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Introduccion

Este trabajo esta dividido en dos partes, en la primera construimos y estudiamos
propiedades de 2 tipos de procesos estocasticos: los procesos estable tempera-
dos, vistos como integrales estocésticas de ciertas funciones deterministas con
respecto a medidas aleatorias estable temperadas, y procesos de Lévy relaciona-
dos mediante la representacién de Lamperti (ver [46]) para procesos de Markov
autosimilares positivos con algunos procesos estables. En la segunda parte se
construye un modelo probabilista microscépico para describir la dindmica de una
poblacién sexual. Daremos un breve panorama del contenido de este trabajo.

En el primer capitulo damos una construccién de la integral estable tem-
perada como una forma de construir procesos estocasticos cuyas distribuciones
finito dimensionales son estable temperadas. Definimos esta integral como la
integral de una funcién determinista con respecto a una medida aleatoria estable
temperada. También estudiamos ciertas propiedades que satisface la integral es-
table temperada en términos de sus integrandos deterministas como: linealidad,
independencia, cambio de variable y algunos teoremas de convergencia. Y por
iltimo damos ejemplos de procesos estable temperados, como el movimiento de
Lévy estable temperado, el proceso de Orstein-Uhlenbeck, etc.

Posteriormente en el capitulo 2 utilizamos la construccién de la integral es-
table temperada para construir una nueva clase de procesos que les llamamos
procesos de promedios méviles pesados temperados o WTMAP. A diferencia de
los procesos de promedios méviles temperados que se definen como la integral
estocatica con respecto a una medida aleatoria estable temperada con la me-
dida de Lebesgue como medida de control, para definir un WTMAP utilizamos
como medida de control cualquier medida absolutamente continua con respecto
a la medida de Lebesgue; y su derivada de Radon-Nikodym es el peso al cual
deben su nombre. Estos procesos permiten mas libertad para aplicaciones en
series de tiempo que los procesos de promedios moviles usuales. Probamos que
estos procesos, a pesar de no ser estacionarios en general, para o € (0, 1) tienen
la propiedad de mixing, lo cual implica ergodicidad. Y por ultimo probamos
que a tiempos cortos se comportan como procesos de promedios moviles pesa-
dos estables y a tiempos cortos como procesos de promedios méviles pesados
Gaussianos.

En el capitulo 3 estudiamos una nueva clase de procesos de Lévy a la cual
llamamos procesos de Lamperti estables. Estos procesos surgen como una gen-
eralizacién de una familia de procesos de Lévy estudiados por Lamperti [46] y
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recientemente por Caballero y Chaumont [14] que estdn relacionados mediante
la representaciéon de Lamperti para procesos de Markov autosimilares positivos
con el subordinador estable y algunos procesos estables condicionados. Esta
clase de procesos tienen la ventaja de que se pueden calcular muchas expre-
siones matemaéticas, como por ejemplo: funcionales exponenciales, funciones de
escala, descomposicién de Weiner Hopf, etc.

Comenzamos estudiando las distribuciones Lamperti estables en R? y obten-
emos algunas de sus propiedades. Entre estas propiedades podemos mencionar
brevemente que tienen momentos de todos los ordenes, y tienen densidad en
C=.

Posteriormente estudiamos los procesos de Lévy Lamperti estables con énfasis
en el caso unidimensional y obtenemos una forma cerrada explicita para su ex-
ponente caracteristico, y probamos que a tiempos cortos se comportan como
procesos de Lévy estables mientras que a tiempos largos como un movimiento
Browniano.

Finalmente proporcionamos una representaciéon en series para estos procesos
que permite realizar simulaciones de sus trayectorias y damos algunos ejemplos
de ellas.

Motivados por el trabajo desarrollado en el capitulo 3 nos enfocamos a es-
tudiar una nueva clase de procesos de Lévy. Dado que la norma de un proceso
estable simétrico en R? es un proceso de Markov autosimilar positivo, obten-
emos esta nueva clase de procesos mediante la representacion de Lamperti que
se mencioné anteriormente.

Calculamos el generador infinitesimal de esta nueva clase y por ende, sigu-
iendo a Lamperti (ver [46]), sus caracteristicas, es decir: su medida de Lévy y
su coeficiente lineal. También obtenemos en el caso d = 1 una descomposicion
de esta clase de procesos como la suma de dos procesos de Lévy independientes:
un proceso de Lévy Lamperti estable y un proceso de Poisson compuesto.

También obtenemos identidades explicitas para el problema de salida de un
intervalo, la distribucién de infimo, y exploramos el problema de que el proceso
toque dos puntos.

Por tltimo obtenemos la descomposiciéon de Weiner Hopf para esta clase
lo cual nos permite obtener una forma cerrada explicita para su exponente
caracteristico.

La segunda parte de este trabajo esta enfocada a encontrar un modelo
matematico probabilista para describir la dindmica de una poblacién biolégica
haploide donde los individuos se reproducen sexualmente. En este modelo con-
sideramos los fenémenos de selecciéon natural y recombinacion genética para
describir la evolucién de la poblacion, a través de: la competencia entre los
individuos por recursos y el intercambio génetico entre ellos al dar descenden-
cia. Uno de los objetivos de este modelo es estudiar el fenénemo de especiacion
simpatrica, es decir la formacién de dos o mas especies a partir de una sola
especie ancestral sin obstaculos geograficos.

En el capitulo 5 damos preliminares bidlogicos sobre los factores que nos
interesa incluir y estudiar en el modelo: como los fenémenos de recombinacion
genética, seleccién natural, especiacién simpatrica, etc.
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Dado que nos interesaba obtener un modelo a tiempo continuo realista desde
el punto de vista bioldgico decidimos estudiar modelos discretos que se encon-
traban ya publicados en la literatura.

El primero, que se estudia en el capitulo 6, fue un modelo propuesto por
Biirger [11] para estudiar la evolucién de la densidad de individuos con determi-
nadas caracteristicas en una poblacién asexual. Encontramos una relaciéon entre
su modelo y los propuestos por Del Moral [22] a tiempo discreto, que satisfacen
la féormula de Feynman-Kac. Posteriormente estudiamos una aproximacién a
tiempo continuo del modelo de Biirger, discretizando el tiempo y considerando
una renormalizaciéon adecuada de los factores de seleccién y mutacién. Final-
mente estudiamos este modelo a tiempo continuo y la relacién que guarda con
los modelos que satisfacen la féormula de Feynman-Kac a tiempo continuo.

En el capitulo 7, estudiamos el modelo determinista propuesto por Nagylaki
[54] a tiempo discreto, para describir la dindmica de la densidad de individuos
con determinado genotipo en una poblacién sexual haploide. En este modelo in-
tervienen dos factores principales: seleccién natural, y recombinacién genética.
Posteriormente motivados por la idea desarrollada en el capitulo anterior obten-
emos una aproximacién a tiempo continuo del modelo a tiempo discreto de
Nagylaki, recuperando asi el modelo propuesto por Shashahani [72].

Finalmente en el capitulo 8, inspirados por el trabajo de Méléard y Champag-
nat [19], desarrollamos un modelo probabilista para estudiar la dindmica de una
poblacién sexual. Asignando a cada individuo relojes aleatorios de nacimiento
y muerte podemos describir su evolucién en la poblacion.

En este capitulo damos la construccién del modelo de poblacién como la
solucion a cierta ecuacién diferencial estocastica; asimismo demostramos propie-
dades de momentos y de martingala para este proceso.

Luego obtenemos una aproximacién cuando el tamano de la poblacién es
grande del proceso bajo cierta renormalizacion, la cual resulta ser la solucién a
una ecuacién diferencial determinista. También vemos como esta aproximacion
se reduce bajo ciertas condiciones a los modelos deterministas macroscépicos
estudiados por Shashahani [72] y Doebeli [25].

Finalmente damos un algoritmo de simulacién para este proceso, y lo ilus-
tramos con algunos ejemplos orientados en estudiar el fenémeno de especiacién
simpétrica.
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Probabilistic models
associated with stable
stochastic processes.



Chapter 1

On tempered stable
stochastic integrals

1.1 Introduction

Tempered stable processes have been known for quite some time as the trun-
cated Lévy flight model used to model turbulence. The Tempered stable Lévy
processes and the Tempered fractional motion have been recently studied by
Rosiniski and Houdré respectively in [67] and [35]. The importance of these pro-
cesses is that in a certain way they mix both a-stable and Gaussian trends, and
so they have many applications for example in mathematical finance to model
volatility or in option pricing.

In this paper we use the parametrization for tempered stable distributions given
in [67] to construct the tempered a-stable stochastic integral.

To do this (Section 3), we first prove the existence of a stochastic process by
means of its finite dimensional distributions; this is used to construct a tempered
a-stable random measure (Section 4). Then we define the tempered a-stable
stochastic integral for a deterministic function in a certain class F' with respect
to a tempered a-stable random measure. We first define it for simple deter-
ministic functions, and then the definition for f € F' is obtained as a limit
in probability of a sequence of tempered a-stable integrals of simple functions
(Section 5).

The difference between this approach and the one given in [67] is that in the
later one they construct the stochastic tempered integral by means of the shot
noise representation. Each method has advantages, the shot noise method al-
lows numerical approximations among other things. With our method we can
study some properties that would be difficult to explore with the shot noise
representation.

These properties are the main results of this paper and are given in Section 6.
in Theorem 1, we prove that under suitable conditions on the deterministic
functions (f,,) the corresponding integrals converge in probability.

10
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Theorem 2 gives conditions under which two tempered a-stable integrals are
independent, and in Therorem 3 we explore the effect of a change of variable in
the integral.

Another advantage of our method is that it allows us to construct, with a differ-
ent approach, examples that have already been studied: the tempered a-stable
Lévy motion, and the tempered Ornstein-Uhlenbeck process in [67], and the
tempered stable fractional motion in [35]; as well as new ones, like the tem-
pered moving averages process. All of which are given in Section 7.

1.2 Preliminaries and notations

We set some notations that will be used throughout the paper.
R? is the d-dimensionl euclidean space with the norm || - ||.

R¢ = R? — {0}, and B(R{) is the Borel o-field of RE. We will write < to

denote equality in law, and fagd. is used for convergence in the sense of the
finite dimensional distributions.

Now we recall the definition of a tempered stable distribution as well as some
of their properties, which will be used later.

Definition 1. An infinitely divisible probability measure, without Gaussian part
on R is called tempered stable if its Lévy measure v has the following form

v(B) = / / 1p(sz)s " le~*dsR(dx), B € B(R?).
rd Jo
Where a € (0,2) and where R is a measure defined in B(R?) such that

/ lz]|* R(dx) < oc.
Rd

In a similar way as in the stable case the two parameters a and R determine
a tempered stable distribution in R%.
The characteristic function of a tempered stable distribution in R?, is given by
(see [67]).

i) = expl | va(ly.0) Rlda) + (0.} (12.1)

Under the assumption that when o =1
[ a1+ Tog* el () < .
0

where
ko[l —(1—148)], O<a<l1

Ya(s) =< (1 —is)log(l —is) +1is, a=1 (1.2.2)
kEo[(1 —is)® —1+ias], l<a<?2.



1.3. CONSTRUCTION OF THE TEMPERED STABLE INTEGRAL
PROCESS 12

Here k., = |I'(1 — «)|, # 1. And is important to note that (1.2.1) determines
the pair (a, R) uniquely.

We write p ~ T'S(«, R; b) if the characteristic function of p is given by (1.2.1).
Finally let (E,e,m) be a a measure space and let us choose when « # 1

F = L%(E,e,m),
where
LY(E,e,m)={f:FE—R measurable,/ |f(z)|*m(dz) < oo}
E
when a =1 we take

F = F(E,e,m),

where
F(E,eom) = {f : f € L'(E,e.m) maéu@n%U@Mm@»<w}

Without loss of generality we will suppose that m is o-finite, because if f € F' it
implies that the support of f is contained in a region of ¥ where m is o-finite.

1.3 Construction of the tempered stable inte-
gral process

An a-tempered stable integral is defined by

MFLMWW,

where M is an independently scattered o tempered stable random measure on
E with control measure m(dx) and 0 < a < 2, (E,m) is a o-finite complete
measure space, f : EF — R is measurable and such that f € F.

The distribution of the process {I(f) : f € F} is determined by its finite di-
mensional distributions, given in terms of its characteristic functions. We will
construct the stable tempered integral as a stochastic processes {I(f), f € F}
indexed by a set of functions F', the idea follows the construction of the stable
integral in [69].

1.3.1 Specification of the finite-dimensional distributions

Given fi,..., fg € F', we will define a probability measure Py, . ¢, in R? by its

d
characteristic function as follows:

¢mwmmwbwﬂ@@émmmmmmwm}<w&
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where

f(s) = (fi(s),.... fa(s)),
y= (Y1, Yd)-

Where the function 1, is defined in (1.2.2) and R is a measure in R, satisfying

/ | R(dz) < oo, (1.3.4)
Ro
and when a = 1 we ask additionally that

/ 2] log ||| R(dz) < oo,

Ro

Next, in order to prove that ¢y, . r, is the characteristic function of a probability
measure R¢, we make the change of variables z; = f;(s) in (1.3.3) to obtain

¢f1,...,fd(y1,-.-,yd)=eXp{ka/R : wa(HC(f(S),y))m(dS)R(dw)}

:exp{ka/RO Rdwa(a:(z,y))p(dz)R(dx)}, (1.3.5)

where

d
E+:{SEE:ij(S)2>O},

and
p(A) = /E 1a(f(s))m(ds) for every A € B(RY).

Finally we will construct another measure in RZ given by
u(A) = / / 1a(zz)p(dz)R(dx) for every A € B(RY),
Ry JRY

In terms of p, (1.3.5) can be written as:

= exp {ka /]Rd 1/)a(<w,y>)u(dw)} . (1.3.6)
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Assume for the moment that a # 1. We claim that [, [|w[|*p(dw) < oc.
0
Indeed observe that

/ Nlelnia) = / 0 / Nl ()
_ ( 5 |x|“R(dx)) (/Rd IIZII“p(dZ)>
= ([ wtmran) ([ 1seems)
<(/ 0 of*Ric)) @ / fj(s)“m(ds)> .

Which together with (1.3.4) and the fact that f; € F for j = 1,...,d, proves
true the claimed fact. And so it follows from (1.3.6) that in the case a # 1,
@4.,....f, is the characteristic function of a tempered stable law in RZ. The case
a =1 is done in a similar way.

So we have a family of probability measures {Py, ¢, : f1,...,fs € F} in R?
that play the role of the finite dimensional distributions. We will see that this
family is consistent in order to apply Kolmogorov’s existence theorem, for any
permutation (7(1),...,m(d)) of (1,...,d) we have

(1.3.7)

¢fﬂ-(1),-u,fﬂr(d) (yﬂ'(l)7 . 7y7'r(d)) = ¢f1,4-.,fd (l»/h cee 7yd)a

and for any n < d

¢f17»--7fn (yl, ceey yn) = ¢f17---7fn7---7fd (yla cesYn, 0,n 70)7

which proves consistency.

So there is a stochastic process {I(f), f € F} whose finite-dimensional distri-
butions are defined by its Fourier transform in (1.3.3). We will call this process
the tempered stable integral of f, and m is its control measure.

As expected I(f) has a tempered stable distribution and I(+) is linear:

Property 1. Let f € F. Then I(f) ~ TS(«, 11;0) where
u(A) = / / La(2f(s))m(ds)R(dz) for A € B(Ro). (1.3.8)
Ry JE,

Proof. To obtain the characteristic function of I(f) we take yo = --+ =yqg =0
and f; = f in (1.3.3), then

on) = o { o | y alaf(Smlds) ()}
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Then making the change of variable w = z f1(s) we have
¢5,(y) = exp {ka / %(SUf(S)y)m(dS)R(dw)}
Ry J B,

—exp {1 RO¢@<wy><dw>}, (1.3.9)

where the measure p is given by (1.3.8).
Following a method similar to (1.3.7) we obtain

/ |w|*p(dw) < oo when a # 1, (1.3.10)
Ro
/ |w(l + |log |w||)|p(dw) < oo when o = 1.

Ro

Because of (1.3.9) and (1.3.10) we can finally conclude that I(f) ~ T'S(«, u;0).
O

Another useful property of the stable tempered integral is that it is linear.
Property 2. If f1, fo € F, then
(a1 fi + azf2) = a1 I(f1) + a2l (f2) a.s. (1.3.11)

for any real numbers a1 and as.

Proof. We have from (1.3.5) that

Elexpliy(I(a1fi1 + azf2) — arl(f1) — a2l (f2))}]
= Elexp {i(yl(a1f1 + azf2) — (a1y)I(f1) — (a2y)1(f2))}]

wﬁ [ [ eatetutanss + axfe) = (@) i - (o) f)ms) Rido) |

The last equality follows from the fact that 1,(0) = 0, and it implies (1.3.11).
0
1.4 Tempered stable random measures

We will now define the tempered stable random measure M. We will denote
(2, F, P) the underlying probabiliy space and Lo(£2) the set of all real random
variables defined on it and let

={Aece:m(A) < oo}

With all these elements we can now define the tempered stable random measure.
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Definition 2. An independently scattered o-additive set function
M : g9 — LO(Q).
such that for each A € gg,
M(A) ~TS(a,m(A)R;0),

is called a tempered stable random measure of index o on (E,¢) with control
measure m.

We will now prove the existence of the tempered stable random measure.

Proposition 1. For every measure Ry in R that satisfies

|z|*R(dx) < oo when o # 1, (1.4.12)
Ro

/ |z(1 4 |log|z||)|R(dx) < 00 when a =1, (1.4.13)
Ro

there exists a tempered stable random measure on (E, &) with control measure
R.

Proof. 'We use the existence of the process {I(f), f € F} applied to f =14 for
A € g to obtain a stochastic process {M(A), A € g¢} with finite-dimensional
distributions given in terms of its characteristic function by (1.3.5). Now con-
sider A € gy then by (1.3.5) its easy to see using that 1,(0) =0

Elexp{i(M(A)y)}
exp{ ko [ [ valetatoh)mids) Redo) |
Ry JE
— ek [ vatmmiarin}.
Ro
Which implies that M(A) ~ TS(a,m(A)R;0). We will now show that M is
indeed a random measure, first we will prove that it is independently scattered.

Let Ay,..., Aq be disjoint sets belonging to 9. Then using that 1,(0) = 0 and
that the sets Aq,..., Ay are disjoint

d
Elexp{i(D> _ M(A;)y;)}]
j=1
d
—exp ko /R 0 /E wa(x(; 14, ()y,))m(ds) R(dz)
wa<xyj>m<Aj>R<dx>}

=[x {ka

d
= [ Elexp{i(M(A;)y;)}].

Ro

o
Il
i
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Which proves that M(A;),..., M(Aq) are independent.
The finite additivity follows from the linearity of the integral, let Ay,..., Ay be
disjoint sets belonging to £¢ then

d d
) =11y, a) =10 1a) D I(1ay) =Y M(4)).
=1

=1 j=1

HC&

Now that we have the finite additivity for the random measure, we will prove
the o-additivity. We take A, Ao, -+ € ¢ disjoint sets, and we suppose that
Uj=1 Aj € eo. Then using the finite additivity

d+1 o] d+1 [
A5) = YoMy = (U 45) - ([ 4) = | 4y

j=d+1

M(

L8

J

Then p — limg_ o0 M(U;’;dﬂ) = 0 implies that

M(| ] Aj) p—hmZM (1.4.14)

d—oo

Tt

1

J

and because the series Z?:l M (A;) has independent summands, we have that
(1.4.14) is equivalent to

Now recall that M(U;Z; A;) ~ T'S(e, m(UjZ, A7) R;0), and since m is a mea-

sure
oo oo o0

m(U Aj) = z:m(Aj)7 this sum is finite because U Aj € go.
j=d j=d j=d

the above implies that limg_ m(U;X’:d A;) =0, and so we have that

dlLH;O E[exp{in(LJdAj)}] = dllrrgo exp { kom( U l/fa (zy)R(dx)
‘7:

=1

We have then that M (U2, 4;) — 0 as d — oo in law, which is equivalent to

p— lim M(

d— o0

AJ) = 07

Tt

d

J

proving that M is o-additive. O
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1.5 Tempered stable integrals

We will define the tempered stable integral for f € F' and we still call it I(f).

First, let us consider a simple function in F, f = E?:1 a;la;, (where the
Aq,..., Ay are disjoint), in this case we define the tempered stable integral as
follows

d
1) = [ 1M =3 M (4),
Using (1.3.6) we have
Blexp (o, MAD =exp (ks | [ vaantagta, ()mas)Ria) .

Using the independence of M(A;),..., M(A4) we have

d d
Blesplin(aM (AN =expd 3 [ [ daleptasia, (mids) i)

d
—exnq [ 0 / Wolay(3_asLa,()m(ds) ()

= exp {ka wa(xw)u(dw)} , (1.5.15)

Ro

where the measure p has the form given in (1.3.8), and satisfies (1.3.7). The
later implies that

/E F(s)M(ds) ~ TS (a, 150).

On the other hand we notice that the integral I(-) is linear on the space of
simple functions.

Now consider f € F, then we take a sequence of simple functions {f"}52; that
satisfy the following

f"—f as onkE,
|f*| < P as. onE, with P € F. For every n > 1.

Using (1.5.15) and the linearity of the integral in the simple functions we have
IGF™) = I(™) = 1(f" = f™) ~ T'S(ev, 15 0),

where for every A € B(Ry),

H(A) = / [E La(z(f"(s) — ™ (3)))m(ds) R(dz).
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Then
Elexp {iy(I(f" — ™)}] = exp {k [ vatatsmes - fm(S)))m(dS)R(dw)} |

We will first find an upper bound for the function 1, (s).
When a # 1 we know from (3.3) in [67] that

a(s)] < Calsl®. (1.5.16)
Then we note the following

Yo (2(f(s) = [™(8))y)] < Cala|*|f"(s) — f™(s)|"y"
< 2C,|z|*|P(s)|“y<, (1.5.17)

and using the fact that P € F' and (1.4.12) we have

/ / ([ |P(s)[“m(ds) R(dz) = [ |e|*R(dz) / |P(s)|*m(ds) < oo,
Ro JE Ro E
And now for the case o = 1, using Remark 2.5 in [67] we obtain

1
[1(s)] = |§ log(1 + s*)—stan™' s+ i(s — slog(1 + 52)% —tan" ' s]
< [log(1 + [s|)[ + g|8| + 2[s] + |slog(1 + |s])|
< C1ls|(1 + |log s]]), (1.5.18)

the first inequality follows from the monoticity of the logarithm, and in the
second one we used the bounds log(1 4+ v) < v and log(1 4+ v) < log2 + |logv|,
v > 0.

Proceeding in the same way

[ (z(f"(s) = F™(8))y)] <K (y)(|=(f"(s) = ™ (s))]
+ |z (f"(s) = [ (s))[log [z (f"(s) — f™(s))])
< Ki(y)(|2P(s)| + [ P(s)[log [z P(s)]),  (1.5.19)

again using (1.4.12) and the fact that P € F it follows
/R /E Ky () ([P ()] + [¢P(s)] log |« P(s) Jm(ds) R(dz)
- / el (o) /E (P(s)|m(ds) + / o e () /E |P(s)lm(ds)
+ /Ro |z| /E |P(s)log |P(s)||m(ds) < 0.
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Then thanks to (1.5.17) and (1.5.19) we can apply the Dominanted Convergence
Theorem to obtain

Jim [ a7 - ) mds ()
= [ [t dala(7) ~ £ (o)mds)Ride) =0
Ro JE

The last equality follows from the fact that ¢4(s) is continuous in R.

This implies that {I(f™)}52, is a Cauchy sequence in distribution, and so
Cauchy sequence in probability. Recalling that the convergence in probabil-
ity is complete, we can define I(f) as the limit in probability of {I(f™)}52,
We can proceed as in [69] to prove that the above limit does not depend on the
choice of the approximating sequence. Since convergence in probability implies
convergence in distribution, we have the following:

Proposition 2. Let f € F' then
I(f) ~ TS(a, Ry:0).
Where

// La(zf(s))m(ds)R(dz), for A € B(Ry),
Ro JE4

i.e.,

Elesp it ()] = exp (ke [ [ vu(ereipmtas) pis) }.
Proposition 3. Let f,g € F, a,b € R. Then

I(af +bg) =I(af)+ I(bg) a.s.
Proof. The proof follows the ideas of Samorodnitsky and Taqqu in [69]. O
The linearity of the integral and Proposition 1, imply

Proposition 4. For any fi,...,fq in F, the characteristic function of the
random vector (I(f1),...,I(fq)) is given by (1.3.5).

This gives us that the vector (I(f1),...,1(f4)) is tempered a-stable, and
that the two constructions of the tempered integral are equivalent.

1.6 Main results on tempered stable integrals
Theorem 1. Let X; = [, fj(x)M(dz), j = 1,2,... and X = [, f(z)M(dzx),

where M is an o tempered stable random measure, with control measure m.

If in the case a # 1

lim |fj( ) — f(s)|*m(ds) =0, (1.6.20)

Jj—00



1.6. MAIN RESULTS ON TEMPERED STABLE INTEGRALS 21

then
p— lim X; = X.
]4)00

The result is still true for a = 1 if we assume furthermore that
Jm [ 150 = F@mlfs) - fe)imds) =0. (L621)

Proof. The linearity of the tempered stable integral and Proposition 1, imply
that

Elexp {int (1 ~ )] = exp { ko [ [ vatets o) = 1mea R(do) |

Now we have for o # 1 using (1.5.16)

| / 0 /E ala(f(s) — F(5))y)m(ds) R(dx)
< / 0 / Walx(f5(5) — £(5))y)|m(ds) R(dz)

/R/c )2l £5(5) — £(5)|"m(ds) R(dz)
= Cuty) | el R(ir) [E 1£3(s) = F(9)|*m(ds).

And for @ = 1 using (1.5.18)

| / 0 /E br(a(f5(s) — F(3))yymi(ds) R(da)

/R / [ @ (£ (s) — £(5))y)lm(ds) R(da)
/R / Cr) (2 (F(5) — £™(s))]
T le(f7(s) — f7(s))] log [2(F™(s) — F™(s)))m(ds) R(de)

:C’l(y)/R |x|R(dx)/E(|(f"(5)*fm(Sm

+ (" (s) = ™ (s)[Tog [(f"(5) — [ (s)))m(ds).
So using (1.6.20) in the case aw # 1 and (1.6.20)-(1.6.21) in the case o = 1,

/ / ala(f(5) — F(5))y)m(ds) R(dz)
Ro JE

which implies that lim;_,..(X; — X) = 0 in distribution, and therefore in prob-
ability. But this is equivalent to

p— lim X; = X,

J—00

lim =0, (1.6.22)

Jj—00

which proofs the proposition. O
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Now we will give some conditions for the independence of tempered integrals.

Theorem 2. Let Xi = [, fi(s)M(ds) and Xy = [, fo(s)M(ds) be two tem-
pered stable integrals of index o € (0,2) and control measure m. Then X7 and
X5 are independent if

fifa=0 me-a.s. on E.

Proof. Since f1 fo = 0 m-a.s. and 1,(0) = 0 we have

2 2
ba | D uifi(s) | =D aly;fi(s) mras.
=1 =1

And since {X; }?Zl are jointly tempered a-stable, then
2 2
E |exp(i Zijj = exp ka/ / Yo nyjfj(s) m(ds)R(dx)
j=1 Ro JE j=1

~TTeww ko [ [ v sy miaoyacan) |

Which proves that they are independent. O

The natural question of whether the independence of X; and Xo imply
fife = 0 m-a.s. on E seems difficult to answer due to the fact that 1, has a
very complicated expression.

Now we will prove a theorem which will allow us to make a change of variable
in tempered integrals.

Theorem 3. Let My and My be two tempered a-stable random measures defined
on (E1,e1) and (Fa,e2) with control measures my and may respectively, and
suppose that there exists g : E1 — Ey such that for every A € g

ma(A) = / 1a(g(s))mq(ds). (1.6.23)
B,
Then if f € F(Ms3) we have that
Fs)M(ds) = [ F(g(s)Mi(ds).
By Ey
Proof. Let us consider « # 1. Since f € L* using (1.6.23) it follows that

/El [£(g(s))|*m(ds) =/ [f(8)[*ma(ds) < oo,

Eo
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which implies that f(g) € F(My), so it makes sense to define the tempered
integral of f(g) with respect to the tempered random measure M;.

On the other hand let X = [, f 1, /(8)M2(ds), then the characteristic function of
X is given by

E[e“y”]:exp{ka / i wa((xf(S))y)%(dS)R(dx)}~ (1.6.24)

Now from (1.6.23) it follows that

: Ya((zf(5))y)ma(ds) = : Va(zf(g(s))y)mi(ds).

So if we substitute the above relation on (1.6.24) we have that
Ele™X)] = exp {ka / wa((mf(s))y)mg(ds)R(dx)}
Ry J Eq

=exp{ka [/ %(mf(g(s))y)ml<ds>R<dx>}
= E[e™Y)].

Where Y = [, f(g(s))Mi(ds). The case a = 1 is proved in a similar way. [

1.7 Examples

Example 1. The a-Tempered Stable Lévy Motion.
Let . .
X(t)Z/ 1{s§t}M(dS):/ M(ds) t>0,
0 0

where M is an atempered stable random measure with control measure m(ds) =
ds. Then
X(0)=0 as,

t
= / M(ds) = M([r,t]) ~TS(c, (t —r)R). (1.7.25)
And by Proposition 2, if 0 <t <ty < --- < t,, then

(X(t2) = X(t1), - — X(tn-

(/IMdS / Mds)

Observe that the entries of the above random vector are independent because
their support are disjoint; which implies that the process has independent in-
crements. The fact that the process has stationary increments follows from
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(1.7.25).

Therefore the process {X (¢),t > 0} is a Lévy process, and by (1.7.25) the incre-
ments have a tempered stable distribution. This process has been studied by
Rosiniski in [67].

Example 2. Moving Averages

Let us take f a measurable function on R satisfying

[15ras <oe, foras1,
R
/R|f<8>(1+|log|f(s)||)|ds<oo, for a =1,

and let us take

X(t):/_oo f(t— $)M(ds), teR,

where M is a tempered a-stable random measure with control measure m(ds) =
ds. We will now prove that this process is stationary, so let us take t¢1,...,%q4,
h € R, and real 6y, ...,60s,

d
Elexp{i(3 ;X (6 + b)Y

d
= exp { ka /}RO/Ewa(z(Zyjf(thrh5))d5R(dm)

Jj=1

now by the change of variable z = s — h we have

d
—exp S [ [ vala(3 01t~ 2)dsR()

j=1

d
= E[exp{i(z y; X (t5))}]-
P

Therefore the process is stationary.
Example 3. Ornstein-Uhlenbeck process

Consider A > 0 and M a tempered a-stable random measure, with Lebesgue
control measure and « € (0,2]. And let us take the associated Ornstein-
Uhlenbeck process

t
X(t) = / e MM (dx), —oo <t < 0.

As we know taking f(s) = e 10 o0} (s) the process X (t) is a moving average
process, and because of the above it is stationary. And finally for fixed s < ¢,

X(0) - e Xx () = A9 a1(ds).

S
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Theorem 2 implies that the above random variable will be independent of any
linear combination Z?:l b X (uk), up < s, k = 1,...,n. Therefore X(t) —
e~ *t=9) X (s) is independent of o(X (u),u < s). This implies that the tempered
Ornstein-Uhlenbeck process is a Markov process. Further properties have been

obtained by Rosiiski in [67].

Example 4. Tempered Stable Fractional Motion

Let M be a tempered a-stable random measure, with Lebesgue control mea-

sure and « € (0,2] and consider
X()= [ (=T = M), oo <1< ox,

where 0 < H < 1, H # 1/a. This integral is well defined (see [69]).
First we will prove that it has stationary increments, i.e., for any 7 € R

{X(t) — X(0),—00 < t < 0o} L {X(t+ 1) — X(7),—00 < t < o0}

By linearity of the tempered integral we have

X(e+7)=X(r) = [ (b= s s )

— 00

- / (Ir — s|#=1/ — |s|H=1/) b (ds)

— 00

o0
:/ (|t +7 — sV — |7 — s|H=Y ) M (ds).

— 00

Then for tq,...,tq it follows

d
E[eXp{iZyj(X(tj +7) = X(7)}]

d
= exp ka/ /wa(x(Zyj(|tj+Tfs\H71/o‘f\377|H71/a))d3R(dx)
Ro JE J=1

now by the change of variable z = s — 7 we have

d
— oxp{ ka / /E al@(> ys(It — 2|1/ — |5|H=1/2))ds R(dx)
0 j=1

d
= E[exp{iZyj(X(tj) — X(0)}],

then it has stationary increments. This process has been studied with detail by

Houdré in [35].



Chapter 2

On weighted tempered
moving averages processes

2.1 Introduction

Tempered stable processes have been known for quite some time as the trun-
cated Lévy flight model used to model turbulence. The Tempered stable Lévy
processes and the Tempered fractional motion have been recently studied by
Rosiniski [67] and Houdré and Kawai [36] respectively. The importance of these
processes is that in a certain way they mix both a-stable and Gaussian trends,
and so they have many applications for example in mathematical finance to
model volatility or in option pricing.

We study a new class of processes which we call Weighted tempered moving
averages processes; we use the construction of the tempered stochastic integral
in [59], to define them as a stochastic integral with respect to a tempered stable
random measure. The usual definition of the moving averages process is given
as a stochastic integral with respect to a random measure with control measure
the Lebesgue measure. Here we do it with a general control measure, we only
ask that it is absolutely continuous with respect to Lebesgue measure; and its
Radon-Nikodym derivative is the weight to which they owe their name. This
class of processes allows more freedom in the applications to time series than
the usual moving averages processes.

These processes have interesting properties; although these processes in gen-
eral are no longer stationary, we prove in Section 3 that for a € (0,1), they are
mixing which implies ergodicity for this class.

Finally in Section 4 we prove that these processes have a similar behavior to
the one found by Rosinski [67] for the tempered Lévy motion and Houdré and
Kawai [36] for the tempered fractional motion.

26
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2.2 Preliminaries and notations

We set some notations that will be used throughout the paper.
R? is the d-dimension] euclidean space with the norm || - ||.
R¢ = RY—{0}, B(R) is the Borel o-field of R¢, and S¢~1 := {x € R? : ||z|| = 1}.

We will write < to denote equality in law, and Fd- s used for convergence in
the sense of the finite dimensional distributions.

Now we recall the definition of a tempered stable distribution as well as some
of their properties, which will be used later.

Definition 3. ! An infinitely divisible probability measure, without Gaussian
part on R3 is called tempered stable if its Lévy measure v, in polar coordinates,
has the following form

W(B) = /R g /0 () g (r, w)dro(du),

where o € (0,2), o is a finite measure on ST, and q : (0,00) x S1 — (0, 00)
is a Borel function such that q(-,u) is completely monotone with g(co,u) = 0
and q(0+,u) = 1 for each u € S?~1.

Now by Theorem 2.3 in Rosiiski [67], the Lévy measure of a tempered stable
distribution can be written in the following form

v(B) :/ / 1p(sx)s *te *dsR(dr), B € B(RY),
rd Jo
where R is a unique measure defined in B(R?) such that

/ ]| R(dz) < oo.
Rd

In a similar way as in the stable case the two parameters a and R determine a
tempered stable distribution in R¢.
Under the assumption that in the case where @ = 1

[ a1+ tog el Rds) < .
0

the characteristic function of a tempered stable distribution in RY, is given by
Rosinski (see [67]).

Ay) = exp { / Yl 2R + iy b>} (2.2.1)

IDefinition 1 corresponds to the family of probability distributions named as proper tem-
pered stable distributions by Rosinski in [67].
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where
ko[l —(1—1i5)?], 0<a<l
Ya(s) = ¢ (1 —is)log(l —is) +is, a=1 (2.2.2)
ko[(1—i8)* = 1+idas], 1<a<2.

Here k., = |I'(1 — «)|, # 1. And is important to note that (2.2.1) determines
the pair (a, R) uniquely.

