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Stochastic Calculus With Respect to Multi-
fractional Brownian Motion and Applications to Finance

Résumé en francgais :

L’objectif de cette these était de construire, développer et étudier un calcul stochastique (et plus particulie-
rement une intégrale stochastique) par rapport au mouvement brownien multifractionnaire (dans sa version
harmonisable). Le choix de la méthode ou plus exactement des outils & employer n’étant pas fixé a priori,
notre choix s’est porté sur la théorie du bruit blanc, qui généralisait, dans le cas du mouvement brownien
fractionnaire (fBm), le calcul stochastique au sens de Malliavin. Le premier chapitre de cette thése intro-
duit les différentes notions que nous utiliserons et présente les travaux qui constituent ce mémoire. Dans
le deuxiéme chapitre de cette thése nous donnons une construction ainsi que les principales propriétés de
Iintégrale stochastique par rapport au mBm harmonisable. Y sont également établies des formules d’It6
et une formule de Tanaka pour l'intégrale stochastique par rapport & ce mBm.. Dans le troisiéme chapitre
nous donnons une nouvelle définition, & la fois plus simple et plus générale, du mouvement brownien multi-
fractionnaire. Nous montrons ensuite que le mBm apparait naturellement comme limite de suite de somme
de mouvement brownien fractionnaire (fBm) d’indices de Hurst différents. Nous appliquons alors cette idée
pour tenter de construire une intégrale stochastique par rapport au mouvement brownien multifractionnaire
a partir d’intégrales par rapport au fBm. Cela fait nous appliquons cette définition d’intégrale par rapport
au mBm pour une méthode d’intégration donnée aux deux méthodes que sont le calcul de Malliavin et la
théorie du bruit blanc. Dans ce dernier cas nous comparons alors l'intégrale ainsi construite a celle obtenue
au chapitre 2. Le quatriéme et dernier chapitre est une application du calcul stochastique développé dans
les chapitres précédents. Nous y proposons un modéle a volatilité multifractionnaire ot le processus de vo-
latilité est dirigée par un mBm. L’intérét résidant dans le fait que 'on peut ainsi prendre en compte a la
fois la dépendance & long terme des accroissements de la volatilité mais aussi le fait que la trajectoire de
ces accroissements varie au cours du temps. Utilisant alors la théorie de la quantification fonctionnelle pour,
entre autres, approcher la solution de certaines des équations différentielles stochastiques, nous parvenons
a calculer le prix d’option a départ forward et implicitons ainsi une nappe de volatilité que 1'on représente
graphiquement pour différentes maturités.

Mots-clefs

Mouvement Brownien multifractionnaire, calcul stochastique par rapport aux processus gaussiens, théorie
du bruit blanc, S-transform, limites de processus, chaining, quantification fonctionnelle.
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Stochastic Calculus With Respect to Multi-
fractional Brownian Motion and Applications to Finance

Abstract

The aim of this PhD Thesis was to build and develop a stochastic calculus (in particular a stochastic integral)
with respect to multifractional Brownian motion (mBm). Since the choice of the theory and the tools to use
was not fixed a priori, we chose the White Noise theory which generalizes, in the case of fractional Brownian
motion (fBm) , the Malliavin calculus.

The first chapter of this thesis presents several notions we will use in the sequel. In the second chapter we
present a construction as well as the main properties of stochastic integral with respect to harmonizable
mBm. We also give Ito formulas and a Tanaka formula with respect to this mBm.

In the third chapter we give a new definition, simplier and generalier of multifractional Brownian motion. We
then show that mBm appears naturally as a limit of a sequence of fractional Brownian motions of different
Hurst index. We then use this idea to build an integral with respect to mBm as a limit of sum of integrals
with respect ot fBm. This being done we particularize this definition to the case of Malliavin calculus and
White Noise theory. In this last case we compare the integral hence defined to the one we got in chapter 2.
The fourth and last chapter propose a multifractional stochastic volatility model where the process of volatil-
ity is driven by a mBm. The interest lies in the fact that we can hence take into account, in the same time,
the long range dependence of increments of volatility process and the fact that regularity vary along the
time. Using the functional quantization theory in order to, among other things, approximate the solution of
stochastic differential equations, we can compute the price of forward start options and then get and plot
the implied volatility nappe that we graphically represent.

Keywords

Multifractional Brownian motion, stochastic calculus with respect to multifractional Gaussian processes,
White Noise theory, S-transform, limit of processes, chaining, functional quantification.
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1 Le mouvement brownien fractionnaire (fBm)

Définition et propriétes

Le mouvement brownien fractionnaire, terme que nous abrégerons systématiquement par fBm dans la suite
de ce travail, a été introduit par A.Kolmogorov en 1940, dans [50], comme moyen d’engendrer des "spirales"
gaussiennes dans un espace de Hilbert. B.Mandelbrot donna le nom de coefficient de Hurst & la constante
H, qui caractérise tout mouvement brownien fractionnaire, en 'honneur de ’hydrologiste britanique Harold
E. Hurst qui, tentant de modéliser les crues annuelles du Nil, mit en évidence la corrélation a long terme
des amplitudes de ces derniéres au cours du temps. Il en déduisit alors qu’il était impossible de modéliser
ce phénomeéne par un processus présentant des accroissements non corrélés au cours du temps, tel que le
mouvement brownien. A partir de la fin des années 1960, B.Mandelbrot et J.Van Ness (¢f.[60]) popularisérent
le fBm en tant que modéle financier et en en étudiant les propriétés. Nous considérons fixé pour tout ce
chapitre un espace de probabilité, noté (Q, F,P).

Définition 1.1 (Mouvement brownien fractionnaire). Soit H une constante appartenant a l'intevalle
10;1] et I un intervalle de R. Un mouvement Brownien fractionnaire sur I d’indice de Hurst H est un
processus gaussien centré, noté BY .= (BH),c;, dont la fonction de covariance, notée Yy, est donnée, pour
tout couple réel (t,s) de I?, par :

Sirt,s) i= - ([t + s/ — [t = s*7)
; TN S . H H\2] _ 2H

ot vy est une constante positive ; de fagon équivalente : E[(B;" — B )?] = vm |t — s|*".

L’existence du mouvement brownien fractionnaire résulte du théoréme général d’existence des processus

gaussiens centrés de fonction de covariance donnée (on pourra consulter [74, 62, 49, 47] pour plus de détails).

11 est clair que lorsque H vaut 1/2 et que vy = 1, le fBm n’est rien d’autre que le mouvement brownien

fractionnaire standard sur I. Par souci de simplicité nous poserons I := R dans la suite de cette section.
Par définition, le fBm jouit des propriétés suivantes.

1. Béq =0 p.s.

2. Les accroissements du fBm sont stationnaires i.e {BZ, — Bt > 0} ot {BH:t > 0}.

1



2 CHAPTER 1. INTRODUCTION

3. BH := (Bf!)icr, est un processus H-auto-similaire, i.e {BI;t> 0} o {a"BH;t > 0}, Va € R,
Bien des résultats sont connus concernant le fBm (on pourra consulter [63, 61, 12] ainsi que les références qui
y sont indiquées). On peut ainsi montrer que, presque strement, BY := (BH);cr . admet une rectification
Holderienne de ses trajectoires pour tout ordre strictement inférieur & H. Par ailleurs, pas plus que le mouve-
ment brownien le fBm n’est différentiable en temps. Pour cette raison, une bonne mesure de la régularité du
fBm est 'exposant de Holder local. Défini en tout point ¢y de R, 'exposant de Holder local d’un processus
(X¢)ter, est défini par :

X, — X

ax(tp) := sup {a slimsup  sup |as| < +oo}. (1.1)

P50 (s,)€B(to,p)? [t =5

Tl est prouveé dans [41] que pour tout H de ]0; 1[, presque stirement, pour tout réel to de Ry, on a agn(tyg) = H.
Les trois figures qui suivent, obtenues grace au logiciel libre Fraclab!, présentent des trajectoires, t —
(t, BH(w)), de mouvements browniens fractionnaires B, pour différents coefficients de Hurst.
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FIGURE 1.1 — Trajectoire d'un fBm de paramétre de Hurst H = 0.3
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FIGURE 1.2 — Trajectoire d'un fBm de paramétre de Hurst H = 0.5

Comme le résultat de régularité précédent le laissait présager, on remarque que, plus la valeur de H croit,
plus la régularité augmente. Inversement, plus la valeur de H décroit plus les trajectoires sont irréguliéres.

1. téléchargement disponible depuis l’adresse : http ://fraclab.saclay.inria.fr/
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(o) 200 400 600 800 1 (';OO 1200
FIGURE 1.3 — Trajectoire d’'un fBm de paramétre de Hurst H = 0.8

Corrélation des accroissements du fBm et dépendance de long terme

Le fBm ayant été, en partie, popularisé parce qu’il permettait de rendre compte de phénomeénes présentant
des corrélations a long terme au cours du temps il nous semble important de s’attarder un instant sur cette
notion. Nous excluons d’emblée le cas H = 1/2 qui correspond au cas du mouvement Brownien dont les
accroissements sont indépendants. Dés que H est différent de 1/2, les accroissements du fBm sont correlés.
Plus précisément, on a pour tout couple (s,t) de Ri et tout réel positif r tels que s +r < tett —s = nr,
ou n est un entier positif,

1
pi(n) = Cov (B}, — BF B, — BI") = 57 L+ 1 4 (= 1) — 20, (1.2)

De la précédente égalité nous déduisons que les accroissements Bff, — Bff et Bff,. — B sont corrélés
positivement lorsque H > 1/2 et négativement lorsque H < 1/2. Il semble donc pertinent d’utiliser un
mouvement brownien fractionnaire d’indice de Hurst H strictement supérieur & 1/2 pour modéliser les
phénomeénes & mémoire présentant des accroissements positivement corrélés.

