy, ... with a coefficient Lipschitz
K§? which is not too great. Then, by the same technique as for property 6.3.5,
one obtains

0(1)K8”}

P{Tq(Yn) el | Yn+j2 = Y2, ~~~aYn+jp = yp} = L(I) 1+ N(I)

where hg is chosen big enough : N(I) > hy.
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6.4.2 Another group of models

In order to prove the previous equation, we used Ky. But it is enough to read
the proofs of property 6.3.5 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 type of results.

In this case, 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 7> 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 f2(y2, s, .,yp) and of the density
of dependence (cf [10] or proposition 14.3.2 of [18] ) :

fyz,...,yp(yl) = fdel)(ylﬂl/%y:% "">yp)f2(y27y37 ""7yp) .

Then, one confirms this assumption with simulations by using this equality.

Therefore, this kind of conditions on ) K" seems checked by our models.
That makes our end result even surer.

6.4.3 General case

The use of the previous models is interesting because that y,, behaves well 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 in section 10.1.4
behave well like IID sequences.

But it is probable that there do not need even to suppose to be under the
assumptions of these models: it is probable that, for any logical model, one will
still obtain

P{Tq(Yn) el | Yn+j2 = yQ,...,YnJ'_jp = yp} ~ L(I) .

A very strong result

Indeed, we understood that if one provides the set of possible probabilities with
the measure defined in section 6.3, our results are checked for almost all the
possible probabilities.

There is thus a slight restriction which is normal: in the set of ALL the
models, 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,.
One wants to associate with y,, a model Y,,. Clearly, among all the possible
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models, there is an infinity of good models and an infinity of bad ones. One can
even think that there is much more bad models than goods.

In section 6.3, it is the opposite: in the set of all the possible models, almost
all will be good. It is a very strong result.

A result checked by all the logical models

As a matter of fact, one can remove the bad models : one can admit that
P{T,(Yn) € I | Yayj, = ¥2,..s Ynyj, = Yp} = L(I) will be checked for all the
logical possible models.

Indeed, there is no connection between the Tﬁl(ml ) and texts. Therefore,
if a model was bad, that would mean that there is a logical connection between
the T, 7' (I;,) and text. 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).

Now, it is obtained that P{Y; € T;l(I)} ~ (C/T*C) {1 + \O/Z(i]\lf%} for all the

logical models. Then the question is put: which value to choose for b?
In order to know that, it is necessary to go back to the themself texts : i.e.
it is necessary to study the associated empirical probabilities.

We thus estimated b for various texts and for various 7, ().

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 : cf [18] section 13.1.2.

Finally, it is found that one can admit - and by far - in all the cases

P{vi e T, (D)} = (Cln: 2 {1 + 063(]1\])5())} . (6.4)

This increase (b=20) is not astonishing. Indeed, according to proposition
6.3.2, it occurs with a probability larger than 1 — 2pT’j(b). Now, if b=20,
I (b) ~ 1.12/10%. 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 impos-
sible 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.
It is thus possible logically that it has no text not checking the equation 6.4.
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If p=2, sets Tq_l(Il) and Tq_l(Ig) behave like randomly selected compared
to the text.
If p > 2, we have obtained results equivalent for p < l;’f;&o)) :

~ [L.(c; —cs) {1 0b(1).20.p ] '
mp 5 InfIN(L)}

Anyway a such value of b is not important because the equation
P{Xn el | Xnyj, =22,..., Xnyj, = 2p} = L(I)[1 + Ob(1)¢]
is too strong. Indeed it is enough that
P{X, el | Xnyj, =x2,..., Xnyj, = xp} = L(I) + Ob(1)e

where € = ﬁ when N is the size of sample and 0 < a < 0.02. Indeed, in

this case one cannot differentiate X,, with an IID sequence : cf section 2.1.4 or
example in section 11.2.3.
Then, the equation

P{X, €I | Xpyjp = T2y Xy, = 2} = L(I)[1 4 Ob(1)€]

is too strong.

Therefore a very strong connection between text and the sets T—1(I;,) would
be necessary in order not to obtain this kind of equation. It is not therefore
advisable to worry about the value of b.

Conditional probabilities

The fact that there is no connection between text and the sets Tq_l(k/dq) =
{a1,....,ac—.} applies to the conditional probabilities. Indeed, there is always
no logical connection between text and the sets T, ' (I) = {a1, ...., aer—c} in the
conditional probabilities:

P{Xn el | Yn+j2 = yQ""ayn—i-jp = yp}

P{ {¥a € T, (D} N {(Varss = 92} 0o 0 (Yo, =} }
P{ 0 (Yarg =92} 0 0 Vo, =} |

Therefore, the conditional probabilities behave well as sums on sets taken ran-
domly, i.e.
P{Tq<Yn) € I ‘ Yn+j2 =Y2,--1 Yn+jp - yp}

=Y P{Yy =as | Yayjo =2, Yayj, = yp} = L(I) .
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Chapter 7

Limit Theorems

7.1 Central Limit Theorem

The Central Limit Theorem (CLT) produces the limit distribution of (X; +
....X) /o when X, is a sequence of random variables such that E{X,} = 0 and
o2 is the variance.

It has been proved under various hypotheses of asymptotical independence.,
in particular under the strong mixing condition or under martingale assumptions
: cf [21] and [28]. Now, these condition are too strong for most of datas. Then,
some authors have introduce weaker hypotheses : Versik Ornstein ([22], [23]),
Cogburn [25] Rosenblatt [26], Pinskers [7], Doukhan-Louhichi [27]. But theses
assumptions are still strong in order to be used with data.

Fortunately, another look is possible : in [11] , one can use higher order cor-
relation coefficients (cf Lancaster [9], Blacher [10]). Then, in [11] we have turned
the convergence of moments into an equivalent conditions on these coefficients.

For example we have proved the following theorem.
Theorem 3 Assume that the X,, have the same distribution with variance o

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

Yoot D [BUXG)?(X0)?) — E{(X)MJB{(X)?Y]

n

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

{(Xl + X(2N+2 +U2)n+ X,

if and only if, for all p € N*,

et S Xy B Xy X, )
p: nP/2

p
) }H/J,p as n — oo
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From this type of results we have deduced CLT with minimal assumptions whose
the conditions are close to strong mixing assumptions.

In this aim, one decomposes X1 + X5 +......... +X,in X1+Xo+......... + Xu,

Xu+1 + Xu+2 F o + Xu+t and Xu+t+1 + Xu+t+2 + o + Xu+t+u where
u=u(n) and t=t(n).
Notations 7.1.1 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 7.1.2 Let o(u)? = E{(X1 + X2 + cooec... + X,)?} . One sets
o Xt Kot FXu o Kun ot Xusa b ¥ Xt
‘o o(u) . o(u)
and S/ _ Xu+t+1 + X’u.+t+2 TN + Xu+t+u
“ o(u) '

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

Notations 7.1.3 : Let k € N*. We define conditions Hp,s(k) and H,,;(k) by
the following way :

Hys(k) :VpeN,p<k+1, E{(S,)?} — E{(5,)P} — 0 as n — .

Hpr(k) - ¥(p,q) € (N)? ,p+qg<k+1,

B{(8,)7(8)*} = E{(Su)"}E{(S,)"} — 0

as n — Q.

Equivalent conditions can be defined for the convergence in distribution.

Notations 7.1.4 : We define condition Hgs and H; by the following way.

Hs:VkeNVjeN, P{A ;} —P{B;,;} -0 as n— oo,
Hp:Vk € NY(j,j") € N, P{A}; N By j} — P{Ay;}P{Bij:} — 0
as n — oo, where Ap; = {Su € In;} and By ; = {5, € I ;} with I; =
AR G+ 147}

Then the following CLT holds : cf [14] [15].
Theorem 4 We assume that Hyp,s(00) and Hp,r(oco) hold. We assume also
that, for all p € N*, E{(&,)?} — 0 as n — oco. Then, S, 5 N(0,1) .

Theorem 5 We assume that Hg , Hy , H,,5(4) and H,,1(4) hold. We assume

also that E{(S,)?} — E{(S,)?} — 0 and E{¢2} — 0 as n — oo. Then, S, 5
N(0,1) .

Tt is this CLT that we use with our datas (cf chapter 9).
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7.2 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). The XORLT is much more general than the CLT. Then,
one can use with many type of datas, in particular with the most part of elec-
tronic files.

7.2.1 Presentation

The XORLT relates to sums a(n)(X; + Xz + ... + X,,)/0(n), in particular
X1+ X2+ .... + X, (in this section, h = h modulo 1).

Definition 7.2.1 Let (X}, X2,....XP) € RP be a sequence of random vectors.
For s=1,...,p, let o5(n)?> = E{(X{ + ... + X3)?}. Then, we set
Xi+ L+ XD

SS - (n)

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

As a matter of fact, we have always obtained that X; + Xo + .... + X, has
asymptotically the uniform distribution on [0,1[. In order to understand that,
we recall the following theorem (cf theorem 4 [18]).

Theorem 6 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)P has also
the uniform distribution.

For example assume that X; € [0, 1] has the uniform distribution and that
X1 is independent of (Xo,...., X,). Then X; + X5 + .... + X,, has the uniform
distribution on [0,1].

This result is general : if the CLT is satisfied, then the XORLT is satisfied.

Proposition 7.2.1 : Let X, be a sequence of random wvariables such that
E{X,} = 0 and S, = X1t=-tXu B S with E{S?} = 1. Assume that S has

o(n)
a probability density function f with respect to the Lebesgue measure such that
|f(z) = f(&")] < Kolz — 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[} =t asn — oo .

The proof is in proposition 5.2.3 of [18]. Remark that analog results hold

also for random vectors (ST, S3, ..., S)') € RP .
In general, a(n)o(n) =1, ie. (X7 +....X,,) has asymptotically the uniform
distribution on [0,1] . Indeed let u;(ﬁ(n)) = #(n) for all k € Z . Then,
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([0,1]) — 1 as n — oo. Now the following XORLT holds (cf proposition 5.2.4
[18]).