We write p ~ T'S(«, R; b) if the characteristic function of p is given by (2.2.1).
Finally let (E,e,m) be a a measure space and let us define the following

F_ { L*(E,e,m), if a # 1 }
{f e LY(E,e,m): [, |f(s)log|f(s)|lm(ds) < oo} if a=1;

Without loss of generality we will suppose that m is o-finite, because if f € F' it
implies that the support of f is contained in a region of E' where m is o-finite.

2.3 Tempered stable integrals

In this section we give a quick review of the construction of tempered stable
integrals given in chapter 1.

Recall the definition of a tempered stable random measure. We will denote
(Q, F, P) the underlying probabiliy space and Lo(€2) the set of all real random
variables defined on it and let

eo={A€e:m(A4) < oo}
With all these elements we can now define the tempered stable random measure.
Definition 4. An independently scattered oadditive set function
M : o — LO(Q)
such that for each A € g,
M(A) ~TS(a,m(A)R;0)

is called a tempered stable random measure of index o on (E,€) with control
measure m.

An a-tempered stable integral is defined by

1(f) = /E £(5)M(ds),

where M is an independently scattered tempered stable random measure on
E with control measure m(dz) and 0 < o < 2, (E,m) is a o-finite complete
measure space, f : E — R is measurable and such that f € F.
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The distribution of the process {I(f) : f € F} is determined by its finite dimen-
sional distributions, given in terms of its characteristic functions by

Spssinsee) = o {to [ [ votr@rmm@ran} 2339
where
f(S) - (f1(5)7 ey fd(s))a
y=(y1,---Ya)
Where the function v, is defined in (2.2.2) and R is a measure in Ry satisfying
|z|*R(dz) < oo,
Ro

and when a = 1 we ask additionally that
[ lalltog el (o) < o,
Ro

In [59] using Kolmogorov’s existence theorem an alternative construction of the
tempered stable integral is given as a stochastic process {I(f), f € F'} indexed
by the set of functions F'.

2.4 Weighted tempered moving averages pro-
cess

In this section we study the Weighted Tempered Moving Averages Process,

which is a wider class of process that include the tempered moving averages

process as a special case. As we have already mentioned, they have interesting

behavior under different scalings similar to the tempered stable Lévy motion,

and the tempered fractional motion studied by Rosiiiski in [67] and Houdré and
Kawai in [36] respectively.

Definition 5. Let m be a measure on B(R) absolutely continuous which respect
the Lebesgue measure, a measurable function f on R satisfying

/ |f(s)|*m(ds) < oo, fora#1,
R

/R |£(5)(1+ | log | £(s)[[)m(ds) < o0, fora=1.
Define -
X(t):/ f(t—s)M(ds), teR

Where M is a tempered a-stable random measure with control measure m.

Then we call the process X (t) a weighted tempered moving averages process or
WTMAP.
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When the measure m is not the Lebesgue measure then the WTMAP is not
always stationary, but we can prove an asymptotic result which guarantees that
for the case o < 1 the process is mixing.

2.5 Asymptotic behavior of weighted moving av-
erages tempered stable processes

We will analyze the behavior of a weighted moving averages tempered stable
process, using the function

1(61,02;t) := — In Elexp{i(61 X (t) + 62X (0))}]
+ In Elexp{i(601 X (t))}] + In E[exp{i(02X(0))}]

We begin by recalling a result given by Hardin Jr. in [34] which tells us that
that if lim; o I(61,02;t) = 0 for any 6; and 6, then the process {X(¢),t € R}
is mixing, that is,

Jim | P(AN B) ~ P(A)P(B) |=0,

for every A € 0{X(s),s <t} and B € o{X(s),s > t}. We will now prove that
a weighted tempered stable moving averages process is mixing when a < 1.

Theorem 4. For a weighted tempered stable moving averages process with
0<a<l,

lim 1(91, 92; t) =0.

t—oo

Proof. Suppose first that f has compact support. Then we can find T € R,
such that if ¢ > T then f(¢t+ -) and f(-) have disjoint supports. Then for ¢ > T
and recalling that ¢, (0) = 0 we have

~In Elexp{i(61.X () + 62X (0))}]
— k, / / Pal=(02 £t — 2) + 0o (—2)))deR(d2)

— /R 0 /]R Vo (200 (t — 2)))dzR(d2)

o [ 0 | (a0 (=) daraz)
= —In Elexp{i(01 X (t))}] — In E[exp{i(62X(0))}].
Which implies that for t > T
1(01,02;15) = 0,

and hence lim;_, o, I(61,62;t) = 0.
If f does not have compact support, let € > 0 be arbitrary and choose a bounded
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interval K. such that [p |f(—)|*1xe(—2)dz < e. We now note that the func-
tion g = flk. has compact support, so we can find 7" > 0 such that if ¢ > T
then g(t + -) and g(-) have disjoint supports. Then for t > T

I(01,02;t). =
ko /RO /Rwa(z(elf(t — )1k (t — @) + 02 f (—2) 1k (—2)))dzR(dz)

ke / 0 / a2 £t — 2) 1k (t — 2)))deR(dz)

o [ [ balal02f (-0 (o)) deR(c2)
=0. U (2.5.4)
It is easy to see that if a € (0,1), then for any s, € R,
[Ya(r) — tha(rs)] < Cols —r|*. (2.5.5)
So using (2.5.5) it follows that

J(01,62) :

/R / Pal2(0: 1t — )1k, (t — ) + Oof (—2) L e, (—)))dxR(d2)
- / / Val2(O1F(t — 2)(t — ) + 0o f(—2)))dw R(d2)
Ry JR

<c. / / (200 f(t — 2)Lxe.(t — ) + 0o f (—2) 1. (~2)
Ro JR
L0, (t — z) + o f (—2)))|"dzR(dz)

< ca< 2| R( ) </ 101 f(t — 2)[*dzR(dz)
/ |02 f (—)|*dzR( dz))

< Ca ( A IzlaR(dz)> (07 +09)e = Mo (01,02)e.  (2.5.6)

In a similar way it follows for ¢ = 1,2

J(0;) := /R /Rz/)a(z(ﬂif(t — )1k (t — x)))dzR(dz)

- / / a2 (0:£(t — 2)(t — )))dzR(dz)
Ro /R

< C, < 5 |z|("R(dz)> (/Kg |0 f(t — x)|admR(dz)>

< 00 (/R |z|°‘R(dz)> e = Ma(6i)e, (2.5.7)
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so using (2.5.4), (2.5.6), and (2.5.7) it follows that if ¢ > T,

|I(91,92;t)‘ = ‘1(01,02;0 — 1(01,92;t)5|
< J(91,92) + J(@l) + J(eg) < (Ma(91,92) + Ma(91> + Ma(eg))&'.

Noting that ¢ is arbitrary, we have for fixed 61,05 that
tlim 1(01, 92; t) = O,

which completes the proof. O

2.6 Short and long time behavior of weighted
tempered stable moving averages processes

Finally in this section we determine for a certain kind of weighted tempered
moving averages process their behavior under different scalings.

We will obtain an asymptotic result for the rescaled processes in the sense of
their finite dimensional distributions. As it will be seen in the next Theorem
their behaviour in a short time frame is close to an a-stable weighted moving
averages process, while in a long time frame its very similar to a Gaussian
weighted moving averages process.

We remark that the method used to prove the next Theorem is inspired in the
work of Rosinski (see [67]) for the tempered stable Lévy process.

Theorem 5. Let us take a measure m on B(R) satisfying that m is absolutely
continuous with respect the Lebesgue measure, and a measurable function f on
R such that f € F.

Let g be the Radon-Nikodym derivate of m with respect the Lebesgue measure
and define the following family of measures {mp}ner

mp(A) = /Ag(s/h)ds with A € B(R).

Let a € (0,2), and My, a tempered a-stable random measure with control mea-
sure mp, and define

Xt = [ (e 5)M(ds),
(i)Short time behavior:

Suppose the following

1. There exists a measurable function uy on R and a function r1 € F such
that |uy(h) f(ht)| < ri(t) for allt € R.

2. There exists a function Ly € F, such that limp,_ouy(h)f(ht) = Li(t) for allt € R.
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Then when o # 1

(=Y ouy (W) Xp(ht)  t > 0} TS {eX@ @) 1 >0} as h — 0+.

Where -
Xt =e¢ / Ly(t — )M (ds),

— 00

M@ s an a-stable random measure with control measure m, and

1/«
c:<ka|cos”2°‘| |xaR(dx))) .

Ro
And when o = 1
(h=Yuy () (Xn(ht) — b(h,t)) : £ > 0} TS5 {eX D (1) 1> 0} as h — 0+.
Where
bht) = ozt | R(dr) / " f(t — sym(ds).
. oo
And

XW) = c/oo Li(t — s)MM (ds) + p,

— 00

™

5l

0o k
o /]R /_Oo x;“iLl(ti —5)(1 = log |z|)m(ds) R(dx),

CcC =

where MY is an 1-stable random measure with control measure m.
(ii)Long time behavior:

Assume the following
1. [, lz|*R(dz) < co.

2. There exists a measurable function ua on R and a functionry € L?(R,B(R),m),
such that lua(h) f(ht)| < ra(t) for allt € R.

3. There exists a function Ly € L?*(R,B(R), m), such that
limy, o0 ug(h) f(ht) = La(t) for allt € R.

Let 1 < < 2, then

(W™ Pup(m) X (ht) £ > 0} 5" {eXP (1) 4> 0} ash— o0,
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Where -
Xt =e¢ / Ly(t — s)M@ (ds),

M@ s an Gaussian random measure with control measure m, and

c= <;‘r(2 —a) /R g:?R(dx)) 1/2.

f.d.d.

And when 0 < a < 1
{1 2uy(X (ht) — k(h,t)) - t > 0} 'S
Where

{eXP ()t >0} ash— oco.

k(h,t) =al'(1 — ) / / ht — s)mpdsR(dx),
Ro
and

X®t) = C/OO Lo(t — s)M@ (ds),

— 00

M® s an Gaussian random measure with control measure m, and

- (;m —a) /R sz(dx))l/Q.

Proof. Tt suffices to show that for any reals {a;}_ L and nonnegative nonde-
creasing reals {t;}*_; k € N, the random variable Zl 1 @i Xp(ht;) converges in
law to Zle a; X )( i), as h — 0.

We note the following

k 00
Za Yoy () Xp (hts)) :Zaih_l/“ul(h)/_ f(ht; — s)Mp(ds)

/_‘: (iaih_l/aul(h)f(hti — s)) My (ds).

Now by (2.3.3) we have

E [exp {iy(gaih_l/aul(h)Xh(hti)) H
—en{ [ " (xy(i ash ™ (0 (0t = 5/10) ) )t/ sl |
:exp{/Ro/ hbe (my(Zah Vo, () F(R(t; —s))))m(ds)R(dx)}.

(2.6.8)
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On the other hand it is easy to see, following the proof of Theorem 3.1 (i) in
Rosiniski [67], that for o # 1,

ti s (0 S ah 0010 9) ) = (xy(E_jLoe -9)).

i=1

where ¢,(s) is given by,

(ba(s) = _ka

s <1 — tan ?szgn(s)) ,

TO
coS —
2

and
|h¢a(h71/a5)| < 2als]%,

where z, is some constant depending only on (« # 1).
So using the above inequality in the integrand of (2.6.8) it follows that

e (xy(fjam-“/a)ul(h)f(h(m - ) )| < salellor S aursts - 9"

i=1 1=1
(2.6.9)
From the above calculation, and using that r; € F' it follows that

00 k
/ / || Zairl(ti —5)
Ro J/—o0 i=1
oo | k
g/ |x|aR(dx)/ Zairl(ti —3)
Ro —oo b=t
Now from (2.6.9), (2.6.10), and using the bounded convergence theorem

lim £ [exp {zy ( zk: aih™Y%u, (h)Xh(hti)) H

1=

—eaf [ N " gim o, (xy(gam(—lm)ul(h)ﬂh(u ~ ) mtds) ()

[e3%

m(ds)R(dx)

63

m(ds) < oo. (2.6.10)

—exp { /R /0; b (xy(éailq(ti _ s)))m(ds)R(dx)}. (2.6.11)

Finally it is easy to show that

/Ro /_Z o <$y<§;aih(ti — 3)>)m(d8)R(dx)

k

cy;aif(ti _ ) i (1 ~itan ?ﬁ(mm (ygaiLl(ti - s)))m(ds).

(2.6.12)

- /.
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Where
T 1/
c= (F(—a) cos — x|°‘R(dx)) ,
Ro
= Jo, @57 R(dz)

= o el R(dz)
and 2(® := |z|*sign(z).

Then by (2.6.12) it follows that (2.6.11) is the characteristic function of a
weighted a-stable moving averages process

X@(t) = c/m Ly(t — s)M ) (ds),

where M(®) is an a-stable random measure, such that for every A € B(R)
M©(A) ~ Sa((m(A)), 3,0).
Now we will work the case a = 1, then following the procedure in (2.6.8)

E [exp {zy(zk: aih™ g () (Xp(ht;) — b(ti, h))) H

i=1

= exp { /RO /_D; <h¢1 <h‘1ul(h)xy(zk:aif(h(ti - 5))))

- ixy(iéaiul(h) F(h(ti — s))) log h)m(ds)R(da:)}. (2.6.13)

Tt is easy to see that the function v (s) satisfies the following
|hpy(h™ts) —islogh| < C|s|(1 + |log|s||) for all h € (0,1]. (2.6.14)

We use the inequality in (2.6.14) to uniformly bound the integrand (2.6.13) for
h € (0,1]

‘hm (hlul(h)zy ( zﬁ; aif(h(ti — 5))>> — izyui (h) ( Zf; aif(h(ti — s))) log h‘
<1 + D

(2.6.15)
And using the fact that 7, € F and the hypothesis 1, it follows that (2.6.15) is
integrable.

k
Ty Z a;r1(t; — )

=1

<C log

k
Ty Z a;ry(t; — 8)
i=1
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Now it can be shown following that

%ig})hwl(hlul xy(ZaZ h(t; —s ))imyul (Zal h(t; —s >logh
5 xyZalLl t; —s) —ﬁ—zxy(ZalLl (t; —5)> <1—log xyZaiLl(ti—s) >

i=1 =1
(2.6.16)

So using the Bounded Convergence Theorem and (2.6.16) it follows that
k
lim E {exp {@(iz;aihlul(h)(xh(hti) — b(t;, h))) H
o k
cy Z a;Lq1(t; — s)
<szgn< Zale (t; — s >> log

)+ itcwn}.

(2.6.17)

k
Yy Z aiLl(ti — 8)
i=1

c:z/ |z| R(dx)
2 Jr,

5 fRo xR(dx)
g, 17 R(d)

w= /RO /_z (xéaiLl(ti — 5)) (1 —log |z|)m(ds)R(dx).

And again (2.6.17) is the characteristic function of a 1-stable moving averages

process
XM :c/ La(t — )MD(ds) + 1,
—0o0

where M) is an 1-stable random measure, such that for every A € B(R)

MW (A) ~ Si(m(A), 5,0).
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Now we are going to prove ii), let us consider the case 1 < a < 2. We have that

E [exp {zy Zk: aih_l/qu(h)Xh(hti)H
—en{ [ [ (xyza D s h) (bt~ /1) )t/ m)asR(a)
zexp{/Ro /_OO hwa<xyh_1/2uQ Zazf (t; —s ) (ds)R(dx)}.

(2.6.18)

It is easy to prove that

k 2
; -1/2 __a . o
hlirrgo ht)e, <xyh /24 Zal h(t; — s) ) = —§F(2 — a)xy(Zang(tl s)> ,

=1

(2.6.19)
and
’h% <xyh1/2u2(h) zk: aif(h(t; — s))) ‘ <T(2- a)nyz(Zk: airy(t; — 5)) 2.
= - (2.6.20)

So from the above inequality, the hypothesis on the existence of the second
moment of the measure R, and recalling that ro € L?(R,B(R), m) we note the
following

/]RO /_O:fQ ( z; aira(ti — 3)>2m(d8)R(dx)
S/RO 2’ R(dz) /o; <§;air2(ti—3)>2m(d8) .

Then from (2.6.19),(2.6.20) and using the bounded convergence theorem it fol-
lows from (2.6.18) that

k
hh—>H;oE {exp {zy Z a;h™ %, (h) Xy (ht;) }]

=1

= exp { < - %F(Q —a) /R 22 R(dx) /O:o (iaiLg(ti - s)>2ds> yQ}.

(2.6.21)

And (2.6.21) is the characteristic function of a Gaussian moving averages pro-
cesses

X)) =c / h Ly(t — s)M@ (ds).
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Where M is a Gaussian random measure such that

M@ (A) ~ N(0, (m(A))),

c= <;‘r(2 —a) /R sz(dx)> 1/2.

And now for the case 0 < o < 1 we have that

and

E [exp {zy Zk; aih ™Y ?uy(h) (X (ht;) — k(h, ti))}] =

—exp{/RO /jo (wa <xyzk:aih”2w(h)f(h(tiS/h))>
—iyh~Y2uy(h)al’ (1 — o)z Zal h(t; — s) > (s/h)dsR(dx)}

:exp{/ / h(?ﬁa(xyh_l/z Zalf (t; — s) )
Ro J—
—iyh ™ 2uy(h)al (1 — o)z Zaz h(t; — s) ) (ds)R(dx)}. (2.6.22)
Using the same ideas it is easy to see that
. —-1/2 _
hlirah(wa <acyh uz(h Zalf (t; — s )
—al(1 — a)zyh™%u, Zaz h(t; — s)) )

N k 2
= —§F(2 —a) (xyZaiLg(ti — s)) ) (2.6.23)

i=1

and

k
h‘wa (acyh_l/2 Zaz h(t; —s) ) — iyh?uy(h)al’ (1 — a)xZaif(ti —5)

2
g% —amy(Zazrgt—s>.

(2.6.24)
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The term in (2.6.24) is integrable, so using the bounded convergence theorem
and using (2.6.23) in (2.6.22) we have

Jim E [exp {zy zk: a;ih™ V2 uy (h) (X (hti) — k(h, ti))}]

i=1

—exp{ — gr(%a) 2R(dz) [ y aiLa(t; — ) 2m(ds) g2
Ro —%0 \=1

(2.6.25)

And (2.6.25) is the characteristic function of a Gaussian moving averages pro-
cesses

cX(t) = C/OO Ly(t — s)M@ (ds),

—0Q0

where M is a Gaussian random measure such that

M@ (A) ~ N(0,(m(A))) and,

- (;‘r(g —a) /R x2R(d3:))1/2.

And so the theorem is proved. O

Corollary 1. Let us take a measure m on B(R) satisfying that m is absolutely
continuous with respect the Lebesgue measure, and a measurable function f on
R such that f € F N L?*(R,B(R),m) .

Let g be the Radon-Nikodym derivate of m with respect the Lebesgue measure
and define the following family of measures {mp}ner

mp(A) = /Ag(s/h)ds with A € B(R).

Let « € (0,2), and My, a tempered a-stable random measure with control mea-
sure mp, and define

Xp(t) = / f(t —s)My(ds).
Suppose that
f(ht) = RN f(t) for some N € R,

then when o # 1
(i)Short time behavior:

(=T Xy (ht) ¢ 2 0} 5 {eX @ (1) ¢ 2 0} ash —0,

where

X @) (1) = c/oo F(t — $)M© (ds),
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M@ s an a-stable random measure with control measure m, and

c= (F(—a) cos = |x|C‘R(dx)>1/a.

Ro

And when o =1

(=D (X, (ht) — b(h, ) 1t > 0} TS5 {eX D)t > 01 ash — 0,
where
b(h,t) = logh/}R xR(dx)[ f(t —s)m(ds),
and

X (1) = c/oo F(t = )MD (ds) + 1

c=2 [ |z|R(dx)
2 RO

00 k
he /]R /_Oo x;“if(ti — 5)(1 — log |z[)m(ds) R(dx),

where MY s an 1-stable random measure with control measure m.
(ii) Long time behavior:
Assume that

|z|?R(dx) < oo,
Ro

and let 1 < a < 2, then

{h*(N“/Q)X(ht) 1t >0} fdd {cX(z)(t) it >0} as h— oo,

where

X)) = ¢ / T = s)M® (ds),

M? is an Gaussian random measure with control measure m, and
o 1/2
c= <I‘(2 - a)/ sz(dm)> .
2 Ro

(=YD (X (ht) — k(h,1)) 1t > 0} T {eX () 11> 0} as h — oo,

And when 0 < a < 1
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where
k(h,t) = al(1 — 04)/R /_oo 2f(ht — s)mn(ds) R(dz),
and

X = c T At - M@ (ds),

M®@ is an Gaussian random measure with control measure m, and

- <‘;‘r(2 —a) /R x2R(dx))1/2.

Proof. The proof follows from Theorem 6, by taking u;(h) = A= and r;(t) =
L;(t) = f(t) for i =1,2. O



Chapter 3

Lamperti stable processes

3.1 Introduction

In recent years the interest in having more accurate models in various domains
of applied probability has lead to an increasing attention paid to some special
classes of Lévy processes related to the stable law, for example: the tempered
stable and the layered stable processes introduced by Rosiriski in [67] and Houdré
and Kawai in [35], respectively. Both families of processes have nice structural
and analytical properties, such as combining in short time the behavior of stable
processes and in long time the behavior of a Brownian motion. They also have
a series representation which may be used for sample paths simulation.

Lamperti [46] and more recently, Caballero and Chaumont [14] studied four
families of Lévy processes which are related to the stable subordinator and
some conditioned stable processes via the Lamperti representation of positive
self-similar Markov processes. Those studies are the starting point of our work.
Recall that positive self-similar Markov processes, (X,P.), © > 0, are strong
Markov process with cadlag paths, which fulfill a scaling property, i.e. there
exists a constant o > 0 such that for any b > 0:

The law of (bXp-ay, t > 0) under Py is Ppy,.

We shall refer to these processes as pssMp. According to Lamperti [46], any
pssMp up to its first hitting time of 0 may be expressed as the exponential
of a Lévy process, time changed by the inverse of its exponential functional.
Reciprocally, any Lévy process & can be expressed as the logarithm of a time
changed pssMp X. In this paper we refer to this Lamperti transformation as
LT, and the details can be seen in [46].

One of the examples treated by Lamperti in [46] is the case when (X, P,)
is a stable subordinator of index a € (0,1) starting from z > 0. Lamperti in
[46], describes the characteristics of the associated Lévy process s = (s¢,¢t > 0)

43
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which is again a subordinator, with no drift and with Lévy measure given by

T

cie
ha dx x> 0.

n(dz) = W )

The three cases of pssMp studied in [14] are related to some conditioned stable
processes. The first one is the stable Lévy processes killed when it first exits from
the positive half-line, here denoted by (X*,P.). The second class corresponds
to that of stable processes conditioned to stay positive (see for instance [20, 26]),
denoted by (XT,P,). Finally, the third class of pssMp is that of stable processes
conditioned to hit 0 continuously, denoted by (X!, P,). The corresponding
Lévy processes under the LT} transformation are denoted by &*, ¢ and €,
respectively. These three classes of Lévy processes have no gaussian component
and their Lévy measure are of the type

cy edfc c edm
m(dz) = (W]I{z>0} + G_GWI{KO}) dz,
where ¢4, c_ are the constants of the Lévy measure of the original stable process
and d is a positive parameter. We recall that for £* the constant d equals 1 and
moreover it has finite lifetime if c_ > 0 and, when ¢_ = 0, it has infinite lifetime
and drifts to —oo. For ¢! the constant d is equal to ap+ 1, where p = Po(X; <
0). It has infinite lifetime and drifts to co. Finally, for the processes &' the
constant d is ap. It has infinite lifetime and drifts to —oco. We remark that such
processes have linear coefficients in their respective characteristic exponent that
we denote by a*,a' and a'. Such constants are computed explicitly in [14] in
terms of «, p, ¢ and c4. Actually it was proved recently in [21], that the
process &) corresponds to &' conditioned to drift to —oo (or equivalently ¢' is
¢! conditioned to drift to +00).

Finally, motivated by self-similar continuous state branching processes with
immigration, Patie has recently studied in [58] the family of Lévy process with
no positive jumps with Lévy measure

c_ 6(a+19)$
n*(dz) = de, x <0,
where 9 > —a.

These Lévy processes have the advantage that the law of many functionals
can be computed explicitly, for example: the first exit time from a finite interval
or semi-finite interval, overshoots distributions and exponential functionals (see
for instance Caballero and Chaumont [14], Chaumont et al. [21], Kyprianou and
Pardo [45] and Patie [58]). We also emphasize that in some cases the Wiener-
Hopf factors can be computed and scale functions in the spectrally one sided
case can be obtained. Since many tractable mathematical expressions can be
computed, this class seems to be an useful tool for applications and rich enough
to be of particular interest.

In this work, we investigate a generalization of the Lévy processes mentioned
above and we will refer to them as Lamperti stable processes. We also study
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these processes in higher dimensions. We will see that this class has nice struc-
tural and analytical properties close to those for tempered stable and layered
stable processes.

In section 3.3 we begin by studying the Lamperti stable distributions, which
are multivariate infinitely divisible distributions with no Gaussian component
and whose Lévy measure is characterized by a triplet (o, f, o), more precisely an
index « € (0,2), a function f, and a finite measure o, both defined on the unit
sphere in R?. In particular, the radial component of any of these Lévy measures
is asymptotically equivalent to that of a stable distribution, with index «, near
zero and has exponential decay at infinity. These distributions have a density
with respect to the Lebesgue measure, have finite moments of all orders and
exponential finite moments of some order. In the one dimensional case, the
density is C'*°. In some particular cases, we also prove that these distributions
are self-decomposable.

In section 3.4, we formally introduce the Lamperti stable processes and study
their properties with emphasis in the one dimensional case, where we obtain an
explicit closed form for the characteristic exponent. Motivated by the works of
Rosiniski [67] and Houdré and Kawai [35], we prove in section 3.5, 3.6 and 3.7
that Lamperti stable processes in a short time look like a stable process while
in a large time scale they look like a Brownian motion, that they are absolute
continuous with respect to its short time limiting stable process and they admit
a series representation that allows simulations of their paths, respectively.

In section 3.8, we study some related processes: the Ornstein-Uhlenbeck
processes whose limiting distribution is a Lamperti stable law and the Lévy
processes with no positive jumps whose descending ladder height process is a
Lamperti stable subordinator. Finally we illustrate with several examples the
presence of Lamperti stable distributions in recent literature.

3.2 Preliminaries

Recall that positive self-similar Markov processes, (X,P.), © > 0, are strong
Markov process with cadlag paths, which fulfill a scaling property, i.e. there
exists a constant o > 0 such that for any b > 0:

The law of (bXp-ay, t > 0) under Py is Ppy,.

We shall refer to these processes as pssMp. According to Lamperti [46], any
pssMp up to its first hitting time of 0 may be expressed as the exponential of a
Lévy process, time changed by the inverse of its exponential functional. More
formally, let (X,P,) be a pssMp with index « > 0, starting from x > 0, set

S:Hlf{t>0Xt:0}
and write the canonical process X in the following form:

Xy =zexp {ET(tI—a)} 0<t< S, (3.2.1)
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where for t < .5,

() = inf{s >0 /OSeXp{afu}du > t}.

Then under P, £ = (&, t > 0) is a Lévy process started from 0 whose law does
not depend on z > 0 and such that:

(i) if P, (S = +00) = 1, then ¢ has an infinite lifetime and drifts towards +oo,

(ii) if P, (S < 400, X(S—) = 0) = 1, then the process £ has an infinite lifetime
and drifts towards —oo.

(iii) if P,(S < 400, X(S—) > 0) = 1, then ¢ is killed at an independent
exponentially distributed random time with parameter A > 0.

As it is mentioned in [46], the probabilities P, (S = +0), P, (S < 400, X (S—) =
0) and P,(S < 400, X(S—) > 0) are 0 or 1 independently of z, so that the three
classes presented above are exhaustive. Moreover, for any t < fooo exp{ag;} ds,

x4t dS
7(t) = , Pi-a.s.
0=/

Therefore (3.2.1) is invertible and yields a one to one relation between the class
of pssMp’s killed at time S and the one of Lévy processes.

3.3 Lamperti stable distributions

In this section, we define Lamperti stable distributions on IR? and establish
some of their basic properties. According to Theorem 14.3 in Sato [70], the Lévy
measure II of a stable distribution with index o on IR? in polar coordinates is
of the form

(dr,d¢) = r~ @D dro(de)

where a € (0,2) and o is a finite measure on S¢~!, the unit sphere on IR®.
The measure o is uniquely determined by II. Conversely, for any non-zero finite
measure o on S9! and for any o € (0,2) we can define an stable distribution
with Lévy measure defined as above.

Motivated by the form of the Lévy measure of the processes mentioned in
the introduction and the previous discussion, we define a new family of infinitely
divisible distributions that we call Lamperti stable.

Definition 6. Let i be an infinitely divisible probability measure on R without
Gaussian component. Then, p is called Lamperti stable if its Lévy measure on
RY := 1R\ {0} is given by

ved (B) = / o(de) / T IO — 1) ar, B e B(RY),
Sd—l

0
(3.3.2)
where o € (0,2), o is non-zero finite measure on S41, and f : S - R is a
measurable function such that  := supgega—1 f(§) < a+ 1.
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Note that v/ is indeed a Lévy measure on IRg . To see this, we need to
verify that

/ (1A |Jz)*)red (dz) = / o(dg)/ (1 Ar2)erf @ (er — 1)~ dr < oo,
R¢ ga-1 0
On the one hand, since e"/(&) (e —1)~(@+1) ~ p=(@+1) a5 — 0, ! we have that

1
/ a(df)/ r2e"T O (er — 1)t < 0.
Sd—1 0

One the other hand, from elementary calculations we deduce

d - rf©) (e 1 _(a+1)d < U(Sd_1> e —7-(O¢+1—'y)d
SdilO’( g) ) e (e - ) T_m . (& r,

where v := supgcga—1 f(§). Since v < a + 1, the above integral is finite and
therefore v/ is a Lévy measure.

In the one dimensional case f takes only two possible values, since S° =
{-=1,1}. In the sequel, we denote these two values by f(1) := § and f(—1) :=¢
. From the definition of the measure o, we have o({1}) = ¢4 and o({-1}) = c_.
Therefore each distribution associated to the Lévy processes mentioned in the
introduction belongs to the class of Lamperti stable distribution. Following the
notation of the introduction, for:

e the subordinator s, 3 =1 and ¢_ =0,

the process £*, =1 and § = qa,

the process ¢1, B =ap+1 and 6§ = a(l — p),

the process ¢!, 3 =ap and 6 = a(l — p) +1,

the class of Lévy processes with no positive jumps considered by Patie
[58],d =1—1 and ¢, = 0.

Note that Lamperti stable distributions satisfy the divergence condition, i.e.
o0
/erf(g)(e’“ — 1)~ gr = o for any ¢e st
0

Thus from Theorem 27.10 in [70], we deduce that they are absolutely continuous
with respect to the Lebesgue measure. Also note that the class of Lamperti
stable distributions and that of layered stable distributions (see [35]) are disjoint.
This follows from the following estimate

erf(©)

Ty e 13 NN

1We say that f ~ g as & — ¢ if for zo € R? limgz oo f(z)/g(x) = 1.
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Lamperti stable distributions do not belong in general to the class of tempered
stable distributions. For instance, fix £ € S9~! and take f(¢) € ((a+1)/2,a+1).
It is not difficult to see that the first derivative of the function

erf (&) 4o
q(r,§) = WT )

is positive for r € (0,2 — (a4 1)/c), which implies that ¢(r, ) is not completely
monotone.

Proposition 5. Let i be a Lamperti stable distribution with Lévy measure v7
given by (8.3.2). If ( < a+1—~, then

/eCHl’Hu(dz) < 0o

R4

In particular, for k < a+ 1 and if f = k, we have

/eCHrHM(dx) < 0 if and only if (<a+1—=.
Rd
Proof. Consider

eSlellyof (g < o (S91)(1 — e~ 1)~ (etD) /er(<+7—(a+1))dr7
{llz]|>1} 1
which is finite since ¢ < o + 1 — 5. Hence by Theorem 25.3 in [70], we obtain
the desired result.
Next, we suppose that f = k. The former arguments imply that for { < a+1—«,

the Lamperti stable distribution u has a finite exponential moment of order (.
In a similar way, it is clear that

Sl o gy > (591 / o (CHR—(atD) g
{li>1) 1

This implies that [ eSlI=ly2%(dz) is finite if and only if { < a+1—k. O
{ll=ll>1}

Corollary 2. Let p be be a Lamperti stable distribution. Then

/||m\|p,u(dx) <oo forall p>0.

Rd

Our next result shows that Lamperti stable distributions belong to the Jurek
class and that in some cases they are self-decomposable. We recall briefly these
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definitions. The class of infinitely divisible distributions for which the Lévy
measure v takes the following form

d—1

v(B) = o(d€) [ Tp(re)e,r)dr, for B e B(RY),
S o

is called:

(1) Self-decomposable if 7¢(¢,7) is non negative, measurable in ¢ € S9!
and decreasing in r € (0, 00).

(2) Jurek class if £(¢,7) is measurable in & € S9! and decreasing in r €
(0,00).

Proposition 6. Let 1 be a Lamperti-stable distribution on R with Lévy mea-
sure v given by (3.3.2), then u belongs to the Jurek class. Moreover, p is
selfdecomposable if f(€) < a+1/2, for all € € S¥! and a € (0,2).

Proof. In the case of a Lamperti stable distribution, we have

oS (©r
(er _ 1)a+1’

E(&v T’) =

so the measurability of 7£(&,r) and (&, r) is clear.
In order to prove that ¢ is decreasing in r > 0, we fix £ € S?~! and consider the
derivative of ¢1(-) = £(&, ), i.e.

/ G )
ty(r) = m(e (f()—a—-1)— f(f))
Hence #j(r) < 0 for » > 0, since f(§) < o+ 1. This implies that u is in the
Jurek class.
For the second part of the Proposition, we take k(&,r) = r£(£,r). Note that
the derivative of k(&,r) with respect to r, can be written as

oF©r
e (¢ [ 7O — (e 1) - f6)].

Elementary calculations prove that k is decreasing for r > 0, if f(§) < a4+ 1/2
for all ¢ € S~ and « € (0,2). We leave the details to the reader. O

We note that we can find a € (0,2) such that if f(§) > a+1/2, the Lamperti
stable distribution p is not self-decomposable.

We finish this section with some properties of Lamperti stable distributions
defined on IR. The first of which says in particular that the density of any
Lamperti stable distribution belongs to C*°.

Proposition 7. Let i1 be a Lamperti stable distribution on IR, then p has a C*°
density and all the derivatives of the density tend to 0 as |z| tends to oo.



3.3. LAMPERTI STABLE DISTRIBUTIONS 50

Proof: Recall that the function f takes two values, = f(1) and p = f(—1) as
usual. According to [56] it is enough to prove that

(r) = TzZde verifies that liminfM >0 (3.3.3)
9= J T e e mipf 5= >0, (33

for some @ € (0,2). But this is immediate because for r sufficiently small, we

have
" efe T2
P _dz>K ——dz = KTQ*O‘,
0 (ez _ 1)o¢+1 0 xa+1

where K > 0. In particular when a = «, the condition in (3.3.3) is satisfied and
the statement follows. ]

Before we state the last result of this section, we recall the definition of
a particular class of distributions which is important in risk theory (see for
instance [27] and [42]).

distribution function G on [0,00) with tail G :=1— G belongs to class LD if
G(x) > 0 for each x > 0 and

Definition 7 (Class £(9). Take a parameter ¢ > 0. We shall say that a

lim ———= =¢e% for each x € R.

The tail of any (Lévy or other) measure, finite and non-zero on (xg,00) for
some xg > 0, can be renormalised to be the tail of a distribution function and
by extension, then is said to be in LD, if the associated distribution function is
in L9,

Now, we will prove that the tail of the Lévy measure of any Lamperti stable
distributions defined in IR belongs to the class £(@T1=8) where 8 = f(1) as
usual.