Dépendance de long terme

Définition 1.2. On dit qu’une suite de variables aléatoires stationnaires (Y, )nen présente une dépendance de
long terme si la fonction d’autocovariance p : N — R, définie par p(n) := Cov(Yy, Yiin) satisfait la condition

im0 g (1.3)

n—+oo cn=%

pour une certaine constante ¢ et un certain réel o de |0; 1].

Dans ce cas la dépendance entre Y} et Yi i, décroit lentement lorsque n tend vers U'infini. On a de plus

—+o0

Z p(n) = +o0. (1.4)

n=1
On peut aussi prendre I’égalité (1.4) comme définition de la dépendance a long terme. Cette seconde définition
de la dépendance a long terme d’une suite de variables aléatoires stationnaires est alors évidemment plus
faible que la définition 1.2.
Quelle que soit la définition choisie pour la dépendance & long terme, un calcul direct montre que les accrois-
sements X := B,f — B,f{_l et Xppn = B,ﬁ_n — B,ﬁ_n_l du fBm B¥ présentent telle dépendance lorsque H
est strictement supérieur a 1/2 puisque l'on a alors :
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pr(n) = Cov (Xpin, Xp) = = [(n+1)* + (n— 127 —202H] ~ H (2H —1) n?772, (1.5)

n—-+o0o

DN | =

En revanche nous avons Z:z |[p(n)] < 400 lorsque H < 1/2.

Les différentes représentations

Dans la suite de ce mémoire, nous utiliserons abondamment les notions de mesures gaussiennes réelles et
complexes. Nous avons donc ajouté, dans 'annexe A, un court résumé de cette notion qui couvre tous les
cas d’utilisation que nous en ferons dans les chapitres suivants. Nous encourageons le lecteur qui ne serait
pas familier avec cette notion & s’y reporter avant de commencer la lecture de cette section.

Il existe de nombreuses représentations d’'un mouvement brownien fractionnaire. Plus ou moins compliquées
selon que l'on souhaite obtenir une représentation sur un compact de R ou sur R tout entier.

Représentations du fBm sur R

Sur R nous avons la famille de représentations du fBm donnée, pour tout H de (0,1) et (a™,a™) de
R*\{(0,0)}, par

Yigr ooy (t) = 8(H) /

[ (e o) 0™ S (8 Hw)) W (du) (1.6)

ol 6(H) est un réel non nul, W désigne une mesure gaussienne réelle et ot 'on a défini :

fi(tv H7 u) = (t - u)filﬂ - (_“)fil/Qv (1'7)

avec la convention 2” := (—z)], ,y dans R et 2 := (—x)7, 2 > 0, ] =0 si 2 <O0.

On notera que si W est la mesure gaussienne complexe, construite a partir de W (pour plus de détails sur
les mesures gaussiennes voir ’annexe A située a la fin de ce mémoire) alors on a, pour tout H de (0,1) et
(a,a™) de R?\{(0,0)}, I’égalité suivante :

vVt € Ra i\;(a*,a*)(t) p:é }/(a*,a*)(t)v (18)

ou 'on a défini ﬁa*,a*)(t) = F(If;%ﬂ) Jr fgﬁfg}l Ulat,a) (& H) W(d{), I" désignant la fonction Gamma

d’Euler et ou, pour tout réel £, on a posé,
Uta+a—) (& H) = atet sen©HF1/2)w/2 4 = i sign(&)(H+1/2)7/2.

On appelle représentation harmonisable du fBm d’indice de Hurst H, le processus défini, a4 une constante
dépendant de H prés, par

_ GitE _ 1) —
v | ﬁ W (),

qui n’est autre que F(T% ,}7(171) (t) pour §(H) := 1. Enfin, on appelle représentation & moyenne mobile du
fBm le processus Y(; o) défini par (1.6) pour (a™,a”) = (1,0) et §(H) := 1. On a donc,

Yi1,0)(t) = A ((t - u)f*1/2 B (—u)fflh) W (du).

Le lecteur souhaitant trouver davantage de réprésentations de fBm pourra se référer par exemple a [73, 75].
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Représentations du fBm sur un compact

Nous nous contentons ici de donner la représentation suivante, que 1'on pourra trouver dans [63]

T
B = / Ljocucrcry (tw) Kp(t,u) W(du), (1.9)
0
H—-1/2
Kt - {(5) Y2 )2 (1 )2) /2 H (Y — ) H=12pH=1/2gy | 5i 0 < H < 1/2,
H t,u = 1/2
i (soamr—s) Aty )i gy sil/2 < H <1,

1/2

et ou, pour tout H de (0,1), ay := ((1—2H)ﬁ(12—%H,H+1/2))

Calcul stochastique par rapport au fBm

L’indice de variation du fBm d’indice de Hurst H est défini par,

I(BY,[0,T)) := inf{p > 0, 9,(B",[0,T]) < +oc},
ott I'on a défini 9,(BH,[0,7)) := supzZ 1B —Bf? Petonm:={0=ty <t <ty <---<t,=T}

tr—1

désigne une partition finie de [0, T]. Dans [72], il est montré que I(B#,[0,T]) = & pour tout H de ]0;1[. Il
s’ensuit que, pour tout réel positif p, la suite (V}, ,)nen définie par,

p

n
Vip =3 ‘Bf BlL.,

i=1
converge en probabilité vers 0 si pH > 1 et tend vers 400 si pH < 1, lorsque n tend vers +00. On en conclut
donc que I(BH,[0,T]) = %, pour tout H. Puisque I'indice de variation d’une semimartingale appartient a
I'ensemble [0; 1] U {2}, on en déduit que B est une semi-martingale si et seulement si H = 1/2.
Lorsque H # 1/2, qui est le cas qui va nous intéresser dans la suite, le calcul stochastique d’It6 développé
pour les semi-martingales ne peut donc pas s’appliquer. Aussi, depuis une quinzaine d’années de nombreuses
voies visant & établir un calcul stochastique relatif au fBm ont été explorées. Parmi celles-ci on peut citer

Approches probabilistes Approches déterministes
Calcul de Malliavin Théorie des chemins rugueux
L.Decreusefond, S.Ustiinel, Alos, Mazet, Nualart... | Lyons, Coutin, Nourdin, Gubinelli
Théorie du bruit blanc Integrale de Stratonovich étendue
Elliott, Van Der Hoek, Bender, Oksendal,... Russo & Vallois
Autres approches déterministes
Zahle, Feyel, de la Pradelle

Nous renvoyons a [29] et aux références qui y sont données pour une présentation détaillée de ces différentes
méthodes. Nous utilisons dans le présent mémoire essentiellement la théorie du bruit blanc.

Les approches déterministes sont ainsi nommeées car elles correspondent & 'utilisation d’intégrales détermi-
nistes, définies w par w et construites en dehors de tout cadre probabiliste, pour des processus stochastiques
de régularités diverses. Si 'on considére le cas de 'intégrale stochastique par rapport au fBm, cette réparti-
tion entre approches déterministes et probabilistes, pour classique qu’elle soit, semble cependant quelque peu
arbitraire tant les outils de I’analyse réelle et fonctionnelle sont omniprésents dans ces différentes construc-
tions. Nous reviendrons, au cours des prochains chapitres sur les raisons pour lesquelles nous avons choisi
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d’utiliser, de préférence a toute autre, la théorie du bruit blanc. Pour motiver, a priori, ce choix précisons
qu’il nous fallait une méthode d’intégration par rapport au mBm qui nous permette & la fois de résoudre
des équations différentielles, sans conditions préalables sur les valeurs que peut prendre la fonction h dans
]0; 1] ou sur la croissance des coefficients de 'E.D.S (ainsi nous ne voulions pas devoir exiger une croissance
polynomiale,- - - ) mais aussi de définir une intégrale de Wiener de toute fonction ayant une régularité raison-
nable (i.e pas nécessairement de classe C''). La théorie des chemins rugueux satisfait la premiére condition
mais pas la seconde alors que le calcul de Malliavin satisfait la seconde mais pas la premiére.

Les limites de validité des applications du mouvement Brownien fractionnaire

Trés populaire et utilisé dans de nombreuses applications (financiéres notamment), le mouvement brownien
fractionnaire présente cependant quelques inconvénients qui peuvent s’avérer génants lorsque I'on souhaite
modéliser certains phénomeénes. En effet la régularité des trajectoires du fBm reste la méme au cours du
temps. De plus il est & accroissements stationnaires. Ceci empéche donc de modéliser, a 'aide d’un fBm, les
phénomeénes dont la régularité évolue au cours du temps ou dont les accroissements ne sont pas stationnaires
comme par exemple le traffic internet, le traitement d’images, le relief des montagnes, la volatilité des cours
de bourse - - -

Ceci conduit donc naturellement & la question suivante :

Peut on généraliser le mouvement Brownien fractionnaire a4 un processus gaussien dont la
régularité des trajectoires varie au cours du temps?

2 Le mouvement brownien multifractionnaire (mBm)

La réponse, affirmative, a la question ci-dessus a été apportée par Jacques Lévy-Véhel et Romain Peltier
dans [68].

Définition et propriétés

Dans ce premier article consacré au mouvement Brownien multifractionnaire (noté mBm dans la suite), ils
ont défini le mBm & partir du fBm en remplacant "simplement" le réel H par h(t), ou h : R — (0, 1) désigne
dans toute cette section une fonction continue. Le mBm originel est donc défini par,

ho 1 t)—1/2 t)—1/2
X = iy o (-9 = ) wias) @

Entre autres choses, il est établi dans [68], que pour tout intervalle I, le processus X" n’est pas stationnaire
et admet une rectification holderienne de ses trajectoires de tout ordre  strictement inférieur a ian h(u). Le
ue

processus X" n’étant pas stationnaire, il est plus intéressant de chercher des propriétés de régularité locale
plutot que globales le concernant.