Proposition 7.2.2 Let (Sf,Sg,....,S;L) € RP be a random wector such that
E{(S%)?} =1 for s=1,2,...,p.

Let u* be a measure on R : one assumes that p™* = p' @....@uP where u* = p
the Lebesque measure for s=1,...,p or where u® =y, for s=1,..,p. Assume that
(ST, 8%, ..., S)) has a probability density function f, with respect to put such
that | fr (21, s 2p) — ful@, ., 2,)| < Komax(|zs — z4]).

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

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

i,
of

Now, the condition ” 3Ky : |fn(x) — fu(2’)| < Koz —2'| Vn € N*” is not
a necessary condition of the CLT. Then, in some cases, the hypotheses of propo-
sition 7.2.2 seem stronger than those of the CLT. But the reciprocal assertion
is true too : e.g. the XORLT holds if X, = X; foralls: X7 +.... + X;, = nX;

Moreover, proposition 7.2.2 suggests that if the CLT holds, then, X7 + .... + X,
has asymptotically the uniform distribution. Anyway, under the assumptions of
datas studied in this report, we have never found a single case where it is not
verified.

7.3 Examples

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

Let S2 € R? such that S2 5 S2 where S2 ~ N5(0,C) when C is a covariance
matrix. One knows that g(S?) A g(S2) if g is continuous with Pgz probability 1
(cf [29] page 24). Then, S2 5 ST%. Moreover, we shall note that the dependence
of S2 does not exist any more for S3. We shall deduce the XORLT for o (n)S2.

Example 7.3.1 Let X and Y be two independent random variable with distri-

bution N(0,1). Let Z = % where a € R.

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 Z is p = (1 + 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 pU be the empirical linear correlation coefficient associated to the
sample (X, Z,).
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Then, py et pTIL allow us to estimate the linear correlation coefficients of
(AXVO7 Zo) and (Xo, ZQ)

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

P N Pn Py Pn Py
0.7071 | 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 | -0.0204 | 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 pY 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.

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

Assume that the linear correlation coefficient is equal to 0.7071. We use a
partition (15,15). The chi-squared statistics has asymptotically the distribution
N(0,1) (cf [1] page 44) : /2x2 — v/2d — 1 where d is the degree of freedom :
(15-1)(15-1). With this statistics, we obtained the following numerical results.

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

As a matter of fact (X, Z) is enough close to an independent vector.

Conclusion Under the previous hypotheses,

(X1+...... +Xn, 21+ .. +2Z,) = on)(X,Z) .

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

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

7.3.1 Example using datas of this paper

In section 5.3.3 of [16] we have studied an example using the datas G(j) and
H(j) defined in section 11. We note that the estimated density are close to the
normal or uniform density.

As a matter of fact, 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 distribution.

We obtained results similar in several dimensions: for the data used in this re-
port, we always found that (X711 4+ Xo1 + ... + Xpn1, X12+ Xoo + ... + Xpp2)
has asymptotically the uniform distribution on [0,1])? for p=2. We obtained
similar results for p=3,4,5,6.

7.3.2 Other theoretical study

One can confirm that it is more practical to use the XORLT than the CLT by
another theoretical study : one can compare the the conditional densities of the
sequences G(j) and H(j) (cf section 11.1.1). Indeed, in corollary 5.6.2 of [18] we
have proved the following result.
Proposition 7.3.1 Let f;, . (g/(mS)) be the conditional density of G;/(m.S)
g/(mS) given Giyj, = gs and let fy . {h/m} be the conditional density of
H;/m = h/m given H;y;, = hs.

Let Ky, s,,, and Ky, be the Lipschitz coefficients associated to
and i, g

Ky
Then, Ky, < 76{;5’”).

*
92,93;--

7.3.3 Numerical study

In [18], we have studied several examples of the rate of convergence de X; +
Xo+ ... + X, and X7 + Xo + ..... + X, when X; € {0,1,...,q}. It is true as
soon as, n > 7 or if q is large enough ¢ > 20. For example, in figures 7.1 and
7.2, we obtain curves close to those of the normal or uniform distributions for
non -independent vectors (X1, Xa,....., Xg). Then, in [18], we notice that the
graphs are about the ones of a normal distribution or a uniform distribution
except when the probabilities are concentrated near a small number of points :
cf figures 7.3 and 7.4.

We have studied numerically the rate of convergence of the XORLT when
the CLT is satisfied. Then, we assume Y = Xl-:i\/%-Xn ~ N(0,1). Then,

X1+ .o + Xy, = 0/nY ~ N(0,n0?).
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Here we study the distribution of X; + .... + X,, when n=10 with the vari-
ances 1/50, 1/200 : cf figure 7.5, 7.6. We understand that we are enough near
of the uniform distribution if o2 is not too big.

Figure 7.5: n=10, 02 = 50

Figure 7.6: n=10, o2 = 200

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.

7.3.4 Rate of convergence in the XORLT

In this section we understand that, in some cases, the convergence to the uniform
distribution can be very fast.
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Figure 7.7: n=10, o2 = 200

Notations 7.3.1 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,...,S}, we set Pos
P{X, =3},

Hypotheses

We assume that p”i, = P”% (w7) where p”% = (1/N)[1 4 ri (v, —vj)] and
where vy, = =Vi (w7) is a realization of an 11D’ sequence defined by the following
way.

Hypothesis 7.3.1 For all i € {1,2,...,5}, we assume that v‘ s a realiza-
tion of an IID sequence of random varzables VZ defined on a probabzlzty space
(Q7, A7, Probas) such that =1 <V} < N —1, IE{VZ } =0, and all the V! s,
t=1,..,8, ny =1,.., N, are mdependent

Then, we set va =(1/N)Y, vk et Vi =(1/N)>, Vi.

Then, the following results holds

Lemma 7.3.2 There exists a sequence of random variables 0 < Ry, < 1 such
that —1 < Ry (Vi — Vi) <N —1 and Riy 51 as N — oo.

Proof : One can write =1 —e <V} —Vji < N —1+ ¢ where e > 0. Then,
one can write —1 < R! (Vl - Vi) < N — 1 where 0 < RY; < 1. By the CLT,

%8 L. Therefore, R, L1 m

Then, we can define probabilities.

Proposition 7.3.2 For all x, € F*(N), we set P"., = (1/N)[1 + Ry (V} —
Vi)l Then, 0 < P". <land),, P", =1

73



Proof : We have Z% P”ggn = Zmn(l/N) + (R%/N) Zmn (V;n -Vi)l=1m1
Then, we assume that the following hypothesis holds.

Hypothesis 7.3.2 For alli € {1,2,...,S}, we assume that p”%_ is the realiza-

tion of the sequence of random variables P”;n defined over (Q7,HA7, Probaz) by

p”;n — P”in (w7)

Then, we have the rate of convergence of XORLT.

Theorem 7 Assume that, for all s € {1,2,...,S}, the variance of Vi is o, .
Then, with a probability greater than 1 — T'(b) approzimately,

X, +.. + X< 1 b.0b(1

Remark 7.3.3 If P! has a distribution similar to that of P = NiJ”P,l when
. t=1 t
P}’ has the uniform distribution, then o}, = O(1). For example, one can choose
2
oy < 1.

Proof of theorem 7

At first, the following proposition holds.

Lemma 7.3.4 The following equality holds :
~ | | v Tl ..... T‘S
P{Xi+ ..+ Xs =y} =% + D5y Zml—s-...-s—ms:y(vL — o) (v, —vR).

Proof At first, P{X1 + Xa + ... + X5 = 4} = Yo —aeey D brP' 5y =

(1/N9) YT syl +ryl —vR)] 14 ry s —vR)].

oo o |
2 inen iy TN (R, — UN)TR (U, = R T%(U%q —vy)
T

+ri (vl = oa )R (V2 = VX ) rY (s —vy)

We deduce the proposition by using the following lemma (7.3.5). B

Lemma 7.3.5 Suppose q < S. Then,

Zwl-l—....-l—a;s:y [Zi1<i2<....<iq Tj\lf(vilil - U}\lf) """" T;\(;(v;qiq - U;\(})] =0.
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Proof We have

Zzl+..“+xs:y [Zi1<i2<m.<i T?\lf(vfcli - U?&r) -------- T;@(U;f:q - U;@)} =0
q 1 . . .
= Zi1<i2<....<iq [Zx1+....+xs=y 7"3\1/(”;1711 — VR ) T;(zr(”;qiq - "’;\3)]

For example, if i, < .S,

Zm:y(vilil — ’Uf;\l,) ........ (’U;Zq — U;I\(/Iv)
; i i i
— ZT” ZriQ ""st,l stziy—ml+....—ms,1(vélil — VN ) (vx"iq —vn)
- Zril Zg% ths_l (vg}l — V) (U;ﬁq - v;‘})

2 [ {Z% (vfclil - Uﬁ\lz)} ...... [Zrtq (Ujvi-q B vj\‘;)] ]
= 0 because Zril Vit — N”jxlr m

Liq

1 2 S
S Vi, V2

Proposition 7.3.3 Under the hypothesis 7.3.1, T Tig " ®ig
has asymptotically a distribution N(0,0¢, ......00,).