Proposition 8. Let u be a Lamperti-stable distribution on IR, then the tail of
its Lévy measure belongs to the class L) In particular when p is defined
on IRy, we have that pi belongs to the class LT1=5),

Proof: First, we define

1 ePr d <
I/(’u,)—? | e T, u>1,

oo eﬂr
where K = / mdr. Note that v corresponds to the distribution
1 e -

function associated to the tail of the Lévy measure of a Lamperti stable distri-
bution.
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From elementary calculations, we get

S e ([ e )

<(a+1—pfe - 'B)/uoo er — 1) a+1d
_ lat1-pB) ( o (uz ) -
Similarly
V(Z(;)QC) > (1— e %) (q+ 1 — g)enleti=A) /00 e(B=(a+D)r .

e(oﬁ»lfﬁ)x(l _ efu)aJrl.

Therefore taking u large enough, we deduce that v € £(>+1=8) The case when
w is defined in IR follows from Proposition 3.4 in Kyprianou et al. [42]. [ ]

3.4 Lamperti stable Lévy processes

Here, we introduce the class of Lévy processes which is associated to Lamperti
stable distributions. We also discuss, specially in the one dimensional case,
a number of coarse and fine properties of their paths which are of particular
interest for applications.

Definition 8. A Lévy process without gaussian component, and linear term 0,
is called Lamperti stable with characteristics («, f,0,0) if its Lévy measure is
given by (3.5.2).

In the sequel, we denote the Lamperti stable Lévy process with characteris-
tics (a, f,0,0) by XL = (X{ﬂt > 0). Its characteristic exponent is defined by
Elexp(i(y, XF))] = exp(—t¥(y)) for t > 0, y € R? where

U(y) =i(y,0) + /]Rd (1 — i) 4 iy, >]I{”x”<1}) (da?) (3.4.4)

the measure v/ has the form given in (3.3.2) and § € IRY.

The first property in study is the p-th variation of Lamperti stable processes.
In particular, we prove that their p-th variation is similar to that of stable
processes.

Proposition 9. Let X be a Lamperti stable process with characteristics (c, f, 0, 0).

i) If a € (1,2), the process X is a.s. of finite p-th variation in every finite
interval if and only if p € (@, 2).

ii) The process X* is a.s. of finite variation in every finite interval if and
only if a € (0,1).
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Proof: (i) From Theorem IIT in Bretagnolle [10], we have that for p € (1,2), the
process X’ is a.s. of finite p-th variation on every finite interval if and only if

/ lzlPve (de) < oo.
{ll=]| <1}

Recall that 7 := supgcga—1 f(§). From the form of the Lévy measure v and
some elementary calculations, we have

rP

1 1
ol () < o(5 067 [ Tear < o(st e [ ear
/{lwlﬁl} o (er —1)at!

0
(3.4.5)
On the other hand, we have

rP

1
xpl/g"fdzzz >o({€e 8t () >0 /7dr
/{ el ) (1 ©>0) [ e
1
+/ ]I{f(g)<0}ef(5)a(dm)/ ler
ga-1 o (em—=1)>F

1
> K<a’({£ €S f(e) > O}) +/ ]I{f(£)<0}ef(§)g(d$)> / pp=(a+D) g
Sd—1 0
(3.4.6)
for some K > 0. Therefore X* is of finite p-th variation on every finite interval
if and only if p > a.

The proof of part (i) is very similar. According to Theorem 3 of Gikhman and
Skorokhod [32], it is enough to prove that

/ J]lp2 (dx) < oo,
{llz||<1}

if and only if « € (0,1). But this follows from (3.4.5) and (3.4.6) taking p =1,
which concludes the proof. [ |

Recall that the characteristic exponent of a Lévy process has a simpler ex-
pression when its sample paths have a.s. finite variation in every finite interval.
In this case, we have that the characteristic exponent in (3.4.4) takes the form

Vily) = ildg) + [ (10 ) o)
R§

where d = —6 — / v (dz) and, in this case, d is known as the drift
{ll=l<1}

coefficient.

In the rest of this section we work with real valued processes. We are now
interested in two important properties of Lévy processes: creeping and the
regularity of 0. Define for each x > 0, the first passage time

=t {t>0: XF >},
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with the convention inf () = co. We say that the Lamperti stable process X%
creeps upwards if for all z > 0, PO(XTLJr =) > 0. If =X creeps upwards, we

say that X creeps downwards. Recall that if creeping occurs at just one = then
creeping occurs at all x.

Proposition 10. Let X* be a Lamperti stable process with characteristics L =

(a, f,0,0).
i) If « € (0,1) and d > 0, the process X creeps upwards.
ii) If « € [1,2) and cy = 0, the process X creeps upwards.
i) If o € [1,2) and ¢y > 0, the process X¥ does not creep upwards.

Proof. The first part of our statement follows directly from part (i) of Theorem
8 in [43].

From Proposition 9, for a € [1,2) the process X7 is of unbounded variation.
In this case, a result due to Vigon [76] says that X creeps upwards if and only
if the following integral converges,

w2 (Jz, o)) /

/lH(x)dac7 where H(x):/o/l/g"f((—oom])d%bdy- (3.4.7)
0

—x —1

If ¢4 = 0, it is clear that the above integral is equal to 0 which implies part (i4).
In order to prove part (i), we first study the case when ¢, > 0 and ¢_ > 0; in
this case we have

u
e~ c_

a o, f(_ — o ~ . 4
2 (o0, u]) = e |ul /7@%_1)%1‘“” S as w0 (348)

—00
Then, it is not difficult to deduce that

22 H(z) ~ m as 2 |0.

Similar arguments as those used in (3.4.8) allows us to write

vt ([z,00)) ~ % as x| 0.

Therefore,

a2l ([z,00)) _@2-a)(a—1ecy 1
H(z) c_ x

as x]0,

which implies that the integral K in (3.4.7) diverges.
Finally, if ¢y > 0 and c_ = 0 the integral (3.4.7) obviously diverges. The
proof is now complete. U
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We recall that for a Lévy process X a point « € R is regular for (0, c0) if
P, (10 = 0) =1,
where 7(%°) = inf{t > 0: X; € (0,00)}.

Proposition 11. For a Lamperti stable process X © with characteristics (o, f, o, 0),
the point 0 is regular for (0,00) if one of these three conditions hold:

i) a€l,2).
ii) a € (0,1) and d > 0.
iii) a € (0,1),d =0 and cy > 0.

Proof. (i) Recall from Proposition 9 that X~ has unbounded variation for a €
[1,2). Hence from Theorem 11 in [43], we deduce that 0 is regular for (0, c0).

Now we prove parts (i) and (iii). Suppose that a € (0,1). In this case X~
has bounded variation and again from Theorem 11 in [43], we know that the
point 0 is regular for (0,00) if the drift coefficient d > 0 or if d = 0 and the
following condition holds

T
=00, where H(z)= /Vg"f(—oo,—y)dy. (3.4.9)
0

1
oS (dx)
Hy ()

It is enough to prove that (3.4.9) holds when d = 0 and ¢4 > 0 to conclude our
proof. The case when ¢y > 0 and c_ = 0 is immediate. For the second case,
i.e. when ¢y > 0 and c¢_ > 0, we first recall from (3.4.8) that

c_
y gl ((—oo,—y) ~ — as y 10,
which implies that
CCa71H1($) ~ a(lciia) as T l 0.
We observe then, that
z2efe (e —1)~(@tD) (1 — )

@) ~ = as x| 0,

which implies (3.4.9). O

Our next result deals with the computation of the characteristic exponents
of Lamperti stable processes. Denote by

(2)a = F(;(J;)a), for ze€C,
which is known as the Pochhammer symbol. And by
Y(z) = dil"(z), for ze€C, (3.4.10)
z

which is called the Digamma function.
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Theorem 6. Let X© be a Lamperti stable process with characteristics (o, f, o, 0).

i) If « € (0,1) U (1,2), the characteristic exponent of X* is given by

U(A) =M — . T(=a) ((—iA + 1= B)a — (1= B)a)
— e T(=a) (IA+1—=0)g — (1=68)), AeR.

ii) If a = 1, the characteristic exponent of X is given by
BL0) =2 -y (A 1= BU(-ir+2-0) - (1= Bz - )

- _<(M+15)¢(M+25)(15)1/)(25)), A€R.

Where v is the Digamma function (see 3.4.10), 0 is given by

—d if a € (0,1),
G— ] 0 (csig—cbs+(cr—c)(1-0)) ifa=1, (3.4.11)
0 — (cyrap —c_bs + <= C‘) if a € (1,2),

where C is the Fuler constant and ag, bs are given by:

1 1 —( 3) ) 1 1 0
xre~ — e \a=P) —x—e " e *
Qs = d e ————d
“ / 1—ewa+1 JH/e (1—e@)atl x+/(1—efw)a ©
0 0 1
(1 ( 5) ) 1 1 [e%s)
—e a—0)x *I*@im 671
bs = d - d —d
’ / (1—e o)t “/e (1—e o)t x+/(1—e—$)a o
0 1

forall 8,6 < a+1.

Proof: i) First we will consider the case where « € (0,1). Without loss of gen-
erality, we assume that d = 0. Since « € (0, 1), we know that the characteristic
exponent of X is given by

oo eﬁx
wL(A)=—<C+/O (€ = 1) e

0 ) —d0x
+c_/ (e — 1)(ef_1)a+ldx). (3.4.12)

— 00

We compute each of these integrals which we call I; and I, respectively. Since
all the computations involved are valid for all A € R, we center our attention
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in the variable 8. In order to compute I; explicitly we will define in the set
U={z€C:R(z) <a+ 1}, the following function F : U — C, given by

- 00 AT e . ° iz e AT
1
= / (u™ = w11 — w)~ @Dy, (3.4.13)
0

where z; = @+ 1 — z and R(z1) > 0. Then by making an integration by parts
in the last integral of (3.4.13) we obtain for £(z1) > 1

1 . 1

| S »

/ (u—z/\ _ 1)u21—1(1 o u)_(a+1)du — w / u—z)\+z1—2(1 — u)_adu
0 @ 0

+2171

1
/u21*2(1—u)*adu. (3.4.14)
0

(07

Now recalling the integral representation for the Beta function, (see [48]), we
have for R(a), R(b) > 0

B(a,b) = /01 w11 —u)’ldu = Ha)l(b) (3.4.15)

we can express (3.4.14), in the following form:

iN+2z— 1) T(—id+ 2 — )I(1 —a)

1 —
/ (u™ = D11 —u)~ Ty = (
0

e (=X + 21 — )
(z1 =) T(z = DI'(1 — @)
+ «@ I(z1 — ) ’

finally by the recurrence relation for the Gamma function, I'(x + 1) = zT'(z),
and the fact that z; = o+ 1 — 2z, we obtain

B MN(—iA+a+1-2) T(a+1-2)
F<Z>_F(_O‘)( T(—ix+1-2)  T(1-2) )

(3.4.16)
for R(z1) > 1, i.e. R(2) < . So we have the desired result for § < «. In order
to obtain it for 8 € [a, a4+ 1) we do the following: The equality (3.4.16) is valid
in particular in D, = {z € C: ||z|| < a}, in order to extend it to the case where
Izl < o+ 1, we will prove first that both sides of the equality in (3.4.16) are
analytic functions in the disk Dy = {2z € C: ||z]| < o+ 1}.

First we take F', and then using a series expansion we have

F(z) = /Ooo(ei“ ~ 1)%@ = /Ooo 3 -1 ()" (o q)=(et1) gy

(er —1 n!

n=0

(3.4.17)
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Now consider the following

/0 n=0
© &y Ul o ey
< / S (A f2) (¢" — 1)@

(z2)"

n!

(ei)\w o 1) (ew _ 1)—(a+1)

dx

n!
n=0

:/ (IA|z)elZlz (er — 1)~ (@D g, (3.4.18)
0

which is finite when ||z|| < a + 1, therefore we can apply Fubini’s Theorem in
(3.4.17) and obtain

e on 00 e " s N
F(z) = Z J/O (e™ — 1)de = Z anz", (3.4.19)
n=0 n=0

for z € W, where

L[ i z"
an = E ) (6 — ]_)de
which implies that F' is analytic in Dg41.
Since for ||z|| < a+1 we have that R(—iA+a+1—2) > 0, and R(a+1—-2) > 0,
therefore the function G : U — C, given by

B I(-id+a+1-2) Tla+1-2)
G(z)_r(_o‘)< T(—iA+1-2)  T(1-2) )

is analytic in D,41. Since F' and G are analytic in Dyy1, and F = G in D,,
we conclude that F' = G in D,1, which implies that

B B N(—iNta+1-p5) TDla+1-p)
le(ﬁ)F(Oz)( D(—ix+1—7) N I(1-7) >’

for all B < o+ 1.
Now we compute the second integral in the right-hand side of (3.4.12)

0 —ox 1
IAT € % — —(«
I = / (e A — 1) (=% — 1)kl dr = A (u A 1)u61 1(1 —u) ( +1)du7

— 00

where 01 = o+ 1 — §, hence following the same arguments used in the compu-
tation of I, we get

B Plixtat+1-6) Tla+l-—9)
IQ_F(_O‘)< TiA+1-0) T4 )

for all § < a+ 1. Therefore from the form of I; and I, we get

VL(A) = —c4T(=a) (=id +1 = B)a = (1 = B)a)
—c (=) ((IA+1=08)a— (1 —0)a)-
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for all 8,6 < a+ 1.

Now we consider the case where a € (1,2). As in the case where o € (0, 1), we
assume that § = 0. Since a € (1,2), the characteristic exponent of X is given
by

00 Ba
N — _ AT 1—34 €
L(\) (c+/0 (e Nl pc1y) 1) dx
0 ) e— 0T
+ Cf/ (ez)\JC —1-— Z)\{I,‘]I{m>71}) (eavl)aJrldx)’ (3420)

We call I} and I, respectively the integrals in (3.4.20). To study I to do that
we define the function G : U — C, given by

L > AT . e
G(Z)~—/O (e —1—Mﬂ{m<1})md~f

—zZ1x

Y e S
/0 (6 AT {:1:<1}) (1 _efa:)a+1 z

Y (ei’\‘” —De % —jA(l—e ®)e ® . 1 x(e™® —e A7)
_/ ey dx + i\ . (1= m)ert dx

+'L)\/ 1_ea:)a+1dx+ZA/ mdl‘

1 —iA z1—1
— D! 4 i — 1
= iXd + A (2) +/0 C ()1 _u);f =1 4, (3.4.21)

where 21 = a+ 1 — 2z, R(21) > 0,

1 — oo _
1—x— e "
a = _7d 7d
¢ /0 ¢ A—eo)en $+/1 (T-ea™

and [ : U — C is defined by

1 re—T(1 — e—(a—z)z
I(2) = /0 (ﬁ e ) . (3.4.22)

We consider the last integral in (3.4.21), an integration by parts gives us for
3?(21) > 2

1 —iA _ 2171 > _ y _ 1 .
./ - o i 1)du -2 =l / (u = Du™ (1 — u) “du
0 0

(1 —w)att « a

ol
+ A (w172 _1)(1 — u) " %du.
@ Jo
(3.4.23)

We now compute the integrals in the right-hand side of (3.4.23), using (3.4.15)



3.4. LAMPERTI STABLE LEVY PROCESSES 99

and making an integration by parts, we obtain for the first integral the following

1
/ (u™™ — Du* 721 — u) " %du
0

. 1 ) )
_ (Zl 2) / (u—z)\ _ 1)u21—3(1 _ u)l—adu _ i
0

11—«

1
T /O u—i)\+zl—2(1 _ u)l—adu

—i) -2y [t -2) [t
_ ( A+ 21 ) / u—z>\+21—3(1 N u)l—adu N (21 ) / uz1—3(1 _ u)l—adu
l—«a 0 -« 0

_ —a (=i + 21) B ['(z)
=T(1 ) ((_i)\ +21 = D(=id+21 —a) (21— )D(z1 — a))

(3.4.24)
and for the second integral in the right-hand side of (3.4.23)

v 1 —i -2) [
/(ufz)\+2172_1)(1_u)7adu: _|_( iIA+ 2 )/ ufz)\+zlf3(1_u)1fadu

0 a-1 e 0
1 (—iA+2 —2)T(—idN+ 2 —2)T'(2 — )
_a—1+ 1-« F(—iA+ 2 — )
1 L(—iA+ 21) Il -«
Ca—1 (miAtz - DIT(=id+ 2z —a)
(3.4.25)

so using (3.4.24) and (3.4.25), in (3.4.23) and recalling that 21 = a + 1 — z, we
get
/1 (u™ — Dur =L +iN(u — 1) A

0

(1 —u)otl duza—l

N—iA+a+1—2) T(a+1l-=2)
T'(— —
+ I O‘)( N E Ti-2 /)

if R(2) <a—1.

So if we consider the function P : U — C defined by

iA MN—ix+a+1-—2) T(a+1-2)
P(z) = I'(— — 4.2
(2) =53 1 0‘)< T(—ir+1—2) ri—z ) 4%

we have that

G(z) = iAa +iM(z) + P(=),
for R(z) < a — 1, in particular the equality holds in the set D,_1 = {z € C:
lIz|l < «—1}.
We will prove that G is analytic in Dy41, so we follow the same method as in
(3.4.18) and (3.4.19) and obtain

G(z) = Z %/o (€™ —1—idall,cqy) 2" (e” — 1)~ (@D gy
n=0

NE

anz

n=0
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for z € D441, where

1 [, .,
tn = — ; (e —1— iNeTgpcqy) 2" (€7 — 1)@y,

In a similar way we prove that the function I defined in (3.4.22) is an entire
function.

We note that if z € Dyy1, then R(—iA+a+1—2) >0, and R(a+1—2) >0,
which implies that the function P defined in (3.4.26) is also analytic in Dgy1.
Finally since G = iAa + i\l + P in D,_1, and both sides are analytic in Dy,
then G =iAa + A + P in D,41.

Therefore the first integral in the right-hand side of (3.4.20), I, is given by

e 1 MN—ix+a+1-08) T(a+1-7)
I1:G(ﬁ):z)\<a5+a_1>+F(—a)< F—?:/\—l-l— - (1l — >7
( B) (1-5)

where

1 —z(1 _ ,—(a—P)z 1 R
s ze *(l—e ) . l—xz—e
ags :a+l(ﬁ) :/0 (1_67w)a+1 dl“"/(; e Wdﬂ?

o0 efm
—d
+/1 (1= )™

for all B < o+ 1. Now we compute the second integral in the right-hand side

of (3.4.20
o I = —iXbs + /1 L L E A R
O (1= wat ’

where

1 —z(1 _ ,—(a=¥8)z 1 T oo —x
- zre (1 —e( ) L l—z—e e
bs = d r—————d ———ad
s /0 (1—e—v)a+i z Jr/0 € (1—e—v)a+i z +/1 (1—eo) ot
and §; = a+1—4, hence following the same arguments used in the computation
of I, we get

N 1 P(iA+a+1-0) T(a+1-0)
IzM(baJra_l)*F(o‘)( PA+1-6)  T(1-9) )7

for all § < o+ 1. Therefore from the form of I; and I, we get

— e T(=a) (A +1—08)a — (1 —6)a),

() = —i) <c+aﬁ —c_bs + C;_ i) — e, P(=a) (A +1=B)a — (1= 5)a)

for all 8,6 < a+ 1.
1) Now we will compute the characteristic exponent when o = 1. In the follow-
ing we assume that § = 0 and that c; = ¢ = 1. Since o = 1, the characteristic
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exponent of X is given by

ePr

V() =— AR SV | —d
() <C+/O (e AT {I<1}) (er — 1)2 x

0 ) 67§z
+ec / (67,/\1 —1-— Z)\I]I{l>_1}) (e_“L—l)zdI)

— 00

We will follow the same arguments used in the first part of the computation
of the characteristic exponent in the case o € (1,2). But to compute the two
integrals in (3.4.23) we will need the following integral representation for the
Digamma function (see [33])

1 tzfl -1
P(z) = / —dt—C, for zeC, (3.4.27)
o 2—1

where C is the Euler constant.

Now by making an integration by parts, using (3.4.27), and the recurrence
relation for the Digamma function (z 4+ 1) = ¥(2) + 271, we can express the
first integral, for $(z1) > 1, in the following form

1 1, —idtz1—2 1,212
/ (= — 1) ~2(1 — u)~\du = — / (R Y 7/ w1
0 0 u—1 0 u—1

=(z1 — 1) = P(—iA+ 21 — 1)

:¢(21)—i—¢(—i/\+21)+ !

—Z>\ + zZ1 — ].7
(3.4.28)

As for the second integral in the right-hand side of (3.4.23)

1
/ (u—inl—Q —1)(1— u)‘ldu =—¢(—iA+2z1-1)-C
0

1

= —— —P(—iA —C. (3.4.29
Atz — 1 V(=i + 21) ( )
So using (3.4.28) and (3.4.29), in (3.4.23) and recalling that z; = 2 — z, we get

/1 (u=* = Dus 1 4 iX(u— 1)
0 (1—w)?

du =iAN1—=C)+ (—iA+1—2)p(—iA+2—2)
—(1=2)¥(2-2) (3.4.30)

if R(z) < 1.
We note that (3.4.30) can be extended to the case where, R(z) < 2, by the same

arguments used in the case « € (1,2), we only need to remark that the function
P : U — C defined by

Pz)=iX1=C)+ (—iAx+1—2)(—irx+2—2) — (1 = B)Y(2 — 2),
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is analytic in the disc Dy = {z € C : ||z|| < 2}. This implies that (3.4.30) is
true for all z € Dy, so in particular

I = G(B) = iXag + 1 - C) + (—iA+ 1 — B)(—iA + 2 — B) — (1 - B)v(2 - B),

where

1 —r —(1-3)z 1 —r o0 —r
B ze "L(l—e( 25 / T e / e *
ag = dx + et ———— —dr+ —dx,
’ / o (T—em) L d—e)

for all B < 2.
Finally by the same arguments used in the computation of I;, we obtain

Iy = —iXbs +1—C)+ (iIA+1=8)p(iA+2—8) — (1 —8)(2—6),

where

~ L xe *(1 — e’(lf‘s)“’) 1 [ e
bs :/ da:—l—/ efzida:—k/ —dux,
0 (1 —e )2 0 (1—e)2 1 (1—e™)

for all 6 < 2. Therefore from the form of I; and Iy we get
UL (\) = —iA (epg = e-bs + (e — e )(1-C))
—er((in 1= pu-int2-0) - (- Bz 9)
e ((i>\+ = §)b(ir+2—8) — (1—8)p(2 — 5)),

for all 8,6 < 2. [ |

Using the well known relationship between the Laplace and the characteristic
exponents, we obtain:

Corollary 3. Let X* be a Lamperti stable process with characteristics (., f, o, ).

i) Let a € (0,1) and suppose that X* is a Lamperti stable subordinator, then
its Laplace exponent is given by

o) = dA— c+r<a>(<A 1B ma), A>0,

where d > 0.

ii) Let a € (1,2) and suppose that X has no positive jumps then its Laplace
exponent is given by

Dp(2) = —0~)\+0_F(—a)<()\+1—6)a—(1—5)a>, A >0,

where 0 is given by (3.4.11).
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Remark 1. This Corollary has, as particular cases, the two recent results found
m:

i) Corollary 2, and Lemma 4, in [21], where the result is obtained by means
of the Lamperti transformation.

i1) Proposition 3.1 in [58], where the Laplace exponent is obtained using spe-

cial functions. The ideas in [58] as well as in [14], inspired parts of the
proof if Theorem 1, specifically the decomposition (8.4.21).

Now we turn our attention to another group of properties. Let H = (Hy,t >

0) be the increasing ladder height process of X (see chapter VI in [6]) and

H = (ﬁt,t > 0), its decreasing ladder height process. Denote by k and k for

the characteristic exponents of H and H , which are subordinators, and suppose

that X drifts to —oo and v2+(0,00) > 0. Under this hypothesis, the process

H is a killed subordinator and we denote by IIy for its Lévy measure. The

following result give us a relation between v/ and Il.

Proposition 12. Let X© be a Lamperti stable process with positive jumps and
characteristics (o, f) such that it drifts to —oo. Then, the tail of the Lévy
measure of H, its increasing ladder height process, belongs to Lt1=F) and

v (1, 00) ~ k(—i(a+ 1 — 8))IL(u, 00) as  u — o0o.

Proof: The proof follows directly from Proposition 5.3 in [42] and Proposition
4. ]

We finish this section with some properties of Lamperti stable processes with
no positive jumps.

Proposition 13. Let X% be a Lamperti_stable process with no positive jumps
and characteristics (o, 0,0,0), such that 0 =0 in (3.4.11). Then,

i) there exist 0o € (1,2) such that X, drifts to oo, oscillates or drifts to —oo
according as § € (—o0,dp), 6 = dg or § € (dg,x+1).

i) for § € (09, + 1), we have that there exist A > 0 such that

Py (SOLO > x) ~ /\—cke_)‘””7 as x — 09, (3.4.31)
where SL = SUP;>g XL, ¢ = —logPy(H, < ), k = Eo(Hi M1 Hy <
o0) and H is the increasing ladder height process.

iii) for § € (60, ¢+ 1), we have that there exist A > 0 such that
Py (I(XL) > x) ~ Kyx™* as x — oo, (3.4.32)

where Ky is a positive constant and

oo

I(XT) = /exp {XtL}dt.

0
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iv) the probability that the process X' has increase times is 1. 2

v) the process X satisfies the Spitzer’s condition at oo, i.e.

¢
1
lim - [ P(XF >0)ds=1/a as 2z — oo.

t—o0

0

vi) the process X T satisfies the following law of the iterated logarithm

lim sup Xi@y (1~ log|log]) =a *(1—-a)*! a.s (3.4.33)
20 log | log | o a

where q)zl denotes the right-continuous inverse of <I>Zl.

Proof. (i) We know that in this case a € (1,2), so from Corollary VII.2 in [6],
the process X drifts to 400, oscillates or drifts to —oo according as ® (0F)
is positive, zero or negative. Hence, from the Laplace exponent of X we
have, using the recursion formula for the Gamma and Digamma functions, the
following

1 (07) = c_T(=a) (1 +a — 8)a((1 — 3 + ) — (1 - 8)),

B 'l+a-9)

= C,F(—a)ir(?) =3

. ((2 -1 -)(WAl-0+a)—9Y(1-9))+3- 25),

= 9(9). (3.4.34)

We have from (3.4.34) that g(1) < 0, and ¢g(2) > 0. On the other hand, in the
interval (1,2), the function g is continuous and decreasing which implies that
there exist dy € (1,2) such that g(dg) = 0. Thus, we deduce that X% drifts to
00, oscillates or drifts to —oo according as d € (—00,dp), § = dp or § € (Jp, +1).
(i) Any Lévy process with no positive jumps which drifts to —co has the prop-
erty that its Laplace exponent has a strictly positive root. Hence for a Lamperti
stable process with no positive jumps and with § € (g, «+1), there exists A > 0
such that

EO(GXP{/\X1L}) =1,

i.e. that XL satisfies the Cramér condition. Thus, the main result in [7] gives
us the sharp estimate in (3.4.31).

(i71) First note that X’ is not arithmetic and that under our assumptions the
Cramér condition is satisfied for some A > 0. Hence from Lemma 4 in [63], we

?Recall that an instant ¢ > 0 is an increase time for a path w if for some € > 0,

wt) <w(®) <w(”) forall t € [t —e,t] and t” € [t,t + €].
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get the sharp estimate (3.4.32) for the exponential functional I(XT).
(iv) Here, we need the following estimate of the Pochhammer symbol (see for
instance [48]),

A+1=08)a~A" as A — oo. (3.4.35)

From Corollary VIL.9 and Proposition VIL10 in [6] we know that X has in-

crease times if
oo

/A‘?’(I)L()\)d)\ < o0,
which in our case is satisfied since from (3.4.35), we have
DA ~ceT(—a)\? as A — 00. (3.4.36)

(v) From (3.4.36), we see that @, is regularly varying at oo with index «. Hence,
the statement follows from Proposition VIL.6 in [6].

(vi) Since @y, is regularly varying at co with index «, we have that its right-
continuous inverse <I>£1 is regularly varying at co with index 1/« which cor-
responds to the Laplace exponent of the first passage time of X (which is a
subordinator). Therefore, from Theorem III.11 in [6] we deduce the law of the
iterated logarithm (3.4.33). O

3.5 Short and long time behaviour

Motivated by the works of Rosiiiski [67] and Houdré and Kawai [35], we study
the short and long time behavior of Lamperti stable processes. In particular, we
will show that this class of processes share with the tempered and layered stable
processes, the peculiarity that in short time they behave like stable processes.
The convergence in distribution of processes, considered in this section, is in
the functional sense, i.e. in the sense of the weak convergence of the laws of the
processes on the Skorokhod space and will be denoted by A,
Proposition 14. Let X be a Lamperti stable process with characteristics
(Oé, f7 g, O) and

0 ifa=1,
1
/ ga(dg)/ ref©Or(er — 1)~ g ifa e (0,1),
gd—1 0

o (ds) /oo rel©Or(er — )=t g ifa e (1,2).
5d-1 1

Na =

Then,
(h’”“(Xf?t = htna ), t > 0) 4 (Xt >0) as h—0,

where (X, t > 0) is a stable process of index c.
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Proof: The proof is similar to that of the short time behaviour of layered stable
process, since for each & € §4~1

ef(é)r(er _ 1)7(a+1) ~p D) ae e L.
Thus, we follow the proof of Theorem 3.1 in [35] with
q(&,r) = ef(é)T(eT _ 1)—(a+1)

and the desired result is obtained. |

Theorem 7. Let X} be a Lamperti stable process with characteristics («, f, o, 0)

and -
No = —/ §0(d§)/ ref O (er — 1)~ (@t gp,
sd-1 1

Then,
(h71/2 (XE, — htna),t > 0) 4 (Wit >0) as h— oo, (3.5.37)

where (Wy,t > 0) is a centered Brownian motion with covariance matriz

/ zx'vS (dx).
R§

Proof: According to a standard result on the convergence of processes with
independent increments due to Skorokhod (see for instance Theorem 15.17 of
Kallenberg [39]), the functional convergence (3.5.37) holds if and only if

h71/2(X;f7h17(,) iwl as h — oo.
Now, we introduce the following transform for positive measures, for any r > 0
(T,w)(B) =v(r~'B)  for B e B(RY).

Note that the random variable h='/2 X} is infinitely divisible and since it has
finite first moment, we may rewrite its characteristic exponent as follows;

Z'h/ <y7l’ﬂl{uxuzu(Th—l/sz?’f)(dx)*h/ <€i<y’m>*1*i<y,I>]I{|\x||g1})(Th—l/zV?’f)(dm)-
R¢ R

d
0

Hence, from Theorem 15.14 of Kallenberg [39] we only need to check the follow-
ing convergences as h increases:

a) h(Ty-1/2v27) converges vaguely towards 0 on IR,

b) for each k > 0, h/ zx (Ty—12v2 ) (dz) — [ za’v)(dz),
lzll<s R¢



3.5. SHORT AND LONG TIME BEHAVIOUR 67

¢) for each k > 0, h/ &(Ty-1/2v27) (dz) — 0.
llzll>k
We first prove (a) or equivalently

lim g(z)W(Tpy-1/2027)(dz) = 0 (3.5.38)

h— o0 ]Rg

for all bounded continuous functions g : IRg — IR vanishing in a neighborhood
of the origin. Let g be such a function satisfying that |g| < C, and that for some
§>0,g(x)=0on {z € R : ||z]| < 5}. Let v := supgega-1 f(§), then we have

\h [ @) (@G
Rg
< / o (de) / |g(re)|er M (et 1)=(ethgy
Sd—1 0

o) 1/2)3
[ otan | 1gre)| LD ot 2 o2yt gy,
Sd—1 Fy T

(3.5.39)

On the other hand, since v < a + 1 it follows

e’

lim r3 =0,

r—o0o (er _ 1)a+1
then for € > 0 sufficiently small, there exist M > 0 such that for all » > M

e @ (er —1)=(eF) < ¢

Since r > §, we may take h > (%)2 in (3.5.39) and obtain

<c [, o [ latoigar

<1
< —ar.
<eC s U(df)/é 3 dr

\h | 90) (T )

Note that the last integral in the right-hand side of the above inequality is finite
and therefore the convergence (3.5.38) follows.

Next, we prove part (b). First note that / |z||?v%7 (dz) is finite. This follows
R

0
by similar arguments as those used in proposition 1. This implies that the

integral / xx'v S (dz) is well defined. Now take k > 0 fixed, and note that
d

Rg

h zax! (Ty-1/2vF ) (dz) = / zx'veS (dz) — zx'v®) (dz),
{llzlI<k} {llzll<h'/2k} Rg
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as h goes to oo, which proves part (b).
Finally, we consider k > 0 and recall that v = supgcga—1 f(§), then

Hh/ ATy 22T (d2)
(el >k}
h1+1/2/ ¢o(de) /00 e TOR2 (2 ) ~(at D) g,
gd—1 k
gd—1 k

e—khl/z(a-i-l—'y) hk h1/2
( L ot

(L= et \a ¥ 1-7  (at1-7)
which goes to 0 as h — oo since v < o+ 1. This completes the proof. |

< (1 — ekh'?)=(at1)

Let us apply the above results to the special cases treated in the introduction.
In particular when we start with a stable process (X,P,),z > 0, of index
«, applying the result in short time behavior after various transformations we
return to this initial process. Recall that associated to the stable process three
Lévy processes are obtained via the Lamperti representation of pssMp: £*, €1, €4,
Then the normalization of any of them according to proposition 10, converges
weakly in the space of Skorokhod to the original stable process X, i.e.

X kill X LT XL normXifiX as h—0
kill DT LT d
XX = XSS X XES X as h— 0

where kill, LT, DT and norm means killing , the Lamperti representation of
pssMp, Doob-transform or conditioning, and normalization of a given process,
respectively. Moreover X is the conditioned process (to be positive or to hit
0 continuously), X* stands for any of the Lamperti stable processes ¢1, & and
¢*, and X} is the normalization of each of them given in proposition 10. In the
same spirit we could also write, using theorem 2,

kill LT norm d
XX 2SS XY XESW as h— oo,
kill DT LT d
X5 X 25 xC S XxEE XE S Woas b — oo,
where W is a centered brownian motion.

The final result of this section follows the line of reasoning of last remark
but uses additional tools that we shall briefly introduce. In [15] the convergence
in the Skorokhod space is studied in relation to the second Lamperti transfor-
mation (LT:), i.e. the one that transforms Lévy processes with no negative
jumps to continuous state branching processes. The problem of explosions is
difficult to handle in this metric so the authors consider another metric d., on
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the Skorohod space which given by
deo(f,9) = 1A Aéﬂ{n If =90 Ao VA= I

and where A, is the set of increasing homeomorphisms of [0,00) into itself.
According to the authors the convergence in this metric implies it in the usual
Skorohod metric. Two of the main results in [15] say that the Lamperti trans-
form LT5, is continuous with this new metric (proposition 4) and that a sequence
(Y*™) of stopped Lévy processes with no negative jumps converges in this new
metric towards Y, a stopped Lévy process when the sequence of the associated
Laplace exponents of (Y*™) converges towards the associated Laplace exponent
of Y (proposition 5). Therefore, a combination of the results mentioned above
and proposition 8 give us the following corollary.

Corollary 4. Let X and X be a stable proces of index o with no negative
Jumps and a Lamperti stable processes with no negative jumps with character-
istics (a, 3) which does mot drift towards +oo, respectively. Let Y, = LTo(X}F)
andY = LT5(X). Then

YhiY as h — 0.

3.6 Absolute continuity with respect to stable
processes

We showed that in small times a Lamperti-stable process behaves like a stable
process, now following Rosiniski [67] we will relate the law of both processes.
In other words, we will find a probability measure under which the law of a
Lamperti stable process with characteristics («, f, o) is the same that the law
of the short time limiting stable process with index a.

Theorem 8. Let P and Q be two probability measures on (Q,F) and such
that under P the canonical process (X¢,t > 0) is a Lamperti stable process
with characteristics («, f,0,a), while under Q it is a stable process with index
a with linear term b. Let (F;) be the canonical filtration, and assume that

f e LS4 1 B(S4 1), 0). Then

i) Plg, and Q|z, are mutually absolutely continuous for every t > 0 if and
only if

1
Sd*l 01
[ otde) [ r@ O~y e, a1,
gd—1 0
1
/ gg(dg)/ T(erf(é)(er _ 1)7(a+1) _7'7(&+1))d7"
gd—1

0 00
—/ 50((1{)/ =@t gp, ifa e (1,2).