L’idée qui a présidé a la définition du mBm bien équilibré est la méme que celle qui a permis de définir
X" Plus précisément, la version bien équilibrée du mBm a été définie en 1997 dans [7], en partant de la
représentation harmonisable du fBm et en posant,

A’)“("h L eit& - 1 o

Méme si les processus X" et X" ne sont pas équivalents (i.e n’ont pas la méme loi), nous verrons a la section
suivante qu'ils font partie d’'un méme ensemble de processus. Le fait que I'on ait cru pendant longtemps que
X" et X" désignent le méme processus (en loi) d'une part, le fait que X" est plus facile & manipuler pour
effectuer des calculs d’autre part explique que les auteurs aient préféré donner les propriétés de régularité et
de dépendance a long terme pour le processus X". Nous restituons ici une partie de leurs résultats.

Bien que n’étant plus auto-similaire et bien que n’étant pas stationnaire, le mBm posséde une propriété
plus faible appelée localisabilité. Si la fonction h est S-hdlderienne, alors pour tout ¢ tel que h(t) < 5, on a

Xh  _xh . T
{M; u € R+} converge en loi, lorsque p tend vers 0, vers un fBm d’indice de Hurst h(t).
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Régularité holderiénne de X"

Il a été établi dans [38] que, pour tout réel positif ¢,

az,(t) = BE) Ah(E) ps

ot E (t) désigne 'exposant de Holder local de la fonction h en t.
Les trois figures qui suivent, toujours obtenues grace au logiciel Fraclab, représentent des trajectoires, ¢t —
(t, X}'(w)), de mouvements browniens multifractionnaires X" ayant différents paramétres fonctionnels.

1
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FIGURE 1.5 — Trajectoire d’'un mBm de paramétre fonctionnel hg : ¢+ 0,5+ 0, 3sin(4mt)

A la vue de ces trois figures, on constate 14 encore que plus la valeur h(t) est grande plus les trajectoires
sont réguliéres. Réciproquement, plus la valeur h(t) est petite plus les trajectoires sont irréguliéres.

Corrélation des accroissements du mBm et dépendance a long terme

Puisque les accroissements du mBm ne sont pas stationnaires il convient de redéfinir la notion de dépendance
a long terme. Dans [5], il est proposé une nouvelle définition de dépendance a long terme que nous reprenons
ici. Précisons d’abord que nous appelons processus du second ordre tout processus X := (X¢):er tel que X;
appartient & L?(€)) pour tout réel t.

Définition 2.1. /5, def.6] Un processus Y := (Yi)ier, du second ordre (stationnaire ou non) présente
une dépendance & long terme s’il existe une fonction o : Ry —| — 1;0[ telle que pour tout réel positif s,
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.1 | Wb
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FIGURE 1.6 — Trajectoire d'un mBm de paramétre fonctionnel hs : ¢ +— 0,3+ 0,3(1 + 67100(%0,7))71

cory(s,s +r) oo r*() 0w cory désigne la fonction de corrélation de Y et ou f(r) B g(r) signifie

qu’il existe deux réels c et d tels que pour r suffisamment grand, on a ¢ < gg:; <d.

Nous présentons également une seconde définition de la dépendance a long terme, plus faible que la définition
2.1.

Définition 2.2. /5, def.7] Un processus Y := (Y;)ier, du second ordre présente une dépendance a long
terme st oo
Vd > 0,Vs >0, Z |cory (s, s + kd)| = +o0.
k=0

Les deux résultats principaux, portant sur X b sont les suivants :

Proposition 2.1. /5, corollaire 1] Pour toute fonction h non constante, le mBm Xh, défini en (2.2) présente
une dépendance & long terme au sens de la définition 2.2. De plus, si pour tout s, h(s) + h(t) > 1, pour
tout t suffisamment grand, alors le mBm X" présente également une dépendance a long terme au sens de la
définition 2.1, le paramétre fonctionnel o vérifiant a(s) = h(s) — 1 pour tout s in R.

Proposition 2.2. [5, Proposition 8](Comportement asymptotique des accroissements du mBm) Soit X"
le mBm défini en (2.2) et Z" = (Z]')ier, le processus défini par Z}' := j(vth_H - gth Lorsque t tend vers
+00, et pour tout s > 0 tel que les quatre quantités apo(t,s) := h(t) + h(s), a1,0(t,s) := h(t + 1) + h(s),
ap1(t,s) :==h(t) +h(s+1) et ay1(t,s) := h(t + 1) + h(s + 1) sont toutes différentes, alors :

i (t 1 (T ~ 1
(i,jg?ﬁ}?az’j( 8) <l=covmlts), x 1

max a4, j(t,s)—1

a; j(t,s) > 1= covgn(t,s) = toDettn?

max
(i,5)€{1;2}> t—+o00

Les différentes représentations du mBm

e Sur R

Comme nous I'avons indiqué précédemment, les processus gaussiens X" et X" ne sont pas égaux en loi. Pour
autant, ils ont comme point commun d’étre des fBm "sur lequels on fait courir une fonction A". En 2006
S.Stoev et M.Tagqu proposérent, dans [73], une nouvelle définition de mBm, plus générale, et qui englobait
les processus originels X" et X", Une fonction [-Holderienne h étant fixée, ils proposérent, et partant de
(1.6), de définir un mBm, pour tout (a™,a~) de R?\{(0,0)}, par
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Viatary (0= 800(0) [ (L2t 0).0) + 0™ F (1,100, 20) W (), (2.3)

o1 § : R — R est une fonction de classe C''. Nous nous permettons d’employer ici les mémes notations qu’en
(1.6) puisque, lorsque la fonction h est constante, égale & H, les deux définitions coincident. De plus, si 'on

note Y(,+ - le processus défini, pour tout réel ¢, par

_ Qite _ .
Viar.am (1) = 6(h(1)) F(H\/J;_Fl/Q) A |(§ |h<t>+11/)2 Utaramy (€ A1) W(dE), (2.4)

ot W est construite a partir de W, comme indiqué dans la section 2 de I’annexe A de ce mémoire, alors on a

YV(a*,a*)(t) = YV(a*,a*)(t)'

Cette nouvelle famille de mBm étant définie, les considérations que nous avons développées au paragraphe

précédent demeurent valables. Aussi, et plutot que de donner la fonction de covariance des processus Y(,+ 4-),
dont une forme intégrale se déduit immédiatement de (2.4), nous allons donner et étudier la fonction de
corrélation des mBm définis par (2.4) ou, ce qui revient au méme, (2.3).
Par ailleurs, il convient de se demander dans quelle mesure les éléments de cette famille de mBm sont
différents. Cette question délicate a été traitée, dans le cadre de cette nouvelle définition, dans [75]. Nous
rappelons ici les principaux résultats relatifs & la structure de covariance des mBm Y.+ ,- qui y sont établis
puisqu’ils permettent de mieux saisir la nature intrinséque de ces mBm. Commengons par la fonction de
covariance.

Proposition 2.3 ([75]). Pour tout couple (a*,a™) dans R?\{(0,0)} et tout réel t, nous avons

Var(Y+ oy (1) = Ch(t) [Ua+ a—) (& R(E)[P pour tout € # 0, (2.5)
ou
s(mh(t)02(1/2+h ()0 (2—2h(t)) ;
CRt) = [P0 OO b 712 (26)
1 si h(t) = 1/2

Nous ne nous intéressons plus, a partir de maintenant, qu’aux processus (Y(,+ o-)(t))ter, tels que 'on ait
a® # a~ ou bien h(t) # 1/2.
Définissons en outre la fonction o : R — [0, 27|, par

a(t) == Arg(ate {(HO+/D7/2 | = ih()+1/2)7/2) (2.7)

ot Arg désigne la détermination principale de largument sur [0; 27[. La fonction de corrélation de ce pro-
cessus, notée p(,+ -, est définie, pour tout couple (a™,a™) de R?\{(0,0)} par

E[Yia+,a*) (t)YV(aJr,a*) (S)]

Plat,a—)(t,8) = . (2.8)
@he) SV Vs oy () Var(Var o (1)
Nous avons alors le résultat suivant :
Théoréme 2.1. Les réels t et s non nuls étant fixés,
— S0 hys = M #1/2, alors
p(a*,a*)(tv 5) = Dh(ta s) (COS(Aat,s) - 7"'ht,ssz.gn(t)|t|2ht’s
+ cos(Aay s) + mhy ssign(s)|s|*= (2.9)

— cos(Aay.s) — why ssign(t — s)|t — S|2ht,s>’

ol Ay s := at) — a(s), a ayant été définie en (2.7) Dp(t,s) := F(h(tzr+é/ll2()t)r(c}:‘fg)+l/2) th(f@if;t,;)s)-
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— si hys =1/2, alors
D(h(t) +1/2) T'(h(s) + 1/2)

s C}L(t) Ch(s)
—sin(Aays)(tIn[t] — sln|s| — (t — s) In(|t — s|)) (2.10)

Plat oyt 5) = (/2 cos( Do) (1] + 5] — [t — s]))

Comparaison entre mBm de paramétres (a*,a™) différents

Nous allons voir ici que la famille de mBm définie par (2.3) est en fait suffisamment riche pour contenir des
processus de fonctions de corrélation différentes.