Proof We apply theorem 3 with X; = ‘Qi‘ﬁijvf_h_i_m and
n=NS"1 :

The first relation of theorem 3 is obvious. For example, if S=3, this relation is
equivalent to the convergence of (1/N*) 3, [E{(X,)*(X,)*}—E{(X,)*}E{(X,)?}],
which is equivalent to the convergence of

1 2y,3
‘ S AV VAV,

)2} -E{(Vi VAV .>2}E{<v;vj%v;,i,,.,>2}]‘

y—i—j j

POVAVE

N4

—J

Now, in order that E{(V;' VZVE_)*(V V7 Vy3_l.,_j,)2} #E{(VVIVE )}
E{(%%V}%Vﬁ)z}, it is necessary that ¢ = i’ or j = j'. Therefore, at the

maximum, there is 2N?3 such ‘/;1‘/}2Vy3,i,j‘/;/ V}%V;’_i,_j,. Then, there exists a

2
constant C2 such that % is greater than
‘ St AV VAVE DA VAVAVE )2 BV VAVE ) E((VEVEVE )% ‘
N1 :
E{ Xty Xtyoreo: X

Now we study the condition p! T ?Iil”sj);/g 2 wt (N2)Puy,
First, assume S=2 : in this case, X;, = leivy’é’_zl Then, E{Xy,... X, } =

1oy2 1oyr2 _ 1 1 2 2 _
BV V2 sV VI F = BV) fo BV BV V2 ) =

0 because the z), are all dissimilar.
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Assume S=3 : in this case, X;, = V:,cl1 sz V3172~ Then, one can write
ny Tng Y—Iy, —Ty,

= E{le ..... [/Il }E{VEQ/ ....... vf, }E{VBL —— e 037 — } .
ny np ny np Y—Tny —T3, Y—Tny, —T7,
pr ‘27]E{‘<t1‘<t2} E{[:cln ‘xlz}E{[z% [z2’ }]E{[yg 7 [JB 7 } Be-
1 n nq ng —Tny X, Y~ Tn, =T,

cause ty < tg, Tpn, # Tn, o ;, # x,, . Then, E{X; X;,} = 0. If p=3, we have
the same conclusion.

If p=4,
E{thXt2Xt3Xt4}
=E{V} V) V. Ve YE(VE Vo Ve V)
E{V2 V2 V2 V2 ).

— —x! — — — —x/ — e
Y= Tny "Enl Y= Tny mng Y~=Tng frn3 Y= Tny In4

In order that E{X;, X¢, X+, X3, } # 0, it is necessary that, for example, x,,, =
Tnyy Tny = Ty, T, =z, and 2, =z, . Then, we assume that these relations
hold.

Then, in order that

E{V,, Ve, Ve, Ve, JE{(VE V2 V2 Ve )}

Ty
E{V3 V3 3 3 —1#0,
Y=Tny —Th, Y= Tng =Ty, Y~ Tng—Th, Y~ Tny—Tp,

it is necessary that

/ — / / — !/
OR Y= Tpy —Tp, = Y= Tpy, — T, and Y — Ty, —Tp, = Y — Tp, — T,
Therefore, 2, =x!, . Then, X;,, =V} V2 V3 =yl y2 y3 =
! 2 o Tny y—Tng @, n2 Tny Y—Tny,—T,
X4, @ it is impossible.
_ !l — _ — ! _ e — _ e
OR y—ap, — ), = y—Tp, — ), and Yy —Tp, —T),, = Y — Ty, — T, .
Then, z,, = x,, : it is impossible.
/ — / / — !/
OR Y= Tny =Ty, = Y= Tpy — T, and Y= Tny =Ty, = Y= Tpg — Thy-

Then, z,, +2,, = xp,+w;,, and z,, +2,,, = xn,+x;, . Therefore, 2(x), —x;,,) =
0 and 2(z,, — Tp,) =0. If N is odd, it is impossible.

If N is even, x;, —x, = 61(N/2) and x,, — 2, = d2(N/2) where 6, =0, -
1 or 1. Therefore, there are C;’)V 1;/4 possible variables X;, = lenl Vf,nl Vm
th = Vxan VZEQ/n2 Vm7 th = leng Va:2’n3 V:lf*%ﬁ’ Xt4 = V:z1n4 sz’n4 Vm

such that E{ X}, X;, X¢, X¢, } # 0. Therefore, ’

Doti<tocts<ty BAXe X, X, Xy} CyN?
(N2)? STyt

)
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One prove the general case by the same way.

Then all conditions of theorem 3 hold. Then, iz

cause E{ X} } = E{ (V;%TVIQ% . V%j‘/ﬁf} = Hf:1 E{(Vf)z}.
|

- S J—
Now, one can assume that ZI vgs = 0.

Lemma 7.3.6 Assume that the assumptions of proposition 7.3.8 hold. Then,

V%ml Z [URt (Ve = VA | BR (Ve = V)
has asymptotically the distribution N (0, 0‘2,1 ....a%,s).
Proof Assume S=2. Then,
fZRN — V) RY (VEr = V)
R}VR RLRA VA 9
by v vl - PR g v
RyﬁN SN =
RﬁNZ LV R%NVNZ e
where N RN le ml le zl have asymptotically a normal dis-

tribution (cf propos1t10n 7 3 3) Moreover7 V2 converges in probability to 0.
Then, \F Zzl RN(V VN)R?V(VyQ_zl — V2) has asymptotically the dis-

n

tribution N(0,0¢, 07, ).

In the general case, we prove this proposition by the same way . B

Proof 7.3.7 Now we prove theorem 7
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By proposition 7.3.6,
VI — V). (VS —Vg)

1

RL RS Y e Faa=y(
N NS—1

Noeeee

Problem in some cases

Theorem 7 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.

It is not difficult to understand that theorem 7 has absurd consequences in
the case of continuous density : cf pages 118-121 of [18].

To avoid this problem, one can transform the random variables : for example
one can multiply each X; by a suitably chosen number oy modulo 1: X] = a; X;.
For example, one can transform some lines by various Fibonacci congruences or
various Fibonacci functions T, : cf [18] pages 118-121.

As a matter of fact, the multiplication by a; modulo 1 defines a permutation
if ay is suitably selected. But in this case, one has again the problem of the
choice of the permutations: 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 6 that the multiplication
corresponding to a Fibonacci congruence is a good permutation.

Now a simpler solution is to use transformation which have the same char-
acteristic as a permutation really random. It is what we do in section 12.

7.3.5 Limit theorems for conditional probabilities

Here, we study G(j) = Zle F(i,j) where the rows F (i,.) are independent : cf
section 11. In that case, the distribution of the sums admitting for probabilities
the conditional probabilities is that one of a sum of independent variables.

Proposition 7.3.4 Let X, ; , i=1,....1, j=1,...,p, be a sequence of random vari-
ables. We assume that the rows X; € F(m)P are independent. Then,

P{Xl,l Tt X11€Bo ‘ Xiot ot X12=v2, s Xipt o ¥ X1p= y,,}

= > Wy PRI o F X1 € Bo| Xij = @igii=1,,1,j =2,.,p},
i,V i+ Ty =Y

where Y 1.

/ _
i Vg ot =y Hai g} =
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The proof is section 5.7 of [18]. These results show that, in many cases,
P{X171 + ...+ XI,l € Bo ‘ X1)2 + ...+ X]72 = Y2, ...7X17p + ...+ ijp = yp} —
L(Bo). In particular, results obtained in section 7.3.1 show that this limit is
checked for all the data used to build the random sequences b*(n’).

79



Chapter 8

Empirical Theorems

8.1 Empirical Theorems

8.1.1 First theorems

In this section, we use the following notations (cf also property 6.3.3 ).

Notations 8.1.1 Let XJ € F(m), n € N* be a sequence of random variables
defined on a probability space (2, A, P).

Let js , s=1,2,...,p, js € Z, be an injective sequence such that j; = 0. Let
dy = |mm(jg|s =1,2, ..,p)|. Then, we set X, = X2+d0.
Notations 8.1.2 Let Bo = Bo; ® Bos ® .... ® Bo, C F(m)? be a Borel set
where L(Bos) < 1/2 for s=1,...,p. We set L, = E{lBO(Xn)} and LY (Bo) =

N

(1/N) Zn:l L,, where 1BO<X71) = 11'5’01 (Xn+j1)1302 (Xn+j2)""1BOp (Xn+jp)'
Hypothesis 8.1.1 One supposes that, for all p € N*, for all Borel set Bo C

F(m)P, for all injective sequence js, for all n € N*,

E{15,(X,)} = L(Bo) + Ob(1)L(Bo)e%, ,

where €y, = 2\/[Log("°)+q]p32q = \/60p32q << 1.

m m

Notations 8.1.3 We set o} = (1/N)E{[ZN (IBO(Xn)—Ln)]Q}. Moreover,

n=1

if Xy, is 1ID, we write 0% instead of 0% .

For example, if p=1, 0% = L(Bo)[l — L(Bo)].

Now, we can expound the first empirical theorem.

Theorem 8 Let f, = YYENBO=LBL 4t = Neia[93/2 4 9L(Bo)

oB

where A(p) =1— (p? —p+1)27P.
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Let P. =+ ij:l 10(Xn). Then, the following inequality holds

1 _
P{VN|P. — L(Bo)| > opz § < Kl(Mx) ,
1 +’yl,p

where Ky (x) = P{%N(Bo)l > x} .

1 VNP, —LY
b o1

Remark that if P, is asymptotically norma (Bo)l has asymptoti-

cally the distribution N(0,1).

Now, one can also obtain similar results to theorem 8 if one replaces hypoth-
esis 8.1.1 by the following way.

Hypothesis 8.1.2 Let € > 0. One supposes that, for all Borel set Bo C F(m),
for all p € N*, for all sequence js, for all xo,.....,xp, for all n € N*, such that
n > dp,

P{X, € Bo|X,

n+jz = T2, ..... 7Xn+jp = IL’p} = L(BO) -+ Ob(l)G .

Then, one obtains results similar to theorem 8. These results can be specified
when X, is asymptotically independent. In this case, one uses increases of
YaMax,en- E{ (1BD(Xn) — Ln) (1BO(Xn+d) — Ln+d) }‘ : cf chapter 8 of [18].

For example, if X, is q-dependent the following theorem holds.

Theorem 9 We suppose that X, is ¢-dependent. We set ¢, = (1/2+€)?—(1/2)P
and

Ny = m (07 = p+ 1) (& + 2002 + (1 +20) 2176, + €] )| -

1—
Then, P{VN|P, — L(Bo)| > opz { < Kl(Mm) 7
1+ Ti,p

On the other hand, results similar can be obtained for empirical conditional
probabilities : cf theorems 8 and 10 of [18].

Theorem 10 We suppose that X,, is q-dependent. We assume that the hypoth-
esis 8.1.2 holds and that the assumptions of theorem 8 of [18] holds.