3.6. ABSOLUTE CONTINUITY WITH RESPECT TO STABLE
PROCESSES 70

i1) For each t > 0,
d
E _ eUt’
dP | r,

where (Ug,t > 0) is a Lévy process defined on (Q, F, P) by

U; = lim Z [ eHAXs”f(AXS)(eHAXS” _ 1)—(a+1)||AXSHa+1>
T s€(0:AX, >}

— (e — H)({z eRe: |2 > e})}

In the above right hand side, the convergence holds P-a.s. uniformly in t
on every interval of positive length.

Proof: From Theorem 33.2 in Sato [70], we only need to verify that
/ (e¥®@)/2 _1)2I(dx) < oo,
R{

where ¢ : RS — IR is defined by

dvef
dII

In particular, we have ¢(r¢) = log (e"/®)(em — 1)~(@FDpatl)  Thus, we need
to check

[t N

By Taylor expansion and the Lagrange form for the residual, we have (e" —1) =
re™¥ where 6, € (0,1). This implies

(x) = e?(®),

h @+ N V2 77

or1(©) p(14a)

@ 1)(a+1) — e (f(©)=br(at1)) (3.6.41)
er —

Now, noting that f(§) — (a4 1) < f(&) — O.(a+ 1) < f(£), it follows
FUEO-F1)/2 _ | < r(HO-0,(a+1)/2 _ 1 < rf©)/2 _ 1,
and since f(§) <y = supgcga—1 f(§), we have

(eT(f(E)—(h(a-i-l))/? _ 1>2 < (er(f(f)—(a+1))/2 _ 1)2 y (erﬂs)/z _ 1)2 (3.6.42)

Using a Taylor expansion again and (3.6.42), it is clear that there exists a
constant R > 0 such that if » < R, then

2
(er(f(f)—gr(a-Fl))/Q _ 1) < K3(f2(€) + 1)r2, (3.6.43)
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where K3 is a positive constant. Hence from (3.6.41) and (3.6.43), it follows

that
B[/ arf©pva) \ V2 17 4
e T
R T
/Sd,l U(dg)/(; [((er _ 1)(a+1)> ] T1+a d’l“
R 7,.2
< Ky (o(57) + / 2 (e)de / T ar,
gd—1 0 T1+a

which is finite because a € (0,2) and f € L2(S91, B(S9"1),0). In the case
when r > R, we have

oo [/ erf(©p(+a) \ /2 2
d R 1 d
/Sd_la( f)/R [((er _ 1)(a+1)) 1 ita T
<4 ((1 — e_R>—(a+1)/ a(df)/ " (F(O—(e+1) gy 4 U(Sd_l)/ 11 dr)
Sd—1 R T o
[e.¢] fore) 1
< 4U(Sd_1) ((1 - e_R)—(a-i-l)/ er(r=(a+1) g +/ d?‘) :
R R 7’1“’04

which is also finite because v < a + 1. Therefore (3.6.40) follows.
The proof of the second statement of the Theorem follows directly from
Theorem 33.2 of Sato [70]. [

Here, we follow the same notation as in Theorem 3. Note that under the
conditions of Theorem 4.1 in [35], if R is another probability measure on (€2, F)
under which the canonical process X = (X;,t > 0) is a layered stable process,
we have that R|z, and Q|z, are mutually absolutely continuous for every ¢ > 0.
From our previous result, we obtain the corresponding result for Lamperti stable
processes, i.e. that R|z, and P|z, are mutually absolutely continuous for every
t > 0. Similar result holds for the tempered stable processes, see Theorem 4.1
in [67].

3.7 Series representations of Lamperti stable pro-
cess

In this section, we establish a series representation for Lamperti stable pro-
cesses which allow us to generate some of their sample paths. To this end,
we will use the LePage’s method found in [49]. We first introduce the follow-
ing sequences of mutually independent random variables defined in [0,7]. Let
{T'i}i>1 be a sequence of of partial sums of iid standard exponential random
variables, {U;};>1 be a sequence of uniform random variables on [0, 7], and let
{Vi}i>1 be a sequence of iid random variables in S 4=1 with common distribution
o(d¢)/o(S91). In order to use the LePage’s method, we consider the following
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function 671 : (0,00) x S9! — IR, given by

p N (u, &) = inf {a: >0: p([x,),§) < u},

where
oo

p([z, 00),€) =/ e/ O (er — 1)~ (et gy,

x

Now, let {¢;}i>1 be a sequence of constants defined as follows,

Ci:/ E(pil(S/TaVl)Vll{pfl(s/T,V1)§1}>ds-
i1

Then from Theorem 5.1 in [68], the process
> (P (T4/T, Vi) Vilgy, <y — Cz‘f),t €0,17],
i=1

converges uniformly a.s. towards a Lamperti stable process with characteristics
(o, f,0) and linear term 6 = 0 (in the Lévy-Khintchine formula). In particular
when f(£) = 1, we have that

pH(u,€) = In(1+ (au) V),

hence the series representation for a Lamperti stable Lévy process X with
characteristics («, 1), is as follows

L d 00 ol -1/« ¢
XEEY [ m{1+ T Viliy,<yy — e

i=1

where

i -1/«
as
¢ =EB(V1) / 8 <1 i (T) )I{ln<1+<asT1>1/a><1}dS'
i—1

Let us observe below some sample paths of this particular Lamperti stable pro-
cess generated via the series representation.

3.8 Associated processes and examples

Here, we are interested in study some related processes to Lamperti stable dis-
tributions (or processes) and give some examples of Lamperti stable processes
which appear in the literature but they are not the main objects in study. In par-
ticular, we study the Ornstein-Uhlenbeck process and the self-similar additive
process related to a Lamperti stable distribution in the case when the latter is
self-decomposable. We also investigate the parent process of a Lamperti stable
subordinator.
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Figure 3.2: a =15, f =1, 0(1) =o(-1) = 1.
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Figure 3.3: a=1, f=1,0(1) =o(-1) = 1.
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Figure 3.4: a =0.5, f =1
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Figure 3.5: a =15, f =1, 0(1) =0, o(-1) = 1.
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3.8.1 Ornstein-Uhlenbeck type processes and self-simlar
additive processes

Ornstein-Uhlenbeck type processes appear in many areas of science, for instance

in physics, biology and mathematical finance. One of the particularity of these

processes is that its limiting distribution is self-decomposable. Recall that a

random variable Y on IRY, distributed as a Lamperti stable law with charac-

teristics (a, f, o) is self-decomposable if and only if f < a + 1/2. Therefore,

according to Wolfe [77] and Jurek and Vervaat [38], there exists a Lévy process
Z = (Z;,t > 0) on IR, with Eg(log™" | Z1|) < oo such that

Ylg)]::/ e~ “dZs,
0

where ¢ > 0. Consequently, one can define an Ornstein-Uhlenbeck type process
driven by Z with initial state Uy and parameter ¢ > 0, that is the solution of

t
Ut:U(]‘i’Zt*C/ USdS,
0
and such that the law of U; converge towards the law of Y as ¢ goes to co. From

Theorem 17.5 in [70], we have that the process Z has no Gaussian component,
its Lévy measure is given by

M(B) = —c /S o(de) / Ls(rOh(r.O)dr, B e BRY),
d—1 0
where
e (©)
(er_]_)aJrZ

U:C’I]f/ iHz(d:r).
Qel>1y 1]l

In the one dimensional case, the form of the Lévy measure of Z is reduced to

h(r) = (re"(F(©) —a = 1) + e = rf(e) — 1);

and linear term

Bz
Hz(dl’) = C(C"’_(eajil)aﬁ (1‘5 +1-— 61 + xem(oz +1-— 6)) ]I{$>0}
e rr
- C_W (mp —14+e " +xze " (a+1- p)) ][{m<0}>dx,
where 8 = f(1), p = f(-1), ¢y = 0({1}) and c— = o({—1}), as usual. In this
case, we have another process which is related to the Lamperti stable distribu-
tion Y, to Z and to the Ornstein-Uhlenbeck type process U. To this end, recall
that in Theorem 16.1 of [70], it is showed that a distribution is self-decomposable
if and only if for any fixed H > 0, it is the distribution of V; for some additive
process V = (V;, ¢ > 0) which is self-similar, meaning that for each k& > 0

(Vi t > 0) 2 (kHVt,t > 0).
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We remark that self-similar additive processes can be used to model space-time
scaling random phenomena that can be observed in many areas of science. In
particular, they are recently used to model asset prices and the risk-neutral
process (see for instance [18]) in financial mathematics.

Assume that V is the self-similar additive process associated to I, in which
case V] has the same law I, and that H = ¢. From Theorem 1 in [37], there
are two independent copies of Z denoted by Z(-) = (Zt(_),t > 0) and Z(H) =

(Zt(+)7t > 0) which are defined by

zi7) / P e / © AV
e 1

s Y rY

The process V' can be recovered by

/ ectdz”)  ifo<r<i,
log(l/'r‘l)

Ve =
og(r) )
Y +/ e“'dz, it 7 >1,
0

and moreover (Ut(Jr) = e V,,t > 0) is the Ornstein-Uhlenbeck process driven
by Z(t) with initial state I and parameter ¢; and (Ut(_) = eV, t > 0) is the
Ornstein-Uhlenbeck process driven by —Z(~) with initial state I and parameter
—c.

3.8.2 Parent process

Motivated in generating new examples of scale functions, Kyprianou and Rivero
[44] constructed Lévy processes with no positive jumps around a given possibly
killed subordinator which plays the role of the descending ladder height process.
One of our aims is to determine the characteristics of the Lévy process with no
positive jumps whose descending ladder height process is a Lamperti stable
subordinator.

Let X© be a Lamperti stable subordinator with characteristics (a, 3, o, )
with zero drift and no killing rate. Since the density of its Lévy measure is
decreasing, then according to Theorem 1 in [44], there is XTL = (XL t > 0),
a Lévy process with no positive jumps that we call the parent process of X'
whose Laplace exponent is given by

Ypr(\) = AL (), for A>0,

where ®; is the Laplace exponent of X%. Moreover, the process X% has no
Gaussian coefficient, its Lévy measure is given by
e P

(e—x _ 1)a+2

b= / l‘HpL(d.Z‘).
(70011)

Mpp(dz) = et ((a +1—-p)e ™+ ﬂ)dx for z<0,

and with linear term
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Note that XTZ oscillates or drifts to oo according to whether ®,(0) is equal
zero or strictly positive. From the form of its Lévy measure, we deduce that
XPL is the sum of two Lamperti stable processes with no positive jumps X'
and X? with characteristics (o + 1,8 + 1,01,b1) and (o + 1, 8,02, bs), where

o1({1}) = 02({1}) =0,
o1({=1}) = cy(a+1-p5), o2({=1}) = c4 3,
b = /(_ . oIl (dx) — agya, by = /_OO o allz(dz) — ag,

and II; and II, are the respective Lévy measures of X' and X2. On the other
hand, the binomial expansion give us

[ee] Bx
& 4, —z(atl-p) (@4 Dnla=B)n _py
/w = dz=e Z Aat1-0), e ", (3.8.44)

which is clearly log-convex on (0,00) since it is completely monotone. Hence
according to Theorem in 2 [44], there is a subordinator X*¥ with Laplace
exponent ®7 such that

A

IR R

for A>0.

Moreover the subordinator X** has no drift and no killing term and the scale
function of the parent process X’ is determined by

W(z) = / "I (. 00 dy,

where 1T is the Lévy measure of X*£. Note that for 3 = 1, we have that

(07

)= F(a)l(1-a) A=em,  for y>0,

I, (y, o0
but for § # 1 we do not have an explicit form for II7 .

The Example 2 in [44] is related to the Lamperti stable subordinators con-
sidered above but with a given killing rate. Let us explain in detail such example
in terms of Lamperti stable processes. Take XX ¥ to be a Lamperti stable sub-
ordinator with characteristics («, 8, 0,6) with zero drift and killing rate given

by
ciT(=a)I(1 = B+ «)
INCEC) '

According to Kyprianou and Rivero [44], there is a subordinator, here now
denoted by Y with no drift, no killing rate and Lévy measure given by

K =

(a—1-B)z
Iy (dz) = m <(a —Ble~(@=Pz(gr 1)1 4 (2 - a)(eex_l)Q_a)dx,
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which is the sum of two subordinators, one of which is a Lamperti stable with
characteristics (1 — a, 8+ 1 — «, 0y), where

2-a)

oy({1}) = T2 (1—a) and oy({-1}) =0.

Moreover, the Laplace exponent of the subordinator Y satisfies that

A
oy (A\) = ——, for A>0.
or(N)
From the form of IIy, we have the restriction that 5 < 1. Thus, his parent
process Y, a spectrally negative Lévy process, has Laplace exponent

NT(1—-B+))

%”“):ru—ﬂ+A+ay

which has no Gaussian component and its Lévy measure satisfies

My r(—o00,y) = ly(dy)/dy.

According to Kyprianou and Rivero and by (3.8.44), its associated scale function
is given by

OZ + 1 /6)71 —(a+2—pB+n)x
Wyr(z) =—-Kz+ +Z n'a—i—Q—ﬁ) (176 ), x> 0.

Now Y** the parent process of the Lamperti subordinator X% with killing
rate K, is a spectrally Levy process which drifts to oo, with Laplace exponent

et I'(—a)AT'(A+1 -8+ «)
(A +1-5) ’

which has no Gaussian coeflicient and whose Lévy measure satisfies

Pyr(A) =

HYP,*(dZ') = l_IpL(d:L')7 z <0,

with linear term
b:/ IHPL(dCC)fK,
(—o0,1)

and the associated scale function is given by

1 T
* — —(a=B)y(,y _ 1)a—1
W*(x) e —a) /0 e (e — 1) dy.

As the process XL Y*F may be seen as the sum of two Lamperti stable process
with no positive jumps Y! and Y2 with characteristics («+1,3+1,01,b1 — K)
and (a+ 1,3, 09,bs), where 01,02,b; and be are defined as above.

It is important to note that the above example have been recently used for
the risk neutral stock price model by Eberlein and Madan [28].
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3.9 Examples

Examples of Lamperti stable processes appear in the literature at least in the
papers mentioned in the introduction ([14, 21, 45, 58]) but they also appear (in
a hidden way) in many other recent works. We will give a quick overview of
some of them, not pretending to be exhaustive in this list.
In [8], we find two examples related to the factorization
e e“r “

where e is an exponential variable independent of the a-stable variable 7. The
first of them is related with the exponential functional of a killed subordinator
Z1 whose Laplace exponent is given by

I'(ax+1)

91N = Tla(A—1)+1)

It is easy to see that it is related to the Laplace exponent ®; of a Lamperti
stable subordinator X with characteristics (c, o, o, 0), zero drift, and o({1}) =
a/T'(1 — «). The relationship between both Laplace exponents is

1

$1(A) = Pr(aN) + Ti—a)
This subordinator is also studied in Rivero [64], where the author finds its
renewal density and other related computations.

The Laplace exponent of the second subordinator, here denoted by Z2, is
given by
MlaA—1)+1)

FlaA+1)

and can be expressed in terms of the Laplace exponent ®r o of a Lamperti
stable subordinator X2 with characteristics (1—a, 1, 0, 6), and zero drift where
o({1}) = a/T(1 — «). The relation between them is

P2(A) = A

¢2(>\) = OZ(I>L72(OZ>\).

In both cases this allows us to compute the law of the exponential functional
of aX’ and aX’? in terms of the one of Z! and Z?2, respectively.
There is another example in [8] which is related to the factorization

e e T,

where s > «, 75 is a Gamma r.v. with parameter s and JS(W) denotes a certain
r.v which is independent of 5. In this case, the killed subordinator related
to the exponential functional which has the same moments as the 4, can be
expressed as the sum of two independent Lamperti stable procesess. In [64]
further calculation are carried over concerning this subordinator.
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In the paper [71] in section 5.3, the authors found the Lévy measure of the
inverse of the local time at 0 of an Ornstein Uhlenbeck process driven by a
standard Brownian motion and parameter v > 0. This measure is

,_Y3/2€'yt/2 (2,}/)3/26271&

v(t) = V2r(sinh(1))3/2  2m(e2rt — 1)3/2

and the corresponding Laplace exponent is computed. It is related to a Lamperti
stable distribution with characteristics (1/2,1,/7v/7).

This computation as well as the three former examples can be carried out
by recognizing that behind those measures there is a related Lamperti stable
distribution and applying our Theorem 1 to calculate the corresponding Laplace
exponent.

In the papers [21] , [45], [58] the main processes in study are Lamperti
stable processes. All these papers share the property that many useful explicit
calculations are be carried out. This is, we believe, the main advantage of
this class: being at the same time a good model for many situations, allowing
simulation of the paths as well as many explict calculation to be carried on.




Chapter 4

Explicit identities for Lévy
processes associated to
symmetric stable processes

4.1 Introduction and preliminaries

Let Z = (Z; = {Zt(l), . Zt(d)}ﬂf > 0) be a symmetric stable Lévy process of
index a € (0,2) in IR? (d > 1), that is, a process with stationary independent
increments, its sample paths are cadlag and

Eo(exp{i <\, Z; >}) = exp{—t||A[|*},

for all t > 0 and A € IRY. Here P, denotes the law of the process Z initiated
from z € IR and < -,- > the Euclidean inner product.
The process Z*) = (Zt(k),t > 0) will be called the k-th coordinate process of Z.
Of course, Z¥) is a real symmetric stable process whose characteristic exponent
is given by

]E()(exp {wzf’“}) = exp{—t[0]°},

for all t > 0 and 0 € IR.
Recall that Z is transient for o < d, that is

lim || Z:]] = o0 a.s.,
t—o0
and it oscillates otherwise, i.e. for a € [1,2) and d = 1, we have

limsup Z; = liminf Z; = oo a.s.
t—o0o

t—o0
When d > 2, we have that single points are polar, i.e. for every =,y € R?

P.(Z; =z for some t > 0) = 0.

82
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In the one-dimesional case, points are polar for @ € (0,1] and when « € (1,2)
the process Z makes infinitely many jumps across a point, say x, before the first
hitting time at x.
Since Z is isotropic and satisfies the scaling property with index «, i.e. for
every b > 0
The law of (bZy-ay, t > 0) under Py, is Py, (4.1.1)

the radial process R = (Ry,t > 0) defined by R; = ||Z¢||, is a positive self-
similar Markov process with index a. The fact that the radial process satisfies
the scaling property follows from (4.1.1) and that it is a Markov process is
explained in Millar [53]. According to Millar [53] the process R hits points if
and only if the process Z(!) hits points. This occurs when a € (1,2) as it was
stated above. In what follows, we assume that the process Z is transient which
implies that the radial process drifts to +oo.

Recall that positive self-similar Markov processes (X, Q,), > 0, are strong
Markov processes with cadlag paths, which fulfill a scaling property. We shall
refer to these processes as pssMp. Well-known examples of this kind of processes
are: Bessel processes, stable subordinators, stable processes conditioned to stay
positive, etc.

According to Lamperti [46], any pssMp up to its first hitting time of 0 may
be expressed as the exponential of a Lévy process, time changed by the inverse
of its exponential functional. More formally, let (X, Q) be a pssMp with index
B > 0, starting from = > 0, set

S =inf{t >0: X; =0}
and write the canonical process X in the following form:
Xy = wexp {& (a0 } 0<t<S, (4.1.2)

where for t < S,

7(t) = inf{s >0: /Sexp{ﬂfu}du > t} .
0

Then under Q,, £ = (&, t > 0) is a Lévy process started from 0 whose law does
not depend on x > 0 and such that:

(1) if Qz(S = +00) = 1, then £ has an infinite lifetime and limsup & = +oo,
t—+o0
P.-a.s.,
(i) if Qz(S < 400, X(S—) = 0) = 1, then ¢ has an infinite lifetime and

lim & = —o0, Py-a.s.,
t—oo

(797) if Qux(S < 400, X(S—) > 0) = 1, then ¢ is killed at an independent
exponentially distributed random time with parameter A > 0.
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As mentioned in [46], the probabilities Q, (S = +00), Q,(S < 400, X(S—) =0)
and Q(S < 400, X(S—) > 0) are 0 or 1 independently of z, so that the three
classes presented above are exhaustive. Moreover, for any ¢t < fooo exp{ 3¢} ds,

zPt d
T(t) = /0 ﬁ , Qp —as.

Therefore (4.1.2) is invertible and yields a one-to-one relation between the class
of pssMp’s killed at time S and the one of Lévy processes.

Another important result of Lamperti [46] provides the explicit form of the
generator of any PSSMP (X, Q,) in terms of its underlying Lévy process. Let £
be the underlying Lévy process associated to (X,Qy) via (4.1.2) and denote by
L and M for their respective infinitesimal generators. Let D, be the domain
of the generator £ and recall that it contains all the functions with continuous
second derivatives on [—o0, o0], and that if f is such a function then £ acts as
follows for « € IR, where ¢ € IR and ¢ > 0:

2

£1(@) = ')+ ")+ [ (et 9) = F@) = £ @) ) - bfa).
The measure II(dx) is the so-called Lévy measure of £, which satisfies
M{0}) =0  and / (1 A |2?)TI(de) < oc.
R

The function ¢(-) is a bounded Borel function such that ¢(y) ~ y as y — 0. The
positive constant b represents the killing rate of £ (b=0 if £ has infinite lifetime).
Lamperti establishes the following result in [46].

Theorem 9. If g is such that g, yg' and y*g" are continuous on [0, 0], then

they belong to the domain, Dy, of the infinitesimal generator of (X, Q,), which
acts as follows fory >0

Mg(y) = 1" Pg' () + 1> 29" () — by " g(y)
) " (9lyu) - 9(y) - g’ ()08 W) G (du),

where G(du) = II(du) o logu, for uw > 0. This expression determines the law of
the process (X;,0 <t <T) under Q,.

4.2 The underlying Lévy process of R

In this section, we compute the characteristics of the underlying Lévy process
in the Lamperti representation (4.1.2) of the radial process R, here denoted by
£.

To this end, it will be useful to invoke the expression of Z as a subordi-
nated Brownian motion. More precisely, let B = (By,t > 0) be a d-dimensional
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Brownian motion initiated from z € IR? and let o = (o, > 0) be an inde-
pendent stable subordinator with index «/2 initiated from 0. Then the process
(Bas,,t > 0) is a standard symmetric a-stable process.

Let us define the so-called Pochhammer symbol by

r
(2)a = (;(—:)a), for zeC,
and the Gauss’s hypergeometric function by
o ek @)
Qfl(a,b70,2) —kz:oz W, fOr ||Z|| <].7

where a,b,c > 0.

Theorem 10. If f : Ry — R is such that f € C2(Ry). Hence the infinitesimal
generator of R = (Ry,t > 0), denoted by M, acts as follows for a > 0,

ca oz [T (o - @) - o))

d—1 2
p - 2p
F d
X (14 p2)otd/2 <(1+p2> ) Ps

F(2) = o Fi((a+d) /4, (a+d)/4+1/2;d/2; 2) for ze€(-1,1), (4.2.3)

Mf(a) =

where

and o1 is the Gauss’s hypergeometric function. The function l is given by

_ Y 1—d 2y\atd/2—1
I(y) = WB( (1 + e2) 271 ().

Proof. From Theorem 32.1 in [70] and the above remark, the infinitesimal gen-
erator M of R = (Ry,t > 0) is given as follows

Mf= /0 TPt - Fplds),

where
204/2—1(1

ds) = ————

Plds) = = ar)

is the Lévy measure of 20, P is the semi-group of the d-dimensional Bessel
process and f is in the domain of the infinitesimal generator of (P, ¢ > 0).

Let € R? and f be as in the statement. Recall that according to [61] for
a = |z| > 0, the semi-group for the d-dimensional Bessel process satisfies

st = [Tan (5" S (<55 ) e () 101

sTUTDLL L oyds,
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where I;/5_; is the modified Bessel function of index d/2 — 1.
Therefore putting the pieces together, it follows

9a/2— Ly _
Mf@) = iy [ dor ) - F@)an)
> ds a® + p? ap
< sua/gexp(— il ) s (7).

0 (/2) 2k+d/2 1

Taja—( Z B
2 T(d/2+ Wk

Recall that

this implies
i a? + p? ap g—2—a/2
/ dsexp< 2s >Id/2 1(23) !
2k+d/2 11 g2-a/2 a? + p?
—Z_:/ k!F(d/QJrk)eXp(_ 2 )
- —2k—(a+d)/2
_ Z( )2k+d/2—1 l 1 a? +p2 S /OO dz 2k +(etd)/2=1 —=
i KIT(d/2+k) \ 2 o

R ) ap  \** T(2k+ (a+d)/2)
= 2% (a2+p)a+d/2z( a? + p? )) T'(k+1DI(d/2+k)

(4.2.4)

Next, we consider the following property of the Gamma function
[(2z) = (2m)" Y2227 120 ()0 (2 + 1/2),
and we deduce
T(2k + (a4 d)/2) = (2r)"1/222kH@4D/ 2212 () (o + d) /AT (k + (o + d) /4 + 1/2)

= (2m) " 1/292kHFD2T2D (o 4 d) /AT ((or + d) /4 + 1/2)
x ((a+d)/4)r((a+d)/4+1/2),

where (2), = I'(z + n)/T'(z). Therefore using the above identity, we see that
(4.2.4) is equal to

2024 (ap)"* 1 T((0 £ )/2) § (( 2ap )) (o + )[40+ d)/4 +1/2)
(a®+p2)etdz T(d/2) =\ \a?+p? (d/2) k! ’

where the series from above is the Gauss’s hypergeometric function

+p

W Fy ((a+d)/4 (a+d)/4+1/2;d/2; (2“92> ) (4.2.5)
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For simplicity, we use the notation established in (4.2.3). Finally, we see that
the infinitesimal generator M satisfies the following identity

Pal((at df2) [ 0 )~ 1@) of( 20
MI) = 5 e, " e << ) ) v

2% o [ Pt 20 \?
=t gy e [ (100) = @) s (( 1+p2) )dp.

(4.2.6)
Now let us consider the following integral
| (( Zp )) L. (p)dp, (12,7
o l4log®pl+p? 1+ p? ‘
where for e > 0, Ac ={p>0: 1; < p <1+ e}. Now we will check that the

integral in (4.2.7) is equal zero, to this end consider the following
* dogp da(p)~(( 20 \\, _[' _logp 1a(p)a(( 20 \°
2 xd 2 dp = 2 2 I 2 dp
o l+log“pl+p 1+p 1/14e L+logmpl+p L+p

< 1 _ 2 2
:/ o8r Ae(p2)F ( P 2) dp.
11 +10g P 1 +p 1 +p
(4.2.8)

So making p’ = p~! in the first integral of (4.2.8) we obtain
2
/1 logp  1a.(p) 5 ( 2p ) J
114¢ 1 +1log® p 1+ p? 1+ p?
I+e o N 29 2
:_/ o8/ AE(p/2)F ( p/2> dy,

1 1+log”p 1+p 1+p

so using the above expression in (4.2.8) we have that

< logp 1 2p 2
F 1 dp=0.
/0 L+1log”p1+p? ((1+p2> ) 4. (pde

Now if we add the integral in (4.2.7) to (4.2.6) we obtain the following
200(d/2)asa ., [ pd—1 _ 20 \?
= —::-"— @ — F d
Mf(a) T(1—a/2) a /() (f(pa) — f(a)) (1+ p2)atd)/2 1+ p? P

aldfDap o [T P (2 Y
Al f(“”<1+p2><a+d>/2F<(1+p2>)
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logp 1ap) ~(( 20 \*\,
- 1+10g2p(1+p2)F<<1+p2> )f(a)]dp

_ 2aldfDayy o 7 oy logp (L4 p)etd ,
= Ta—a)® /0 (f(pa) f(a) o e 1A€(p)f(a)>

d—1 2
P = 2p
oo ((sz) )d”

C2%(d/2)ayr o [ , pi1 - 2 \2
= Wa /o (f(pa) = fla) = f (a)l(logp))mF ((H—p2> ) dp,

(4.2.9)
where the function ! in (4.2.9) is given by
_ Y 1—d 2y\atd/2—1
O

Let us remark that the function ! in (4.2.10) satisfies the following:
e It is a bounded Borel function.
e And also that I(y) ~y as y — 0.

From (4.2.9) we obtain the infinitesimal generator of a pssMp in the form sug-
gested by Lamperti’s result recalled Theorem 1:

290(d/2) 0 /o ud=1 _ u >
Gldu) = ra- a/2/) 1+ u2)(a+d>/2F ((1 + u2> ) du. (42.11)

Finally to obtain the characteristics of the Lévy process & = (&, ¢ > 0) associated
to R = (R, t > 0) by the Lamperti transformation, from Theorem 1

II(du) = G(du) o e*,
so using (4.2.11) we obtain
2290(d/2 (d—1)u B 2u
a(d/2)a, e PYERL "
F(l _ Oé/2) (1 + e?u)(a—‘,—d)/Q (€2u + 1)2

2%(d/2)a/2 edu ARy
F(l _ 04/2) (1 + eQu)(aer)/Q (62u + 1)2 u.

II(du) = e"

(4.2.12)

And finally we note that according to [46] the lineal term p is given by

2%a(d/2) a2 edu _ 4e*
H= 7”1 “a/2) /R(ul{\ulgl} —l(u)) (1+ e2u)(a+d)/2F ((eQu + 1)2) du.
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So the characteristic function of &; is the following:

Elexp{ir&}] = exp {i,ut + t/R (ei)‘“ —1—idulqjy<i1y) H(du)}. (4.2.13)

The above computations give us the following corollary:

Corollary 5. Let & the Lévy process in the Lamperti representation (4.1.2) of
the radial process R. The infinitesimal generator A, of &, with domain D4 is
given

Af@) = [ (Fa+ )~ f@) - £ @),
R
for any f € D4 and x € IR, where
ety — 4e?Y
(dy) = 1 +€2y)(a+d)/2F <(62y + 1)2) dy.

FEquivalently, the characteristic exponent of & is given by

W(N) = iXb+ /

(1 — e 4 i)\y]I{|y‘<1})H(dy),
R

where

e = 4e?y
b= /]R (K(y) - yll{mgl}) T e2y)(a+d)/2F ((e2y - 1)2> dy.

We finish this section with a remarkable result on the decomposition of the
Lévy measure of the process £ when the dimension is d = 1. Such decomposition
describes the structure of £ in terms of two independent Lévy processes, each
with different types of path behaviour. Recall in this case that the symmetric
stable process Z is of bounded variation and so its radial part R and the Lévy
process &. Hence, the characteristic exponent of £ is given by

Elexp{iXé;}] = exp {z’d)\t +t /]R (e —1) H(du)}. (4.2.14)

Proposition 15. Let us consider that d = 1, then we have the following de-
composition for the process £:

eE¢ v

where €' = (¢}, > 0) is a Lamperti stable Lévy process, and £2 = (£2,t > 0) is
a compound Poisson process independent of €.
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Proof. For x € [0,1) the hypergeometric function in (4.2.5) takes the following
form

2F1 ((a+1)/4, (a+1)/44+1/2;1/2; 2%) Z or (@ +1)/Di((a+1)/4+1/2)y

kN1/2)k
B I'(1/2) i o I( a+1)/4+k:) I((al)/4+1/2+k)
T T((a+1)/A+1/2)T a—|—1 )4 =" T(k+1) T(k+1/2)
_ I'(1/2) o~ o 227D (o 4 1) /2 + 2k)
- T((a+1)/4+1/2)T a+1 )/4) kzox 21/2-2k—1T(2k + 1)
21/2=2/21(1/2) (@+1)/2+k) I(( a+1)/2+k)
= 2n)/221 @ DR ((a § 1)/2) 2 <Z . T(1+ k) +Z; i Vi )
1 a+ /2 = a+1)/2)
L
1( ) ~(atD/2 | (1+g;)—<a+1)/2). (4.2.15)

Now using (4.2.15) in (4.2.12) we obtain that the Lévy measure of the process
& when d =1 is given by

207 10(1/2),, Y 9y ~latl)/2 9py 1\ ~(at1)/2
II(dy) = 02 - ((1—6 ) +<1+6) dy

F(]. — a/2) (1 + 621/)(a+1)/2 e2y +1 e2y +1
a—1
— Mey (Jev — 1)+

Ir'(l—a/2)
= II; (dy) + a(dy),

+(eV +1)**1) dy

where II; and II; are given respectively by

27 (1/2) 02 eY e¥

I (dy) = I(1-a/2) ((ey — 1)atl Liy>oy + (1 — ev)atl 1{y<0}) dy
297 10(1/2),, ey

Ly (dy) = (1/2)ay2

T(1—a/2) (v 4 DoV

So using (4.2.14) we obtain that the characteristic function of the Lévy process
¢ at time t > 0 is:

E[e] = exp {id)\t +1 /R (e —1) H(dy)}
= exp {id)\t + 15/]R (ei’\y -1) Hl(dy)}
X exp {Ml/z)o‘ﬂct/ﬂg(ei’\y - 1)H2(dy)}

(1 —a/2)
= Ble) B[],
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where

ey d
B /R (e¥ + 1)at1 Y-

So we can conclude that for each t > 0, & = &} + 2. Where ¢! = (£}, > 0) is
a Lamperti stable process with Lévy measure I given by

297 a(1/2) 02 eY ev
I (dy) = T(l-a/2) <(6y —1)atl Liy>o0y + (1€y)a+11{y<0}> dy.

On the other hand using that
c= / V(e + 1)~ dy < oo,
R

the Lévy process &2 = (€2, > 0) is a compound Poisson process independent
of &' with rate
' 2a—1a(1/2)a/20
ra—«w/2)

and jump distribution

Iy (dy) = cfley(ey — 1)7(a+1)dy.

4.3 Entrance laws for the process ¢: Intervals

In this section, we study the probability that the Lévy process £ makes its first
exit from an interval. In particular, we obtain some explicit identities for the
one-sided exit problems.

In what follows, P will be a reference probability measure on D (the Sko-
rokhod space of IR-valued cadlag paths) under which £ is the Lévy process
described in Corollary 1 starting from 0. For any y € R let

T =inf{t >0:& >y} and T, =inf{t > 0:& <y},
and for any y > 0 let
of =inf{t >0: R, >y} and o, =inf{t >0: R, <y}.

Lemma 1. Fizx —0co < v < 0 < u < oco. Suppose that A is any interval in
[u,00) and B is any interval in (—oo,v]. Then,

P(fT;r (S A,T:_ < OO) = PQU(RUJQL S €A;0'2; < OO)

and

p(gTv, €B;T, < oo) :Pm(Rg; IS eB;o;, < oo),

where x satisfies that ||z|| = 1.
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The proof is a straightforward consequence of the Lamperti representation
and is left as an exercise. Although somewhat obvious, this lemma indicates
that for the process £, we need to understand how the radial process R exit a
positive interval around = > 0. Fortunately this is possible thanks to a result of
Blumenthal et al. [9] who established the following for the symmetric c-stable
process Z.

Define,

d . (0% — —
.2 = w0 (D sin () 1= ol = 0Py = 21

Theorem 11 (Blumenthal et al. [9]). Suppose that o < d and that (Z,P,) is
an symmetric a-stable process with values in R, initiated from x. For lyl| <1
and ||z|]| > 1, we have

P, (ZU;r €dzof < oo) = f(y, z)d=. (4.3.16)
Similarly for ||y|| > 1 and ||z]] < 1, we have
P, (ZU; €dz;o; < oo) = f(y,z)dz. (4.3.17)

The one-side exit problem for £ can be obtained from Lemma 1 and Theorem
3 as follows.