Proposition 2.4. (/75, corollaire 6.1]) Soient (a™,a™) et (b*,b) deux couples de réels. On suppose que
|bT| # |b~|. Considérons Y + o—y et Y+ p-) deuz mBm de méme parameétre fonctionnel h : R — (0,1). On
a les résultats suivants

(a) Sia™b~ =a~bt, alors pour tout réel t et s dans R*, on a

Plat,a)(t,8) = pa+ o) (L, 8)

(b) Siatb™ # a"b" et si h est continue alors, pour tout s # 0 fixé, il existe, pour tout x > 0, une fonction
hy : R — (0,1), vérifiant,

sup [R(t) = (8)] < x;
teR

telle que
p(a+,a*)(ta s;hy) # p(a*,a*)(ta s;hy), pour tout

(s,s+e) sis>0

—(t,s;h —(t,s;hy), pour toutt €
Plat,a )( X)?’ép(b*,b )( X) p {SE,S) sis <0,

pour un certain € strictement positif.
En particulier, les mBm Y(Zﬁﬂ,) et Y(Z?ﬁ’b,) de paramétre fonctionnel h, ne peuvent pas se déduire ['un de
Uautre par simple multiplication d’une fonction déterministe de t.

e Les différentes représentations du mBm sur un intervalle

Pour obtenir un mBm sur un compact, par exemple [0, 7], il suffit de considérer (Y(‘“aa’)(t))te[o;T]' Ce-
pendant, dans [3], il est indiqué une méthode d’intégration stochastique, utilisant le calcul de Malliavin,
par rapport a tous les processus gaussiens pouvant s’écrire comme intégrale sur [0,7] d’un noyau K (t,.)
ayant certaines propriétés. Dans article [18] une intégrale stochastique par rapport au processus gaussien
Yyh .= (Y}h)te[o,T], défini pour tout ¢ par Y/ := fot Ky (t,u) W(du) ot Kg(.,.) a été définie juste aprés
(1.9), est étudiée, a partir des propriétés de I'intégrale stochastique établies dans [3]. Le processus Y (cor-
respondant au cas ol h est constante et égale & H) étant un {Bm, il est naturel de se demander si le processus
Y" est un mBm au sens de la définition 2.3.

Si tel était le cas, il existerait un couple (a*,a~) de R? et une fonction & tels que 1'on ait I'égalité

T
A K (t,u) Kp)(s,u) du =

3(h(t)) 3(h(s)) A (a* fr(th(t),u) —a™ f-(t,h(t),u) (a* Fi(s,h(s),u) —a” f-(s,h(s),u)) du.
(2.11)

Nous donnons dans le deuxiéme chapitre du présent mémoire des raisons qui nous font croire qu’une telle
égalité a peu de chances d’étre vérifiée. De plus, que la derniére égalité soit vérifiée ou non, accepter la
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définition 2.3 comme définition des mBm revient a considérer qu’un mBm sur un intervalle I quelconque de
R est un processus gaussien dont la fonction de covariance doit nécessairement appartenir & ’ensemble de
fonctions

{(t5) = El¥iar ) (¥t 0 ()] (a7 € B2},

Alinsi, tout processus gaussien (X (¢, h(t))):er tel que (X (¢, H))ies est un fBm de coefficient de Hurst H pour
tout H de ]0;1[, mais tel que (X (¢, H))res ne puisse pas s’écrire sous la forme (1.6), ne pourrait pas étre
considéré comme un mBm. Outre Parbitraire de la définition 2.3, son principal inconvénient est de ne pas
tenir compte du fait qu'un mBm "devrait étre un fBm dans lequel on a changé H en h(t)", car c’est bien la
I’idée originelle et originale de [68].

Ceci nous améne a penser que la définition 2.3, efficace en ce qu’elle permettait de généraliser la notion de
mBm, est a la fois trop arbitraire et pas assez générale. Nous proposons au chapitre 2 du présent mémoire,
qui est extrait de [40], une nouvelle définition de mBm qui pallie ces différents inconvénients.

Calcul stochastique par rapport au mBm

Le calcul stochastique par rapport au mBm faisant 1'objet de cette thése, nous renvoyons a la description
des travaux du présent manuscrit, située au prochain paragraphe, pour un plan détaillé.

3 Présentation des travaux de thése

L’objectif de cette thése était de construire, développer et étudier un calcul stochastique (et plus particulie-
rement une intégrale stochastique) par rapport au mouvement brownien multifractionnaire (dans sa version
harmonisable). Le choix de la méthode ou plus exactement des outils & employer n’étant pas fixé a priori,
notre choix s’est porté sur la théorie du bruit blanc, qui généralisait, dans le cas du fBm, le calcul stochas-
tique au sens de Malliavin.

Chapitre 2

Dans le deuxiéme chapitre de cette thése nous donnons une construction ainsi que les principales proprié-
tés de l'intégrale stochastique par rapport au mBm harmonisable. Y sont également établies des formules
d’It6 et une formule de Tanaka pour l'intégrale stochastique par rapport & ce mBm. Plus précisément, a
partir des travaux de [34], [8] et [9] nous montrons explicitement que I’ensemble des éléments déterministes
qui admettent une intégrale de Wiener par rapport au fBm d’indice de Hurst H est exactement l'espace de
Sobolev d’ordre 1/2 — H, noté L% (R), et défini par

L3(R) = {ue #'(R) : &= Ty [ € Lo (R) and |[ull,, < +00}, (3.1)
ou Ty désigne la transformée de Fourier au sens des distributions, ||u||2H = C% Jz 1€ 25 @ (©)2 de est la
H

norme issue du produit scalaire défini, sur L% (R) x L2 (R), par :

v Sy = é A €7 T () T de, (3.2)

3
ol ¢ = (W) pour tout x de (0,1). Notons que L% (R) est aussi 'image par un opérateur

bijectif My de l'espace L?(R) (cf. théoréme 3.7 du chapitre 2 pour plus de précisions).

Aprés avoir introduit, dans la partie 3, et étudié les principales propriétés de 'opérateur %, défini comme
étant la dérivée, au sens de L?(R), de I'opérateur My, nous construisons par une premiére méthode l'intégrale
de Wiener par rapport au mBm. Pour ce faire, nous établissons (cf. proposition 4.1) que la forme bilinéaire,
notée <, >,, définie sur £(R) x E(R) (ou E(R) désigne 'espace des fonctions en escalier) par,

< Ljo,g, Ljo,q) >, = Ralt,s)
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est un produit scalaire.
Nous ne considérons plus, & partir de la section 5, qu'une fonction h de classe C!. Nous définissons d’abord
la dérivée, au sens des distributions stochastiques, du mouvement Brownien multifractionnaire par :

+<>o
W(h) (t) = Z dt / Mh(t) ek)( ) dS)} < .,er >, (33)

ou la famille (eg)ren désigne la famille orthonormée des fonctions de Hermite (définies au cf. chapitre 2
égalité (2.4)). Nous donnons ensuite le

Théoréme-Définition 3.1. Si la fonction h' est bornée, le processus W = (I/V(h)(t))te]R defini par la
formule (3.3) est un (S)"-processus qui vérifie dans (S)*, I’égalité suivante :

+oo t
(h) ZMh(t er)( e > +h/'(t) Z (/ 85\1{{}1 (ex)( s)|H=h(t)ds) < . e >. (3.4)
k=0 /0
De plus le processus B est (S)*-differentiable sur R et vérifie, dans (S)*,
dB™ d
t) = WM () = —[A(t, h(t))]. .
0 = W) = L@ k)] (35)

Nous définissons enfin l'intégrale stochastique par rapport au mBm de la fagon suivante, ¢ désignant le
produit de Wick,

Définition 3.1 (Intégrale de Wick-Ito6 multifractionnaire). Soit Y : R — (S)" un processus tel que t —
Y (t) o WM (t) est (S)"-integrable sur R. On dit que le processus Y est dB"M -intégrable ou intégrable sur R
par rapport au mBm B . Lintegrale de Y par rapport a B") est définie par

/Y ) dB™ (s /Y s) o WM (s)ds. (3.6)
Pour tout intervalle I de R, on définit [, Y (s)dBM (s) := [ 1;(s) Y(s)dBM(s).

Le reste de la section est consacré a la résolution de I'équation différentielle stochastique dont la solution est
un mBm géométrique ainsi qu’a la définition d’une seconde intégrale de Wiener par rapport au mBm, issue
de la définition 3.1. Il appert alors que ’ensemble des intégrales de Wiener par rapport au mBm définies
a la section 3 et I'ensemble des intégrales d’éléments deterministes obtenues a partir de la définition 3.1
coincident.

Le paragraphe 6 est consacré a 1'obtention de formules d’Ité6 dans I’espace (L?) mais aussi dans 'espace des
distributions stochastiques (S)*. Parmi celles-ci, citons les deux résultats suivants.

Théoréme 3.1. Soz'ent p €N, a et b deuz réels avec 0 < a < b, et soit F' un élément de C*([a,b], _,(R))

tels que les fonctions 95 et g;, de [a,b] dans _,(R), sont continues. Nous avons alors, dans (S)", I’égalité
suivante :
») ») POF g (n) »)
F(b, B (b)) — F(a,B"(a)) = at(SB (s)) ds + 8 sB (s)) dB'™(s)
a

+% [ <dils[3h(s,s)]) %(S,B(h)(s)) ds.

Théoréme 3.2. Soit T >0 et h: R — (0,1) une fonction de classe C1 telle que h' est bornée sur R et soit
f une fonction de classe C*2([0,T] x R,R). Supposons qu’il existe deux constantes C > 0 et A <

1
4 max t2h(t)
te[0,T]

telles que pour tout (t,x) de [0,T] x R,

e {171, 5 .2)]

t€[0,T]

aof O f } a2
e —(t,z)|, 92 (t,x)| ¢ < Ce
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Alors pour tout t de [0,T], ’égalité suivante est vérifiée dans (L?) :

Taf

T of (h) (h)
%(t,B’ (t)) dBM (1)

f(r, BM(TY)) :f(0,0)+/ E(t,B(h)(t)) dt+/
0 0

r 2
+% /J (Z[R’l(t t)]) %@B(’”(rﬁ)) dt.

L’obtention d’une formule de Tanaka ainsi que ’étude de deux mBm de parameétre fonctionnel A particulier
achévent le chapitre 2.

Chapitre 3

Le point de départ du chapitre 3 est la question suivante :

Peut-on approximer un mBm de paramétre fonctionnel h par une suite de sommes de fBm de coefficient de
Hurst égaux a certaines valeurs prises par la fonction h?

Nous interrogeant alors sur ce que devrait étre (compte tenu des arguments avancés dans les deux sous-
sections qui précédent) un mBm, nous rédéfinissons le mBm a partir de la notion de champ fractionnaire.
Le champ fractionnaire (B(th))(t,H)eRx(o,m est un champ gaussien tel que pour tout H dans (0,1), le
processus (Bf!),.p défini par Bf! := B(t,H) est un mouvement brownien fractionnaire de coefficient de
Hurst H. Un mouvement brownien multifractionnaire de parmétre fonctionnel h étant alors défini comme
étant le processus (B(, 1(1))) ; gryerx (0,1)- Cette définition généralise toutes les définitions de mBm connues
a ce jour.