We set p. = (1/N) an:1 1Boy (Xnt42) - 1Bo, (Xnyj,). Then, if N is great
enough, there exists Ko =~ T such that

P{\/ﬁ > Oep 33} §K2<Mx)

P
L — L(Bol) 1+ .
P

Pe

where 35, & 0 and 2, ~ 0 if € is small enough and where o2, = N.E{ [%} }
when X, is IID.
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8.1.2 Applications

Now we study how one can apply the previous theorems. We are interested
by the sequence of random bits b'(n/) built in section 11.2 : we assume that
BY(n'), n’=1,.....N’, is a sequence of random bits satisfying

P{B () = b | BY(n' + js) = by, o, B\( + jp) = b} = 1/2+ 03(117)'@ .

Now, the sequence C(j) defined in section 11.2 is Qd-dependent with Qd=22.
Then, B!(n') is also Q- dependent Moreover,
1) €p = (1/2+E)p_(1/2)pN op— 1 - %7
) 61 p < \/7617 ~ 2pa :
’ \/A(p)L(Bo) A(p)1/22p/2’

~ (P*—p+Da (1+4Q )4p
3) ,)/171) 2A(p)\/7 2 +

We want that B'(n’) behaves like an IID sequence. Thus, we use theorem
8 for Q’-dependent sequences and we increase P{% > x} Let H1
be the hypothesis " B!(n') defined in section 11.2 satisfies theorem 8”. Un-
der the assumptions IID and H1, one has the following tables of increases of

P{\/N|Pe — L(Bo)| > O'BZL’} regarded as function of (x,p).

(x,p) (LY [ (1,2) | (1,3) | (14) | (L5) | (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) (2,1) | (22) | (23) | (24) | (2,5) | (2,10) | (2,15) | (2,20)
Under 11D || 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

Similar results are obtained for theorem 10 : cf section 9.5.2 of [18] .

8.1.3 Proof of theorem 8

At first, one can prove the following lemma.

Lemma 8 1.1 Foralln, we setH {m S N*|EI e, e :X,H_j(e) = Xm+j(e,)}
and H*(n) = {m € N*|E| e, e : Xnﬂ(e) = Xtjeny, m # n} Then,
card(H ( )) <p’-p+1.

Lemma 8.1.2 The following inequalities hold : 0% > A(p)L(Bo) > L(Bo)/8.
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Proof One can write

0% = (1/N) Z 3 (E{1BO<X,2>1BO<X;1>}—L<Bo>2)

n=1meH(n

&

— (1/N) Z(E{1Bo N+ Y E{ls ()X} - Y L(Bo)2)

n=1 meH*(n) meH (n)

N
> (1/N) Y (B{150(X0)} - (P —p+1)L(B0)*) = L(Bo) (1-(s*—p+1)L(Bo) ) .

3
—

Now, (p* —p+ 1)L(Bo) < (p* — p+ 1)27P. Moreover,
d(p* —p+1)27°

dp
which has the roots p; =~ 0.7888 and ps ~ 3.5423

=(2p—1)277 — Log(2)(p* —p+1)277

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 8.1.3 Ifm ¢ H(n), E{15,(Xn)150(Xy)} = L(Bo)*+Ob(1)e®, where
eo(2p)324
¢ = L(Bo)?y/ 2" _ [(Bo)223/2¢l) |
If m € H ]E{lBo )1Bo(Xm)} = ]E{lBo(Xy/L)lBo(Xy/n)} + Ob(1)64
where X/, is an HD sequence and where ¢* = L(Bo)ex, = L(Bo)2%/%%,

Proof If m ¢ H(n), by notation 8.1.1,

leh) (2p)32q

E{150(Xn)150(Xm)} = L(Bo ® Bo) + L(Bo ® Bo) -

Assume m € H(n). Clearly if n=m or if p=1, equation holds by notation
8.1.1.

Suppose p > 2 and n # m. One can assume n < m. Then, there exists
a sequence ig, s=1,....p", p’ < 2p, and a sequence of Borel sets Bo’,, s=1,...,p’,
such that L(Bo,) < 1/2 and

1Bo(Xn)1Bo(Xm)
= 1301 (Xn)ch)z (Xn+j2) ----- 1Bop (Xn+jp)1BO1 (XM)1302 (Xm+j2) ~~~~~ 1Bop (Xn+jp)
= 150y (Xu) Loy (Xntiz)-voee Lor, (Xt ) - (8.1)
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Clearly p < p’ < 2p. Then,

eo(p’)32¢

)

E{150(Xy)150(Xm)} = E{15,(X])1p.(X,,)} + L(Bo)o

where 0<60<1. 1

Lemma 8.1.4 The following equality holds : L, L,, = L(Bo)?>+0b(1)e®, where
€® ~ 20b(1)L(Bo)?el, .

Proof We have L,, = L(Bo) + Ob(1)L(Bo)el,, . Then,
LnLm = | L(Bo) + Ob(l)L(Bo)ego} [L(Bo) + Ob(l)L(Bo)e%O}

= L(Bo)* + 2L(Bo)*0b(1)eh, + Ob(1)L(Bo)?(eh,)?

3
;::L(Bo)z[l+20b(1) eofn” ] N

Lemma 8.1.5 The following equality holds
o =op[l+ Ob(1)27; ,].
Proof Let X/, be an IID sequence with uniform distribution. Then,

N

- (1/N)E{[Z (1o(Xn) — Ln)f}
= (1/N)E {ﬁ:]i (1Bo(Xy) )(1B0(Xm)_Lm)}

COE(Y Y (a) ) — o)}

=

~ (1/N) {Z > (1Bo(X))1p0( ;n)+0b(1)e4fL(Bo)2+Ob(1)e5)}

n=1meH(n)
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N

+/NE{Y Y (E(Bo)* + 0b(1) ~ L(Bo)* + Ob(1)e”) |
n=1m¢H (n)
— 0%+ (1/N) {Z > onnet}
n=1meH(n)
N N
+(1/N) {Z D+ (1/NE{ 30D 0b(1)e |
n=1 ¢H(n) n=L m
N
=on+(1/N) D D O0b(1)22L(Bo)ey,
n=1meH(n)

N
+A/N)D > 0b(1)2%2L(Bo)?el,

n=1me¢H(n)

N
+(1/N) > ) " 0b(1)2L(Bo)el;

n=1 m

N
= 0% +(1/N) Z Z Ob(1)23/2L(Bo)éb,,

n=1meH(n)

N
+A/N)Y > 0b(1)2¥2L(Bo)eh,

n=1mgH(n)

N

+(1/N) Y > 0b(1)2L(Bo)*eh,

n=1 m

= 0% + NOb(1)2%/L(Bo)eh, , + 2NOb(1) L(Bo)?e%,

= 0'23 + QA(p)L(BO) 214(2;721()5” |:23/2NL(Bo)eB + QNL(BO) EBo :|
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Ob(1)Néy,,

= 0% + 2A(p) L(Bo) 5 A0)

[23/2 +2L(Bo) ]

=03 (14 0b(1)2y; ,A(p)L(Bo)/o%] = 0B [1+ 0b(1)271 ]
(by lemma 8.1.2). W

Now, one proves the following lemma by basic method : cf lemma 9.2.9 of
(18]

Lemma 8.1.6 The following inequality holds :

o1 < (1+71p)0B-

Proof 8.1.7 We prove now the theorem 8

The following inequalities hold.

P{‘\/N[PE — L(Bo)

> UB:L‘}

VN[P. — LY (Bo)]| > opz — VN|LY — L(Bo)|}

< rf

< P{‘\/N[PE — LY (Bo)]

> opx[l — ﬂlyp/x]}

1 _
. Wm}

< P{‘\/N[Pe - LN (Bo)]| > T o

1—
_ Kl(iﬁﬂ;”/%) .
L+9"1
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Chapter 9

Study of some files

9.1 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).

In this section, we use a sequence ¥,, which one can regard as a realization
of a sequence of random variables : y,, = Y, (w) for all n=1,... N .

We do not impose that the Y,, are independent or identically distributed.
But it can be useful that the CLT is satisfied.

9.2 Existence of satisfactory datas

9.2.1 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, IID,
etc) : this sequence of random variable is the model. But this model is correct
with a some probability.

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 -
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Now, if we want that the CLT holds, we impose that there is an asymptotic
independence. Of course, a such sequence is non-determinist.

9.2.2 Objections

But is what such sequences y, exist? It is a physical question. It is also 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 9.2.1 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
ne{l,2,.,N —p}, Tntp = f(Tn, Tnt1s o, Trepti).

Moreover, some philosophies claim that all is fixed. 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.

Of course, that involves problems : for example, the quantum theory is re-
jected. In order to reject this theory, one can call upon various reasons: 1) it is
valid only for the infinitely small. 2) It is only a theory 3) It involves inadmis-
sible 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.

9.2.3 A finite random sequence

Let P(x) = (z — z1)(z — @2)....(x — x2n) where 0 < 21 < 22 < ... < zan < 1,
zjp1 —x; > 1/4N for j=1,2,...2N-1. Let 21,29, ...... ,zN 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.

Then, it is no possible to predict y,4+p, , n < n+p < N if one knows only
Y1,Y2y oevven s Yn -

Indeed, even if one knew 21, 2o, ...... , Zn+p, it would not possible because any
polynomial @ such that deg(Q) = 2N and ys = Q(zs) for s=1,2,....n is a correct
prediction of P. Then, all y;, , = Q(2n4p) is a correct prediction of yp .

Now there exists an infinite number of possible polynomials Q.
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Then, it is no possible to predict y,,1, even if one knew the sequence z,, and
if one had an infinite computing power (cf example 9.2.1 of [18]).

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]) .

It would thus be necessary to calculate the empirical orthogonal polynomials
PJN of order J smaller than 2N associated with z1, 23, ...... , 2n. However PJN =0
if 7 > N : the empirical polynomials of a order larger than the sample size are
impossible to estimate.

Moreover, it is not surprising that y,, is unpredictable : indeed P depends on
more parameters than N. As matter of fact, many simple functions using more
than N parameter z,, can be appropriate to obtain unpredictable sequence. For
example if y; = Q(k1, ko, ..., kn, K KDy oo KLy 245)

Indeed, in order to estimate the ks and the &’;’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,ya, ...... ,yn which depend more parameters than N
may be an unpredictable sequence.