Proposition 16. Fiz 0 >0 and u >0

P (&ry —u e do, T < oo)

2
= Zsin %(1 — e 2u)/2 (20 _ 1) T/ 2pd(ut0) (200+w) _1)~lgg  (4.3.18)

™

Proof. Let us recall that the process £ is a Lévy process associates to the process
R = |Z|, where Z is an a symmetric stable process in R9,

First we recall the following property that can be found in [21], fix 0 < u < o0,
and suppose that A is any interval in [u, c0), then

P (fTJ €ATH < oo) =P (Xa+u cetiol < oo) . (4.3.19)

On the other hand since Z is isotropic and satisfies the scaling property it easy
to see that for each b > 0, and any set B € B(R), that

P,(b~%0; € B) = P, (0] € B).
This in turn implies that

Puy(1Z,+] € dy;of < o0) = Pz(b‘1|ZUb+| € dy; o, < 00). (4.3.20)
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Then using (4.3.20) we have the following

Py(|Z,+ | € [ e" T 00u < 00) = Pi(e™"|Z,+ | € [1,€];00. < o0)

= Pe—u(|Zo_1}—‘ € [1,60];@' < 00),

Now fix x € R? such that |z| = e™*, and set wy = 27%/?T'(d/2)~"; then using
(4.3.16) and the Poisson formula in R¢, we have

P, <|Zal+| € 1,e;0f < oo)
d
- / (/2D () sin T [1 — [2f2[272[1 — |y [ ~2]a — y|~*dy
1< |y <e? 2 2

d
=@ Qs T [ ey
2 2 1<|y|<e?

0
d T ¢ rd=1
— ——(d/2+1) : _ o —2u\a/2
= = (/2D (2) sin 7(1 e ) /1 dri(rz —1)ar
T o d—2
sin®" < 0

df 4.3.21

x /0 (r2 + |z|2 — 2r|z| cos §)4/2 ( )

On the other hand, from formula 3.665 in [33] we get for r > 1

" 0 sin? "% ¢ _ 2-d; 2 -1
0 d (r2 + |z|2 — 2r|x| cos §)2/2 war™(r” — |z[7) (4.3.22)

So using (4.3.22) in (4.3.21) we obtain

PJ; (|Z,71+| c [1,60};0'?_ < OO) — W*(d/2+1)1“ <(2i) sin %wd(l _ e*Qu)a/Q

6

X /169 drr(r? — 1)_0‘/2(7“2 — |zt
- %Sin%(l _ e2uya/2 /1 drr(r? — 1)=%/2(r2 — ¢=20)=1 (4.3.23)
So using (4.3.19), (4.3.20), and (4.3.23) we conclude that
P (ij <u+6;T < oo) =P (|Zaju| € e, e )0k, < oo)
=P, (|Z0;r| € [1,e%;0f < oo)
_ 2 ma ouag2 ee 2 \—a/2.,2 _  —2u\—1
= —sin— (1—e™") /1 drr(r® —1) (rf—e™")7". (4.3.24)

™

So differentiating (4.3.24) we obtain (4.3.18), which completes the proof. O
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Proposition 17. Suppose that o < d, fir § > 0 and —oo < u < 0, then

P (v —&p- €d0, T, < oo)
2 T, _g,

= —sin— (e
- (

5 o 1)04/2(1 _ 6*20)*01/26‘1("’70)(1 — 32@70))71(10 (4325)

Proof. Let us recall that the process £ is a Lévy process associates to the process
R = |Z|, where Z is an o symmetric stable process in R?.

First we recall the following property that can be found in [21], fix —co < v < 0,
and suppose that B is any interval in (—oo,v], then

P (§va € BT, < oo) =P (ngv cePiol < oo) . (4.3.26)

e

On the other hand since Z is isotropic and satisfies the scaling property it easy
to see that for each b > 0, and any set B € B(R), that

Py(b™%0, € B) = P, (0] € B).
This in turn implies that
Pm/b(|Za;| €dy;o; <o) = Pw(b_1|Z0;| € dy;o, < 00). (4.3.27)
Then using (4.3.27) we have the following

v < 00)

Pi(Z,-| € ("0 e']; 00 < 00) = Pi(e™"Z,- | € e 1];0
= e*”(|Zg;| € [67671];01_ < OO),

Now fix 2 € R? such that |z| = e, and set wg = 27%/2'(d/2)~}; then using
(4.3.17) and the Poisson formula in R?, we have

P, (|ZU;| €le 107 < oo)
d

-/ p=(@/240p () sin ™ s [1— 221721 — [y =2 — y|~%dy
e~ f<y|<1 2 2

d
_ ,n_f(d/2+l)1—\ <> sinE(ef% _ 1)a/2/ |1 _ |y|2|7a/2|1, o y|7ddy
2 2 e=0<ly|<1

d T ! rd=1
@24 (G i T 2y 1ha/2
=7 F<2>sm 5 (e 1) /e 06[7"(1_702)70{/2

T o d—2
sin®” < 6
df 4.3.28
x /0 (r2 + |z|2 — 2r|z| cos §)4/2 ( )

On the other hand, from formula 3.665 in [33] we get for r < 1

T o d—2
wg sin®”" = 0 _ 2—d/)2 _ .2y—1
/0 e = vl e =) (4329)
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So using (4.3.29) in (4.3.28) we obtain

d
P, <|ZU;| ele? 107 < oo) = g~ (/24D (2) sin ?(e*% 1) 2|2

1
x / drr® (1= r?) 72 (Ja? — )]

e—0

1

— Zgn @(e—zv _ 1)a/2(e—v)2—d/ drrd—l(l _ 7"2)_0‘/2(6_2” _ T2)—1_

s 2 b

(4.3.30)

So using (4.3.26), (4.3.27), and (4.3.30) we conclude that

P (’U =& <0T, < oo) =P (\Zofv| €l e 00 < oo)
=P, (|ZU;| €le 10y < oo)
T 1
= Zgin 7(6721) _ 1)(1/2(671))27(1/ dTTd71(1 _ 7ﬁ2)70¢/2(672v _ 7,2)71.
T o—0
(4.3.31)

So differentiating (4.3.31) we obtain (4.3.25), which completes the proof. O

Relatively straightforward computations yield the following proposition.

Proposition 18. Let &, = gg &. Forz>0

2I'(d/2) —2(d—1) (2 2-1
P(—{ €dz) = e 2d=D (g2 _1)o/2-1 4.3.32
D(a/2)T((d — a)/2) (4:3:32)
Proof. Fix 0 <y < 1 and, 2 € R? such that |z| = 1. Then
Px/y (Ji":oo):Pz/y (O’T:OO):PG/:U (%2{) |Zt|>1>

=P (inf ajyest > 1)

>0
=P (tlrzlg & > log y/a) . (4.3.33)
On the other hand using Corollary 2 in [9] we know that
B I'(d/2) Jof? 1 > _
P.(o] =) = / (u—+1)"2u 2 dy,  (4.3.34)
1 N/~ )/2) ) ) (

So using (4.3.33) and (4.3.34) we have that:

I'(d/2)
(@/2)T((d -«

so differentiating (4.3.35) we obtain (4.3.32) which completes the proof. O

e?* -1
P(~€ <2) = 73) /0 (u+1)"Y2* Yy,  (4.3.35)



4.4. ENTRANCE LAWS: POINTS 96

4.4 Entrance laws: points

In this section we explore the two-point hitting problem for the Lévy-Lamperti
process &. There has been little work dedicated to this theme in the past with
the paper of Getoor [31] being our principle reference.

Henceforth we shall denote by (X,P,) a symmetric a-stable process in R?
issued from = > 0 where o € (1,2). An important quantity in the forthcoming
analysis is the potential kernel of the process Z = | X|. From [60] we know that
the potential kernel has the following form for 1 < a < d

2d/2)=a(d/2)T(d — a/2), 4 N - 2% 4 y?
_ —N/2|,2_, 21a/2-1 pl—d/2 Yy
u(x, y) F(Oé/2) (.Ty) “T Y | —a/2 |$2 _ y2| ’

for z,y > 0, where P is the usual Legendre function of the first kind.
Andforl <a<dandr >0

7=1/294/220 (o — 1)/2) T(d/2)T((d — ) /2)

T((a+d)/2—1) T(a/2) o

Ta

u(r,r) =

Let B = {ry,ro, -+ ,rn} where 1y < 1y < .-+ < 1y, then according to the
method presented in Port [60], the matrix U;; = u(r;,r;) is invertible. Denote
its inverse by Kp(i,7). If op = inf{t > 0: Z; € B} then if

Hp(a,r;) = Py(Zoy =153 0B < 00),

the point hitting probability in Port [60] is given by the formula

n

Hp = (|z],7;) = ZU(|$|aTz’)KB(7”¢77”j). (4.4.36)
i=1

For a two point set B = {r1,r2} we have that

1 Uy U2 )
Kp=— 4.4.37
BT A < U2 Unn )7’ ( )

where A = Uy1Uss — UZ,. Then from (4.4.36)

u(|zl, r1)u(re, ra) — u(|z|, ro)u(re, 1)
w(ry, r1)u(re, ro) — u(ry, r2)?
_u(lz], r2)u(r,r) —u(z], r)ulr, r2)

Hp(lz],r2) = u(ry, r)u(ra, re) — u(ry, m2)?

Hp(|z],r1) =

)

(4.4.38)

Recalling the definition of ¢ as the Lévy-Lamperti processes associated now
with the norm of a symmetric stable process in R with 1 < o < d we have the
following result.

Theorem 12. Fiz 1 < a <d and —0o < v <0 < u < 0o. Define

Tppuy = inf{t > 0:& € {v,u}}.
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We have

P(fT{W} = v) = f(1,e",e"),
and

P(fT{,,,u} = u) = f(1,e",e"),
where

u(z,a)  u(z,b)
u(b,a) u(b,b)
u(a,a)  u(a,b)
u(b,a) u(b,b)

f(z,a,b) =

4.5 Weiner-Hopf factorization

In this section we compute explicitly the characteristic exponent of the process
¢ using its Weiner-Hopf factorization. Denote by {(L; ', H;) : t > 0} and
{(E; L f]t) :t > 0} the (possibly killed) bivariate subordinators representing the
ascending and descending ladder processes of £ (see [6] for a proper definition).
Write k(a, ) and K(a, 8) for their joint Laplace exponents for «, 3 > 0. For
convenience we will write

k(0,8) =q+<cB+ /( )(1 — e PN 5 (dw),
0,00
where ¢ > 0 is the killing rate of H so that g > 0 if and only if lim;jo & = o0,
© > 0 is the drift of H and I is its jump measure. Similar notation will also
be used for (0, 3) by replacing g, EA, ¢ and II5 by ¢, & c and IIy. Note that
necessarily ¢ = 0 since lim;joo & = 00.
Associated with the ascending and descending ladder processes are the bi-
variate renewal functions V and V. The former is defined by

V(ds, dz) :/ dt-P(L;' € ds, H; € dz)
0
and taking double Laplace transforms shows that

> >~ as—pBx 1
/0 /0 e V(dz,ds) = @B for a, 3> 0 (4.5.39)
with a similar definition and relation holding for V. These bivariate renewal
measures are essentially the Green’s measures of the ascending and descending
ladder processes. With an abuse of notation we shall also write V(dz) and V (dx)
for the marginal measures V ([0, 00),dz) and V ([0, 00), dz) respectively. (Since
we shall never use the marginals V (ds, [0, 00)) and V(ds, [0, 00)) there should
be no confusion). Note that local time at the maximum is defined only up to a
multiplicative constant. For this reason, the exponent s can only be defined up
to a multiplicative constant and hence the same is true of the measure V' (and
then obviously this argument applies to ‘A/)

The main result of this section is the Wiener-Hopf factorization of the char-
acteristic exponent of the Lévy process &.
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Lemma 2. Let & be the Lévy process in the Lamperti representation (4.1.2)
of the radial process R. The Laplace exponent of the descending ladder height
process H of £ is given by

I((d+2)/2)T((d - a)/2)
T(d/2)T((d—a+N)/2)

(0, X) = (4.5.40)

Proof. Let us consider T, = inf{t > 0:|Z;| < y}, * € R and a = |z||. Then

using that bZlf_a75 £ Zg” we have

Pw(Ty = OO) = Pz/y(Tl = OO) = Pa/y (tllzlg R, > 1)
_ . & _ .
P (érzl(f)(a/y)e > 1) P (tlrzl‘(f) & > log(y/a)) . (4.5.41)
Now let us recall the following result in Corollary 2 in [9]

|z|*—1
P,(T) = o0) = I —Fof)d//;))r(a/z) /0 (u+1)"2u* Yy, (4.5.42)

Then using (4.5.42) in (4.5.41) we obtain the following

i ) = I'(d/2) ot u —d/2,0/2-1 g,
P( e < >r<<d—a>/z>r<a/2>/o (ut1) 624' .
543

Also recall that V denotes the renewal function associated with H. From Propo-
sition VI.17 in [6], we know that

V() = V((0.2]) = V((0, 00)) <i‘i€ 6 < x>

= V([0,00))P (— inf & < x) :

As we mentioned before, it is well known that Vis unique up to a multiplicative
constant which depends on the normalization of local time of £ at its infimum.
Without loss of generality we may therefore assume in the forthcoming analysis
that V' (oc0), which is equal to the reciprocal of killing rate of the descending
ladder height process, may be taken identically equal to 1. Hence

2z

U(2) — I'(d/2) ot Y —d/2,,0/2-14,,
O = e, Y du
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Now, let K (a,d) = T'(d/2)(T'((d — @)/2)T(a/2)) " and note that
[eS) o e —1
)\/ e MU_(z)dx = A\K (a, d) e_’\w/ (u+ 1)~ 2 * Ly
0 0 0

= K(a, d)/ (u+1)"42q/21 / e dxdu
0 1/2log(u+1)

= K(a, d)/ (u+ 1)~ (@HN/20/2-1 g,
0

1
= K(ao, d)/ u(d+’\_a)/2_1(1 - u)“/Q_ldu
0

_ D+ X)/2)T((d = a)/2)
T(d/2T((d+ X—a)/2) ’

(4.5.44)

Now recalling that

(0, )) = ()\ /Ooo eMU_(x)dx) o

we conclude the result. O

The previous result tells gives us the explicit form of the Weiner-Hopf factor
corresponding to the descending ladder height process H of £. In the next
proposition we will obtain the corresponding factor for the ascending ladder
height process H.

First we recall the following property of the hypergeometric function 3F; ([3]
(3.1.9)).

4
oFi(a,bya—b+1;2) = (1+2) %2 F (a/27 (a+1)/2;a—b+1; x) .

(1+x)?
(4.5.45)
So the Lévy measure II of the process € takes the following form
a d
(dy) = QFa(d/Q)a/z 2 - ya 472
(1—a/2) (e2v + 1)(etd)/
4e2Y
X9 F1 <(Oé+d)/4, (Oé -‘rd/4+ 1/2);d/2; (629+1)2> dy
2%a(d/2) a2 ey
(1 —a/2) (14 e-2y)(atd)/2
4e=2Y
xo F1 ((a +d)/4,(a+d)/4+1/2;d/2; (1—|—6_29)2> Liysoydy

2a(df2.y e
I'(1—a/2) (1+ e2v)atd/2

42V
X2 F1 <Oé/2 +d/4,a/2+d/4+1/2;d/2; (621,_'_1)2) Ly<oydy,
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So using (4.5.45) we obtain
I(dy) = Aae™ 2 F1 (a 4+ d/2, 00+ 1;d/2; ") 1> 0y du
+ Aae™ 2 Fy (a4 d/2,a + 1;d/2;€*") 1, <0y du. (4.5.46)
where Ay = 2%a(d/2)q/2/T(1 — «/2). Now we can prove the following result:

Lemma 3. Let & be the Lévy process in the Lamperti representation (4.1.2)
of the radial process R. The Laplace exponent of the ascending ladder height
process H of £ is given by

['(d/2)l(=a/2) T((A+a)/2)
B((d—)/2),a/2)  T'(A/2)
Proof. In order to compute the Laplace exponent of H we will first obtain its

Lévy measure po. To this end we will use the following result of Vigon [76], for
x > 0 we have

K(0,\) = 2/2 (4.5.47)

i (x) = / T (e + )V (dy), (4.5.48)

where fi, denotes the tail of the Lévy measures of H, II, denotes the tail of
the restriction of the Lévy measure of £ to (0,00), and V(dy) is the renewal
measure of the subordinator H which following (4.5.44) is given by

> I'(d/2)
V(dy) =2
A (R I CYE)
Now let us recall from (4.5.46) that IL; is given by

I (dx) = We_w oFi((a+d)/2,a/2 + 1;d/2; 6_2’6)1[{1;>02,Zz.49)

(e2y)1*d/2(62y _ 1)0[/271dy.

Then using (4.5.48) we have

[t =ctaa [T ([T emre ) @i - ey,
x 0 4y

(4.5.50)
where

297a(d)2) )0 I'(d/2)
D= a) (@ a)/D0(a/2)

and for notation purposes F'(z) denotes the hypergeometric function in (4.5.49).
We will now compute the second integral in the right side of (4.5.50)

e—2(=z+v)

o 1
/ e F (e du = f/ 2227 R (2)dz
T 0

+y 2
— ! <6a(z+y) 2Fi((d+ a) /2, a/2:d)2; 62(I+y)))'
(4.5.51)
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Now let us compute the second integral, then using (4.5.51) we have

/ / —auF —2u)( 2y)1 d/2( —1)"/2_1dudy
z+y

7/ a1< L F (A4 ) /2,0/25d/2;e I+y>))(62y)1d/2(e2y1)a/21dy
0

Sty e

— (901 = o~ 2w(0/2 K (d+ @) /2)k(a/2) 1ud/2 k=101 _ /21
()t Y B R [
o 1N —2a(as2tk) (A + @) /2)k(0/2)
= (20) ;:0:6 2e(a/2+k) (/2] B(d/2+k,a/2)
1 —ax > —2kz \& 2
= (20) 7' B(ov/2,d/2)e™" e ( 2!)’“

k=0
= (20) 7' B(a/2,d/2)e™ (1 — e~ 27)7/2,

Then using (4.5.50) we have that

* > Ye F(d/2) 1 2x —a/2
[ =2 g a0 (45

So using (4.5.48) it is easy to see that 4 (dx) has a density with respect to the
Lebesgue measure p (x), then by differentiating in (4.5.52) we obtain
o T(d/2) ! e
pr(z) = 2z «/211"
I'l-—«/2) B((d—a)/2,a/2) (e2* —1)

Now let us recall that the process does not creeps, this implies that H has no
drift term, and we also know that H has no killing term. Then the Laplace
exponent x(0,\) of H is given by

0o 2x
_ Az €
where
T(d/2) a

Ao d) = 2 B B((d— o) /2, 0/2)

So we have from (4.5.53) that

Ala,d) [ _5)2 e’
= — - 1)- .
k(0,A) 5 /0 (e )(el' —jarze dx
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The last integral has been computed in [16], so

— goo-1 1 L(d/2)T(—a/2) T((A+a)/2)
= a2 I(1—a/2) B((d—a)/2),a/2) T(\/2) (4.5.54)
Which concludes the proof. -

The Weiner-Hopf factorization for the process £ allows to obtain an explicit
form of its characteristic exponent.

Theorem 13. Let £ be the Lévy process in the Lamperti representation (4.1.2)
of the radial process R. Then its characteristic exponent W enjoys the following
Wiener-Hopf factorization

_ pgga-1 L(d/2T(=a/2) [iA+d A
YA = HKa2 F(la/Q)F(a/Q)( 2 )Q/Q( 2)04/2‘

Proof. We recall the following classical result in [6] which states that there exists
a constant k£’ > 0 such that

B(N) = K'K(0, —iN)&(0,iN)

so using (4.5.40) and (4.5.47) in (4.5.55) we obtain the result. O



Part 11

Probabilistic models
assoclated with
evolutionary processes.
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Chapter 5

Preliminaries

5.1 Introduction

5.1.1 What is the dynamics of a population?

The idea behind this work is to model the dynamics of a sexual population,
in other words how a population changes in time. Some individuals within a
population leave more offsprings than others. And as time passes the frequency
of the offsprings of theses individuals will increase. This difference in the re-
productive ability of individuals is known as the principle of natural selection
of Darwin. Those individuals that are better adapted to their environment will
have a larger number of descendants than those less adapted.

Fach individual in the population has a specific genetic constitution which
is called genotype, then during its development the genotype is expressed in
the individual actual observable characteristics, like height, morphology, sex-
ual efficiency, which we call phenotype. Then the individuals in the population
characterized by their phenotype have to compete between themselves for re-
sources (like food, water, etc.); the outcome of this process of competition is
fundamental for the survival and reproduction ability of each individual. Those
phenotypes with a higher reproduction ability contribute with more offsprings to
the succeeding generation than the other individuals, this increases the preva-
lence of these phenotypes in the population, because these offsprings will inherit
their traits. So the competition between phenotypes induces a selection process
which is one of the driving mechanisms of evolution.

The adaptation of a phenotype depends not only on the environment but
also in the constitution of the rest of the population, by means of the exploit of
resources or the competition with other species in the population. This popula-
tion dynamics can also affect the set of genotypes in the population through the
main sources of variability which are mutations in the genome of the offsprings,
or by sexual reproduction (meiosis, recombination), and finally the environment
can also influence the way the genotype of an individual expresses to its pheno-
type, during the development of the individual.

104
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In the rest of this section we will give a deeper view to the main concepts
require for the rest of this work.

5.1.2 Basic genetics, haploid and diploid organisms

Mendel’s (1866) primary achievement was the recognition of the particular na-
ture of the hereditary determinants, now called genes. A gene may have differ-
ent forms, called alleles. From his experiments with peas he discovered that the
genes are present in pairs, one pair having inherited from the maternal parent,
the other form the paternal.

The allelic composition is called the genotype, and the set of observable
properties derived from the genotype is called the phenotype.

Since the 1940’s it has been known that the genetic material is desoxyri-
bonucleic acid (DNA). It consists of four bases: adenine (A), guanine (G),
thymine (T), and cytosine (C). Each base is linked to a sugar and a phosphate
group, yielding a nucleotide. The nucleotides are arranged along two chains to
form a double-stranded helix in which the pairings A-T and G-C between the
strands are formed. Therefore all genetic material is contained in each of the
two strands. Three bases code for one amino acid, which are the building blocks
of polypeptide chains and proteins. A gene typically represents a contiguous re-
gion of DNA coding for one polypeptide chain. Its position along the DNA is
called the locus, sampled from a population, and a particular sequence there is
called an allele.

There are two types of organisms in nature, haploid organisms which have
only one set of chromosomes like algae or fungi, and diploid organisms in which
chromosomes form homologous pairs, each one inherited from each parent like
higher plants or animals.

5.1.3 Asexual and sexual reproduction

The phenomena of reproduction is a fundamental feature of all life, it is the bio-
logical process by which new organisms are produced in a population. In nature
there are two main methods for reproduction: asexual, and sexual reproduction.

In a population with asexual reproduction an individual in the population
gives birth to an individual with similar or identical genetic material, without
the contribution of another organism in the population. Asexual reproduction
requires more energy and therefore its faster than sexual reproduction. Its
main characteristic which offers benefits and costs is that the offspring is ge-
netically similar to the parent, this similarity will be beneficial if the parent is
well adapted to a stable environment, but if the environment is changing it can
mean the disappearance of the population. Asexual lineages can increase their
numbers rapidly because every individual can produce viable offspring. Another
advantage of asexual reproduction include the ability to reproduce without part-
ner in situations where the density of the population is low, reducing the chance
to find a partner, or in situations where a single member of the population
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is enough to start a population. The main source of variation in an asexual
population is given by mutations.

Sexual reproduction is the biological process by which organisms create de-
scendants that have a combination of genetic material contributed from two
(usually) different members of the species, resulting in offsprings which are dif-
ferent between themselves, and from their parents. The sexual reproduction
cycle supposes an alternation of generations between haploid cells (cells with
a single set of chromosomes), and diploid cells (which have 2 complete sets
of chromosomes). The combination of the genetic material occurs when two
haploid cells fuse to produce a diploid cell called zygote, this process is called
fecundation, or mating if it occurs in diploid, or haploid organisms respectively.
Then when a descendant of the diploid cell divides by the process of meiosis,
new haploid cells are formed. During meiosis and before the chromosomes are
distributed in haploid sets, the chromosomes that belong to the diploid set ex-
change genetic material by the process of genetic recombination. In this way
each cell of the new haploid generation receives a different genetic load, so each
chromosome presents genes that come from one of the cells of the previous gen-
eration and genes that come from the other cell. In this way through cycles
of haploidy, cellular fusion, diploidy, and meiosis the old combinations of genes
disappear and new combinations are formed.

Sexual reproduction can occur in diploid and haploid organisms, the main
difference is in which phase the cells proliferate (by mitosis) to form a new
organism. In diploid organisms the cells proliferate during the diploid phase
forming a multicellular organism. Meanwhile in haploid organisms the haploid
cells are the ones that proliferate and the unique diploid cell is the zygote, that
exists transitorily after mating (see Fig. 5.1).

5.1.4 Mitosis and meiosis

Mitosis is the process by which a cell duplicates the chromosomes in its cell nu-
cleus, in order to generate two, identical, daughter nuclei. It is generally followed
immediately by cytokinesis, which divides the nuclei, cytoplasm, organelles and
cell membrane into two daughter cells containing roughly equal shares of these
cellular components.

The process of mitosis is complex and highly regulated. The sequence of
events is divided into phases, corresponding to the completion of one set of
activities and the start of the next. These stages are prophase, prometaphase,
metaphase, anaphase and telophase (see Fig. 5.2). During the process of mitosis
the pairs of chromosomes condense and attach to fibers that pull the sister
chromatids to opposite sides of the cell. The cell then divides to produce two
identical daughter cells. The process of mitosis which produces identical cells
is the basis of asexual reproduction. Meiosis is a process of cellular division
in which a diploid cell with 2n chromosomes will experience two consequence
cellular divisions, with the capacity to generate 4 haploid cells, i.e. with n
chromosomes.
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Figure 5.1: Sexual reproduction in diploids and haploids.

Figure 5.2: Mitosis.
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Figure 5.3: Meiosis and recombination.

During meiosis, the genome of a diploid cell, which is composed of long seg-
ments of DNA packaged into chromosomes, undergoes DNA replication followed
by two rounds of division, resulting in haploid cells called gametes. Each ga-
mete contains one complete set of chromosomes, or half of the genetic content
of the original cell. Because the chromosomes of each parent undergo genetic
recombination during meiosis, each gamete, and thus each zygote, will have a
unique genetic blueprint encoded in its DNA. In other words, meiosis and sexual
reproduction produce genetic variation.

Meiosis uses many of the same biochemical mechanisms employed during
mitosis to accomplish the redistribution of chromosomes. There are several fea-
tures unique to meiosis, most importantly the pairing and genetic recombination
between chromosomes.

5.1.5 Recombination

During meiosis, different chromosomes assort independently and crossing over
between two pair of homologous chromosomes may occur. Consequently, the
newly formed gamete contains maternal alleles at one set of loci and paternal
alleles at the complementary set. This process is called recombination. Since
it leads to random association between alleles at different loci, recombination
has the potential to combine favorable alleles of different ancestries in one ga-
mete and to break up combinations of deleterious alleles. These properties are
thought to confer a substantial evolutionary advantage to sexual species relative
to asexuals (see Fig. 5.3).
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5.1.6 Selection

Selection occurs when individuals of different genotypes leave different numbers
of progeny because they differ in their probability to survive to reproductive
age (viability), in their mating success, or in their average number of produced
offspring (fertility). Darwin (1859) recognized and documented the central im-
portance of selection as the driving force for adaptation and evolution.

Selection is measured in terms of fitness of individuals, i.e., by the number of
progeny contributed to the next generation. There are many different measures
of fitness, and it consists of several components because selection may act on
ear stage of the life cycle.

5.1.7 Biological problems

How to make the transition from the genotype of an individual to its
phenotype.-

In general little is known about how genes interact to produce a quantitative
character. One of the most simple models to describe how we can obtain the
phenotype of an individual from its genotype is the additive genetic model de-
vised by Fisher and Wright.

In an haploid population, we consider [ loci, and describe the state of each I-
locus genotype by a vector, X, where the components of the vector X; describe
the allelic state at locus i. The value of X; can be taken as a real number (or
belonging to a state space ) representing the contribution of the allele to the
character.

In the case of a diploid population we describe each genotype by a vector,
(X,X”), where the components X; and X/ describe the allelic state at locus ¢
on the paternally and maternally inherited chromosome, respectively.

In this model, the phenotypic value, P, of a single polygenic character is
assumed to be determined by a component, GG, attributable to the influence of
the genotype, and an environmental component, F/, attributable to all the non
genetic effects that influence the phenotype, such that

P=G+F

The genotypic value G, is determined additively by all allelic effects, in other
words,

!
G= Z X; (2:(XZ + X]) if the population is diploid).

=1 i=1

This rests on the assumption that the genotypic value can be approximated by
the sum of the additive effects of the contributing genes. This assumption will
be a good approximation if dominance and epistatic deviations are small.

Finally the the environmental component is assumed to be normally dis-
tributed with mean 0, variance 0%, and independent of G.
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If we neglect environmental effects then the phenotypic value of a character in
an individual with genotype X is given by

P=> X (5.1.1)

How to measure selection: The fitness function.-

Natural selection acts in different ways in the phenotype of an organism. Be-
cause the phenotype is described by a large number of characters it is difficult
to distinguish direct effects of selection from indirect effects. In principle, se-
lection can usually be described in discrete time models by a fitness function
that relates the fitness of individuals (the contribution of an organism to the
offspring pool) to the traits under consideration. There are three main types of
selection:

e Directional selection.- A trait is under directional selection if the fitness
function is an increasing or decreasing function of the trait value.

e Stabilizing selection.- A trait is under stabilizing selection if the fitness
function has a mode, or optimum, and decreases away from this mode.
A typical and simple example for a fitness function to model stabilizing
selection is obtained if the fitness function of individuals with genotype x
is assumed to deviate quadratically as x deviates from the optimum, in
other words,

W(z)=1-sz? |z|<s7 V2

which is called the quadratic optimum model.

e Disruptive selection.- It occurs if the fitness of extreme individuals is
greater than that of intermediates, i.e., if the fitness function has a mini-
mum between two peaks.

In practice, traits often experience combinations of these simple forms of selec-
tion. For more theory on the measurement of selection see Chapter VII in [11],
and Lande and Arnold [47].

We know that selection acts on phenotypes, but many models with recur-
rence relations for gamete and genotype frequencies involve genotypic fitness.
Therefore, the fitness function of an individual with genotypic value z is given
by

Wo(z) = We(p(2),

where Wp is the phenotypic fitness function, and the function p is the phenotype-
genotype map. In case we are considering environmental effects, if we assume
they are Gaussian with mean zero and variance 0% the mean fitness of individ-
uals withe genotypic value z is given by

Wa(z) = E[Wp(G+ E)] = %O_IQEW /R Wp(G + E) exp[—E?/(20%)]dE.

(
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As an example of how to model selection by means of the fitness function,
imagine an asexually reproducing haploid population, in which we consider one
gene locus at which k alleles Aq,..., Ax occur. Individuals carrying allele A;
are assumed to have fitness W;. Let n; denote the number of individuals with
allele A;, and N the total size of the population. Then as we discussed before
we can think the fitness W; as the average number of offspring per individual
with allele A;. So in the next generation the number of individuals with allele
A; is n}, = W;n;, and the total size of the population is

k k
N/ = E n; = E Tth
i=1 i=1

So if we denote by as p; the relative frequency of individuals with allele A;, that
is to say p; = n;/N, then in the next generation the relative frequency p} of
individuals with allele A; is

;o nWi —_  piWi _ piWi

o=l — iVi 5.1.2
NCOSE W Sl pWe W 512

where W = Zle W;p; is called the mean fitness. Relation (5.1.2) is sometimes
referred as selection equation (see [11] p.30-31).

Meanwhile in continuous time models in order to describe selection we use
the malthusian fitness parameter. Consider we have a population at time ¢ > 0
with size N(t), and that an average of b(z)AtN(t) individuals with trait = are
born in an infinitesimal time interval A¢, and that d(x)At individuals with trait
z die in the same time span. Then the malthusian fitness parameter for the
trait x is given by m(x) = b(x) — d(x), and the functions b and d are called birth
rate and death rate of the trait x respectively.

Relation between the malthusian parameter and the fitness function.-
For example let us consider the following simple model of the size of a popula-
tion. Let N(t), t =0,1,2,... be the number of individuals in generation ¢. If
the average number of offspring per individual is W, where W is a compound
measure of reproductive success and survival, the population size at generation
t can be calculated from that of generation 0 according to

N(t)=WN(t—1)=W?N(t—2)=--- = WIN(0). (5.1.3)

Now lets consider a continuous time model analogous to the discrete one dis-
cussed above, assume that in a population of size N = N(¢) an average of
bAtN (t) progeny are born during an infinitesimal time interval At and dAtN (t)
individuals die in the same time span. The parameter b is called the birth rate
and d the death rate. The total change in population number during the time
interval At is

AN(t) = N(t + At) — N(t) = (b(t) — d(t)) AN (t). (5.1.4)
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As At — 0, one obtains

o =mN(1), (5.1.5)

where m = b — d is called the Malthusian parameter or growth rate. The differ-
ential equation (5.1.5) has the solution

N(t) = exp(mt)N(0),

so that the population grows exponentially. Time can be measured in arbitrary
units as long as m is measured in the reciprocal of that unit.

Now suppose we change the time scale and therefore m so that ¢t = 1 is the
time of the first generation, ¢ = 2 is the time of the second generation, and
so on. Then the relation between the Malthusian parameter m and the fitness
function W is, by comparison of (5.1.3) and (5.1.6) the following,

W = exp(m) or m = log(W). (5.1.6)

Frequency and density dependent selection.-

Density dependent selection occurs if the fitness of phenotypes depends on pop-
ulation size because for instance, under crowding conditions some types have
reduced fitness. Frequency dependent selection means that the fitness of pheno-
types depends on their frequency distribution. This typically occurs if certain
types have higher fitness when rare, for example if the ability to utilize different
different food resources depends on body size. An example which takes into con-
sideration density and frequency dependent selection is the quantitative-genetic
model analyzed by Slatkin [73]. He considered an approximately normally dis-
tributed phenotypic character, P, in a population of size N(¢). The distribution
of the character is denoted by fp(P,t), its mean and variance by P(t) and o%(t),
respectively. The fitness of individuals of type P is assumed to depend on N (t)
and fp(t) in the following way:

W(Pt)=1+p— p]jzfg)) /]R a(P — P fp(P, t)dP,

where 1+p is the maximum fitness in the absence of competition, k(P) represents
the resources that can be utilized by an individual of type P, and (P — P’)
represents the competition between individuals of type P and P’ for the limiting
resource. As an example of k(P), Slatkin uses a function proportional to a
Gaussian density with mean Py, which is the value of the character for which
the maximum resources are available, and variance o7 whichmeasures the range
of available resources. Similarly, as an example of « he uses

a(P — P') = exp [—%ig(P - P’)Q} .

2

where o7,

measures the extent of competition between individuals.
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Figure 5.4: A gold-colored Midas cichlid, Cichlasoma (Amphilophus) barlowi,
guarding fry.

5.1.8 Sympatric speciation

Sympatric speciation refers to the formation of two or more descendant species
from a single ancestral species all occupying the same geographical location.
This formation of new species without geographical barriers has often been dis-
missed by the argument that continuous gene flow would prevent the formation
establishment of fixed genetic differences which would be necessary for the for-
mation of species. However, a growing body of empirical data shows that closely
related species often occur in sympatry (without geographical barriers), like the
cichlids in East Africa (Meyer [52]), or the Midan cichlid in Nicaragua (Barlu-
enga et al. [5]), which do not seem to fit the usual requirement of long periods
of geographical isolation.

The most straightforward scenario for sympatric speciation requires disrup-
tive selection favoring two substantially different phenotypes, followed by the
elimination of all intermediate phenotypes. In sexual populations, the stumbling
block preventing sympatric speciation is that mating between divergent ecotypes
constantly scrambles gene combinations, creating organisms with intermediate
phenotypes. However this mixing can be prevented if there is assortative mating
instead of random mating, i.e., mating of individuals that are phenotypically
similar (Doebeli [24]). The study made by Barluenga and Meyer [5] on the
Midan cichlid species of fish in Nicaragua shows the prime role of assortive
mating through color preference with respect to ecological speciation based on
morphological traits as the jaw morph and body shape, in the Midas cichlid
species. The three-spined sticklebacks, freshwater fish, that have been studied
by Dolph Schluter provide an intriguing example of sympatric speciation. He
found that competition favoring fishes at either extreme of body size and mouth
size over those near to the mean (disruptive selection), and the fact that fish
preferred mates with similar size (assortive mating), favored a a divergence into
two subpopulations exploiting different food in different parts of the lake.