Un intervalle [a, b] de R étant fixé, nous construisons, a partir du champ fractionnaire B, la suite de somme
de fBm par morceaux, pour tout ¢t dans [a,b] et n dans N, par :

qn—1

Bl = B(t, ha( Z Lo oy () Bt (™) + 1y () B(b, (b)), (3.7)

Ty ’k+1

L’hypothése de régularité suivante permet de répondre & la question posée au début de ce paragraphe.

(H1) : V][a,b] C R,V[c,d] C (0,1),3(A,4) € (Ri)Q, such that E[(B(t, H) — B(t,H"))’] < A |H — H’|6, pour tout
(t, H,H') in [a,b] x [c,d]?.

En effet, on montre le théoréme d’approximation suivant :

Théoréme 3.3. Soit B un champ fractionnaire, h : R — (0,1) une fonction déterministe continue et B" le
mBm associé. Pour tout intervalle compact [a;b] de R, et toute partition A de [a;b] (dont les éléments ont
une certaine longueur), on a le résultat suivant.
1. Si B satisfait Uhypothése de continuité de la fonction C : (t,s, H, H') — E[B(t, H) B(s, H')] est conti-
nue sur R2 x (0,1)%, alors la suite de processus (B"")nen converge dans L*(Q) vers B"i.e

viefob], lim B[(Bl - B{Lﬂ —0.

n—-+o0o

2. Si B satisfait Uhypothése (H1) et si h is B-Holderienne pour un certain 8 > 0, alors la suite de processus
(B")pen+ converge

(i) en loi, i.e {BI'; t € [a, b]}A——+{B t € [a,b]}.

(ii) presque sdrement, i.e P ({Vt € [a,b], nlim B = Bt’l}) =1.

—+o0
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La question qui se pose ensuite naturellement est la suivante : Peut-on a partir du précédent théoréme
inférer une méthode d’intégration stochastique par rapport au mBm & partir des méthodes d’intégration
stochastiques existant pour le fBm 7

Une méthode (M) d’intégration par rapport au fBm étant fixée (Chemins rugueux, calcul de Malliavin,
Théorie du bruit blanc, par exemple) il convient alors de donner la définition suivante :

Définition 3.2 (intégrale par morceaux par rapport a une somme de fBm). Soit Y := (Y;f)te[o,l] Un Processus
sur [0; 1] intégrable par rapport a tout fBm d’indice de Hurst H appartenant a h([0;1]), au sens de la méthode
(M). On appelle intégrale par morceaux par rapport ¢ une somme de fBm au sens de la méthode (M) :

1 @l 1 ()
h
[ via s =3 [0 000 ¥ d* B nen (3.8)
k=0

A partir d’exemples d’intégrales de processus simples par rapport a une somme de fBm et en faisant tendre
n vers +oo dans (3.8) on s’aper¢oit qu’une définition raisonnable de 'intégrale stochastique d’un processus
Y par rapport au mBm, au sens de la méthode (M) est nécessairement de la forme :

1 1
/ Y, dM Bl = lim / Y, dM B 4 oM (v), (3.9)
0 n—oo 0
[
=L, (Y)

ott la limite dans (3.9) est prise au sens de L?(2) ou de (S)* selon la méthode (M) employée et ot

1
M 0B
B = [ W) 00 G b)) d
0 OH
avec @M (z,y) := xz oy ou zy selon la méthode employée (o désignant le produit de Wick). Le champ
fractionnaire B étant, quant-a lui, supposé vérifier ’hypothése (H2) suivante :
(Hz) : V[a,b] x [c,d] € Rx (0,1), H — B(t, H) est de classe O, au sens de L?(Q2), de (0, 1) dans L?(2) pour
. 2
tout ¢ de [a,b] et (A, a,\) € (Rjr)3 s.t. E [(%(t,H) - %(s,H’)) } <A (|tfs|a+ |H7H’|)‘>, pour
tout (t,s, H, H') de [a, b]? x [c, d]?.
Soient (K, || ||z) and (F,|| || ) deux espaces vectoriels normés, on définit

HEg = ﬂ {Y e gl / Y, d(M)Bta existe et appartient a F} ,
aeh([0,1]) [0,1]

ou B désigne un fBm de coefficient de Hurst a.
Le critére suivant permet de savoir, pour une méthode d’intégration par rapport au fBm donnée et notée
(M), si la suite de fonctionnelles (L,,)nen, définie en 3.9, converge simplement sur F' tout entier.

Théoréme 3.4. Soit (an)nen une suite croissante d’entiers strictement positifs telle que 2" <[]  ar <
0<k<n—1

22" pour tout n in N et telle que lim (n(a, —1)) ([ ax)” " =0.

n—+oo 0<k<n—1
Supposons de plus que la suite (qn)nen, definie par qo = 1 et @1 = an qn pour tout n dans N soit telle que
lon puisse trouver une norme sur Hg, notée || ||#,, telle qu’il existe M > 0 et telle que pour toute famille
de boréliens disjoints Ay, ..., A, de[0,1],

1Y la g + -+ 1Y 1A, [ <M Y |34

Supposons de plus que la fonction T : Hp x (0,1) — F, définie par

VY € Hp,Va e (0,1), I(Y,a) ;:/ Y, dM B,
0.1
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est 0-Hélderienne par rapport a o uniformément en' Y pour un certain réel 0, i.e. il existe 8 > 0 et K > 0
tels que

Y(a,a') € (0,1)%, sup [|Z(Y,e) —Z(Y, )| < K |a— |’
Y I, <1

Alors la suite de fonctionnelles (Ly)nen définie en 3.9 converge simplement vers une fonction L : Hg — F.

Dans les parties 4 et 5 on considére le cas particulier ot (M) désigne le calcul de Malliavin et la théorie du
bruit blanc. On y montre ainsi notamment le

Théoréme 3.5. Soit Y = (Y;f)te[o,l] un processus Bochner intégrable d’indice pg € N (cf. chapitre 3 définition
5.1 pour une définition). Alors Y est intégrable par rapport au mBm harmonisable a la fois au sens de la
méthode du bruit blanc et au sens défini dans le chapitre 2. De plus ces deux intégrales f[o 1] Y; dMYIBh et

f[o 1 Vi d°Bl' coincident dans lespace (S*) des distributions stochastiques.

Chapitre 4

Le troisiéme et dernier chapitre de ce mémoire, extrait de [25], concerne une application aux mathématiques
financiéres du calcul stochastique développé dans les deux premiers chapitres. Plus précisement, nous partons
du modele a volatilité stochastique proposé dans [24], qui s’écrit,

{ dFy = p(t, Fy)dt + FroydWe, (3.10)

dln(o;) = 0 (n — In(oy)) dt +~vdB, o >0,

ot (F})sefo;7) désigne le processus de prix forward d'une action, W un mouvement brownien et (BH )eelo:T]
un fBm de coefficient de Hurst H, independant de W.

L’introduction d’un fBm dans (3.10) tient au fait que les auteurs souhaitaient rendre compte du phénomeéne
de dépendance a long terme du processus de volatilité observé en pratique mais dont le modéle de Hull et
White standard (i.e (3.10) ott un brownien est mis a la place de B¥) ne rend pas compte. Malheureusement,
et comme nous l'avons indiqué dans le paragraphe de cette introduction consacré aux propriétés du fBm, la
dépendance a long terme n’existe pour les accroissements du processus B? que si H > 1/2. De plus le modéle
(3.10) ne permet pas de modéliser de facon satisfaisante des smiles de volatilité de différentes maturités.
Pour pallier ces deux inconvénients I'idée est de substituer au fBm B un mBm B" dans (3.10). Le modéle
a volatilité stochastique devient alors

{ dFt = FtUtth,
dIn(oy) = 0 (1 — In(oy)) dt + ypd® Bl + v.dW7, a9 >0, (3.11)
AW, W), = pdt,

ol d° B désigne la différentielle prise au sens de la théorie du bruit blanc.

Ceci nous permet ainsi de considérer un processus de volatilité dont les accroissements ne sont pas station-
naires et présentent une dépendance a long terme y compris lorsque la régularité Holderienne de la volatilité
est inférieure a 1/2.

La résolution de cette equation différentielle stochastique est exacte en ce qui concerne le processus de
volatilité qui est donné par,

t t
or = exp (ln(oo)efet + 1 (1 — e*9t> + 'yg/ ee(sft)de + fyh/ ee(sft)doBi,L).
0 0

En revanche, la solution donnant (F});cpo;r) dans (3.11) n’étant pas explicitement connue il convient d’em-
ployer une méthode numérique, robuste, d’approximation. Pour ce faire nous utilisons la théorie de la quan-
tification fonctionnelle pour les processus gaussiens développée par [56] ainsi qu'une méthode de cubature et
de réduction de variance.
Nous donnons également une majoration de I'erreur de quantification d’'un mBm B" :
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Proposition 3.1. Soit T > 0 et 8 > 0 deux réels fizés. Soit h: [0,T] — (0,1) une fonction B-Hdlderienne

telle que Hy := sup h(u) > 0. Soit B" := (Bf)te[o,T] un mBm de paramétre fonctionnel h et de champ
w€[0,T]
fractionnaire associé satisfisant ’hypothése (H). On a alors, pour tout (r,p) de (R4 )2,

_ 85
SN (Bh’ | . |L1’([O,T])) =0 (log(N) (Hl/\ 2 )) ,
ot En (Bh, | - |Lp([0,T])) désigne Uerreur de quantification, au sens de la norme LP(R) du mBm.