9.2.4 Consequence 1

Then, the sequence y,, is random : a sequence whose it is impossible to predict
the future, it is inevitably 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.

9.2.5 Consequence 2

In order to obtain sequences which satisfy concretely some asymptotical inde-
pendence assumptions, we shall use data which depend a priori on a number of
parameters much many larger than the size of sample.
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9.3 Practical example

The sequence b'(n’) which we have built in section 11.2 has been obtained by
using texts. Concretely, one has used, in various languages dictionary, Ency-
clopaedia, Bible, etc. The dictionaries and the encyclopaedias are very good
examples: the definitions which are consecutive in a dictionary generally repre-
sent 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.

9.3.1 Use of text

Now, we show that one can prove by logical reasonings that texts are
asymptotically independent. It is an davantage with respect to sequences
furnished by machines for example. Indeed, this asymptotical independence is
proved.

In the majority of the sequences obtained from texts, it is reasonable to
admit asymptotic independence.

1) The writing of a book depend of a very large number of parameters.
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 9.2.3.

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.

3) Of course, it is more difficult to predict the letters used for the people
who are not the author of the book.

4) Let us take the example of a novel. 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.
Could one 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
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language.

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 (for dictionary or encyclopaedia, there is
Qd-dependence).

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
logically surer than if one uses random sequences supposed being provided by
machines always subjected to possible dysfunctions: if certain electronic files are
used, there are certain assumptions which can be admitted because of logical
reasoning.

Remark 9.3.1 Of course, we have tested theses conclusions. All tested texts
conclude to asymptotical independence (and even Qd-dependence).

9.3.2 Other data

One can use other datas in order to obtain the sequences of random numbers :
softwares, mathematical texts, musics , etc. Then, it is necessary to study by
logical reasonning each type of files in order to the obtained sequences are fully
proven random.

Moreover, an important thing is that in conclusion, the XORLT holds. How-
ever probably that arrives in much case since it does not require asymptotic
independence.

Moreover, the number obtained in chapter 11 satisfies all these tests of ran-
domness.

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.

9.3.3 Conclusion

1) For this type of files, one can assume that y,, is a realization of a sequence
of random variable Y;, : y, = Y, (w) where w € Q and Y,, € {0, £, 2, ..., ==1}
where k = 32 . Moreover, there is asymptotical independence, and the CLT
holds : often there is Qd-dependence.

2) By using certain files as sources of noises, there are assumptions much surer

than if machines are used.
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Chapter 10

Building of IID sequences :
1

10.1 General method
10.1.1 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 supposes that Ka is small enough.
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.

10.1.2 Description of the method
Shortening of the a(j)’s

Let k € N*. We set ¢(j) = a(j) mod k.

Comment One chooses k in order to obtain a sequence c(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

At first, we need the following notation.
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Notations 10.1.1 For all x > 2, we set m* (z) = fin,—1 where fin, 1 <o <
fing (fin : cf definition 1.2.3).

Then, one chooses now g; and r; € N* such that

1) yf lem)®20 _ 1 g

2) 2\/[Log(n0\)/¥1](no)32ql =2 <<1
where m = m (k™) and ng = | N3/rq].

Building of the sequence

a) Weset d(j) =Y 7L c(ri(j—1)+r)s" ! for j =1,2,.....n.

b) We set e!(j) = |d(j)[m/k"]] for j =1,2,....,ng.

c) We set €2(j) = el(j) + rando(j) mod m for j = 1,2, ....,ng where randy(j) €
F*(m) is a pseudo-random generator with period m or ky4.m, ks € N*.

d) For j = 1,2, ....,ng, we set e3(j) = Ty, (e(j)/m) .

e) Let 271¢3(5) = b7, b3.....b5, , bl € {0,1} , the binary writting of 2913 (5).

f)1 We set bglj—r-«il = bl forzj = 1,...,71027 and r = 1,..,q1 : by = b}, by =
S , _ / _
bq1—17 ..... , bq1 _blabq1+1_bqlqu1+2_bq1—1a ......

g) The sequence {b),} is noted b3(n’).

Remark 10.1.1 Step c) is not albsolutely necessary.

Study of data

It is supposed that the sequence d(j) is not fully deterministic. That can be
checked, for example by logical reasonings as for texts : cf section 9.

One checks that Min; jcq1,. (|d(3) — d(3")]) is not too small. If not, one
can choose r; more large.

o}

10.1.3 Properties
Use of proposition 6.3.5

We study a sequence of random variables E3(j) associated to e3(j).
We use proposition 6.3.5 and properties 6.3.3 and 6.3.2, in the probability
space (£, A, Proba) with the the uniform distribution M, associated to E3(j)

and defined in hypothesis 6.3.4. Then, for all n, for all p, for all sequence j;, for
2y/2e~Log(no)ng/2,—mn0a1/2

\/37rn0 [Log(no)+q1]

all Borel set Bo, with a probability larger than 1 —

|P{(E*(j+j1), -, E*(j+3p)) € Bo}—L(Bo)| < 2/[Log(no) + ¢1](n0)*2% L(Bo)

Jm
(10.1)
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2/[Log(no)+q1](no)3291 L(Bo)
Jm
E3(j) except for for a very negilgible probability,

Then, because, = €2 << 1, for all the models

|P{(E*(j + j1),..... E*(j + jp)) € Bo} — L(Bo)| < €*L(Bo) .

As a matter of fact, by property 6.3.3, one can even admit that if the pa-
rameters ¢; and ry are well chosen,

|P{(E*(j + j1), .. E°(j + jp)) € Bo} — L(Bo)| < 2\/e3L(Bo) ,

for all the logical models E3(j) where, for example, one can impose € =

[Loglno)+ar](no)2" < 1 /10000 : of section 6.4 (2,/c = €2).

Use of theorem 8

In this case, p < p,, = |Log(no)/Log(2)] is supposed : if not, it doesn’t make
sens. Now, by lemma 8.1.2, 0% > A(p)L(Bo). Then, in theorem 8,

VilLN (Bo) ~ L(Bo)] _ /igOb(1)L(Bo)e,

= o5 A(p)L(Bo)

T
[1— (> —p+1)277]
V/[Log(no)+a1]no (pm )32
B e — PR ORI
- [I-@-p+1)2r] T [1-@-p+1)277]

V0Ob(1) [2 VIEog(mo) + a1 (o) 271 }

Moreover, v , = % [23/2 + 2L(Bo) } where €7 = 4/ W. Then

/ 1 eo(no)?(pm )24
Mp S 21— (p? —p+1)277] \/ m {23/2 +2L(Bo) ]

Veo[23/2 +2L(Bo)|
21— (2 —p+1)27]



where K;(x) = P{\/NIP+LN(BO)| > x}, P, = % Zjvzl 1Bo(Xy) with the no-

tations of theorem 8 when X; = E3(j) and where § < 1, § ~ 1 if x > 0.1,
Brp << land ), <<1.

Then, it is no possible to differentiate 3(j) and b3(n’) of IID sequences : cf
section 2.1.4. For example we have the following tables of F(Gm) ~ K; (99&) if
ng is large enough for x=1 and x=2.

0 0.8 0.9 0.95 0.98 0.99 0.995 0.9975 | 1 (case IID)
INO) 0.4237 | 0.3681 | 0.3421 | 0.3271 | 0.3222 | 0.3197 | 0.3185 | 0.3173

0 0.8 0.9 0.95 0.98 0.99 0.995 0.9975 | 1 (case IID)
T'(20) 0.1096 | 0.0719 | 0.0574 | 0.0500 | 0.0477 | 0.0466 | 0.0460 | 0.0455

10.1.4 Example

By using this technique, we have created a real sequence &,. This sequence can
be asked to rene.blacher@imag.fr. Soon one will be able to obtain it in a website
1
This sequence consists of the last &, which one finds in this sequence :
1.444.240 < n < 1.508.040. Its size is 66000 : N = 66000= 1.508.040- 1.444.240.
One obtains the sequence of bits bs by writing in base 2 these £, in the form

& = bh....b%. Then, we denote b*(n’) the bits obtained by joining the b.
Then, one has a sequence of N = 66000 x 50 = 3.300.000 bits b*(n’).

In order to obtain b*(n’), we have used a sequence a(j), j = 1,2,...., N3
with N3 = 2.000.000 and 1 < a(j) < 256 obtained from texts : dictionary,
encyclopedia, and Bible.

Then, we transform these sequences of letters in numbers. Now, there are
only 26 letters. But it is necessary to add, the capital letters, the ”:” | ”;” | etc.
There will be many of these 256 numbers which will not appear not or little.
Also, we will write these numbers in base x = 32 so that each number can have
a probability reasonable to appear.

We choose 71 = 20 (3220 ~ 1.2677 % 10%°), ng = N3/r; = 105, m =
m¥(1.27 % 10%°), q; = 33 (291 = 8.5895 x 10? ~ 101%). Then log(no) ~ 11.513,
log(ng) + 33 ~ 44.5. Then, one obtains a sequence of 3.300.000 bits which one
denotes by b*(n’). Then,

(n0)2(pm)®2" , 10'°(5.Log(10)/Log(2))®10"° _, (16.62)° _ 4591 .,
1) We have o ~ To%0 N et N Tom N

4

.6
107

1\2 1 ~ v0.46 ~ 0.68
(6 ) << 1. Then, € 105~ 103 -

n order to know if this website is created, type the words ” Rene Blacher random numbers”
in Google for example



Ve [2°/212L(Bo)| ;|  2vAZB[2¥242L(Bo)| 68
<G = ¢
2[1-(p2—p+1)2-7] 2[1-(p2—pt+1)2-r] 10

2L(Bo)| %8 ~ 12815 ~ 0.012.

Then, 7, ~ 6.68[2%/% +

[Log(ng)+ailng(pm)329 1
2 - 2e¢ +/[Log(no)+q1]/n
NGO ~ g(no)+q1 o . 1.36 44.6 __
2) We have 1, < T L ~ ~ =
0.000029.