Chapter 6

Continuous time
approximation of a model
of an asexual population

6.1 Introduction

In this chapter we will work with a discrete time model for an asexual popu-
lation, taking into account natural selection, and mutation. This model was
introduced by Biirger [11] (p. 123-131), and has played an important role in
several analyses aimed at resolving the problem of how much genetic variation
can be maintained at a balance between mutation and stabilizing selection.

We find, that this model satisfies the Feyman-Kac formulae; and so is very
close to the models worked by Del Moral [22]. So using some asymptotic re-
sults on the Feyman- Kac formulae we are able to obtain a stochastic particle
interpretation of the model.

And finally using some hypothesis on the fitness function (weak selection)
we are able to obtain an approximation in continuous time of the model.

6.2 The model

We consider an effectively infinite, haploid population, in which individuals are
characterized by a trait = (phenotype), where x is an element in the trait space
X-

In mathematical terms, x is a locally compact space, in our case a closed
subset of R?. Trait densities and mutation distributions are taken with respect
to the Lebesgue measure. In the following By () will denote the set of bounded
measurable functions on x and Cj(x) the set of bounded continuous functions on
X. The mutation rate of a trait z is denoted by p(x), 0 < p(z) < 1. Presently,

114
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it is not assumed that all types have the same mutation rate, though p = u(x)
can be constant. Conditioning on the assumption of a mutation event, the
probability density of mutations from trait = to trait y is denoted by u(z,y).
Therefore we have u(x,y) > 0,

/ u(z,y)dy =1 forall z € x,
X

and p(x)u(z,y) is the fraction of individuals of type y that come through mu-
tation from individuals of type x during one generation.

Let p(n, z) denote the density of individuals with trait  at time n (see [11]).
This means, when the trait space is discrete, that if N(n,z) is the number of
individuals with trait x at time n, and N(n) is the population size at time n
then:

N(n,z)
N(n)

We will assume that p(n,z) <1 for alln € N and z € x.
The fitness for a trait « is denoted by W (z), where W(z) >0

We define the mean fitness of the population at time n, by the following
expression

p(n, :13) =

W(n) :/W(m)p(n,m)d;ﬂ.

Lets recall that we can think W (x) for z € x as the average density of offspring
of an individual with trait x, so W (x)p(n, ) is the average number of individuals
with trait  at time n+ 1. Then, provided that 0 < W (n) < oo, and proceeding
in a similar way as in (5.1.2) the density of types after selection ps(n, z) becomes

pln, 2)W (2)

P ) = T )

So the dynamics of the population proposed by Biirger is the following, the type
densities evolve according to

pn+1,2) = (1 — u(@))ps(n, ) + / pe(m (. )dy.  (62.1)

So in terms of the trait density (6.2.1) becomes

—1
p(n+1,2) = </W nxdm)

~ ((1 — ol W) + [

X
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6.3 Birger’s model and the Feynman-Kac for-
mulae

Let M () be the set of probability measures on x. From now on for u € M ()
and f € Bp(x), we will denote by (u, f), to the integral over x of f with respect
to the probability measure p, that is to say

i f) = / f(@)ulde

Consider 1, € M;(x) with density p(n,z), and a function f € By(x).
Now noting fx u(z,y)dy = 1, and changing the order of integration, we
obtain the weak form of equation (6.2.2)

/ F (@)1 (d) < / W) dx) ( / (1= )W () () ()
/ / fa W ()nn(dy)dﬂs>
- / W(os)nn<dx>) ( / / F @)y, o)W () (dy)

n / / (1—u(y))W(y)f(y)u(y,x)m(dwdw). (6.33)

Let n € M1(x), we then define the Boltzmann-Gibbs transformation of 7, ¥ :
Mi(x) — Mi(x) by

1
Y(n) = —=Wi(z)n(dz). 6.3.4
(n) TR (2)n(dx) (6.3.4)
We also define the following probability kernel K by,
K(z,dy) = p(@)u(z,y)dy + (1 — p(y))dx(dy), (6.3.5)

From (6.3.3) we see that (1,)n>0 satisfies the following difference equation,

Mn+1 = w(nn)K
= d(ny). (6.3.6)
Indeed let f € Cy(x) then using (6.3.3),

(W) K), f) = <w(nn) /u( Ju(e,y) f(y)dy + (1 — p(z ))f(x)>
nn, /X< X“ ) (y)dy + (1 = p(z ))f(w)) W ()1, (dx)
(1, W /X/X'“(I (Y)W ()1, (dx)dy
nn,l /X )W () (dz)

= <77n+1>f>-
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From (6.3.6) it follows that (1,)n>0 satisfies the evolution equation satisfied by
the Feynman-Kac models, so following Definition 3.21 in Del Moral in [22] we
find the following particle interpretation:

Definition 9. The interacting particle model associated with the mapping ®
defined in (6.3.6) and with an initial measure ng € My(x) is an homogeneous
Markov chain €N taking values at each time n € N in the product space x¥
that is

€N = (D, ey e (N

The initial configuration & consists of N independent and identically dis-
tributed random wvariables with common ng. Its elementary transitions on x™
are given in a symbolic integral form by

N

PN(EN € day|gl ) = H (N Z&E(N 9 ) , (6.3.7)

where dx,, = dx} x --- x dx¥ is an infinitesimal neighborhood of a point
| N
= (zk, ... o)) ex

A more explicit description of the transitions (6.3.7) in terms of a two stage
genetic type process can already be done. More precisely, using the fact that
the mapping under study ® is given by (6.3.6) and that by (6.3.4) we have

N

we can consider the particles as individuals in a population of size N, and we
see that the resulting evolution of these individuals can be decomposed into two
separate mechanisms

N  Selection °N Mutatwn
n—1 n—1 gn

These mechanisms can be modeled as follows:

Selection:

PN d A W(gn—l ) 5 ) d P
(gn 1 € x‘fn 1) pl_‘[lz:lm fibzi,ll)( x )
=1 = j= n—

Mutation:

N
PN(¢, € d2|én) = H evP) dzp). (6.3.8)

Thus, we see that the individuals evolve accordlng to the following rules. In the
selection transition, at each time n > 1, each individual examines the system
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N | and chooses randomly a site fn 1 , 1 <14 < N, with a probability that

depends on the entire configuration £Y ; and given by

w (e
S WENY

In this mechanisms the individuals are selected for reproduction according to
their fitness, the most fit individuals being more likely to be selected. In other
words, this transition allows individuals to give birth to new individuals at the
expense of the lesser fit individuals which die.

On the mutation mechanism we replace the individual 5 1 , 1 <7< N,
with a new individual (the offspring) according to the probability Kernel (6.3.8).
According to (6.3.5) the trait of the offspring will be chosen in the following way,
with probability 1 — (E(N 2)) the offbprlng carries the same trait of the parent
g(N K g(N K )

n—173

and with probability p( the offspring is mutated, so we choose the

trait of the offspring according to the probability law U(g(an ), y)dy.
So if we define the empirical measures,

N
1
N = ~ z; Fenvois (6.3.9)
1=

the following asymptotic result due to Del Moral, Proposition 2.9 in [23], allows
us to consider the model (6.2.2) as an approximation of the empirical measures
(nN)n>0, when the size of the population is very large (when N — c0).

Proposition 19. For any timen > 0 and p > 1 there exists some finite constant
cP < 00, such that for every f € By(x)

B0 1) = (s DI € << oo CP.

The above result allows to give a microscopic interpretation of the discrete
time model described by (6.2.2) as an approximation of the empirical measures
(nN)i>0 given by (6.3.9) when the size of the population is large. Given the
fact that we can interpret the empirical measures (n{¥);>o as the distribution of
individuals in a population of size IV, where the individuals are characterized
by their traits N9 € y for 1 <i < N.

6.4 Convergence to a continuous-time model

The aim of this section is to obtain a continuous time approximation of the
discrete time model of Biirger [11] (p. 123-131). The main idea is to consider in
a fixed time interval [0, T], |nT'| generations of time length 1/n. Then we make
the length of each generation tend to 0, by increasing the number of generations,
in other words by making n tend to infinity. We assume that between each
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generation of length 1/n the population evolves according to (6.2.2) with fitness
function W™ and mutation rate u".

To obtain the continuous time model we need to define the malthusian fit-
ness parameter, its relation with the fitness function W" is given in the following
assumption:

Assumption (A1)
There exists a function m : x — R such that m € By(x) and assume that

/Xm(m)dx < 00.

Applying (5.1.6) to the subpopulation of trait  (in an individual), we obtain

W™ (z) = exp (;m(x)) . (6.4.10)

Let us explain the reason of the renormalization by 1/n of the malthusian pa-
rameter in (6.4.10). As the number of generations on the interval [0, 7] increases,
we have to assume that the average number of offspring of each individual (given
by the fitness function W™) decreases; otherwise the number of individuals born
in each generation will tend to infinity.

We make a second assumption related to the mutation rates p™:

Assumption (A2)
Suppose that there exists a function p : x — [0,1], and that the mutation rates
at each generation of length 1/n are given by

And finally we make an assumption related to the mutation kernel wu:

Assumption (A3)
There exist a constant D > 0 and a probability density function @ on yx such
that for all z,y € ¥,

u(z,y) < Du(z — y).

We now fix a certain time T, and we divide the interval [0,7] in a series of
intervals of length 1/n (the length of each generation), therefore in the interval
[0, T] we have a total of |nT'| generations. We denote the time of each generation
by t; = ™ for i = 0,1,..., [nT] + 1.

Let us set ¢"(0,z) = ¢(0, ) for all n € N (the initial density of individuals
with genotype x), and denote by ¢"(t;,z) to the density of individuals with
genotype x at generation t; (see [11]). This means, in the case of a discrete trait
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space, that if N(¢;, z) is the number of individuals with trait  at the generation
t;, and N(t;) is the population size at the generation ¢; then:
N(ti, l‘)

N(t:)

q"(ti,x) =

We will assume that ¢"(¢;,2) < lforalln e N,z € x,andi=0,1,...,[nT|+1.
We also define the mean fitness at time ¢; for ¢ = 0,1,...,|nT| + 1, by the
following expression

/ W™(x)q" (t;, x)dz.

We will assume that at each generation the population evolves as the discrete
time model (6.2.2), in other words that for ¢; withi =0, 1,..., [nT|+1, ¢"(t;, )
satisfies the following difference equation:

q"(tiz1,2) — q"(t;,x) = W”l(t) ((1 — 1 (x))W"(2)q" (t;, )

+ / W ()™ (y)uly, )q" (ti, y)dy — W"(Q)q”(hw))

1 n v 7T n(t.
- ((W (2) — " (t2))q" (11, )
[ W ) )y - >W"<x>q"<ti,w>)-

(6.4.11)

For each n € N and z € x consider the function ¢" (¢, ) : [0,T] x x — R, defined
by:
[T

I) - Z qn(t“x)l[ti»twﬂ(t)' (6412)
1=0

The following result allows us to obtain the continuous time approximation of
the discrete time model described by (6.4.11).

Theorem 14. Admit Assumptions (Al), (A2), and (A3). Then the sequence
of functions {q"}nen converges pointwise, as n goes to infinity, to the unique
continuous function q : [0,t] X x — R satisfying:

a(t,z) = g(0,7) + / (m(z) — m(s))q(s, 2)ds

/ / q(s y)dyds—/otu(x)q(s,x)ds,

for any x € x, and t € [0,T).
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Proof. We start by taking the sum for ¢ = 0,1, ..., |nt] of (6.4.11), and noting

that ¢"(-,x) is constant in [%,t] we obtain

[nt]

0"(t,7) - ey (V@) = W@ ) = )W ()" (1,0))

)
+> % /X W™ (y)u" (y)uly, ©)q" (ti, y)dy.

mn
=0 (tl)
Using the particular form of W™ in (6.4.10) we can make a Taylor expansion
around zero for fixed x € y, and we obtain

Wn(z) =1+ %m(x) + h"(2), (6.4.13)

the function A™ is the residual in Taylor’s Theorem and has the following form

W) = / " exp(t)(

Using (6.4.13) we have the following expansion for W" withi =0,1,..., [nt],

mi@) _ t)dt. (6.4.14)

—n 1 —n

where

and
ho(t;) :/h”(m)q"(ti,x)dx.

It is easy to see using the later expansions that
Lnt]
¢"(t,2) = q"(0,2) = Y =5 —(m(z) —m"(t;))

i=1

vy
+ X ey () - 6" 6.2)
e 1 n [nt]
+;Wni(t) (/x“ Whuly, z)" ) Zu "(t;, )
o |nt]
+ 3 s ([ wmwnter e i) - 3 mff’ @ (1 2)

+ZW"1(@) (/X mny)u"(y)U(yw) (tiy dy) %h" W (@)q" (ti, ).
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Now we define the functions m”, k", W' : [0,T] — R, as follows,
[nT]
Z M ()Lt 1)
LnTJ
h = Z h l[t t +1),

LnTJ
W — Z W 1[t t+1)

fori=0,1,..., [nt].
Let us take the first sum of (6.4.15) then we have the following;:

[nt]

1 @ E®) Ry @ ()
3 gy )~ ) T = e - )
[t
1 —— qn(ti,il})
+ ; <1 —~ Wn(ti)> (m(z) —m" () ==
[nt] |nt] —n
q"(t;, x) nm™(s) —h (s) - q"(t;,x)
- ; ) ; ( ) ) (m(z) —m" (t:)) =
] q"(t;, )
= Z(m(x) =" (1) + (m(x) —m"([nt)))g" (Lnt], z)(¢ — [nt])
[nt] _ -—n
nm"(s) —h (s) —n q"(ti, x)
D3 ( g ) (m(a) - " (1)) T
— (m(x) —m"(|nt]))q" ([nt], z)(t — [nt])
=/O (m(x) —m"(s))q" (s, 2)ds — (m(x) —m"([nt]))q" ([nt], z)(t — [nt])
[nt] . —n
nm™(t;) — h (t;) g, w4 (i, )
+ ; ( 7”L2Wn(ti) > (m(z) —m"(t;)) "
=/0 (m(z) —m"(s))q" (s, x)ds — (m(x) —m"([nt]))q" ([nt], x)(t — [nt])
s q" (ti; )
+ Z C(ti,n) —m"(t; ))% (6.4.16)

Where for each ¢; with i = 0,1, ..., [nT| + 1 we have:

nm"(tl) — n2ﬁn(ti) .

) = = o
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Now let us consider the third sum in (6.4.15) proceeding exactly as before we
obtain:

[nt] [nt)

> V[/nl(t) (/X u"(y)U(y,x)q"(tmy)dy> => (/X ,u"(y)U(y,x)q"(ti,y)dy>

=1 i=1

+L§ (1 - Wnl(ti)) (/X u”(y)U(y,x)q"(tuy)dy)

:/0 /u(y)U(yw)q"(&y)dyds—(t— LntJ)/u(y)U(y7w)Q”(LntJ7y)dy
Lnt]

+ 30t ( [ it @), (6.4.17)
i=1 X
Finally taking the fourth sum in (6.4.15) we obtain:
|nt] [nt] M(.’L‘) n
PNREOIECEIEDY =4 (tz) = / w(@)q" (s,z)ds — p(x)q" (t;, z)(t — [nt]).
i=1 i=1 0

(6.4.18)

Using (6.4.16), (6.4.17), and (6.4.18) in (6.4.15) allows us to express it in the
following form:

£t ) — ¢"(0,7) = / (m(x) — " (3))g" (5, 2)ds — / u(@)g" (s, 7)ds

+/0 Au(y)u(y,x)q”(s,y)dyds+H(n,x7t). (6.4.19)

LT </ w MO )y | = 3 IO @) G 0)

—m"([nt]))q" (Int], z)(t — [nt]). (6.4.20)
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We will prove that H(n,x,t) — 0 as n — oo uniformly in = and [0, T]. We will
bound each term of (6.4.20), so let us start with some inequalities that will be
useful. By assumption (A1) the function m is bounded, in other words there
exists M € Ry such that |m(z)| < M for all € x. Then by (6.4.10) we have:

e M/ < |Wn(2)| < M/ (6.4.21)

Now using that ¢"™ < 1, we have for each ¢; with i« = 0,1,...,|[nT] 4+ 1 the
following:

/ m"(x)q" (t;, x)dx < M. (6.4.22)

We also have using (6.4.14) that

m(x)

2
| ()] g/ et (f) dt < <An4> eMim, (6.4.23)
0

and for each ¢; with ¢ =0,1,...,[nT] + 1 we have
_ M\?
Bt < [ R (2)|q" (t;, x)dx < <) eM/m, (6.4.24)
n
X

And finally using (6.4.21), (6.4.22), (6.4.23), and (6.4.24) we have that for each

t; withi=0,1,...,[nT]|+ 1

nm™(t;) — n2h" (t;)
n2W" (t;)

|C(ti,n)| =

2
< %BJV[/’IL+ %262]\/1/”.
n n

We will proceed to bound each term in (6.4.20).

1. First term.-

|nt] n [nt] 2
- q"(ti, @) 2M (M oy M2
2 Oltismlm(@) =" (t) == | < ) == (et + et
2
< oM <MeM/" + Mze?M/"> T.
n n

2. Second term.-

[nt] 1 B

Z T(hn(l‘) — hn(tl tl, .TL'
W (t:)

i=1

Lntj

2
< ZM%ezM/”T.
n
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. Fourth term.-

i=1 i=1
Fifth term.-

[nt] 1

e ([ Wty a1 i)

Sixth term.-

Lnt] mly

an (/ (y,2)q"( z,ydy”
Seventh term.-

[nt]

Zh" w™(x)q" (t;, )

. Third term.-
Lnt]
1 /M
S cttn) ([ ity o e )| < 5 (Gt ) [y
P n\n Y
< <M€M/n_|_ 2]%/77,) T
n2

[nt)

Z M= / " (ti,y)dy

< eM/"%T.

n

)
< Z ( ) ]M/n

2
< <M> M/,
n

. Eighth term.-

\(t - Lat)) | u(y)u(y,wq"unﬂ,y)dy‘ <

IA
= 3 -

Ninth term.-

u(z)q" (ti, x)(t — [nt])] <

/ (It} v)dy

s |-
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10. Tenth term.-

(Lt (It 2) (¢ — Lnt])] <

So finally using the bounds for each of the terms in (6.4.20) we just computed,
we can conclude that there exists a constant C'(M,T) > 0 such that:

C(M,T)

H t)] <
[Hn,,8) < =

(6.4.25)
Now for any bounded function f: x x [0,7] — R we define:

1£1l(s) = sup | f(z, s)[.
PASH'S

We will prove that for a fixed ¢ € [0,T], the sequence (¢"(+,1))n>0 is Cauchy
uniformly in z, in other words that

lim lg" —¢™|(s) = 0.

n,m— oo

So using (6.4.19) we have the following
q"(s,z) — ¢'(s,x) /m — ¢ (s,z))ds
/ / 0"(5,9) — a'(5,))dyds
- / W) (5.2) = o' (s,2))ds + [ 0" 6)(a" (5 0) o (5, )
0 0
+/ (" (s) — mL(s))q (s, 2)ds + (H(n, 2, t) — H(l,2,1))

/ m(z — g5, 2))ds
/ / 0" (5,9) — (5. ))dyds

- / (@) (g (5,2) — o' (s,2))ds + / m(@)™ (s, 2)(q" (5, 7) — ¢! (5, 2))ds
/ /m — ¢!(s,2))q" (s, x)ds + (H(n,x,t) — H(l,2,t)). (6.4.26)

Recalling the fact that m is bounded, then there exists a constant M, such that
m(z) < M for all x € x. So from (6.4.25), (6.4.26), and using assumption (A3)
we obtain

"(s x)—qg'(s. x t”flss t wly, 2)|lg™ — ¢*l|(s s
|q<,>q<,>|SM/O||q q||<>d+/0/Xu<y><y, g™ — ¢'l|(s)dyd
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- [ @l = dpas 401 [0l - d s

+M//m — N(3)d (s, 2)ds + | H(n,zt) — H(Lz,1)|
" I 1 1
<(BM+D+1) ||q —¢'||(s)ds + C(M,T) -1l
0

Then by an application of Gromwall’s Lemma, it follows

1 1
o = 1) < Cu,T) |1 3| e

So from the above inequality we have

lim Jl¢" —¢ () =

n,l—

We can then conclude that, for each ¢ > 0 and = € x, the sequence (¢" (¢, z))n>0
is Cauchy, so it exists ¢(t,z) € R such that

lim ¢"(t,x) = q(t,x). (6.4.27)

n—oo

Let us consider the function ¢ : [0,t] x x — R, obtained in (6.4.27); we will prove
that it is solution to a differential equation. First we see using assumption (A1)
that

/Xm(x)q"(s,m)dx < /Xm(x)dx < 00, (6.4.28)

so using (6.4.28) and an application of The Dominated Convergence Theorem
we obtain:

m(s) :/m(z)q(s,z)dx: lim [ m(x)q"(s,z)dx.

n—oo

Now we dominate each of the integrals in (6.4.19) in the following form

fwmwwmm"wmm<(M+/m m)

// sydyds<// x)dyds,

/;L(x)q (s,x)dsg/ p(x)ds. (6.4.29)
0 0

The fact that m is integrable with respect to the Lebesgue measure in x, that m,
g and p are bounded, and that fx u(y, z)dx < 1, implies that each of the integrals

in (6.4.29) are finite. Therefore by taking limits in (6.4.19) and applying The
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Dominated Convergence Theorem we obtain in an integral form the differential
equation satisfied by ¢:

g(t,) = lim ¢"(t,2) = lim (q”<o,x>+ / t(m(x)—m”(s»q”(s,x)ds)

n—oo

+ nILH;O (/ / p(y)u(y, x)q" (s, y)dyds — /Ot w(x)q™ (s, x)ds + C’(n,sc,t))
— g(0,2) + / (m() — 7(s))a(s, 2)ds

0

/ / (s,y)dyds — /Otu(ac)q(smc)ds. (6.4.30)
0

On the other hand let us consider for each n € Nand ¢t € [0, T the probability
measures 7;', 7; with densities ¢™(t,-), and ¢(t, -) respectively.
From (6.4.12) we know that for for fixed n € N, 0} has the following form

[nT]
771? = Z nlil[ti,ti+1)(t)7 (6431)

so we can consider (6.4.31) as a function ™ : [0,T] — M;(x), which is constant
in each interval [t;,t;11) and jumps at time ¢;41, fori = 0,1,..., [nT|, according
to the probability transitions defined in (6.3.7).

Using (6.4.27) we know that for fixed ¢ € [0,T], the sequence of densities
(¢™(t,"))nen converges point-wise to the density ¢(¢,-) as n — oo. So let us
fix t € [0,T] and consider a bounded measurable function f € By(x) such that
I/ llco < 1, then it is easy to see that

[, 1) = (e ) < /f "t x) —q(t, z))dx

< [ la(to) - )i,
P
Therefore if we consider the variation norm defined for p; and po in M (x) by
H/’LI_,U/QH: sup |</1'17f>_</1'27f>|7
FEBy(X),ll flloo <1

then by an application of Scheffé’s Theorem we have the following result
Jim [ = < Jim [ [q"(t.2) = g(t.0)ldo = 0.
X

Therefore the sequence of probability measures (n})nen converges, for fixed
€ [0,T7], in the variation norm in M;j(x) to the probability measure 7; as
n — 0o.
In the next section we will see that the flow of measures 7, for ¢ € [0,T]
generated by the densities ¢(t,-) satisfies the continuous time Feynman-Kac
formulae.
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6.5 The continuous time model

In the previous section we obtained the model (6.4.30) as an approximation in
continuous time for the discrete time model (6.2.2). In this section we will link
this model with the continuous time Feynman-Kac formulae; in fact we will
prove that the flow of measures generated by the densities g(t,x) satisfies the
continuous time Feynman-Kac formulae.

We recall that the dynamics of the density of traits in continuous time sat-
isfies the following differential equation

dq(t,z) _ ( /m a(t,y dy) / n(y)uly, x)q(t, y)dy — p(x)q(t, ),

dt
(6.5.32)
now writing the weak form of (6.5.32), we obtain for a function f € Cy(x)

/X f(@)q(t, x)dx — / F(x)q(0, z)dx
= / t / < / m( > q(z, s)dydzds

/ XXXf (y)uly,x)q(s,y dydxds—/ /f q(t, z)dzds
/ Xxxf m(y)q(s,z)q(s,y)dydzds — / f(@)ym(y)q(s, y)q(s, z)dydrds

XXX

/ / F@)ply)uly, 2)a(s, y)dydds — / / e 2)q(s,y)dydads

_ /0 / () = T@)mla)als. 2als, p)dydeds
" / /XXX(f(‘T) = fW)nr)uly, z)q(s, y)dydrds.

Now if we consider the measure 75, € Mp(x) with density ¢(s,z) then (6.5.33)
becomes

/ F(@)me(dz) = / f(@)mo(dz) + / / (F(2) — F@)(w)uly, 2)n.(dy)deds

+f / ) = FEmn. ()i,

which we can express in the following form

= (e [ (@) = sttt + [ (76) = f@)muts o))
(6.5.33)

so by (6.5.33), the flow of measures (1;);>0 satisfies the Feynman-Kac formulae

(see p.14 in Del Moral [23]).
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Following Del Moral we have the following interacting particle approxima-
tion. Let

(E)z0 = (&5 & )ez0,
be a Markov process taking values in v, where N > 1 denotes the number of
particles.
At time ¢ > 0 the generator LY of the particle system is defined as the sum

of two generators
LN =N+

1. The first generator LY which is called the mutation generator is defined
for ¢(z1,...,zn) = ¢ (x1) ... N (2N), with ¢! € Cy(x) fori =1,...,N
as

N
1Y) = S [[() / (6 (2) — ¢ () (w)uly, 2)dy.

i=1 j#i

2. The second generator Lév , which is called the selection generator, is de-
fined for any ¢(z1,...,2n) = ¢ (z1)... 0N (xn), with ¢' € Cy(x) for
i=1,...,N, and for any x = (z1,...,2x5) € X~ by

N 1NN g
Ly (9)(x) = D (e@) = p(a))m(ay),

=1 5=1

where for 1 < 4,7 < N and & = (z1,...,zn) € XV, %7 is the element of
"N given by

Tk, if £ #i;

V1<k<N, ijZ{ wy, ik =i
s =1

The following result from Del Moral, Theorem 3.19 in [23], shows that for any
t > 0 the empirical measures given by

N
1
W =50 (6.531)
=1

are good approximations of n,t > 0, for N large enough.

Theorem 15 (Del Moral [23]). There exists a finite constant Cp > 0, such that
for all ¢ € By(x) and all0 <t <T,

EllnY,é) — (. 9)]) < cT”;%'

where E designates the expectation relative to the process (€;)1>0.
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The above result allows to give a microscopic interpretation of the continuous
time model described by (6.5.32) in terms of the empirical measures (7});>0
given by (6.5.34). We can interpret the empirical measures (n});>0 as the
distribution of individuals in a population of size N, where the individuals are
characterized by their traits £ € y for 1 < i < N. So the population evolves
according to the following dynamics:

Between jumps due to the interaction between individuals, at a random
time 7 a given individual £, with probability u(£%) (the mutation rate), will
be replaced by a new individual with trait randomly chosen according to the
mutation law p(y)u(x,y). In other words at a random time 7, an individual
& gives birth to an offspring and dies, with probability 1 — u(£%) the offspring
carries the same trait £2; and with probability u(£2) the offspring is mutated. If
a mutation occurs the trait of the offspring is chosen according to the mutation
law u(€L, y)dy.

At a different random time o we introduce a competitive interaction between
the individuals, during this stage a given individual £ will be replaced by a
new particle ¢4, 1 < j < N, with probability proportional to its ”adaptation”
(fitness) measured in terms of the malthusian parameter m(&2).

So the model described (6.5.32) can be thought as an approximation when
the size of the population is very large (when N — 00) of the empirical measures
(nN)e>0 given by (6.5.34).



Chapter 7

Continuous time
approximation for a model
of a sexual population

7.1 Introduction

In this chapter we will discuss two deterministic models to describe the dynamics
of a sexual population, in discrete and continuous time.

We will also find a continuous time approximation for the discrete time
model, using a weak selection hypothesis similar to the one we used in the
chapter 6 where we discussed an asexual population.

We will consider a modification for haploid populations of the multilocus model
developed by Nagylaki [54] and Nagylaki et al. [55], originally used to derive the
gametic frequencies under selection and recombination for a diploid population.

The models we present in this section are under the approach of quantitative
genetics, we are not interested in the size of the population that we can consider
constant, and the fitness is given a priori and depends only on the genotypes.

7.2 Discrete time model

We consider an haploid randomly mating population with discrete nonoverlap-
ping generations, in which two sexes don’t need to be distinguished. Selection
acts only through differential viabilities, which are constant, although the model
can be formulated for frequency -and time- dependent fitness. The number of
multiallelic loci, the linkage map (or recombination distribution), and epistasis
(the presence of interactions between the genes at different loci), are arbitrary.
We suppose that the genetic system consists of [ loci and [}, alleles AEJZ) at locus
k, for x, = 1,...,l,. We use the multi-index z = (x1,..., ;) as an abbreviation

for the individual AS}A&? . A;ﬂ . We will call x to the space of all possible

132
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genotypes, and we will write that @ = (z1,...,z;) € x to say that the individual
with genotype A;(Ell)szz) e A&? € x. We remark that the space of genotypes x
is discrete.

Let us denote the frequency of the genotype = by p(z). Once again this
means that if N(n,z) is the number of gametes with trait x, and N is the
population size then: (n.2)

N(n,x

There are I ...[; different [-locus gametes. Collectively, the gamete frequen-
cies form a vector p, a probability vector in the corresponding simplex. The

(marginal) frequency of Aé’? in gametes is

pgcli) = Z Px

where the sum runs over all muti-indices z with k-th component fixed as xy.
Let W(zx) denote the fitness of genotype x. We define the mean fitness of
the population
W(p) =Y W(x)p(x)
TEX
respectively.

Let us now derive the recursion relations for the gamete frequencies. We
define {x,y — z} as the event that the genotype of the offspring of parents with
genotypes = and y is z. Then the frequency of gamete z in the next generation
is

PE =W S WaWmpwp) P{ey — 20, (121)
z,y€EX

because selection acts before recombination, and where P(x,y — 2) is the prob-
ability that parents with genotypes x and y give birth to an offspring with
genotype z.

Let L = {1,...,1} be the set of all loci and let {I, J} be a partition of L, (i.e.
INJ =0and TUJ = L). Assume that for an individual z = (z1,...,%) I
is the subset of loci with alleles inherited from one parent, and .J is the subset
of loci inherited from the other. Since for the moment we are not interested
in the parents, the partitions {I, J} and {J, I} will be identified. Without loss
of generality assume that the locus 1 is included in I, and remark that since
J = L\ I the partition {I, J} is completely determined by specifying I . There-
fore from now on we will identify the partition {I, J} with I. Consider a couple
of vectors z,y € x and a partition I of L. We will denote by x;y; the vector
with coordinates

(Trys)i = { i le € l;
yi, ifie€J.

From now on Z will denote all the set of all possible partitions of L, in other
wordsZ={I CL:1e1I}.

To describe recombination, we first have to talk about cross-overs which refers
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Figure 7.1: Recombination in the model.

to the special kind of exchange of chromosome parts between two chromosomes,
in meiosis. Suppose we have a couple of individuals with genotypes z, y, and a
partition I € Z, and lets call R; the event where there is reassociation (cross-
overs) of the genes at the loci in I inherited by one of the parents, with the genes
at the loci J = L\ I inherited from the other. We denote by r; the probability
of the event R;, and therefore we have that ZIEZ rr=1.

We remark that the event R; is in general different from the event that
parents with genotypes x and y, give birth to an offspring with genotype x;y
or yrxy. To see this suppose that z = y, then the genotype of the offspring z
will satisfy that z = xry; and that z = yrz; even if there are no cross-overs
associated with the partition 1.

In order to express P({z,y — z}) in terms of the recombination probabilities
rr, we condition on the events R; with I € Z, and we obtain the following:

P{z,y — 2}) = ZP({%Z/ — z} | Rr)P(Ry) = ZP({%Z/ — 2} | Rp)rr.
< < (7.2.2)

Now conditioned on Rj, the offspring of parents with genotypes x and y has a
genotype given by x;y;y or yrx;, each with the same probability, therefore:

1/2, if z = zryy;
P{z,y— z} | Ry) = 1/2, if z =yjay; (7.2.3)
0, i.o.c.
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So using (7.2.3) in (7.2.2) it follows that:

1
P({l‘,y - Z}) - 5 ZTI[I{ZZJUI.UJ} + 1{Z:y1y1}}' (7'2'4)
1eT

A simple calculation using (7.2.4) shows that

> W)W (y)p(x)p(y) P({z,y — 2})

z,YEX

1
DD ICLUCENICTENTICERIICIERN
xex IeT

1
+3 SN W ry)W (yrz)p(zry)p(yrzs)
yex IeZ

= Z Z7‘1W(ZI:L'J)W(IIZJ)p(zI:EJ)p(zIzJ), (7.2.5)
zex I€T
and finally noting that > . W(z)W(z)p(z)p(z) = p(2)W (2)W we can express
(7.2.5) as

> W)W (yp()p(y) P,y —2}) = WE@p(2)W = > > " riW (@)W (2)p()p(2)
z,YEX zeEX IET

+ Z Z riW (zrz ) )W (xrzp)p(zre)p(zrzy).

xex €T
(7.2.6)

Therefore, substitution of (7.2.6) into (7.2.1) yields the recursion relations for
the frequencies of the genotypes under the combined action of selection and
recombination:

P'(2) = p(z)—==% — 0(z2).

Here,
0(z) = I/Iiz ZZTI(W(x)W(Z)P(CU)P(Z) —W(zrzy)W (212 5)p(w121)p(2177)),
T I

represents a measure of linkage disequilibrium in genotype z. (Nagylaki 1992,
Chapter 8.2; Nagylaki 1993).

Remark 2. If in the discrete time model for haploid populations developed by
Doebeli in [24], we assume random mating rather than assortive mating, then
his model reduces to (7.2.1).

7.3 A continuous deterministic model for a sex-
ual population

A multilocus model in continuous time was developed and analyzed by Shahsha-
hani [72] and Akin [1]; see also Pasekov [57] and Svirezhev and Passekov [74].
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As in the case of the model of Nagylaki we introduced in section 7.2, we will
consider a modification for haploid populations of the model of Shahshahani
[72] originally used to develop in continuous time the gametic frequencies of a
large randomly mating population of diploid organisms evolving solely under
the influence of fitness selection and recombination.

Let g(t,x) be the frequency of individuals with genotype = at time ¢ > 0.
This means that if N(¢,x) is the number of individuals with trait = at time ¢,
and N(t) is the population size at time ¢ then:

q(t’ ‘T) =

The birth rates of all genotypes are assumed to be equal and we denote them
by b, while we use d(x) for the death rate of the genotype x. The model is given
by the following system of ordinary differential equations,

dq(t,x)

S = gt @) () — ) - 0, ),

where m(z) = b — d(z) is the malthusian fitness of the genotype x, m(t) is the
mean fitness, and

é(t7 JU) = Z Z br[(q(t, m)q(t, y) - Q(t’ nyJ)Q(t’ yIZ‘J)),

yex IeZ

measures linkage disequilibria in the genotype z.

7.4 Convergence to a continuous time model

In this section we are interested in obtaining a continuous time approximation of
the model of Nagylaki [54] we described in section 7.2. The idea is to consider on
a time interval [0, 7], a series of |nT'| generations of time length 1/n, and then
accelerate time by making the time length between different generations tend
to 0. Between each generation of length 1/n we suppose that the population
evolves according to (7.2.1) with fitness function W™.

In order to obtain a continuous time model we need first to define a malthu-
sian fitness parameter m, the relation of this malthusian fitness parameter with
the fitness function W™ is given in the following assumption:

Assumption (M)

There exists a bounded function m : xy — R.