Suivant la méthode proposée, par exemple dans [66], le préconditionnement par rapport a la tribu }";’h nous
permet d’écrire :
F F
E (—T—K> —E|E (—T—K) FoM
F. i F. n

=p(W,B")
pour une certaine fonctionnelle 1) de W et B". Nous utilisons alors une méthode de cubature, fondée sur
une quantification fonctionnelle de W et B" afin d’évaluer I'espérance E[»(W°, B")].
Nous évaluons ensuite le prix de forward start calls et donnons enfin, en utilisant une méthode d’extrapolation
et de cubature les smiles obtenus pour différentes fonctions h et pour quatre maturités différentes.




Chapitre 2

White Noise-based Stochastic Calculus
with respect to multifractional Brownian
motion

Joint work with J. LEVY-VEHEL

Abstract

Stochastic calculus with respect to fractional Brownian motion (fBm) has attracted a lot of interest in recent
years, motivated in particular by applications in finance and Internet traffic modeling. Multifractional
Brownian motion (mBm) is a Gaussian extension of fBm that allows to control the pointwise regularity of
the paths of the process and to decouple it from its long range dependence properties. This generalization is
obtained by replacing the constant Hurst parameter H of fBm by a function h(t). Multifractional Brownian
motion has proved useful in many applications, including the ones just mentioned.

In this work we extend to mBm the construction of a stochastic integral with respect to fBm. This stochastic
integral is based on white noise theory, as originally proposed in [34, 11, 8, 9].

In that view, a multifractional white noise is defined, which allows to integrate with respect to mBm a large
class of stochastic processes using Wick products. It6 formulas (both for tempered distributions and for
functions with sub-exponential growth) are given, along with a Tanaka Formula. The cases of two specific
functions h which give notable It6 formulas are presented.

keywords: multifractional Brownian motion, Gaussian processes, White Noise Theory, S-Transform, Wick-
1t6 integral, 1t6 formula, Tanaka formula, Stochastic differential equations.

17



18 CHAPITRE 2. WHITE NOISE-BASED STOCHASTIC CALCULUS W.R.T. MBM

Contents
1 Background and Motivations . . . . . . ... ... 000 n e e 18
2 White noise theory . . . . . . . . . @ @ i i i i i i e e e e e e e e e e e e e 20
2.1 White noise measure . . . . . .. ...l Lo 20
2.2 Properties of Hermite functions and space ' (R) . . . . . ... ... ... ..... 21
2.3 Space of Hida distributions . . . . . . . ... ... .. L o 22
2.4 S-transform and Wick product . . . . . ... ... oo 24
3 The operators My and their derivatives . . . . . . . .. ... ... ... ... .. 25
3.1 Study of My . . . . . . e e 25
32 Studyof ZHEL L 28
4 Wiener integral with respect tomBmon R . . . . ... ... ... ........ 29
4.1 Wiener integral with respect tofBm . . . . . . ... .. oo 29
4.2 Wiener integral with respect tomBm . . . . . ... ..o 30
5 Stochastic integral with respect tomBm . . . ... .. ... .. ... ..., 31
5.1 Fractional White Noise . . . . . . . . . . . L 31
5.2 Multifractional White Noise . . . . . . . . . . .. . 32
5.3 Generalized functionals of mBm . . . . .. .. .00 36
5.4 S-Transform of mBm and multifractional white noise . . . . . . . . ... ... ... 37
5.5 The multifractional Wick-Itd integral . . . . . . .. .. ... ... ... .. 38
5.6 Multifractional Wick-It6 integral versus Wiener integral with respect to mBm . . 40
6 Itdo Formulas . . . . . . 0 0 0 i i e e e e e e e e e e 43
6.1 It6 Formula for generalized functionals of mBm on an interval [a,b] with 0 <a <b 43
6.2 Tto Formula in (L) . . . . .. . .. 44
7 Tanaka formula and examples . . . . . . . ... . 00 000 o e oo 48
7.1 Tanaka formula . . . . . . .. L L 48
7.2 It6 formula for functions h such that SL[Ry(t, )] =0 . . . .. ... ... ... ... 49
7.3 Ito6 formula for functions h such that —[Rh( Hl=1................. 49
8 Conclusion and future work . . . . . .. ... L 0 o oo oo oo oo e 50
9 Acknowledgments . . . . . . . . L L L e e e e e e e e e e e e e e e e e e e e 51
X Appendix . . . . L e e e e e e e e e e e e e e e e e e e e e e e e e e e 51
X.A  Bochnerintegral . . . . . . ... 51
X.B  Proof of proposition 4.1 . . . . . . ... 51

1 Background and Motivations

Fractional Brownian motion (fBm) [50, 60] is a centered Gaussian process with features that make it a
useful model in various applications such as financial and teletraffic modeling, image analysis and synthesis,
geophysics and more. These features include self-similarity, long range dependence and the ability to match
any prescribed constant local regularity. Fractional Brownian motion depends on a parameter, usually
denoted H and called the Hurst exponent, that belongs to (0,1). Its covariance function Ry reads:

YH 2H 2H 2H
Ry (t,s) = - (™" +[s|™ — [t —s|™7), (1.1)

where ~g is a positive constant. A normalized fBm is one for which vy = 1. Obviously, when H = %, fBm
reduces to standard Brownian motion.
A useful representation of fBm BU1) of exponent H is the so-called harmonizable one:

ztu
H
B /| H+1/2 W (du), (1.2)
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1 1
2 2 o~
where ¢, = <W) = (Wlm(m)) for z in (0,1) and W denotes the complex-valued

Gaussian measure which can be associated in a unique way to W, an independently scattered standard
Gaussian measure on R (see [75] p.203-204 and [73] p.325-326 for more information on the meaning of
Jg f(u) W(du) for a complex-valued function f). From (1.1) and Gaussianity, it is not hard to prove that
me is H self-similar.

The fact that most of the properties of fBm are governed by the single number H restricts its application
in some situations. Let us give two examples. The long term correlations of the increments of fBm decay as
kCH=2) where k is the lag, resulting in long range dependence when H > 1 /2 and anti-persistent behavior
when H < 1/2. Also, almost surely, for each ¢, its pointwise Holder exponent is equal to H. Since H rules
both ends of the Fourier spectrum, i.e. the high frequencies related to the Holder regularity and the low
frequencies related to the long term dependence structure, it is not possible to have at the same time e.g. a
very irregular local behavior (implying H close to 0) and long range dependence (implying H > 1/2). As a
consequence, fBm is not adapted to model phenomena which display both these features, such as Internet
traffic or certain highly textured images with strong global organization. Another example is in the field of
image synthesis: fBm has frequently been used for generating artificial mountains. Such a modeling assumes
that the regularity of the mountain is everywhere the same. This is not realistic, since it does not take
into account erosion or other meteorological phenomena which smooth some parts of mountains more than
others.

Multifractional Brownian motion (mBm) [68, 7] was introduced to overcome these limitations. The basic
idea is to replace in (1.2) the real H by a function h(t). More precisely, we will use the following definition
of mBm:

Definition 1.1 (Multifractional Brownian motion). Let h : R — (0,1) be a continuous function and « :
(0,1) = R be a C* function. A multifractional Brownian motion with functional parameters h and o is
defined as:

ztu_l o
(h, )
Blha /I Lo W (du). (1.3)
Its covariance function reads [5]:
Rty (1) = alh(t) a(h(s)) .. [ 5 (1 + [sf ~ 1o = o), (1)

where hy ¢ 1= M and ¢, has been defined in (1.2).

It is easy to check that mBm is a zero mean Gaussian process, the increments of which are in general neither
independent nor stationary.

For T in R%, we will again call (h,a)-multifractional Brownian motion on [0,77] the centered Gaussian
process whose covariance function is equal to R} 4y on [0,77] x [0,T7].

When a = a, : ¢ — i, we get that:

2
Che,s 2h 2h 2h }
R t,s) = : { e bt —s[T0)]. 1.5
ot 8) = oS | S (s = o) (1.5)

As a consequence, if h is the constant function equal to the real H, then BU:@) is a normalized fBm. For
this reason, we will call B"®<) a normalized mBm. Since in the sequel we will consider only normalized
mBm, we simplify the notation and write from now on B for B"®<) and Ry, for Rna.)-

One can show [39, 41] that the pointwise Holder exponent at any point ¢ of B™ is almost surely equal to
h(t) A Br(t), where B (t) is the pointwise Holder exponent of h at ¢. In addition, the increments of mBm
display long range dependence for all non-constant h(t) (the notion of long range dependence must be re-
defined carefully for non-stationary increments, see [5]). Finally, at least when h is C*, for all u € R, mBm
locally "looks like" fBm with exponent h(u) in the neighbourhood of u in the following sense [68]:

(h) —_ B
lim B (u+rt) — B (u)
r—04 rh(“)

= BMwW)(q), (1.6)
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where the convergence holds in law. These properties show that mBm is a more versatile model that fBm:
in particular, it is able to mimic in a more faithful way local properties of financial records, Internet traffic
and natural landscapes [15, 55, 33] by matching their local regularity. This is important e.g. for purposes of
detection or real-time control. The price to pay is of course that one has to deal with the added complexity
brought by having a functional parameter instead of a single number.

Because of applications, in particular in finance and telecommunications, it has been an important objective
in recent years to define a stochastic calculus with respect to fBm. This was not a trivial matter, as fBm
is not a semi-martingale for H # % Several approaches have been proposed, based mainly on Malliavin
calculus [31, 3|, pathwise approaches and rough paths ([79, 29, 36] and references therein), and white noise
theory [34, 11, 9]. Since mBm seems to be a more flexible, albeit more complex, model than fBm, it seems
desirable to extend the stochastic calculus defined for fBm to it. This is the aim of the current work. In that
view, we will use a white noise approach, as it offers several advantages in our frame. The main task is to
define a multifractional white noise as a Hida stochastic distribution, which generalizes the fractional white
noise of, e.g., [34, 11]. For that purpose, we use the properties of the Gaussian field (B (t))(t7H)eRX(O71).