1 103 10°

Then, if o > 1, K (527/%) ~ T(0r) ~ T(15909022) = T(0.982) =
0.3271 if x=1.

Because in the IID case, I'(xz) = 0.3173, it is no possible to differentiate the
sequence E3(j) or B*(n') from an IID sequence.

Remark 10.1.2 It is not obliged that (31, and fyip are very small : cf example
11.2. One can thus moderate these conditions. What is sure, it is that under
these assumptions, nothing can distinguish E>(j) or B*(n') from an IID se-
quence : cf section 2.1.4 .

(no)®21 __ 10%10™° __ 1
3) We have ~=0—=— = ~ 15 << L.

1030
Then ep, = %f{)ﬁf =0.0422 = €2 << 1.

Then, for all n, for all p, for all sequence j,
|P{(E®(j + j1), ... E*(j + jp)) € Bo} — L(Bo)| < 0.0422.L(Bo) ,

1

27 .

1
|P{(Brsjys - Briy,) = (b1, bp) } — 27)] < 0.0422

Then, E3(j) or B*(n') are very close to IID sequences.

Use of theorem 10

If one uses the other empirical theorems one obtains equivalents results. For ex-
ample, one can assume that D(j) is Q-dependent cf section 10.4.5 of [18]. Then,

one can use theorem 10, i.e. P{\/N % — L(Bol)‘ > 0cp 9:} < Kz(%d?)

Then, one obtains the following majorations for P{\/ﬁ’ % — L(Bol)’ > 0¢p :c}
(cf section 11.2.11 of [18]):
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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 Q-dependence p=1 0.322 | 0.134 | 0.047 | 0.011 | 0.0028
p=3 0.325 | 0.136 | 0.048 | 0.012 | 0.0029
p=> 0.328 | 0.137 | 0.050 | 0.013 | 0.0030
p=1 0.3331 | 0.139 | 0.052 | 0.015 | 0.0032

10.1.5 Continuous case

Now, the relation

2v/[Log(no) + q1](no)?L(Bo)
Vho

holds for all model E*(j) except a tiny minority. Moreover all the logical models
are correct cf section 6.4.

As a matter of fact for all the models which we studied we have found
approximations still better than those which we have just understood previously.
It is the case for the models with continuous density.

Let us choose E?(j) as a sequence of random variables which has a continous
density with a Lipschitz coefficient K not too big (it is equivalent that D(j)
has a continous density with a Lipschitz coefficient K; not too big). Then,
the conditional probabilty of E2(j) given E2(j + j2) = ea, E%(j + j3) = es,
........ ,E2(j + jp) = e, has also a Lipschitz coefficient K :

|P{(E®(j+41), - E*(j+1p)) € Bo}—L(Bo)| <

|P{E2() = eo | B2(i+32) = ea,.} = P{E2(5) = € | E2(j +j2) = €2, }| < Kblep —eol -

Now one can apply property 6.3.5 to conditional probabilities. Then, for all
interval I,

P{E*(j) € I | B*(j + j2) = ea, ...} = L(I) {1 +

It is clear that under this assumption, the approximation with an IID se-
quence is better: there is a denominator in N(I) instead of \/N(I). One thus
ensures thus approximations better than those obtained by using the hypothesis
6.3.4. For example

P{E*(j) € I | B*(j +j2) = e2,...} = L(I) [1 + O(l)ﬁ] .
instead of
P{E®(j) € Iv | E°(j + j2) = e2,..} = L(Ik)[l + W} ,

where €} = 21/[Log(no) + q1](no)?.
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Therefore under reasonable hypotheses, we can prove that we have an ap-
proximation of an IID sequence which is better than that defined in the general
case, for example in equation 10.1.

10.1.6 Conclusion

Now, almost all the models D(j) are good models. Moreover all the logical
models are correct. On the other hand, the models with continous densities are
closer to the IID sequences.
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Chapter 11

Building of an IID sequence
: 11

11.1 General method

The building studied here must be associated with a model where the data have
a density admitting a coefficient of Lipschitz not too large (it is known that it
is a correct assumption : cf section 6.4.1).

11.1.1 Description of the method

We use again a sequence of data a(j) translated in number: a(j) , 7 = 1,2, ...., N3,
as in section 10.1.

Choice of the parameters

a) We choose a € R such that o < 0.02 according to the quality of the desired
approximation !.
b) One choose S=10.
¢) One chooses now 1y = r; and g9 € N* such that :

c-1) go/rp is maximum

-2) mg/2% > 1001,

c-3) mg = mP([m¥(k7)]>/4) is sufficiently large but not too (cf remark
11.1.7 of [18] )

¢-4) V2P~ (af) < 2545 /i, where af = D(T =1 (47w, [lma/ze] 4 20 »
1/4%,

1 As a matter of fact, in function of 31,p : cf theorem 8
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First transformation

a) We transform the sequence of data a(j), j = 1,2,...., N3, into a sequence of
random bits €2(j) by the same way as in section 10.1.
b) We set €(j) = mT{(e%(j)/m') , 2 where m! = m¥ (k™).

Remark 11.1.1 One can also use e%(j) = mT{"(e%(j)/m") only for the first
je{1,2,...,|Ns/ro]} : cf Remarks 11.1.1 and 11.1.2 of [18]. Moreover, one
can also suppress this step : in this case, one sets e3(j) = €2(j).

It is supposed that sequence E3(j) has asymptotic independence. One checks
this asymptotic independence by logical and numerical studies : e.g. cf chapter
9.

Use of the limit theorems

a) Because €3(j) depends on S, we write e2(j) instead of €3(j).

b) We denote by e&(t), t = 1,2,.......... ,No, Ny =NS < |Ns/rg] , a subse-
quence of eg( Jj) obtained by suppressing some subsequences e?é(pu), e%(pu—i—sul),

...... ,€2(py + Su, ) in order to ensure independence between the lines defined be-
low. If one does not have independent files, this step is not necessary forcing.

c¢) We set fs(i,n) =e(n+ N(i — 1)) for i=1,..,5,n = 1,....N.
d) If i € 2N, we set f1(i,n) = f(i, N —n+1) for i=1,....S, n = 1,...,.N 3.

e) We set gs(n) = Zle fs(i,n) mod mg for n = 1,....N. This corresponds
to use the CLT.

f) We set hg(n) = gs(n) mod mg for n = 1,...,N. This corresponds to use
the XORLT.

Checking of S

a) One checks by numerical calculations that the curve of the

h— P{Hg(n)=h | Hs(n+ j2) = ho, ..., Hs(n+ jp) = hp}

2¢f definition of T7™ : definition 1.2.5
3Indeed, in section 9.3, it was understood that, for some files (e.g. texts),

P{F(i,n) —f ) Fliyn — j3) = far s Fiyn — jb) = fp} — P{F(i,n) = f}
as jy — oo when ji =0 < jj < ... < j,. In order to have the same result for

P{F(i,n) = fIF(i,n +j3) = f2,...., F(i,n + j,) = fp} — P{F(i,n) = f},

we invert the even lines.
Therefore, logically, when one will summon the lines f1(¢,n), it is reasonable to think that
it will be difficult to predict ), f1(¢,n) knowing elements which are passed or future.
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is enough close to that of the uniformity: it is necessary that the condition of
equation 6.3 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 smallest S > 10 which is appropriate. It is noted
So.

b) We set h(n) = hg,(n) for n = 1,...,.N.

Use of the Fibonacci function
a) Let m = mg, = fin,+1 and a = fin, < m where ng € N. Let T,, be the
Fibonacci function with parameters a, m and gg. We set (n) = T, (h(n)/m) =

0,b7,b5.....b3, 4 where qo was defined previously in 11.1.1.

b) We set 0, ,, 1 = b} forn=1,..Nand r = 1,2,...,qo (cf also step "f” section
10.1.2 )

c¢) The sequence {b/,} is noted b°(n’), n’ = 1,2,..., Nqo.

11.1.2 Explanation of the conditions about ¢, and r

Because the various steps of this construction, one can accept the model of the
section 6.3.4 : P{H(n) = h | Hn+ js) = hs,s = 2,3...} = %{1 + uk} :ocf
chapter 7 of [18].

We deduce P{X(n) = k/QQO‘X(n—i—jg) = 29, X(n + j3) = 1;3,....} =
1/2% + Ob(1)er,, where | e, | < € = w : cf sections 11.1.3 and
11.1.4 of [18].

We deduce that, for all sequences of bits bi,,, for all finite injective sequence
jS7
P{B"(n) = biy|B°(n + j2) = biz, B(n’ + j3) = bis,....} =1/2+ Ob(1)e ,

where € = a/\/qoN when Nqq is the size of sample {6°(n’)} : cf section 11.1.3
of [18].

Now apply the theorem 9 : P{\/N|Pe —(1/2)7| > O’Bl‘} < F([lfﬁl””/x]x),

14+v1,p

Vv Ngoe v/ Nqo.2pe 2pa

where < 2 = .
P VAP L(Bo) | A(p)'/22e/Z T A(p)1/220 /2

Then, (1, is enough small in order that P{(Bo(n’), B(n' + ja), ..., BO(n/ +
jp)) = (biy,....,bi,)} is about also close to (1/2)P that it would be it in case

40,67, b5 ... is the binary writting of T'(h(n))/m.
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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 IID sample.

11.2 Example

In section 11.2 of [18] we study an example : we obtain a sequence of random
bits b*(n’). This sequence can be asked to rene.blacher@imag.fr. Soon one will
be able to obtain it in a website °.

Currently, this sequence b(n’) is the first part of the sequence of numbers
&, : n <1000000. Its size is N = 1.000.000.

One finds the sequence of bits by by writing these &, in binary system in the

form &, = bby....bY, °.

11.2.1 Choice of random datas

We have used a sequence of data a(j) with N3 = 298.159.056 and 1 < a(j) < 256.
The data result from texts, mathematical texts and file of programming : cf
section 9.3.
In the study of data, our numerical results prove that one can consider that
the sequence C(j) and D(j) are Qd-dependent with Qd=22 and Qd=2 : cf [18].
We choose a = 0.02, S=10, qg = 57, 79 = 28 and m' = m!"(3228).