The relation with the fitness function W™ is given by the following expression,
for each x € x

W (2) = exp (im(m)) . (7.4.7)

This idea of performing a weak-selection approximation is similar to the one we
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explained in (5.1.6). As the time length between generations become smaller,
the number of generations on a fixed time T increases, so we suppose that the
average number of offspring of each individual (given by the fitness function
W™) decreases. This is the reason behind the renormalization by 1/n of the
malthusian parameter m in (7.4.7).

We now fix a certain time 7', and we divide the interval [0,7] in a series
of intervals of length 1/n (the length of each generation), therefore in the in-
terval [0, T, we have a total of |[nT'| generations. We denote the time of each
generation by t; = ™ for i = 0,1,..., [nT]| + 1.

We set ¢"(0,2) = ¢(0,z) for all n € N (the initial density of individuals
with genotype ), and ¢™(¢;,x) as the density of individuals with genotype x
at generation t;. This means that if N(¢;, ) is the number of individuals with
trait « at the generation t;, and N(¢;) is the population size at the generation
t; then:

N(ti, SC)

N(t:)
And we define the mean fitness at time ¢; for ¢ = 0,1,...,[nT| + 1 by the
following expression

W(t:) =Y W"x)q" (t:,x).
TEX
In order to make the continuous time approximation of (7.2.1), we suppose that
for each t; with i =0,1,...,[nT| + 1, ¢"(¢;, ) satisfies the following difference
equation:

"t 7) = ¢ (k) x)%: ((ZC)) oy, (7.4.8)
where
nip\ 1 r iy n Vg™ (L
0 (tz) - (Wn(tl))zygxg I(W ( )W (y)q (t“ )q (tuy)

— W™(xry)W" (yres)q" (ti, xrys)q™ (ti, yre)),

We fix t € [0,7] and for ¢ = 0,1, ..., |nt] we take the difference between the
frequencies in each generation for a fixed genotype = € , so using (7.4.8) it
follows that:

qn(ti-‘rh l‘) - qn(tza 33)

1 —n

= (W™ (@)~ W (:))q" (. 2) — 0" (1), (7.4.9)

For each n € N and x € x consider the function ¢"(¢,x) : [0,T] X x — R, defined
by:
[T ]

" (t,x) = D q" (b 2) 10 (1)
=0

The following result allows us to obtain the continuous time approximation of
the discrete time model described by (7.4.9).
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Theorem 16. Admit Assumption (M). Then the sequence of functions {q" }nen
converges pointwise, as n goes to infinity, to the unique continuous function
q:[0,t] x x — R satisfying for any x € x, and t € [0,T]:

q(0, ) —1-/0 (m(z) —m(s))q(s,x)ds —/0 0(s)ds, (7.4.10)
where
m(s) = Zm(m)q(s,x)dm,
and

0(s) =YY rilg(s,)q(s,9) — (s, x1y.)q(s, yrz.s))-

yex I

Proof. We start by taking the sum of (7.4.9) for i = 0,1, ..., [nt], and noting
that ¢"(t, x) is constant in [%,t] we obtain

qn(ta SU) - q"(O,x)

|nt] 1 ; . . |nt] .
= ;W(W () =W (t:)q" (i, ) — ;9 (t:).

Then making a Taylor expansion of W™ around zero for fixed x € y, we obtain
1

W™(z) =1+ —m(z) + h"(z), (7.4.11)
n

the function A" is the residual in Taylor’s Theorem and is given by

m(z)

B (z) = /O exp(t)(@_t)dt. (7.4.12)

So using (7.4.11) we have the following expansion for W" withi=0,1,..., [nt],

W) =1+ %m(tz) - %E(tl),
where
m"(t;) = Zm(:lc)q (t;, x)dz,
zEX
and



7.4. CONVERGENCE TO A CONTINUOUS TIME MODEL 139

It is easy to see using the later expansions that

[nt]
1 _ q"(t;, x)
"(tx) —q"(0,2) = ) = —(m(x) -m"(t;))———
! ! 270 n
[nt] [nt]

Zﬂ ) =R (t:)g" (i, z) +Zan . (7.4.13)

Now we define the functions m”™,h", W" : [0,T] — R, as follows,

[nT]
Z M () 1,0 (1),
L"TJ
Z h 1[f77ti+1)(t)7
\_nTJ

Z W 1[t1,t1+1)( )

Proceeding in a similar way as in (6.4.19), we can express (7.4.13) in the follow-
ing form

" (t,z) —q"(0,2) = /O(m(x) —m"(s))q" (s, x)ds +/O 0" (s)ds + H(n,z,t),

(7.4.14)
where
|nT)
Z 0" ( t“t1+1)( )-
And
il "tyw)
H(n,=,t) Z (t:,n)(m —mn(s))%—en(mﬂ)(t—LnTJ)
=0

= (m(z) —m"([nT]))q"(InT ], 2)(t — [nT])

I_n

where for each ¢; with i =0,1,..., [nT] 4+ 1 we have:

C(t‘ ) _ nﬁ”(ti) — E”(ti)
r W)
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We will prove that H(n,x,t) — 0 as n — oo uniformly in = and [0, T]. We will
bound each term of (6.4.20), so let us start with some inequalities that will be
useful. By assumption (M) the function m is bounded, in other words there
exists m € Ry such that |m(z)| < m for all x € x. Then by (6.4.10) we have:

e~ W (z)] < e™/m. (7.4.16)

Now using that ¢"™ < 1, we have for each ¢; with i« = 0,1,...,|[nT] 4+ 1 the
following:

/W” "t x)dx > e~ m/n and,
/ m"™(x)q" (t;, x)dz < m. (7.4.17)

We also have using (7.4.12) that
m(z)

|h”(x)|§/ Toet (%) dt < (%)Qem/m (7.4.18)

0

and for each t; with ¢ =0,1,...,[nT] + 1 we have

2
m/n
- ) em/m, (7.4.19)

[h" (t;)] < / | (2)|q™ (85, x)dx < (@

Also recalling that the genotypic space x is finite, we denote by |x|, its cardi-
nality, and we obtain for each ¢; with ¢ =0,1,..., |nT]| + 1:

ZZTI W (@)W (y)q" (ti, x)q" (ti, y)
(W™ (t:))? £

— W@y )W"(yrz5)q" (ts, x1y7)q" (ti, yres))
< e—2m/n Z ZTI262m/n = 2|y|.
yex I

And finally using (7.4.16), (7.4.17), (7.4.18), and (7.4.19) we have that for each
t; with i =0,1,..., [nT] +1:

B P T

m(ti) — k' (L 2
Cltam) = |7 (ln (t:) <m _m/n+m7.
We will proceed to bound each term in (7.4.15).
1. First term.-
|nT | [nT| 2
" ti» —

> Cltanlim(e) () T < 37 o™ (e 1)
i=0 " i—0 " "

IN
[\
3

N
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2. Second term.-

()~ (T ))a” (1nT ), )0 — [T )] < 2,

3. Third term.-
[nt] 1 Lnt)
W (t:)

i=1

4. Fourth term.-

7 (e - o7 )| < 2.

So finally using the bounds for each of the terms in (7.4.19) we just computed,
we can conclude that there exists a constant C'(m) > 0 such that:

T
\H(n,z,t)| < % (7.4.20)
We will prove that for a fixed t € [0,7], the sequence (¢")n>0 is Cauchy
uniformly in z, in other words that

lim |¢" —¢™||(t) = lim suplq¢™(t,z) —¢™(t,z)| = 0.
n,m— o0 n,m

,M—00 TEX

So using (7.4.14) we have the following
'(t.a) = d'(ta) = [ (@) (4" (5,2) — (s, )ds
+ (7 (5)a" (5, 2) — 71 (5)d (s, 7))
- /Ot((?"(s) —04(s))ds + (H(n,z,t) — H(l,z,t)). (7.4.21)

First we will bound the second integral in expression (7.4.21), its easy to see
using the fact that we have a finite space y, that there exists a constant K; not
depending on n, [, such that

" (s)q" (s,x) = (5)q' (5, 2) = (MW" (s) = 7' (5))g" (5,2) + 7 (5)(q" (s5,2) = ¢ (5, 2))

=> m)(q"(s,y) — ' (s,9))q" (s, )

+ 3 m()d'(s,9)(g" (s,2) — ' (s.2))

< Killg" = d'||(s)- (7.4.22)
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Proceeding in a similar way, there exists a constant K5 such that

0" (s ZZT} (s,9) —q"(s,21y5)q" (5, y127))

yex [

=SS i@ s 2)d (s,9) — (s, 2090)d (5, yrs)

yex I

= 3% rg (s, ) (@ (5. ) — d'(s,9)

yex I

+3 > rid (5,9)(q" (s 2) = ¢' (s, @)
yex I
+ Z Zrzq"(s,xjy(,)(q”(g,yﬂj) —q'(s,yrz5))

yex I

+ Z Zﬁql(& yre)(q" (s, 2rys) — q' (s, 219.))

yex I
< Kallg" — ¢'[|(s). (7.4.23)

It is easy to see using (7.4.20), (7.4.22), and (7.4.23), in (7.4.21), that

wwm—¢mms(wmmw+m+KQA|¢—M@m

rEX
1 1
C(m,T)|——=].
somm|t-
So from the above inequality and by an application of Gromwall’s Lemma, it
follows that

lim_[j¢" = ¢'[|(t) =0

n,l—oo

We can then conclude that, for each ¢t € [0,7] and = € X, the sequence
(¢"(t,x))n>0 is Cauchy, so it exists ¢(¢,z) € R such that

lim ¢"(t,z) = q(t,x). (7.4.24)

Lets consider the function ¢ : [0, 7] x x — R, obtained in (7.4.24); we will prove
that its solution to a differential equation.

It is no difficult to see that all the terms in the integrals of (7.4.14) are
bounded. Indeed this follows from the fact that the space x is finite, and that
q"(z,t) <1,forall z € x, t € [0,7] and n € N.

Moreover by an application of the Dominated Convergence Theorem we can
take limits in (7.4.14) and obtain

t
q(t,x) = lim ¢"(t,z) = q(0,2) + lim (m(x) —m"(s))q"(s,x)ds

n—oo n—oo 0

+ lim ( /0 t 0" (s)ds + C(n, z, t))
=q(0,2) + /Ot(m(x) —m(s))q(s,z)ds — /ot 0(s)ds, (7.4.25)
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where

m(s) = Zm(x)q(s, x)dx = nh_)rr;O Z m(x)q" (s, x)dz,

and

0(s) = Z ZTI(Q(S#E)Q(&Z/) —q(s,z1ys)q(s,yrzy)).

yex I
O

Remark 3. Fquation (7.4.25) is a particular case of the model of Shashahani
[72] described in section 7.3, when the birth rates satisfy that b = 1. This allows
to consider the model of Shashahani (7.4.25) as a weak selection continuous
time approximation when b = 1, of the model of Nagylaki (7.2.1) for haploid
populations.



Chapter 8

Individual-based
probabilistic model for
sexual populations

8.1 Introduction

In this paper we are interested in modeling the evolution of a sexual population,
taking into account genotypic variation given by recombination and natural se-
lection through the competition between the individuals. To this end we use a
microscopic approach, i.e. we focus on the stochastic evolution of each individ-
ual, we use a multilocus genetics model to describe recombination which is a
fundamental factor in the variability of sexual populations.

The second objective of this work is to understand the phenomena of sympatric
speciation, which remains an important problem in biology. By sympatric speci-
ation we mean the apparition of new species without any geographical isolation
between them. The study of sympatric speciation has gained much attention
in the last few years and several discrete time macroscopic models have been
proposed (Doebeli [24], [25]), (Biirguer [12], [13]), but without any real justifica-
tion from the microscopic point of view. The advantage of our approach is that
we can understand better the biological assumptions under which our model is
based.

This work begins with the microscopic description of a population with a finite
number of individuals, in which each individual is characterized by its genotype,
which is described by a vector of allelic values for a given number of loci. Follow-
ing [19] the dynamics of the population is modeled by a Markov point process,
in which the stochastic dynamics of the population is described in continuous
time by its generator taking into account recombination in the birth of a new
individual, and death as influenced by the traits of an individual and its inter-
action with the rest of the population. The nature of recombination relies in the

144



8.2. POPULATION POINT PROCESS 145

fact that when an individual is born its genotype will be a random combination
of the allelic values of the genotypes of the parents. We refer to the state space
formed by all the possible vector of allelic values as the space of genotypes,
and we will call genotype to the vector of allelic values. We also incorporate
assortive mating in our model by assuming that probability of mating between
a couple of individuals increases by the similarity of their phenotypes.

The process will be a solution to a stochastic differential equation driven by Pois-
son random measures (section 8.2). We will give an algorithmic construction of
the process in section 8.3, that we will help us to realize certain simulations, for
different parameters. Next in section 8.4 we will prove that the point popula-
tion process is a measure-valued semimartingale and we will compute some of its
characteristics. Then we will work on a particular renormalization of the point
process based on a large population limit, to obtain a deterministic integro-
differential equation (section 8.5), which in the case that the total number of
possible phenotypes is finite or infinite, reduces to the models obtained in [72]
and [25] respectively (section 8.6).

8.2 Population point process

In the following we will consider an haploid population in which a given trait
value (skin color, eye color, sex, etc.) is determined additively by I diallelic loci.

We model the evolution of the population as a stochastic interacting individ-
ual system, where each individual is characterized by a vector of allelic values
or genotype, * = (x1,...,2;), where the coordinate x;, gives the value of the
allele at the ith loci for ¢ = 1,...,[. For the particular choice of the space of all
possible genotypes x we will consider two cases:

e We will consider y = {0, 1}, in the case that the number of total possible
phenotypes is finite (see [24]), like eye color or the number of abdominal
bristles on a fruit fly.

e In the case of quantitative traits, such as body weight, brain volume,
i.e. traits which exhibit almost continuous variation, we will consider

x = [0,1]%.

The trait value of an individual will be determined additively by its vector
of allelic values that is to say we have a model without resampling; in other
words, for a given individual with genotype, © = (z1,...,2;), its phenotype or

trait, is given by
l

p(z) = Z x;.

i=1

This allows us to consider the trait space as

e xp ={0,1,...,1} if the genotypic space  is {0, 1},
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e or x, = [0,1] if the genotypic space x is [0,1].

We will consider a model with sexual recombination, and the approach to
describe it is the following. The genotype z € x of the offspring of a couple of
individuals x,y € x will be randomly chosen according to the probability law
D(z,y;z)u(dz). For the particular form D and p we consider depending on Y,
two cases:

e Suppose that we have a finite space of genotypes, i.e. we consider that

x = {0,1}' (see Section 2). To describe sexual recombination in this
example we will need the following.
Let L = {1,...,l} be the set of all loci and let {I,J} be a partition
of L, (ie. INJ =0 and IUJ = L). Assume that for an individual
z = (21,...,21) I is the subset of loci with alleles inherited from one
parent, and J is the subset of loci inherited from the other one. Since for
the moment we are not interested in the parents, the partitions {I, J} and
{J, I} will be identified. Without loss of generality assume that the locus
1 is included in I, and remark that since J = L \ I the partition {I,J}
is completely determined by specifying I . Therefore from now on we will
identify the partition {I, J} with I.

Consider a couple of vectors x,y € x and a partition I of L. We will
denote by x;y; the vector with coordinates

(.’E )_ x;, ifiel;
9=y, ifieJ.

From now on Z will denote the set of all possible partitions of L, in other
wordsZ={I CL:1€I}.

For each partition I € Z we denote by r; the probability of reassociation
of the genes at the loci in I, inherited from one parent, with the genes
at the loci J, inherited from the other one (see [11] p. 54-56). In other
words r; is the probability that the genotype of the offspring of a couple
of individuals z,y € x is #7ys, which implies that ), ;77 = 1.

We take the measure p defined on y as the uniform measure on the space
of genotypes ¥, in other words

u(dz) = 3 6. (dz),
reEX
And define
D(IE, Y; Z) = Zrll{wij}(Z)‘

IeT

e Consider a continuous space of genotypes x, i.e. x = [0, 1]l. In this case,
we take as the measure p the Lebesgue measure in RY, and D(z,y; z) as
the density of a probability measure on y, for example a Gaussian law
with mean equal to (z + y)/2 and conditioned to stay on x (see [25]).
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We will denote by Mp(x) the set of all finite non negative measures on . Let
also M denote the subset of Mp(x) consisting in all the finite point measures:

n
M= {Zézi,nzo,xl,...,xn Ex}.
i=1

Here and below, §, denotes the Dirac mass at . For any m € Mg(x) , any
measurable function f € y, we set (m, f) = fx fdm.

Our objective is to study the stochastic process vy, taking its values in M,
and describing the distribution of individuals and genotypes at time t. We define

N(t)
= dx;,
j=1

N(t) € N denotes the number of individuals alive at time ¢, and X}, ... ,XtN )
describing the individuals’ genotypes (in x).

In our model we will introduce assortive mating, assuming that the individu-
als in the population with similar traits mate more frequently. Several examples
of assortive mating can be found in models of sexual populations: Doebeli [24]
[25], Biirger [13], Matessi et al. [50], Gavrilets and Boake [30]. There also exists
strong evidence that assortive mating occurs in several species in nature, like
with the cichlid fishes [5], or the funnel-web spiders [62].

Following [24] we define a mating function a(p(x), p(y)), which expresses the
probability of mating between a couple of individuals with genotypes =,y € ¥,
we remark that the mating function is symmetric and depends only on their
phenotypes p(z), p(y) € Xp-

Following Doebeli (see [25]), in our model we consider that all the individuals
have the same per capita birth rate b. So for a population v = Zle 0, and a
couple of genotypes in the population z*,z7 € x, we define a birth rate by

ba(p(:ri),p(xj))l{i#j}
SN alpai), plad))’

the indicator function only means that we do not allow an individual to mate
with itself, and as we can see from (8.2.1) we have to normalize the birth rate by
the total amount of mating the individual z? participates in, so that if we take
the total contribution of the individual 2* to the offspring pool, this is equal to
b, in other words

b(p(a'), p(a’)) = (8.2.1)

N

iv: b(p(z*),p(2?)) = Z ba(p(a*), p(a?)) Liizsy

SN api),p(ad)

We also define for a population v = Zle 6. and a genotype x € x, a death
rate d(p(x), (U o p) * v(z))=d(p(z), 2521 U(p(x) — p(x?))) of individuals with
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genotype x. U denotes the interaction kernel affecting mortality. Note that
the birth and death rates, and the interaction kernel U depend uniquely on the
phenotype of the individuals. And finally let D(z,y;2)u(dz) the probability
that the offspring of two individuals with genotypes z, y respectively, give birth
to an individual with genotype z.

Thus the population has the following dynamics. The initial population
is characterized by a (possibly random) counting measure vy € M at time 0.
Each couple of individuals with genotypes z,y € x at time ¢ has an exponen-
tially distributed random birth ”clock” with parameter b(p(x),p(y)). And each
individual with genotype = € x has an additional exponentially distributed ran-
dom death ”clock”, independent of its associated birth ”clocks”, with parameter

d(p(z), (U o p) xv(z)).

If the birth clock of a couple of individuals with genotypes x,y € x rings, they
produce an offspring with a genotype given by z according to the probability
law D(z,y; z)u(dz). If the death clock of an individual rings, this individual
dies and disappears.

When one of this events occurs all clocks are reset to 0.

8.2.1 Construction of the process

Let us justify the construction of a Markov process which follows the dynamics of
the population we described in the previous section. We will make the assump-
tion that the trait dependency is at most linear in the death rate. Specifically
we will work under the following hypotheses:

Assumptions (C1)

There exist constants d, U such that for each v = Zivzl 0, and for z,y € x,

d(p(x),(U o p) x v(z)) < d(1+ N),

U(z) <U.

We assume that there exists a constant C' > 0 and a function D : y — R, such
that for each z,y € x these two conditions hold:

D(z,y;2) < CD(z) and / D(z)u(dz) = 1. (8.2.2)

Let us see that the two conditions in (8.2.2) are satisfied for the particular two
possible choices for D and p at the beginning of section 8.2.

e In the first case we assume that the space of genotypes is finite and given
by x = {0, 1}!. In this case we take pu(dz) = > zey 0z(dz) and the recom-
bination kernel as D(x,y;2) = > c771l{a,y,3(2). Now let us see that if
we take D(z) = 1/2!, and C = 2!, this particular choice satisfies (8.2.2).
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So let us take x,y € x, and consider the following:

D(x7y7z) = ZTII{IIZ/J}(Z) < ZTI =1= CE(Z)7
1T IeT

and
/ D(a)u(dz) =Y / D(2)6,:(d2) = S D) = 305 11l 1109 ()

zeX Y X TEX zex IET

:ZT[:L

Il

e In the second case the space of genotypes is given by x = [0,1]'. In
this case we take the measure p as the Lebesgue measure on x and the
recombination kernel D(z,y; z) as the density of a probability measure on
X, which we assume is continuous for each z,y € x. So if we consider
D(z) =1 and C = 1, it is straightforward using the fact that D(x,y;z)
is a density, to see that D(z,y;2) < CD(z) for any x,y € x. Now let us
check the second condition in (8.2.2):

/XD(at,y;z),u(dz) < /Xdz: 1.

Finally we assume that there exists a constant o > 0 such that for x,y € ¥,

a < alp(z),p(y)) < 1.

These assumptions ensure that there exists a constant C, such that the total
event rate, for a population counting measure v = vazl 04 is bounded by
CN(1+N).

Let us give a pathwise description of the population process (14)¢>0, the fol-
lowing is inspired in the work of Fournier and Méléard [29]. We introduce the
following notation.

Definition 10. Let N* = N\ 0. Let H = (H',H? ..., H* ...) : M :— (x)™™*
be defined by H(Y i, 6,1) = (To(1), Ta(2)s -+ Ta(n), 0y -+, 0,...), where o1y =
o+ R Zg(n), for some arbitrary order on x. (for example the lexicographic order).

This function H allows us to overcome the following (purely notational)
problem. Choosing a genotype uniformly among all genotypes in a population
v € M consists in choosing ¢ uniformly in (1,...,(r,1)), and then in choosing
the individual number i (from the arbitrary order point of view). The genotype
of such an individual is thus H*(v).

We now introduce the probabilistic elements we will need.

Definition 11. Let (2, F,P) be a (sufficiently large) probability space. On this
space, we consider the following three independent random elements:
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o o M-valued random variable vy (the initial distribution,),

e a Poisson random measure My (ds, di,dj,dz,df) on [0,00) x N* x N* x x x
R, with intensity measure ds(d ;< 0x(di)) (> 4> 0k(dj))
wu(dz)do (the birth Poisson measure). -

e a Poisson random measure My(ds,di,df) on [0,00) x N* x RY, with in-
tensity measure ds(3_y -, 0x(di))df (the death Poisson measure).

Definition 12. Assume (C1). A (F)i>o-adapted stochastic process v = (V);>0
1s called a population process if a.s., for all t > 0,

vt = Vo +/ Ol 1y <o 1} iz
[0,) xN* x N* xR+ X x
L{0<ba(p(Hi(ve—)),p(HI (vs ) D(H (v ), Hi (v, )i2)a(p(Hi (v, -)) -1} M1 (ds, di, dj, dB, dz)

—/ Or (ve ) Li<we Y 1{0<d(p(H (ve ), (Uop)sv, - (Hi (v, )) Ma2(ds, di, dB),
[0,6) xN* xR+

(8.2.3)
where
. <V57’1> . .
GEH ) = S ap(H (v ), p(HI (v,-))).  (3:24)
J=1,j#i

The indicator functions in 6 are related to the rates. As mentioned in section
8.2, in the first indicator function that involves # we have to normalize the rate
of mating between a couple of individuals by the function & so that the birth
rate of each individual remains constant and equal to b. In other words we
normalize by the total amount of mating each individual participates in (see
[25]) .

We will obtain now the infinitesimal generator for the population process. The
following work is adapted from Fournier and Méléard [29]

Proposition 20. Assume (C1) and consider a solution (v4);>o to equation
(8.2.3) such that Elsup,<p(ve,1)?] < 400, for all T > 0. Then (v)i>0 is a
Markov process. Its infinitesimal generator L is defined for all measurable and
bounded mappings ¢ : M — R, all v in M, by (8.4.14) below. In particular the
law of (V)1>0 does not depend on the chosen order <.

Proof. The fact that (v):>0 is a Markov process is classical. Let us now consider

a function ¢ as in the statement. With our notation vy = Z§i°1’1> O (1)

Now using that a.s., (1) = G(0) + X uey(G(vee + (vs — vs)) — B(vs)), we
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obtain

o(vr) = Blvo) + / ($vee +62) — d(vs)

[0,t) x N* X N* xR+ x x
Lio<ba(p(Hi(ve ) p(Hi (ve ) D(H (ve ), H (v )iz)a(p(Hi (va-)) =1}

l{ig(usf,1)}1{j§<1/5771>}1{i7$j}M1 (dS7 di, dj7 d0, dZ)
+ (605 = 80 )) = 65 WL pszion 13
[0,t) xN* xR+

Lo<a(p(ri (v, )),(Uop)sv. (' (v, )} M2(ds, di, df).

Taking expectations, we obtain

Elp(n)] = E[¢(Vo)]

+E[ Z/ (Vs +0.) = b(vs))

ba( (H'(vs)), p(H? (vs))) 153 D ; ,
1 . _ (H' (v ), HY (1o ); 2)pu(dz)ds
S alp(H(vs), p(HI (1)) ! ]

¢ (vs,1)
B| [ (60 = by — D 02). (0 o) 51, (7 ().
(8.2.5)

Now using the conditions in Assumption (C1) and the fact that ¢ is bounded,
we have the following:

(vs,1

[/ Z Z/|¢us+6 $(vs)]

ba( (HZ(I/S)),p(H ( s)))l{i;éj} D(Hi(z/s_),Hj(l/s_);z),u(dz)ds

St alp(Hi(v), p(HI (1))

t
< 2b||¢|ooE[ / <u571>ds} < 26| tE [ssggws, 1>]

< 2b||@| ot E [(sup(l/s, 12+ 1)] < 400, (8.2.6)

s<t
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where the last term is finite by hypothesis. Now we will bound the death term
n (8.2.5), once again using assumptions (C1) we obtain:

[ / fjws e Sutstony) — S ), (U 0 p) # va(H' (1))

< 2l [/

< 200l 5| / (14 (1)

t (stl>
d(1+ 1/3,1>)d3}

< QJ|¢>||OOtE{ <1 + sup{vs, 1>2> } < +o0. (8.2.7)
s<t

So using (8.2.6), (8.2.7) and applying Fubini’s Theorem in (8.2.5) we have:
Elp(wn)] = Elp()]

/ [Z Z/ (v +82) — 6(v))

i=1 j=1

bap(H () P W) iy i s T
S o )t )

<VS11>

[ B S 00 = S — SN ), U 0 ) 510

i=1
Differentiating this expression, evaluating at ¢t = 0, leads to

(1) (1)

))1{1#} D(zt 29
. 1 2)(d(v+9,) — d(v))u(dz
ZZ/ ST et sy Dl 5500+ = 6
(v,1)
Y00~ d) — (), (U 0p) # (@), (5.25)
O

Now we will show the existence and moment properties for the population
process.

Theorem 17. (i)Assume (1) and that E[(vg,1)] < oco. Then the population
process defined by (8.2.3) is well defined on R;..
(1)If furthermore for some p > 1, E[{vg, 1)P] < oo, then for any T < oo,

E[ sup (vs,1)P] < c0. (8.2.9)
s€[0,T]
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Proof. We will first prove (ii). We consider the process (v);>o. We introduce
for each n the following stopping time 7, = {¢ > 0, (v4,1) > n}. Then using
Assumption (C1) and dropping the non-positive terms,

sup (e 1Y < (o, 1)7 + / (1) + 1P — (v, 1)?)
s€[0,tATy] [0,8) xN* X N* xR+ x x

LHo<ba(p(H (va-)) p(HI (va ) D(H? (v ) HI (va - )i2)adp(H' (vs-))) 1}

Vi, <.y Ly Ma(ds, di, dj, df, dz),

Using the inequality (1 + x)? — 2P < Cp(1 + 2P~1), taking expectations, and
noting that fx D(z,y; z)u(dz) = 1 for each x,y € x, we thus obtain, the value
C)p changing from line to line:

E[ sup (vs,1)P] < E[{vp, 1)7]
SE0,tAT,]

tAT, <VS—71> (VS—’1> i .
' _1y alp(@),p(?)) 1z
+ E(/ Z Z Cpb(]‘ + <VS—7 1>p 1) (v,1) i { ;é'/; ds
0 =1 j=1 Zj:l,j;éia(p(x ), p(z7))

<G, (1 +E (/Ot(1 + (Vsnrn 1>p)ds)> :

So we conclude using the Gronwall’s Lemma that for any 7" < oo, there exists
a constant C, 7, not depending on n, such that

E[ sup (v, 1)’] <Cpr. (8.2.10)
te[0,TATy)

As in Fournier and Méléard [29] we deduce that the sequence 7, converges
a.s. to infinity. Indeed, if this is not the case, we can find T < oo such that
er, = P(sup,, 7, < Tp) > 0, this implies that E[sup,c(o rar,) (Ve 1)F] > er,n?,
which leads to a contradiction with (8.2.10). Now using Fatou’s Lemma and
letting n tend to infinity in (8.2.10) we obtain (8.2.9).

Point (i) is a consequence of Point (ii). Indeed, one builds the solution (v):<g
step by step. One only has to check that the sequence of jump instants 7,, goes
a.s. to 0o as n tends to co. But this follows from (8.2.9) with p = 1. O

8.3 Simulation

8.3.1 Simulation algorithm

In this section we give an algorithmic construction of the population process in-
troduced in (8.2.3), using a variation of the algorithms constructed by Fournier
and Méléard in [29] and Champagnat et al. in [19].
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Step 0. We start by simulating the initial state vy and set Ty = 0.

Step 1. Then we compute the total event rate, which is given by m(0) =
m1(0) + m2(0), where

ml(()) = b<l/07 1> mg(()) = CZ<I/0, 1>(1 + <l/07 1>)

Simulate 71 as an exponentially distributed random variable, with rate m(0),
and we set 77 = Ty + 71. Then we set v, = v for t < T7. Then with probability
m1/mo, and ma/mg choose to go to Step 1.1, or Step 1.2 respectively.

Step 1.1. Choose randomly i and j from {1, ..., (v, 1)}?. Choose the genotype
of the offspring according to the law D(H®(vp), H? (v9); z)iu(dz). Do nothing
with probability

1—ba(p(H (1)), p(H? (40))) DUH (v0), H (0); 2)1 {1y /O D(2)a (p(H (1)) where
@ is given in (8.2.4), otherwise add a new individual to the population with geno-
type z.

Step 1.2. Choose randomly 4 from {1,...,(vo,1)}. Then with probability
1—d(H (), (Uop)*v(H (1p)))/d(1+ {1, 1) do nothing, otherwise remove the
tth individual from the population.

Step 2. Compute the total event rate given by m(Ty) = mq(T1) + mao(Th),
where -
my(Ty) = blvr,, 1) ma(Th) = d(vr,, 1)(1 + (vry, 1))

Simulate 75 as an exponentially distributed random variable, with rate m(T}),
and we set Ty = Ty + 7o. Then we set v = vy, for ¢t € [T1,T5) and so on.

8.3.2 Simulation examples and sympatric speciation

In this section we will show simulations of some particular examples. As men-
tioned in Section 5.8 the most straightforward scenario for sympatric speciation
is characterized by two conditions: assortive mating, and disruptive selection fa-
voring two phenotypes; so we will check in the following simulations that under
these two conditions sympatric speciation holds. We will begin by describing
the different parameters we will be using in our simulations.

In the following simulations we consider a discrete genotypic space, specifi-
cally x = {0,1}!. We consider that the population has a constant intrinsic grow
rate, which we will denote by b, that does not depend on the particular phe-
notypic value of the individuals. Following the above discussion we introduce
assortive mating, assuming that individuals in the population with similar traits
mate more frequently. To be explicit, we choose this mating function as:

oz, y) = exp(—0(x — y)?), (8.3.11)
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Time= 0.00478402859474992 N= 199

0.15
L

Density

Figure 8.1: Initial density of individuals.

(see for example [13]).

The degree of assortive mating is given by the parameter 6, if the value of 6
is high we have a high degree of assortativeness, while taking § = 0 we obtain
random mating, which means that the probability of mating for any couple of
individuals in the population is always 1.

To include disruptive selection in our simulations, then following Doebeli [24],
we consider a symmetric bimodal resource distribution. For this we use the

function
(z — C/4)2)

Ri(z) = Ro - exp ( NE

and (z — 30/4)2>

Rs(z) = Ry - exp ( 202

then we set,
R(z) = min{Ry(z), Ra(x)}. (8.3.12)

We remark that the two minima of this function are ¢/4 and 3c¢/4, this implies
that individuals with traits near these two minima will have an ecological ad-
vantage over the others by a better exploit of the resources. The parameter p
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Figure 8.2: § = 0, Random mating.

determines the strength of the competition between the individuals. A small
value of p indicates a high level of competition, meanwhile for large values of
we obtain that the competition is less intense.

Another aim of these simulations is to show that sympatric speciation is a
very common phenomenon in nature. To favor the appearance of speciation
we will consider symmetric competition instead of asymmetric, in other words
we consider the following interaction kernel which is modification of the logistic
competition model of Kisdi in [40]:

2

1
Ule —y) = K (1 1+ 1.2exp(—4(z — y)z)) ' (8:3.13)

The parameter K scales the strength of the competition as well as the population
size. Finally the death parameter takes the following form:

d(z,U xv(x)) = R(x) - / Uz — y)v(dy).

e We simulated the population for a lapse of 1000 units of time.
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Figure 8.3: § = 0.0001. Figure 8.4: § = 0.01.

e We took the number of loci in the genotypes of the individuals as [ = 20,
so the genotypic space is y = {0,1}2°.

e The birth rate is b = 5, and the parameter K in the interaction kernel
(8.3.13) is K = 1.

e For the bimodal resource distribution we took Ky = 1, u = 0.05, and
¢ = 20 in other words we favor the phenotypes with values 5 and 15.

e For the genotype of the offspring we used the recombination law we de-
scribed in section 8.2 for a discrete space of genotypes, with r; = 2! for
all I € 7.

e Finally in other to study how assortive mating favors the appearance of
speciation, we will vary the parameter 6 in (8.3.11), we will show the
results of the simulations for § = 0.0001,0.01,0.1, 100 and random mating
which is the case when 6 = 0.

We simulated an initial distribution of NV = 1000 individuals. To this end we
simulated the value at each loci according to a Bernoulli distribution with pa-
rameter 0.5. In Fig. 8.1 we see the plot of the initial density of individuals,
which is unimodal, with individuals concentrated around the phenotype with
value 10.
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Figure 8.5: 8 = 1. Figure 8.6: 8 = 100.

Fig. 8.2 shows the case when 6§ = 0 which corresponds to random mating, in
this case the mating function in (8.3.11) reduces to o = 1. As we can see from
the picture the population is still concentrated around the phenotype 10, in
other words we see no evidence of speciation in this case. In this case even with
the bimodal resource distribution the continuous gene flow allowed by random
mating does not allow the formation of two different modes.

In the next couple of pictures (Fig. 8.2 and Fig. 8.4) we introduce assortive
mating with small values of #. And we see that even with small amounts of
assortment a certain degree of speciation starts to form, but it is not enough to
induce the formation of two modes in the density of the population.

Now in Fig. 8.5 we see that the level of bimodality increases with respect to
the previous simulations, and finally in Fig. 8.6 we observe that the density of
individuals is bimodal and we have two maxima in the density of the population
at the phenotypes 5 and 15 with a minimum at 10. We can give the following
interpretation, with & = 100 the degree of assortment is high enough two induce
the formation of two modes reproductively isolated of each other, corresponding
to the phenotypes 5 and 15. This formation of a bimodal distribution appears
typically after 1000 units of time, which implies that it forms relatively fast.
Also we can conclude from the previous pictures that the degree of bimodality
increases with the level of assortment, and that in the extreme case of random
mating the distribution remains essentially unimodal. So these simulations sup-
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Figure 8.7: No bimodal resource distribution R =1, § = 0.01.

port the assumption we detailed in Section 5.8 that assortive mating is a key
ingredient in the phenomena of sympatric speciation.