In particular, it is a crucial fact for us that the function H s (BW)(t)) is almost surely C*°. This entails
that multifractional white noise behaves essentially as fractional white noise, plus a smooth term. We obtain
an Ito formula that reads:

s 0w =00+ [ Sasmmyas [ 5000 00

0 ot 0 x

T 2
*é / (%[Rh@tﬂ) %(tﬂ“%t)) dt,

where the meaning of the different terms will be explained below.

The remaining of this paper is organized as follows. In section 2, we recall basic facts about white noise
theory. We study a family of operators, noted (Mpg) He(0,1) which are instrumental for constructing the
stochastic integral with respect to mBm in section 3. Section 4 defines the Wiener integral with respect to
mBm. We build up a stochastic integral with respect to mBm in section 5. Various instances of Ito formula
are proved in section 6. Finally, section 7 provides a Tanaka formula, along with the study of two particular
h functions that give notable results. Readers familiar with white noise theory may skip the next section.

2 White noise theory

We recall in this section the standard set-up for classical white-noise theory. We refer e.g. to [52, 43] for
more details.

2.1 White noise measure

Let S(R) := {f € C®(R) : V(p,q) € N ‘ ‘lim |zP f(@(x)| = 0} be the Schwartz space. A family
x|—+o00

of functions (fy),cy of (Z(R)" is said to converge to 0 as n tends to +oo if for all (p,q) in N2 we have

lim sup |2P fy(f) (z)] = 0. The topology hence given on .#(R) is called the usual topology. Let .#’/(R)
z€R

n—-+oo
denote the space of tempered distributions, which is the dual space of ./(R). The Fourier transform of a
function f which belongs to L*(R) U L?(R) will be denoted f or F(f):

~

F)E) =€) = / e f(r)dz, €€ R. (2.1)

Define the probability space as Q := .% (R) and let F := B(.# (R)) be the o-algebra of Borel sets. The
Bochner-Minlos theorem ensures that there exists a unique probability measure on €2, denoted p, such that:

/ ei<w,f>u(dw) _ e_%llin2(“‘E), Vf e .Z(R), (2.2)
" (R)
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where < w, f > is by definition w(f), i.e the action of the distribution w on the function f. For f in #(R)
the map, noted < ., f >, from 2 to R defined by < ., f > (w) =< w, f > is thus a centered Gaussian random
variable with variance equal to || f ||iQ(R) under the probability measure p, which is called the white-noise

probability measure. In other words, E[< ., f >] = 0 and E[< ., f >?] = ||f||iQ(R) for all f in . (R). Besides,

for a measurable function F', from .¥ ' (R) to R, the expectation of F with respect to p is defined, when it
exists, by E[F]:= E,[F] := [ F(w)u(dw). Equality (2.2) entails that the map ¢ defined on ./(R) by

C: (‘y(R)v<v>L2(R)) - (LQ(QMF?N);<a>(L2(Q,]-',p,))
f = () =<f>

is an isometry. Thus, it extends to L?(R) and we still note ¢ this extension. For an arbitrary f in L?(R), we
then have < ., f >:= lim < ., f, > where the convergence takes place in L?(Q, F, u) and where (f,)

n—-+oo
is a sequence of functions which belongs to .#(R) and converges to f in L?(R). In particular, define for all
t in R, the indicator function 1y 4 by

(2.3)

neN

(1 i o
]l[o,t](s) =q-1 if t
LO otherwise,

)

t
0 exceptift=s=0

NN

<s
< s

Then the process (Et)te]R’ defined for t € R, on 2 by B, (w) := E(t, w) := < w, Ljg 4 > is a standard Brownian
motion with respect to p. It then admits a continuous version which will be denoted B. The previous equality

shows that, for all functions f in L*(R), I;(f)(w) = <w, f > = / f(s)dBs(w) pn—as.
R

2.2 Properties of Hermite functions and space .’(R)

For every n in N, define

_ dr
en(x) = (=1)" 7~ Y4(2"n!) 1/26x2/2d—n(e*m2) the n'" Hermite function. (2.4)
x

We hence have
en(z) = 7r*1/4(2"n!)_1/2 H,(z) e/,
where H,, denotes the nth Hermite polynomial, which is defined by H,(z) := (—1)”@‘”2%(6_”2). We will
need the following properties of the Hermite functions:
Theorem 2.1. 1. The family (ex),cy belongs to (Z®R)" and forms an orthonormal basis of L2(R)
endowed with its usual inner product.
2. There exists a real constant C such that, for every k in N, maﬂ§(|ek(x)| <C (k+ 1)71/12. More
kS

precisely, there exist positive constants C and vy such that, for every k in N,

Ck+1)"2 if |zl <2vVE+1,

2 2.5
Ce ™ if |zl >2vEk+ 1 (2:5)

lex(z)] < {
See [77] for proofs.
In order to study precisely .(R) and its dual .’/(R) it is desirable to have a family of norms on the space
7 (R) which gives us the usual topology.

Definition 2.1. Let (| |p)pEZ be the family of norm defined by
2 X 2
2
IFl =) 2k+2)% < fer >Taw),  V(p,f) € Zx L*(R). (2.6)
k=0

For p in N, define the spaces .%,(R) := {f € L*(R), |fl, < +oo} and S_,(R) as being the completion of the
space L*(R) with respect to the norm | |_p-
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Remark 2.2. For a function f which is not in L*(R), we may still define |f|p by allowing |f|p to be infinite.

It is well known (see [52]) that the Schwartz space .’ (R) is the projective limit of the sequence (.7} (R))
and that the space .#/(R) of tempered distributions is the inductive limit of the sequence (Z;(R)) . Since,
for any p in N, the dual space .} (R) of .7, (R) is .Z,(R), we will write .Z,(R) in the sequel to denote the
space .75 (R).
Finally one can show that the usual topology of the space .(R) and the topology given by the family of
norms (| | P)peN are the same (see [42] appendix A.3 for example). Moreover, convergence in the inductive
limit topology coincides with both convergence in the strong and the weak™ topologies of .7’ (R).
In view of definition 2.1, it is convenient to have defined on .#(R) whose eigenfunctions are the sequence
(en) ey and eigenvalues are the sequence (2n + 2),en. It is easy to check that the operator A, densly defined
on L*(R), by A := —j—; + 2% + 1 verifies these conditions.
Note moreover that A is invertible and that its inverse A~! is a bounded operator on L%*(R). Let us
note |g|g = ||g||%2(R) for any g in L?(R). For p in Z, let AP denote the p'" iteration of the operator
A, if p belongs to N, and of A~! otherwise. Then Dom(AP) = .7,(R) and Dom(A~?) = L?(R) where
Dom(U) denotes the domain of the operator U and p belongs to N. Moreover, for every ¢ in Z and every
f= Z:ﬁg < [yer >p2(rex in Dom(A?), the equality A7f = Z:ﬁg (2k +2)? < f, e >p2(g)ex holds. Hence,
+oo
2= 1A% = (2k+2)" < frex >Tam), Vq € Z. (2.7)
k=0

2.3 Space of Hida distributions

From now on we will denote as is customary (L?) the space L?(Q2, G, ) where G is the o-field generated by
(<o f>) FeEL2(R)- Neither Brownian motion nor fractional Brownian motion, whatever the value of H, are
differentiable (see [60] for a proof). However, it occurs that the mapping ¢ — B)(t) is differentiable from
R into a space, noted (S)", called the space of Hida distributions, which contains (L?). In this section we
recall the construction of (S)".

For every random variable ® of (L?) there exists, according to the Wiener-It6 theorem, a unique sequence
(fn)pen of functions f,, in L2(R™) such that ® can be decomposed as & = :i% L.(fn), where L%(R™)
denotes the set of all symmetric functions f in L*(R") and I,(f) denotes the n'® multiple Wiener-Ito
integral of f defined by

n(n)= [ swas@ =n [ ([ OO( / t;fm,--- t)AB(t1))dB(ts) - dB(t,)),

with the convention that Iy(fo) = fo for constants fo. Furthermore we have the isometry
+oo
2 2
E[®*] = nl|fall” 2 (gny-
n=0

+oo too
For any ® := )" I,(f,) satisfying the condition > n! |A®”fn|§ < +00, define the element I'(A)(®) of (L?)

n=0 n=0

+oo
by T(A)(®) := > I,(A®"f,), where A®™ denotes the n* tensor power of the operator A (see [47] appendix
n=0
E for more details about tensor products of operators).
The operator I'(A) is densely defined on (L?) and is called the second quantization operator of A. It shares
a lot of properties with the operator A. In particular it is invertible and its inverse I‘(A)f1 is bounded (see
[52]). Let us denote ||<p||§ = ||ga||?L2) for any random variable ¢ in (L?) and, for n in N, let Dom(T'(4)") be
the domain of the n*" iteration of I'(A). The space of Hida distributions is defined in a way analogous to
the one that allowed to define the space .%/(R):

Definition 2.2. Define the family of norms (| [,,) by:

pEZ
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@[], = [[T(A) @[y = [IT(A)* D] 12, Vp€Z, Ve (L) NDom(I(4)). (2.8)

For any p in N, let (S,) := {® € (L?) : T(A)P® exists and belongs to (L?)} and define (S—,) as being the
completion of the space (L*) with respect to the norm || I,

As in [52], we let (S) denote the projective limit of the sequence ((Sp)),cy and (S)" the inductive limit of
the sequence ((S-p)),cy- This means that we have the equalities (S) = ﬂN(Sp) (resp. (8)" = UN(S_p))
pe S

and that convergence in (S) (resp. in (S)") means convergence in (S,) for every p in N (resp. convergence
in (S_,) for some p in N ). The space (S) is called the space of stochastic test functions and (S)" the space
of Hida distributions. As previously one can show that, for any p in N, the dual space (S,)" of S, is (S—,).
Thus we will write (S_,), in the sequel, to denote the space (S,)". Note also that (S)" is the dual space

of (§). We will note <, > the duality bracket between (S)* and (S). If ® belongs to (L?) then we have

the equality <®,0> =< &, >2) =E[® ¢]. Furthermore, as one can check, the family (|f|p)p€Z is an

increasing sequence for every f in .(R). Thus the family (|| <., f > ||p)p€Z is an increasing sequence for
every f in .7 (R).