11.2.2 Building of a random sequence b'(n’)

We have suppress some sequences {€(py), €*(py + 1)......,€3(py, +n4)} in order
that f(i,n) and f(i’,n’) belongs to different files if ¢ # /. Then, the lines are
independent.

Then, h(n) = 2321 fi(i,n) for n= 1,...,.N where N = 1.000.000 and z(n) =
0, byby....00 .
We deduce the sequence b*(n'), n’=1,2,...,57000000, where {b*(n’)} = {b"}.

11.2.3 Properties of B!(n)

In section 11.2.10, 11.2.11, 11.2.13 of [18], we study the samples b'(¥)(n)) ,
n=1,2,...., Ny, where Ny < N and where ¢p : {1,2,..... N1} — {1,2,...., N} is
an injective function 7.

5In order to know if this website is created, type the words ” Rene Blacher random numbers”
in Google for example

6As a matter of fact, we obtain initially &, = 257x(n) where z(n) = 0,b}b5....b%,. But,
Matlab 2006 does not write numbers which have more 50 bits. Then it is simpler to forget
the last bits bf;, ..., bf.

"The worst approximation occurs for the sample of maximum size: N1 = qoN.
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Then, we have used the assumption II :

Ob(1)«
VNg '

P{B'(n')=b | B (n' + j2) =ba, ... B'(n' + jp,) =bp} =1/2+
where a/(Nqp)'/? ~ 2.649/10°.

For example, we have studied the empirical aspect by using theorem 10
where one can consider that, the sequence b!(n’) is surely Qdp-dependent with
Qdp = 57. Various results are obtained in [18] : e.g. one obtains the following

increases for P{\/N1|P€B — (1/2)?| > 0¢p x} :

x=1 x=1.5 | x=2 x=2.5 | x=3

Under ITD assumption 0.317 | 0.133 | 0.045 | 0.012 | 0.0027

Under assumption II 0.401 | 0.180 | 0.065 | 0.019 | 0.0045

0.337 | 0.144 | 0.050 | 0.014 | 0.0031

0.323 | 0.137 | 0.047 | 0.013 | 0.0028

’U’U’ﬁ’ﬁ"c
QY W| =

10 || 0.319 | 0.135 | 0.046 | 0.013 | 0.0028

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 /Ngo|PZ — (1/2)?|
would be large. That can certainly occur for some (biy, big, ....... ,bip) but, as the
previous increases show it, with a probability which is not too different from
that of IID case.

In the previous results, one has increase our approximations by using the
2-dependence which exists 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 'y;
where 07 = 03[l + 2v,]. In [18] we have estimated of and have compared it
with the exact value of 0% for p=1,2,3,4,5.

Remark that one obtains the same type of equations with X(n) as with the
BY(n') : cf section 11.2.13 [18].

11.2.4 Tests

In section 11.2.14 of [18], we are have controled the conclusions of this study by
making tests. We use the classical Diehard tests ([2], [1]) and the Higher order
correlation coefficients tests ([10]). 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 these tests.
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11.2.5 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
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, it is not possible to differentiate the sequence b'(n’) from an IID sam-
ple by using PP and PP /pE. Morever B!(n’) satisfies also the very important
additional property : P{B'(n’) = b|B'(n’ + j2) = by, ..., B'(n’ + j,) = by} =
1/2 4+ Ob(1)e.

Then, the sequence b'(n’) satisfy all the conditions which we have indicates
in section 2.1 and also this theoretical property. Then, one can admit that b'(n’)
is an IID sample.

11.3 Continuous case

Let us notice that the use of the CLT smoothes the probabilities of the sums G(j).
One can thus admit that they have a continuous density. It is particularly true
if E3(j) has already a continuous density. Then, this model has to be studied
under the assumption as the density of E3(j) with respect to fi, @ ..... ® pp, 18
continuous and has a coefficient of Lipschitz which is not too large.

It is known that it is a correct assumption : cf section 6.4.1. Thus, this
method is completely sure : we are sure that the sequence b'(n') is IID.

This technique could be used with the machines which produce random
numbers very quickly. It remains valid even if there are dysfunctions (provided
that the produced numbers are not completely deterministic or very near to a
completely deterministic model).

In fact, it is supposed that there is asymptotic independence: one can thus
choose sums of S terms Z; ,, with S=10, 20 or much if it is necessary. This study
thus applies perfectly to the case of machines not having too great dysfunctions
and quickly producing random numbers.

Let Gf = Y, Zeo=ElZn) where 02 = B{([Z1,0 — B{Z1n}] + oo + [Z5,0 —

E{Zs’n}]f}. By the CLT, the conditional distribution of G, knowing G, ;, =
92yee, G +i, = g, has a distribution close to a normal one. This normal law
has a small variance if the linear correlation coefficients are rather close to £1.

Now it is supposed that, for any n, any p, any sequence js, s=1,2,, p,
P{G;L_H-1 =g G, = g2, ,G;L_Hp = g;,} is too not concentrated nearly
one only point. Because the CLT is used, that means effectively that the linear
correlation coeflicients are not too close to +1.

As a matter of fact, what interests us is the conditional probability of the
H,=27,+..4+Zg, : it is not wanted that it is concentrated nearly one only

point. It is thus supposed that P{Hn+j1 € I|Hpyj, = hoyooooy Hoyj, = hp} is
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not too different from L(I). It is an assumption easy to check, considering that
one has the asymptotic independence of (Hnﬂ»1 s H gy ooy Hnﬂ»p) (according
to the properties of the XORLT : e.g. cf proposition 7.2.2). Then, one has al-
ready almost the wished equation. In order to be sure that this equation holds,
it is enough to use besides the transformation 7.

Moreover the curve of probabilities of G, is smooth. It is even more the case
for H,. Then, the same method as that one of property 6.3.5 can be applied to
the random sequence X,, = T,(H,,) : therefore, one can assume that

O(1)6K],
NT) |-

P{Xl el | X’n+j2 = I2,..... 7Xn+jp = IEP} = |:1 +

where most of the time, K, < 1 (and is even much smaller) and where O(1) ~ 1.
As one wants to avoid any risk of error, one will admit Kj < 100 (of course this
increase depends on data). It is easy to understand by using theorem 7 that if
S increases K|, decreases very quickly 8. Therefore, generally, this increase is
certainly much too strong. Therefore,

ob(1 O0(1)6K
P{X) € It | Xnyjy = T,y Xnpj, = ap} = L(Ik)[H- ﬂi )] [1+ J(V()Ik)o
1 O(1)6 K72
T2 [1 * m ] ’

Let Bo = Ugcoli. Then,

1 O(1)6 K24
P{X1 € Bo | Xnyjp = T2, Xngj, = p} = 3 —[1 + ()70}

Then, by proposition 4.3.1 of [18]

P{B1 =b|By = by....., B, } =

N =

where € = % with O(1) = 1.
Donc, by proposition 4.2.2 of [18],

P{{Bnﬂ-l = by} { By, = bp}} = [1/2+0b(1)¢/2]...... [1/2+0b(1)e/2]

8In theorem 7 independence is assumed. But, clearly, the reasoning remains valid : cf also
section 5.5 of [18]
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1 Ob(1)pe

ot Tw

Therefore, if one wants to use analog results to those of theorem 8, one will have
to replace L(Bo)el, by pe/2P, therefore to replace €%, by pe, considering that
in the case of random bits B,, L(Bo) = 1/2P. Moreover, by using the same
type of proof as in theorem 8, one understands that one will have to replace

Mp = 5988 {23/2 +2L(Bo) } by

Vip = Z‘;l(g)) [4+2L(Bo) | .

Therefore, so that X,, cannot be differentiated from an IID sequence, it will
be necessary to impose

ng 12pK(2? 1] = 30nop K(2°

24(p)  m = A m b

Now, by lemma 8.1.2, 0% > A(p)L(Bo). Then, in theorem 8,

Vno[LN (Bo) — L(Bo)] . VO0b(L)pe/2 - \/ngpe
oB VAP)/2P T A(p)2r

Bip = <<1.

For example, with K} < 100, let us choose p < p,, = | Log(ng)/Log(2)| and

ng = 10° Because log(no)/log(2) ~ 19.9, 4P < 1—:;’8 = 24. Therefore,
30nop K§27 24 % 30ng 100.2¢

Alp) m 1 m

Therefore, if m > 1034, q=60 (2°° ~ 1.153%10'8), ng = 10°, log(ng) = 13.815

24 % 30m0 100.27 _ 720 * 10 100 % 1.153 % 1018 _ 083
1 m 1 1034 - 10

Remark 11.3.1 By using the theorem 8 one has used conditions too much
strong if it is supposed that one has the asymptotic independence: in fact, one
will obtain approximations much better concretely than those described by the
previous results.
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Chapter 12

Building of IID sequences :
111

12.1 Third method

In this section one uses the convergence of the XORTL (cf theorem 7). One
does not apply it to a sequence of numbers as 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, these numbers have values in {0, 1, ...., 2100-000-000 _ 13

12.1.1 Method of construction of the sequence

1) We use again a sequence of data a(j) as in section 10.1. One transforms again
it into a sequence of random bits b3(n’) by the same way as in section 10.1.

These b3(n') are grouped in S lines which we rewrite bt;(n’), i=1,2,..,S,
n’=1,2,...,J, each one belonging to files independent of the others.
2) One modifies the lines bt;(n’), n’ = 1,2, ...., J, thanks to transformations hav-
ing a behavior close to that of the permutations. In this aim, one uses other se-
quences of data c}(n') € {1,2,....,J}, n' =1,2,...,J, where i = 1,2, ....,3S. Be-
cause we use transformations similar to permutations, we set c} (n’) = Perm;(n’)
in order that the notations are clearer.

2-a) One groups them togheter by sets of three successive sequences Perm?(n’)
for t=1,2,3, i=1,2,...,8, n' = 1,2, ..., J.