Finally Fig. 8.7 shows a simulation with strong assortive mating (6 = 100) but

with no bimodal resource distribution, in other words we took the function R in
(8.3.12), as R = 1. So we have no ecological advantage for any phenotype over
the others, unlike the previous cases. Then from the picture we can see that
even with strong assortive mating there is no evidence of bimodality in the den-
sity of the population. Without disruptive selection favoring two phenotypes,
assortive mating is not enough to induce sympatric speciation.
Therefore from the results of these simulations we can conclude that under the
presence of strong assortive mating and disruptive selection favoring a couple of
phenotypes in the population, sympatric speciation can be a common phenom-
ena in nature. Another important fact is that in our model sympatric speciation
occurs rather fast (around 1000 units of time) unlike speciation induced by ge-
ographical barriers which requires large periods of time. This is supported by
the empirical evidence found by Barluenga et al. [5] for the cichlid fishes.
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8.4 Martingale properties

In this section we follow Fournier and Méléard [29] and give the martingale
properties of the process (v¢);>0, which are fundamental for our approach.

In order to do this, assume that v € M then for each x € supp(r) we consider
the following function 7% : M — M defined by T*(v) = v — d,. Then using
this function we can write the infinitesimal generator of the process, defined by
(8.2.8), in the following form:

ba(p(x'), p(?))D(a", 275 2)
v+ 6z - ¢ v dz
zzl Z/ o(plat), ) — atp(a,pla) 0D T A
(v,1)

(fvi) p(a*)D(x', 2% 2)

_ 1 ; : ; (v + 6fi — (v
Z PR > (p(z7), plat)) — a<p<xl),p<aﬂ>>( | e
(v, 1)

+ Z ) = 6())d(p(a?), (U o p)  v(a"))

ba(p(x). p(y)) Dz y: ) )
/// f alp(z), p(y))T*(vs)(dy) (p(v +6.) — ¢(v)u(d2)T" (vs)(dy)vs(dx)

+ / (6(v — 8,) — 6())d(p(a), (U © p) * vy(a) v, (da). (8.4.14)

Theorem 18. Assume (C1), and that for some p > 2, E[(vp,1)] < o0.
(i)For all measurable functions ¢ from M into R such that for some constant
C, for allv e M, |p(v))| + |Lo(v)| < C(1 + (v, 1)P), the process

o) — Do) — / Lé(va)ds

is a cadlag (Fi)i>0)-martingale starting from 0.

(ii)Point (i) applies to any function ¢(v) = (v, £, with 0 < ¢ < p—1 and with
f bounded and measurable on x.

(iii) For such a function f, the process

Mf (v, f (vo, f)
()20 Dl ) )
/ /X><X><x f a(p(x),p(y)) Tm(ys)(dy)f(z)'u(dz)T (vs)(dy)vs(dx)ds
/ /f , (U o p) *vg(x))vs(da)ds, (8.4.15)

s a cadlag square integrable martingale starting from 0 with quadratic variation
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given by

s ! bo(p(2), W) D(@,y32) o\ 1 o (de)ds
ary = | / o T AT Ty o) T ) )

/ / P o p) * vs(2))vs (d)ds. (8.4.16)

Proof. First of all, note that point (i) is immediate thanks to Proposition 2 and
(8.2.9). Point (ii) follows from a straightforward computation using (8.4.14). To
prove (iii), we first assume that E[(v, 1)®] < co. We apply (i) with ¢(v) = (v, f).
This yields that M7 is a martingale. To compute its bracket, we first apply (i)
with ¢(v) = (v, f)2, and obtain that

<Vt7f>2 - <V07f>2

_/t/ ba(p(x), p(y))(2f (2)(ws, f) + [2(2)) |,
0 XXX XX fxa(p(a?),p(y)) ( S)(dy)

(z,y; 2)puldz) T (vs) (dy)vs (da)ds

- [ [ 21@ )+ P@). U0 p) s n(w)m(dn)as (8.4.17)

is a martingale. On the other hand we use It6’s formula to compute (v, f)?2
from (8.4.15). We obtain

<Vt7f>2 - <V0,f>2

' ba(p(z), p(y))D(x, y; z) .
-, 2 / T o) () T () ()T ) ()

/ (s, f / f(z ,(U op) xvs(x))vs(da)ds — <Mf>t, (8.4.18)

is a martingale. Comparing (8.4.17) and (8.4.18) leads to (8.4.16). The exten-
sion to the case where only E[(vg, 1)?] < oo is straightforward, since even in this
case, E[(M7);] < oo thanks to (8.2.9) with p = 2. O

8.5 Large-population renormalizations of the individual-
based process

In this section we are interested in a particular sequence of renormalizations
(X)) ken of the microscopic model for sexual populations introduced in (8.2.3).
These series of renormalizations are done in the following manner, we increase
the initial size of the population (which is of order K), while decreasing the
size of the individuals and the intensity of their interaction (which we assume
of order 1/K). The result of this section is that for each T' > 0 the sequence of
renormalized process (X7 )xen converges in law in the space D([0, 7], Mp(x)
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as K goes to infinity to the unique solution £ € C([0,T], M p(x)) of the following
equation: for any bounded function f:xy — R

D2OIC 1, o s
6 =t [ | v T R

This result is similar to the results due to Fournier and Méléard [29], and to
Champagnat and Méléard [19] in the case of asexual populations.

To this end assume that for any K, the set of parameters Uy, Vi, bx, and d,
satisfy the Assumption (C'1). Let v/ be the counting measure of the population
at time t. We define the measure-valued Markov process (XX );>0 by

1

XtK EVtK .
As the system goes to infinity we need to assume the following
Assumption (C2):
The parameters Uk, bg, dx are all continuous, ( — d(z, ¢) is Lipschitz for any
x € X, and
U(z)

7k

UK(i) =

The biological interpretation of this renormalization is simple, we assume that if
the initial number of individuals in the population increases, by a scale factor of
K, then the biomass of each individual must decrease by a scale factor of 1/K.
This follows from the fact that the amount of resources in the population is
fixed and that they are partitioned among the individuals, so larger populations
must be made up of smaller individuals. The renormalization of Uy is related
to the decrease of competition for resources, so the parameter K can be thought
as scaling the resources available.

The generator LE of (v/);>¢ is given by (8.4.14), with parameters Ug, bx, and

dg. The generator ZK of (X/)i>0 is obtained by writing, for any measurable
function ¢ from M(x) into R and any v € M(x),

IL0(v) = 0B, [0(X[)imo = 0 Excu [p(vf | K ) 1m0 = LK ¢5 (Kv),

where ¢% (1) = ¢(11/K). Then we get

bOf p()D(,y; 2) 3. )
=[] Tt s T (o) 560 ~ ST ()t

+ K/(¢(V - f) — ¢W))d(p(x), (U o p) * vs(x))vs(dz).

By a similar proof as the one of section 8.4, we may summarize the moment and
martingale properties of XX,
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Proposition 21. Assume that for some p > 2, E[(X&,1)] < +oo.
(i)For any T > 0, E(sup,¢o, (XK 1)) < 4+oc0.

(it)For all measurable functions ¢ from Mg into R such that for some constant
C, for allv € Mg, |¢p(v))| + | LE¢(v)| < C(1 + (v, 1)P), the process

t
OOX) = 9(XE) — [ Lo )as
0
s a cadlag martingale.

(iii) For each bounded measurable function f, the process
M (X ) = (X 1)

ba(p ) p(y))D(x,y; 2) .
/ /X><X><Xf p(y)) T$(Kys)(dy)f(z)/‘(dz)T (Kvs)(dy)vs(dx)ds

//f (U o p) # vy(2))vs(dz)ds (8.5.20)

is a cadlag square integrable martingale starting from 0 with quadratic variation
given by

el ba( ( ) PW)D@ yi2) o 2)u(d2)T* (v vs(dz)ds
<M K/ ~/X><X><X f y )T”(Kys)(dy)f ( ),u(d )T ( S)<dy> s(d )d

K/ /f 2, (U op) x vs(x))vs (dz)ds. (8.5.21)

We obtain the deterministic nature of the approximation by studying the
quadratic variation of the martingale term, given in (8.5.21).

8.5.1 TUniqueness of the solution

In the next theorem we will prove the uniqueness of the solution to (8.5.19).

Theorem 19. Assume Assumptions (C1) and (C2). Then for an initial con-
dition & € M(x), the solution to (8.5.19) is unique in C([0,T], Mp(x)). In
other words let (&} )iepo,r] and (§2)iejo,1) be two solutions to (8.5.19) then

ftl = §t2 for allt € [0,T).

Proof. First we consider the variation norm in M(x), defined for y; and ps in
M(x) by

1 — p2|lry = sup [(p1 — p2, ).
FEL=®@)Ifllw<1
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Note that the solutions to (8.5.19) are continuous and have finite total mass
in finite time, to see the later consider ¢ € [0,T] and (& )scqo, 1) a solution to
(8.5.19) then

(€.1) = (€0, 1) / / f a(p(@), py)) “ D(z,y; 2)u(d2)Ex(dy)& (da)ds

a(p(x), p(y))és(dy)

/ / F(@)d(, U * £4(2))€s(dr)ds
< (6 1) +b /0 (€0, 1)ds,

and using Gronwall’s Lemma we conclude that

(€:1) < (6o, 1) exp(bt) < oo. (8.5.22)

Now returning to the problem of uniqueness, consider (ftl)te[O,T]a and (ff)te[o,T]
two solutions of (8.5.19) with the same initial condition & € M(x)

By (8.5.22) these solutions have a finite total mass for ¢t € [0,7], so we can
assume that Ap = sup,c(o (6 + &7, 1) < oo

Let f be a bounded measurable function defined in % such that || f]ec < 1, then
we obtain

// ba(p(($)7 (y)))f(z) D(z,y; 2)p (dz)f (dy)gi(dm)ds
// ba(p(z),p
XXX fX a(p(z),p

_/ / f(@)d(z,U % & (2))&; (dx)ds

//f Vd(z, U * €2(x))E2(dx)ds. (8.5.23)

Now we can express (8.5.23) in the following form

1_ ba(p(z),p(y))f(z) o s ) (€L _ g2 L(de)ds
€ -0 = / | T Ry P =) € — € d)el )
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- / / (@) (d(p(), (U 0 p) % £1(x)) — d(p(x), (U o p) = €(x)))€2(dz)ds.
: (8.5.24)

Let us consider the first integral in (8.5.24), so using Assumption (C'1) we have
the following

ba(p(z),p(y))f(z) sy (€ _ g2 L0 de)ds
o ) fXa(p(x),p(y))gsl(dy)D(x’y’ Ju(dz) (&5 — &) (dy)&; (da)d

t
<

ba(p(z), ()| £(2)]
X T (), o)l

Hfl §2HTV 1
< b/ / f el dy)g s (dx)ds

< ba! / €t — &|lzvds. (8.5.25)
0

(,y; 2)u(d2) (& — €2)(dy)| &5 (dw)ds

Now let us turn our attention to the second integral in (8.5.24), in this case we
have

¢ ba(p(x),p(y))f(z) ) u(de) €2 U 2)(dx)ds
L et ey P e e — ) aa
o

/X (66— €2)(do) | ds

t
< /0 /X 1€} — &y ds. (8.5.26)

Now proceeding as before we can bound the third integral in (8.5.24) in the
following way

t ba(p(x),p(y))f(2)D(z,y;2)  ba(p(z),p(y))f(2)D(x,y; 2) e .
/0 /><xxx><< [, alp(@), p(y))€2 (dy) f o(p(x), p(y))EL (dy) )“(d )& (dy)é; (da)d
b/ (2)|D (. y z>\f e -] L
/ / f (x).p >>£1<dy>f e < pluezay) M WIS s
gt — Ellzv
/ XXX f y))EL( dy)f a(p(a), p(y))E2(dy )5 (dy)'f (dz)ds

b 1 2
/ /f L

< ba™! / €t — &|lzvs. (8.5.27)
0
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On the other hand by using the hypothesis related to the death term in As-
sumption (C1) on the fourth integral of (8.5.24) we have

t
d(e, U *€M@)) (€ — €2)(dr)ds| < d / (14 (€1, 1€ — || puds

t
=0+ Ar) [ et = Ellrvas.

(8.5.28)

Finally by Assumption (C2) we know that the function d is Lipschitz continuous

in the second variable, we denote the constant L. Therefore we obtain for the
last integral in (8.5.24) the following

t

(2)(d(p(x), (U op) * & (x)) = d(p(x), (U o p) * &(x)))&; (dz)ds

< Lg UOP x —y)(& — &) (dy) | (dx)ds

t
<tv ] ||£;—f§||m;<dw>ds
0 Jx
t
< LaTAr [ €}~ & lrvds. (8.5.29)
0

Then using (8.5.25), (8.5.26), (8.5.27), (8.5.28), and (8.5.29) in (8.5.24) we ob-

tain
t

(& — €. )l = (2bg’1+b+3(1+AT)+LdATU)/ 15 — E2llrvds. (8.5.30)
0

So taking the supremum over all functions f such that || f||cc < 1 and applying
Gronwall’s Lemma we conclude that for all ¢ € [0, 7]

€3 = &2ll7v = 0. (8.5.31)
And therefore uniqueness holds for (8.5.19). O
In the next section we will prove that the sequence of laws Q¥ = £(XX) is
tight in the space P(D([0,T]), Mg (x))-
8.5.2 Tightness of the sequence of laws Q% = L(XX)

In the following we will denote by (Mpg(x), w) and by (Mp(x), v)) the space of
finite measures over y endowed with the topology of weak and vague convergence
respectively.

And in this section we will prove the following:
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Theorem 20. Assume Hypothesis (C1), (C2), and also that

sup E ((X{5, 1)) < cc. (8.5.32)
KeN

Then the sequence of laws Q¥ = L(XX) is tight in the space P(D([0,T)]), (Mg (x),w)).

Proof. First we will start by establishing the tension of the laws of (X %) xen as
probability measures over the space D([0,T]), (MFr(x),v), in other words when
Mp(x) is endowed with the topology of the vague convergence. To achieve
this we will use a result established by Roelly ([65], Theorem 2.1). It suffices to
prove that for any continuous bounded function over y the sequence of processes
((XE, f))ken is tight over D([0, T, R).

We recall that the martingale part M%:F of (XX f) is defined in (8.5.20)
and we define the finite variation part of (X¥ f) by:

VT 7%/0 /Xf(x)d(z, (U op) * XK (@) XX (da)ds

e ba(p(x), p(y)) D(z,y; 2) oy K K
fi ) Lo T alp(@), ply) 7= (XK (dy) | AT X)) X7 (s,
Using Proposition 3 we know that (X¥ f) is a semimartingale, and therefore
we can use the Aldous-Rebolledo Criterion:

Suppose that Y is a square integrable semimartingale, then if we write
V" for the corresponding predictable finite variation process and (M™); for the
quadratic variation of the martingale part, we have the following:

Theorem 21. (The Aldous-Rebolledo Criterion [2]).- Let {Y"},>1 be a se-
quence of real valued semimartingales with cadlags paths. Suppose that the fol-
lowing conditions are satisfied:

i) For each fired T, {sup;co 71 |Y{"[}n>1 is tight.

1) Given a sequence of stopping times 7, bounded by T, for each € > 0 there
exists & > 0 and ng such that

sup sup P[[V™(r, +0) —V"(1,)| >¢] <e, (8.5.33)
n>ng 6€[0,4]

and
sup sup P[[(M"). 4o — (M");, | >¢] <e. (8.5.34)
n>ng 6€[0,9)

Then the sequence {Y™},>1 is tight.

So proving the conditions in the Aldous-Rebolledo Criterion for the semi-
martingale (XX, f), will imply the tension of the laws of X% in P(D([0,T]),
Mp(x)), with Mpg(x) endowed with the vague topology.
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We will begin by proving the first point, it suffices to show that

supE[ sup <XtK,1)3} < o0. (8.5.35)
K te[0,T]

Let us begin by recalling that X% = %Vf so following step by step the
proof of Theorem 2 (ii), with p = 3 it is easy to see that there exists a constant

Cr > 0, that does not depend on K such that

E{ sup (vf%, >3] < CrE[ sup (v, 1)3]. (8.5.36)
te[0,T] te[0,T]

So if we divide both terms in (8.5.36) by K?, and use the fact that by hypothesis
supe Elsup,cpo,7)(X3<, 1)%] < 400, we easily conclude (8.5.35).

The next step is to prove the tightness of the laws of the martingale part and
of the drift part of the semimartingale (X% f).

To this end consider § > 0 and a sequence of stopping times (7,,),>1 such that
0 <7, <Tforall n > 1, then taking 6 € [0,6] and using Proposition 3 we
obtain

E[(MSTy, Lo — (M5T), ]

Trn+0 bO[ ) ( )) (ZC Yz ) 2 - K K
_E|: / /X><X><X f y T (XK)(dy)f (Z)M(dZ)T (Xs )(dy)Xs (dx)ds

/Tﬁa/ )d(z, (U op) « X (z ))Xf(dx)ds}

Tn+0 Tn+6
< KllflioE[b/ (XK 1) ds+d/ / (1+ (X5 1)) XK(dx)d]

Tn

1 Tn+60 [ Tnt0
< el [ s e d [ )+ x|

Tn

9 _
< ||f|io<b+d>E[e<1+ sup <X§<,1>2>}
K s€[0,T]

§2|f||§o(b—|—d)9(1+supE[ sup <XSK,1>2})
K s€[0,T]

<Cyb (8.5.37)

where in the last inequality we used (8.5.35). Therefore using (8.5.37) we have

1
sup sup P[(M*T) 1o — (M5, [ > e] < —BUM™S ), 1o — (MFT),]

n  0el0,0)

Q(‘f)

< ?fa (8.5.38)

which with an adequate choice of § > 0 proves (8.5.34). Now we will prove the
tightness of the finite variation part V/ of (XX f) by making the following
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computation
E[<VK’f>Tn+0 - <VK’f>Tn]

_p[L [ ba(p(x). p(y)) Dl v: 2) ek
_E{K/ /X><X><Xf (x), p(y)) T (X E)(dy) F(2)u(d=)T( X ) (dy) X, (dz)ds

(
//f z, (U op)« X5 (2) XE (dx)d ]

§2|f||oo(b+d)9(1+supE[ sup (XK, 1)3 })
K s€[0,T]

< éf5

So proceeding as in (8.5.38), we obtain that (8.5.33) holds.
The previous steps imply the tightness of the laws of X in P(D([0, T]), M#(x))
when Mp(x) is endowed with the vague topology.

By Prohorov’s Theorem, it is possible to extract from (X*)gen a conver-
gent subsequence in law in D([0,T], (Mp(x),v)). Let us denote this subse-
quence by (X?U5)) ko and by X a process with the law of the limit law of the
previous subsequence. Noting that since we also proved the tension of the se-
quence ((X* 1)) ken, it is possible to choose the subsequence in such a way that
(X2 1 >)K6N converges in law to (X, 1) in ([0, T].R). Also by construction
we know that:

1
sup sup |<XtKaf>_<Xt]iaf>|SE
te[0,T] fEL>=,[ flloo

this implies that the limit process X is a.s. strongly continuous. Using Theorem
3 of Méléard and Roelly [51], the subsequence (X¢())gcn converges also in
law in D([0, 7], (Mp(x),w)), where Mp(x) is endowed with the topology of
the weak convergence. Applying Prohorov’s Theorem again we can deduce that
the sequence (X )y is tight in D([0, T], (Mz(x), w)). O

8.5.3 Characterization of the limit

In the previous section we showed that the sequence of laws of XX is tight
in P(D([0,T]), Mpr(x)) in the case when Mp(x) is endowed with the weak
topology. In this section we will prove that the sequence X¥ converges in law
in P(D([0,T]), (MF(x),w)) to the unique solution of (8.5.19).

Theorem 22. Admit Assumptions (C1) and (C2). Assume moreover that the
initial conditions X converge in law and for the weak topology on Mp(x) as
K increases, to a finite deterministic measure &y, and that

supy E((XE,1)?) < +o0.

Then for any T > 0, the process (X[ )i>0 converges in law, in the Skorohod space
D([0,T), Mr(x)), as K goes to infinity, to the unique deterministic continuous



8.5. LARGE-POPULATION RENORMALIZATIONS OF THE
INDIVIDUAL-BASED PROCESS 170

function £ € C([0,T], Mr(x)) satisfying for any bounded f: x — R

a(p(z), y)f(Z) N ulds Vs
6=t [ Lo T i) ooty Pl eI s

- /0 /x f(@)d(@, U = §s(2))&s (dx)ds

Proof. We will check that a.s. the process (X);>¢ is solution to (8.5.19). Using
(8.5.35) we have that

E[ sup (X4, 1)] < (1+sup E| sup (XtK,1>3]) < 400,
te[0,T) K te0,T]

which implies that sup,¢jg 77(&, 1) < +00 a.s. for each T'> 0.

Now following standard density arguments it suffices to show that £ is solu-
tion to (8.5.19) for any f € Cp(x) and all ¢ > 0. So let us take f € Cy(x) and
t > 0 fixed.

Let v € C([0,0), MFp(x)) and consider the following

W) = (i, f) — (vo, / / F(@)d(w, (U o p) * vs(2))vs(dz)ds

i D)
/ /X><X><X f p(x)7p(y))l/s(dy)D( s 2)uld)us(dy)ua(da)ds,

(8.5.39)

Y ba(p(@), pPWNF(2) 5y
B0 = ) [ e Toalpe) p oty 25 ¥ M)

(p(x), p()) [ (2)D(, y; 2) .
/ /X><X><X f p(x)7p(y))Ta:(KV8)(dy)/J'(dz)T (Kvs)(dy)vs(dx)ds.

If we show that
Eql|¥{(X)[] =0, (8.5.40)

then a.s. ¥}(X) = 0, which would imply that X solves (8.5.19).
Let us recall that by (8.5.20) it follows that

M = Wl (XK + w2(xE). (8.5.41)

By a simple computation using Proposition 3, Assumption (C2), and (8.5.35)
we have that

B = B < oo | [ xS pdas] ssa)
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which goes to 0 as K goes to infinity.

Next we have to deal with ¥#(XX), the convergence of this term to 0 follows
from the fact that 7% (K X*) = KX¥ —§, for € supp XX, and the following
computation

R ——
- /Wf I R T B ) XE s
( / ba(p(a). p(y)) / F(2)D(w, y: 2)u(d=) X (dy) / o(p(e)p(y) T* (K X)(dy)
- / ) | 10:)DCe.y52)utd=) T (XN ) [ o). ) X)) X2
”( lel. o) ( [ oo o) [ 610G 2yt x5
/X / F2) D52 <dz>X§<dy>>)X:<<dx>ds
( a(p / f(2)D(z, z; 2)p(d2) T (K X E) (dy)
/X / f(2)D(z,y; 2)u(dz)T* (K X5 (dy) ) (dx)ds
b||f||oo/ /f ;‘((;’)35 "szK(d )XK(dac)d g% (8.5.43)
where A(s) = J, a(p(a) b)) XE () ], o) o)V UEXE ).

) =
So using (8.5.41),(8.5.42) and (8.5. 43) we have the following
Jim E[|T}(X5)] =0. (8.5.44)
Now for fixed t € [0, 7] we will show the continuity of W}.
First we will need the following lemma:

Lemma 4. Let (vE) >0 be a sequence of probability measures on x, such that

VK Ly, If for each probability measure v, on x, we define

v = ( / a(p(z)m(y))u(dw)_l v(da),

where the function o is bounded and continuous. Then 1 (v¥) 5 Y(v).

Proof. By hypothesis v/* £ v, so we use Skorohod’s Representation Theorem
(see for instance Theorem 4.30 in [39]). We know there exists a probability
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space which we denote (2, F, P) with some random variables ( KY k>0 with
L(n®) = vX and a random variable n with £(n) = v, such that n — 7 P as.

So let us take f € Cp(x), then using that a < a(p( ),p(y)) for any x,y € ¥,
and The Dominated Convergence Theorem we have:

vE (dx)

K—oo K—oo .

lim (p(v), f) = lim /f a(p(z), p(y)v= (dy)

f (" (w))
)

- Kh—1>n<><>/ Jo alp(n® (W), p(n* (w')) P(dw’)

_ f(n(w "
-/ T @)@ Pl )

/(@) o
_/Xfxa(p(iﬂ),p(y)u(dy)y(dx) =), f).  (8.5.45)

Noting that (8.5.45) holds for any f € Cy(x), we have that 1 (v¥) 5 Yv). O

So since X is a.s. strongly continuous, since f is continuous, thanks to the
continuity of the parameters (Assumption (C1) and (C2)), and using Lemma
4 we have that the function U is a.s. continuous at X. Furthermore using
(8.5.39) we have for any v € D(]0,00), Mp(x))

W) < 100 1)+ Lo, f) +‘//Xf £.(U 0 p) % va(a)w(da)ds

a(p(x) ))f(Z)
XX XXX f a(p(x),p(y))vs(dy

< f||oo(<ut, 1)+ (o, 1)+ d

D(x, y; 2)p(dz)vs(dy)vs (dx)ds

)
; (1 + (vs, 1))vs(dx)ds

a(p(z), p(y))
er/ e Jy (), p(y))vs(dy) S(dy)l’s(dr)ds>

ot t
< f||oo(2 sup <l/s,1>+d/ ((Vs,1>+<ys,1>2)d5+b/ <1/s,1>ds)
s€[0,T) 0 0

< (2+dT+ D) flloo sup (1+ (vs,1)?)

s€[0,T]

=Cr sup (1+ (v, 1)?). (8.5.46)
s€[0,T]

So using (8.5.35) and (8.5.46) we see that the sequence (¥, (X X)) is uniformly
integrable and thus

dm B[ (X)) = B lim [0 (X5)]] = B[ (X)]] (8.5.47)

Associating (8.5.44) and (8.5.47) we conclude that (8.5.40) holds.
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8.6 Examples

In this section we work with two particular forms of equation (8.5.19). For
the two different choices of the space of genotypes and the parameters, equa-
tion (8.5.19) re-establishes the models of Shashahani [72] and Doebeli [25] from
microscopic individual processes, showing that a large population is the only
biological assumption needed to scale up to macroscopic evolutionary dynam-
ics. In other words the renormalization procedure in section 8.5 gives the good
scales between the coefficients to approach the microscopic individual-process
by the deterministic equations of these two particular models.

8.6.1 Finite number of alleles

Suppose that we have a finite space of genotypes, i.e. we consider that y =
{0,1}!. Following the discussion in section 8.2 we take the measure u defined
on x as the uniform measure on the space of genotypes x, in other words

= 6.(d2).

rEX

And define

‘T Y5z Zrll{wlw}
IeT

then in this particular example (8.5.19) becomes

sza( ( ), p(y))
(0 f) = (o, ] / / 27 ey ) s

- / [ 1@yite, U )iz, (8.6.48)

In the following we will not consider competition in the model, only natural
death of the individuals, and that the mating between the individuals is random,
in other words that a(x,y) =1 for =,y € x.

Then by noting that the solution to (8.6.48) is a discrete measure, we have for
fixed z € x the following differential equation for the number of individuals
&i(z), with the genotype z € x

h&(z) = Z 5 bri€i(zrr)é(erzs) = d(p(2))6 () (8.6.49)
zeX I 1
We remark that all the genotypes have the same birth rate, this follows from

the fact that

YEX




8.6. EXAMPLES 174

So noting that >, r; = 1, we can express relation (8.6.49), in the following form

0160 = (b= dn(:))6(2) = 30 3 7 (6()60) — Eer)entmr=).

yex I

(8.6.50)

Now lets consider the actual frequency of individual with a given trait, we denote
this frequency by ¢:(z) and its given by,
()

@) = (&, 1)

To make a relation with previous deterministic models, we will look at the
dynamics of the frequency of a given trait z € x, so we consider the following:

_ 0&(@) 0l 1)
(™) = 76 Ty T 612

We now compute the differential equation satisfied by the total population size,
so setting f = 1 in equation (8.6.48) we obtain,

ol = SN 7 ’”"’ D& () - 3 dlp(a))& (=)

& (). (8.6.51)

zexyex I TEX
= b(&, 1) Z d(p (8.6.52)
TEX
So using (8.6.51), and (8.6.52) in (8.6.50) we have
O (z) = (b —d(p )= > brr(a(z = qt(z1y.)a(y127))
yex I
— bqy(z < > d(p ) (). (8.6.53)
TEX

We will denote by m(p(z)) the malthusian parameter associated to the genotype

z € X, defined as
m(p(z)) = b—d(p(2)),

and the mean malthusian parameter defined as m(t) = >, ., m(p(z))g:(z), so
(8.6.53) becomes

Oear(z) = m(p(2))ar(z) — Z Z brige(2)a(y) — ar(zrys)a(yrzs))

yex I

_ (;b  dple)ante) )

= (m(p(2)) = ()ge(2) = Y D bri(a(=)ar(y) — ar(2190)a:(yrzs)).

yex I
(8.6.54)

Equation (8.6.54) describes the dynamics of the continuous time multilocus
model developed and analyzed in [72] (p. 8), and [1] (p. 5-11), introduced in
section 7.3.
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8.6.2 Model with continuous genotypic space

We consider a continuous space of genotypes X, i.e. x = [0,1]". In this case as
mentioned in section 8.2, y is the Lebesgue measure in R!, and D(z,y; 2) is the
density of a Gaussian law with mean equal to (x +y)/2 and conditioned to stay
on .

Then (8.5.19) takes the following form

&, f) = (6o, f //>< ) f px pv)) f(2)D(z,y; 2)dz&s(dy),s (dr)ds

J) gs(dy)

- / [ 5@+ (@)e o). (5.6.55)

In this case it is easy to see by taking f = 14 in (8.6.55) for any Borel set A
with Lebesgue measure zero, that if £y has density with respect to the Lebesgue
measure then & has density with respect to the Lebsegue measure for every
t>0.

So if we denote this density by & (x), we have that

(&, ) = [ f(@)&e(a)dw

T~

So we can write (8.6.55) in the following form

( ( ), (v))
oox Jy @ p(y))é(y)dy

—d(z (Uop) ())&(l’)

which has the same form as the model recently developed by Doebeli in [25].

O0i&e(z) = D(z,y; )& (y)&:(2)dydz

8.7 Appendix

We will present the code of the program for the simulations we presented in
section 4.32 for the variation of the model of Kisdi [40] to verify the appearance
of sympatric speciation under the conditions of disruptive selection and random
mating. The code is given for the program R, which is a free software environ-
ment for statistical computing and graphics, it can be downloaded in this web
site http://www.r-project.org/.

Now we introduce the code for the model we presented in section 4.32, the lines
preceded by the # symbol ar just explanatory notes and not part of the code.

HESHH B HHR R R R R R R R R R R R R

#

# Code for the simulation of the variation of the model of Kisdi presented in

#

# section 4.32 following the simulation algorithm presented in 4.31.

#

#
#
#
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#
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# #
HEH S S
rm(1list=1s(all=TRUE))

###########E Declaration of the variables.

datelim <- 1000 # time we will simulate

K <- 200

1 <-20 # number of loci

b <-5 # intrinsic birth rate of the simulation

HH

# Parameters of the model.

HHH

sigma<- 0.01 #degree of assortment

set.seed(1)

genotypes<- array(data=rbinom(K*1,1,0.5), dim=c(K,1))

# simulation of the initial distribution of the individuals
traits<- array(rowSums(genotypes),dim=c(K,1))
# trait distribution of the initial population

ind<- function(x,y)

{
if( abs(x-y)==0 )
{
return(0)
}
else
{
return(1)
}
}

# condition which will not allow an individual to mate with himself.
alpha<- function(x,y)
dnorm(x-y,sd=sigma)*sqrt (2*pi)*sigma

X
# mating function
{
alpha2<- function(x,traits)
{
dnorm(x-traits,sd=sigma)*sqrt (2*pi)*sigma
}

# total mating individual with genotype x is involved.
R<- function(x)
{
return(min (exp ((x-5) "2/20) ,exp ((x-15)"2/20)))
}
# bimodal resource distribution
U<- function(x,traits)

{
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return(sum(2*(1-(1/(1+1.2*exp(-4*(x-traits)~2))))))
}
# competition Kernel
d<- function(x,traits)
{
return(U(x,traits)*R(x))
}
# death rate for individual with genotype x
barx <- 20
underx <- 0
pasfichier<-50
set.seed(1)
HHBBHAHHHHH R R R R R R
chemin <- "C:/Documents and Settings"
dates <- array(data=0,dim=1)
psize<-K # Initial size of the population
set.seed(1)
HUHHHHHHH R R
# Indicators
HEHBHHAH B HAH R AR B HBHHAH B
nbdeaths <- 0
nbirths <- 0
i s
# Saved data.
HEHHHHAH B HAH R AR B HBHHAH B
write(t(c(0, traits)),
file = paste(chemin,"savedtraits2effective.txt",sep=""),
ncolumns =2,append = TRUE)
HEHBHEHHHH R
# Simulations
HEHBHHAHBHHBHHAH B HBHHAH RS
set.seed(2)
t<- 2
while(dates[t-1]<datelim && psize>0)
{
dates2<-dates[t-1]
testpassage<-0
bound <- b*psize+ (4/K)*psize”~(2) # total event rate
while(testpassage==0 && psize>0)
{
# Proposition for the time of the next event.
interval<-rexp(1,bound)
dates2<-dates2+interval
# Choice of the individuals.
indivi <- ceiling(runif(1,min=0,max=psize))
indivj <- ceiling(runif(1,min=0,max=psize))
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# Calculation of the bounds of each type of event.

ml <- b*psize/(bound)

m2 <- mi+((K/4)*psize~ (2)/(bound))

# Birth of an individual.

theta <- runif(1, min=0, max=1)

if (0 <= theta && theta<ml) #choice of the event of birth

{
nl <- (bxalpha(traits[indivi],traits[indivj])#*ind(indivi,indivj))
/(sum(alpha2(traits[indivj],traits))) #acceptance or rejection
theta2<- runif(1,min=0,max=1)
if (0 <= theta2 && theta2<nl) #recombination
{
dates<-c(dates,dates2)
fix<- array(data=rbinom(1-1,1,0.5),dim=c(1-1,1))
I<- c(rbind(1,fix))
T<- c(array(data=c(1), dim=c(1,1)))
J<- (T-D)
x2<- (genotypes[indivi,]*I)+(genotypes[indivj,]*J)
genotypes <- rbind(genotypes,x2)
psize<- psize+l
traits<- array(rowSums(genotypes),dim=c(psize,1))
nbirths <- nbirths+1
testpassage=1
t <- t+1
}
}
else if (ml1 <= theta && theta<m2) # choice of event of death
{

n2<- d(traits[indivi],traits)/((4/K)*psize”(2))
theta3<- runif (1, min=0,max=1)

#acceptance or rejection of the death event
if (0 <= theta3 &% theta3<n2)

{
dates<-c(dates,dates2) #death of an individual
if (psize>1)
{
if (indivi==1)
{
genotypes<-genotypes[2:psize,]
}
else if(indivi==psize)
{
genotypes<-genotypes[1: (psize-1),]
}
else

{
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genotypes<-rbind(array(data=genotypes
[1:(indivi-1),],dim=c(indivi-1,1)),
array(data=genotypes[(indivi+l) :psize,],
dim=c(psize-indivi,1)))
}
}
psize<- psize-1
traits<- array(rowSums(genotypes),dim=c(psize,1))
nbdeaths <- nbdeaths+1
title<- paste("Time=",dates[t],"N=",psize)
plot(density(traits) ,xlab="Trait", ylab="Density",
xlim=c(0,barx) ,ylim=c(0, 0.15), main=title )
#density plot
testpassage=1

t <- t+1
}
}
}
if (identical(all.equal(t/pasfichier,as.integer(t/pasfichier)),TRUE) && psize>0)
{
# 4) Savedtraits
tempdensity<-
write(t(density(traits, give.Rkern=FALSE)$y),
file = paste(chemin, "savededensity.txt",sep=""),
ncolumns = 512,append = TRUE)
}

}

save.image (paste(chemin, "savedtraits.RData",sep=""))
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