2-b) For each line i, for n’ = 1,2,....,J, one sets, ri(n’) = bt;(n’) and, for
each t=1,2,3, ri(n’) = bt;(Permi(n’)) for n’ = 1,2, ...... J.

2-c) For each line i, we set r;(n’) = ri(n/) + ri(n') + ri(n’) + ri(n’) modulo
2forn’ =1,2,....,J.
3) One definite g; as the number with J bits whose writing base 2 is g; =

4) We set k = 25:1 gi, mod My +1 where My = 27 —1 (calculations algorithms
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are in [18]).

5) Let k = b1, bo, ..., the writing of k base 2. Then, the sequence by, b, ...., b
is a sequence of random bits.

12.1.2 Properties

One uses the properties of the XORLT One sets X; = G; in order to use
theorem 7. Omne supposes that O’V < 1 (cf remark 7.3.3) where Vz is the
sequence of random variables defined on probability space (§27, Az, Proba7) in
hypothesis 7.3.1 .

Then, by theorem 7, for all y € {0, 1, ..
than 1 — I'(b) approximately,

.,27 — 1}, with a probability greater

bOb(1) ]

PUK =y}~ (1/27)[1+ ST

Now, one can write {K =y} ={B1 = b1} N{Ba = b2} N...N{Bgs = bys }.
Then, if b° is large, with a probability infinitely close to 1,

b20b(1)
2J(5-1)

P{{B1 — 0}y N{Bs = b2} M. {Byy = bz.,}} —(1/27) [1 +

12.1.3 Permutations and associated transformations

One uses transformations having a behavior close to that of the permutations.
Of course, one thinks that one could use Matlab permutations for example.
But, it poses a problem: a priori they are not permutations taken randomly.
As a matter of fact, one is in the case envisaged by Knuth ( [1] : cf also defi-
nition 2.1.5) and which it is necessary to avoid. One needs permutations taken
randomly.

For that, one want to use nondeterministic sequences of data to define the
permutations.

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,..., N}. One would like to be able to
define a permutation P by P(j)=d(j). But, there is no reason that P is injective.

One can try to remove the j, j’ such that d(j)=d(j’), j # j'. But if N is large,
that can be long. Then, it is easier to use these data differently.

Indeed, it is easy to understand that the technique defined in step 2 allows
a mixture of the lines which is as random as it would be the choice of a permu-
tation taken randomly. That is thus adapted perfectly so that we can suppose
that the probabilities of each line are chosen randomly.
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12.1.4 Example

By using the technique defined in section 12.1.1 with S=5, J=25402545, we have
created a real sequence &,,. This sequence can be asked to rene.blacher@imag.fr.
Soon one will be able to obtain it in a website 1.

Curently, this sequence consists of the secund part of the sequence &, which
we have obtained by the three methods studied in this report : 1000000 < n <
1.408.040. Its size is N = 508.040.

One obtains the sequence of bits b%(n), n=1,2,....,20.402.000 by writing in

base 2 these &, in the form &, = b7....b%, : {b*(n')} = {b7} .

Properties

By using theorem 7 (because J(S — 1)/2 > 50.000.000), one understands that
in the set of probabilities provided with the distribution such that 0\20 <1, for
all p, with a probability infinitely close to 1,

PL{BL =01 1 B = 0} 00 B, = by} ) = (1214 o)

It is a very good approximation! It allows to obtain very fine results about
empirical probabilities, e.g. 31, < W and 1, < W and, for
x 2 21%7

P{\/NT|PE —(1/2)] > an} < F[(l - W)z} :

It is quite clear that with such an approximation, nothing could differenti-
ate such a sequence from an IID sequence if one has sample with size 25.402.545.

Now, the assumptions of theorem 7 are realistic : indeed r{(n’) = bt;(Permi(n’))
has the characteristic of permutations chosen randomly. Therefore, probabilities
py, assocated to each g; have to be regarded as chosen randomly.

Of course, there will be always models which will not check these assump-
tions. But there will be of it a negligible number with probability I'(b) intro-
duced into the theorem 7 : i.e. one can suppose that one has an IID sample
which also can not check correct assumptions, but with a probability infintely
negligible.

One must thus admit that the previous properties are well checked, i.e. one
has an extremely fine approximation.

Tests

We have verifed the previous conclusions by making tests : cf [18] section 12.1.10.
We have used the classical Diehard tests cf [2], [1] and the higher order corre-

n order to know if this website is created, type the words ” Rene Blacher random numbers”
in Google for example
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lation coefficients cf [10]. Results are in accordance with what we waited: the
hypothesis ”randomness” is accepted by all these tests.

12.1.5 Conclusion

We thus have one third method to build IID sequences. The advantage is this
one has extremely strong mathematical properties and behaves exactly like an
IID sequence : it is always possible that the sequence b%(n’) is not good, but
only with a very negligible probability.

12.1.6 Comparison of methods II and III

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 to the method defined in the chapter
11 seems not to mean much. For example, there exists always a probability
close to 0.045 such as %\}%ﬂ)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?(n’) with certain mathematical properties
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Appendix A

Continous case 1n
dimension 2

We want to prove property 6.3.5 in dimension 2. We keep the notations of
section 6.3.3.

Property A.0.1 Let m >> 1. Let hy be the probabzlzty density function of
(Y1,Y3) € F(m)? with respect to fiy, @ fim : fu of hn(u,v ,um (dv)um (dv) =
1. Let b'y be the probability density function such that f f ,v).dudv =
1 and h’N = (1/co)hy-.

Let Ky € Ry such that |hy(r1,r2) — hy(r],r5)| < KoMax{|r, — rs|} and
[Py (r1,r2) — Wiy (11, 15)| < KoMaxs{|r, — rs|} when ri,ro,77, 75 € [0,1].

Assume again that T is a Fibonacci congruence. Then, the following equality
holds :

— = O(1)K,
P{(T(mYy)/m, T(mY: II:LILI[177
{(T(mY1)/m,T(mY2)/m) € [, ® I} (I1)L(I2) |1 + T N

where infs[N(Is)] < m/2.

Proof We need the following lemmas.
Lemma A.0.2 The following equality holds :

0(1) K,

co=1+

Proof The following equalities hold :

(t+1)/m  p(t'+1)/
/ / ,v).dudv
u=t/m v=t'/m

(t+1)/m t'+1)/m
- Z/ / [h’N(t/m,t'/m) + Ob(l)Ko/m} dudv

Y =t/m =t'/m
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- # >R (t/m.t fm) + SO

m
£t/
Lot Ob(1)Ko
= Py (t, 0) o (dV) pin (dv) + ——— .
u=0 Jv=0 m
Then, [, —of (Uy ) oy (A0 ) p (dV) = 1 + M Therefore,

1=LﬂlﬂhM%WmMmew=%Aﬂ1;ﬁM%WﬂM®MMM)

Lemma A.0.3 The following equality holds :

20b(1) K,

1 , _
NEN ) 2" NN ) =1+ iy

Proof The following equalities hold :

(r+1)/N(11)  p(r'+1)/N(I2)
1= Z/ / Ry (u, v)dudv

o Ju=r/N(L) Ju=r' N (1)

rr! =r/N(I1) =r'/N(I2)
(r+1)/N(I1)  p(r'+1)/N(I2) Ob(1)K
Ry (r/N(I),r" /N(I3)) + ———=—2— | dudv
/~/u—r/N(11) /v—r’/N(Iz) {N( ! 2)) mfs[N(IS)]}

T,

- 1 e . Ob(1)K,
= NN 2 M NN + G

Therefore

) . Ob(1)co K
0 = NN S (V) N +

ror!

Therefore, by lemma A.0.2,

O()Ko _ Ob(1)[1 + 2K

— Z/U(H-I)/N(Il) /U(r +1)/N(I2) [hg\y(T/N(Il),T//N(IQ))+Ob(1)K0Ma$S(ﬁ) }dudv

co = 1+ _ ZhN r/N(I1), 7" /N (I2))+ inf, [N (I,)]
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Because m >> 1 and Infs[N(Is]) < m/2, we deduce the lemma. W

Then, the following property holds.

Property A.0.4 LetI; = [c1/m,c\/m[ and Iy = [ca/m, ch/m[. Let gn(k, k') =
hn (T_l(k)/m,T_l(k')/m). Then, the following approximation holds

cl—l c2—1

60b(1) K.
NN o 2 o0 K) =1+ feners

k= C1 }C/_CQ

Proof Let k", n =1,2,..,¢j—c1, and b, n = 1,2, .., chb—ca, be two permutations
of LNF(m) ={ci/m,(c1+1)/m,....,(c, —1)/m} and LNF(m) = {ca/m, (c2+
1)/m, ..., (c, — 1)/m}, respectively such that T (k') < T (k%) <T (k%) <
...... <T 'k and T (W) < T (h2) < T '(h3) < e < T (h2—02).
Then, for all numerical simulations which we executed, one has always obtained

[T (k") /m = r/N(I)| < 4/N(I)
and therefore .

T (h")/m —r/N(I2)| < 4/N(I2) .
We deduce that

1 )_ 4Ko
N(I,)) — InfJN(,)] "

|gN(kT? hr,) —hy (T/N(Il), Tﬁv(IQ))‘ < 4K0.MCLJ}S(

Therefore, by lemma A.0.3,

('1—1 ('2—1

k C1 k},_cz

= m ;hN(r/N(I1)7T//N(IQ))+]V(Il)1]V(IZ) ; |:gN(kT,hTI/)—hN(’r‘/N(Il),T//N(I2)}

, 400b(1) K
= m ;hN(T/N(II)J /N(I2)) + infs[(]\m
. 20b(1) K, 40b(1) K, -

o+
infs[N ()]  infs[N(1,)]
Proof of property A.0.1 By the previous equalities,
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1
mZ gN(kal)
Kk’

N(I)N(I3) {1_’_ 60b(1)Ky ] _ L(Il)L(Ig)[l—&-Ob(l)] 1_~_Ob(1)} [l-i- 60b(1)K

P{(T(mY1)/m,T(mY,)/m) € [ ® I} =

m2 inf [N (I,)] inf [NV (1s)]

0(1) K,

= L)LE) 1+ v

}.l
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