Remark 2.3. A consequence of the previous subsection is that for every element f := + o anén N

' (R) where (an)neN belongs to RY, there exists pg in N such that f belongs to Zp,(R). "Moreover if
we define O : Zn 20 n < .,en >, then ® belongs to (S—_p,) C (S)" and we have ||(I)||27]D0 = |f|27100 =

2
oo — < +4o00. Conversely, every element ®, written as ® := +°° by < .,en > where (by,)

n=0 (2n+2)2p0
2
belongs to RN, belongs to (S)* if and only if there exists an integer py such that Zn 0 (%iw
—+oo

this case the element f =), '~ 0 bpen belongs to Ly, (R) and hence is a tempered distribution which verifies

neN
< +o00. In

2 n_
|f|7p0 || ||7p0 = Zn 0 (2n+2)2p0 :

Since we have defined a topology given by a family of norms on the space (S)* it is possible to define a
derivative and an integral in (S)* (see [44] chapter 3 for more details about these notions). Let I be an
interval of R (which may be equal to R).

Definition 2.3 (stochastic distribution process). A function ® : I — (S)" is called a stochastic distri-
bution process, or an (S)—process, or a Hida process.

Definition 2.4 (derivative in (S)"). Let ty € I. A stochastic distribution process ® : I — (S8)" is said
to be differentiable at ty if the quantity 1imO r L (®(tg +7) — P(to)) exists in (S)". We note %(to) the
r—

(S)*“derivative at to of the stochastic distribution process ®. ® is said to be differentiable over I if it is
differentiable at to for every ty in I.

The process ® is said to be continuous, C1,--- ,C¥ ... in (8)" if the (S)"-valued function @ is, continuous,
Cl,.-.,CF, .... We also say that the stochastic distribution process ® is (S)"-continuous and so on. It is also
possible to define an (S)*-valued integral in the following way ([52, 44]). We first recall that L' (R, dt) denotes
the set of measurable complex-valued functions defined on R such that ||f]|; ) == [ |f(t)] dt < +oc.

Theorem-Definition 2.1 (integral in (S)*). Assume that ® : R — (S)" is weakly in L' (R, dt), i.e assume
that for all v in (S), the mapping u =< ®(u), p> from R to R belongs to L*(R,dt). Then there erists an
unique element in (S)”, noted [p ®(u)du such that

< / O (u)du, p > = / < ®(u), o> du  for all p in (S). (2.9)
R R

We say in this case that ® is (S)"-integrable on R in the Pettis sense. In the sequel, when we do not specify
a name for the integral of an (S)*-integrable process ® on R, we always refer to the integral of ® in Pettis’
sense. See [52] p.245-246 or [44] def. 3.7.1 p.77 for more details.
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2.4 S-transform and Wick product

For n in . (R), the Wick exponential of < .,n >, denoted : e<»"> :, is defined as the element of (S) given by
ce<> ;. ;j) k7Y 1. (n®F) (equality in (L?)). More generally, for f € L*(R), we define : e<+/> : as
the (L?) random variable equal to e<-I>=3l15 (see [47] theorem 3.33). We will sometimes note exp® < ., f >
instead of : e<~/> :. This random variable belongs to LP(Q, i) for every integer p > 1. We now recall the
definition of the S-transform of an element ® of (S§*), noted S(®) or S[®]. S(P) is defined as the function
from .#(R) to R given by

Vne SR), S@)n) = <b,:e< > (2.10)

Note that S®() is nothing but E[® : e<-7> :] = ¢~zIld E[® ¢<-7>] when ® belongs to (L?). Following [9],
formula (6) and (7), define for  in (R) the probability measure Q,, on the space (2, F) by its Radon-

Nikodym derivative given by % def, o<m>. The probability measures QQ,, and p are equivalent. Then, by
definition,
v e (L7),  S(®)() = Eg, (4. (2.11)
Lemma 2.4. 1. Let p be a positive integer and ® be an element of (S—,). Then
1S(@)(n)| < [|@|_,, e, for anyn in 7 (R). (2.12)
2. Let @ := ZZ;’OO ap < .,ex > belong to (S)*. The following equality holds for every n in .7 (R):
+oo
S(®)(n) = Zak< 1€k > L2 (R)- (2.13)
k=0
Proof. Item 1 is proved in [52] p.79. Ttem 2 is an easy calculation left to the reader. O

Another useful tool in white noise analysis is the Wick product:

Theorem-Definition 2.2 ([52] p.92). For every (®,¥) € (S)* x (S)", there exists a unique element of
(S)", called the Wick product of ® and ¥ and noted ® oV, such that, for every n in . (R),

S(®oW)(n) = S(®)(n) S(¥)(n). (2.14)
Lemma 2.5. For any (p,q) € N>, X € (§_,) and Y € (S_,),

2
IS(X oY) < IXII_, IV, ehoxira. (2.15)
Proof. The proof is easy since, for every n in . (R), using lemma 2.4,
1,2 11,2 2
S(X oY) ()| = [S(X) )] 1S < IX|_,, 2" [, e2 e < [|X)|,, [[Y]]_, elMmestmnr. O
k times

* . /_H . oy .
For any ® in (S)" and k in N* let ®°* denote the element ® ¢ - - - o ® of (S)*. We can generalize the definition
of exp® to the case where @ belongs to (S)*:

Definition 2.5. For any ® in (S)* such that the sum Z;ﬁg ‘bk—f converges in (S)*, define the element exp® ®
of (S)* by exp® @ := 3,20 ‘I’k—TC.

For f in L?(R) and ® :=< ., f >, it is easy to verify that exp® ® given by definition 2.5 exists and coincide
with : e<+/> : defined at the beginning of this section.

Remark 2.6. If ® is deterministic then, for all U in (S)", ®oW¥ = &W. Moreover, let (X;),cr

(L2
process and let H be the subspace of (L?) defined by H = vectg{ X5t € R} ). If X and Y are two elements
of H then X oY = XY —E[XY].

be a Gaussian

We refer to [47] chapters 3 and 16 for more details about Wick product. The following results on the
S-transform will be used in the sequel. See [52] p.39 and [43] p.280-281 for proofs.
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Lemma 2.7. The S-transform verifies the following properties:
(i) The map S : ® — S(®), from (S)" into Function(-7(R); R), is injective.
(ii) Let ® : R — (S)" be an (S)" process. If ® is (S)*-integrable over R then

a/¢@mmm:/ﬂyw@m%ﬁwmnmy®y
R i
(iii) Let ® : R — (S)* be an (S)*-process differentiable at t. Then, for every n in .#(R) the map u

[S®(u)](n) is differentiable at t and verifies S[%(t)](n) = % [S[@(t)](n)]

It is useful to have a criterion for integrability in (S)" in term of the S-transform. This is the topic of the
next theorem (theorem 13.5 in [52]).

Theorem 2.8. Let ® : R — (S)" be a stochastic distribution process satisfying:
(i) The map t — S[®(t)](n), from R to R, is measurable for all n in 7 (R).
(ii) There is a natural integer p, a real a and a function L in L*(R,dt) such that for all n in 7 (R),

|S(@(8))(n)] < L(t) M.
Then @ is (S)"-integrable over R.

Lastly, when the stochastic distribution process is an (L?)-valued process, the following result holds (see [9]):

Theorem 2.9. Let X : R — (L?) be such that the function t — S(X;)(n) is measurable for all n in . (R)
and that t — || Xy]|, is in L*(R,dt). Then X is (S)"-integrable over R and

H/thg/nxmw
R 0 R

3 The operators My and their derivatives

3.1 Study of My

Let us fix some notations. We will still note u or F(u) the Fourier transform of a tempered distribution u
and we let L}, .(R) denote the set of measurable functions which are locally integrable on R. We also identify,
here and in the sequel, any function f of L}OC(R) with its associated distribution, also noted Tr. We will say
that a tempered distribution v is of function type if there exists a locally integrable function f such that
v =Ty (in particular, < v,¢ >= [, f(t) ¢(t) dt for ¢ in .7(R)).

Let H € (0,1). Following [34], we want to define an operator, denoted My, which is specified in the Fourier
domain by

Mp(u)(y) = 2= " Maw),  yeR". (3.1)
This operator is well defined on the homogeneous Sobolev space of order 1/2 — H, L% (R):
L4(R) = {ue #'(R) : =Ty J € Lipo(R) and [[ul|; < +oc}, (3:2)

where [[u]|*), == 2 Jr ' @ (¢)|Pde derives from the inner product on L2 (R), defined by:

= =
‘H

Sy = é A €[ T (6T @), (3.3)

‘Z—Q_H” will be explained in

remark 3.5). It is well known - see [20] p.13 for example - that (L% (R), <,>,) is a Hilbert space. The
nature of the spaces L2, (R) when H spans (0, 1) is described in the following lemma, the proof of which can
be found in [20] p15, theorem 1.4.1 and corollary 1.4.1.

and cy has been defined right after formula (1.4) (the normalization constant

Lemma 3.1. If H is in (0,1/2], the space L% (R) is continuously embedded in L*/*(R). When H is in
[1/2,1), the space LY (R) is continuously embedded in L% (R).
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Since m belongs to L2(R) for every u in L% (R), My is well defined as its inverse Fourier transform, i.e.:
1 —
My (u)(x) == 2—.7-' (MH (u)) (—x), for almost every z in R. (3.4)
7r

The following proposition is obvious in view of the definition of Mp:
Proposition 3.2. My is an isometry from (L% (R),<,>y) to (L*(R), <, >12(R))-

Let £(R) denote the space of simple functions on R, which is the set of all finite linear combinations of
functions 1, 4(.) with a and b in R. It is easy to check that both .#(R) and £(R) are subsets of L7;(R).

It will be useful in the sequel to have an explicit expression for My (f) when f is in .#(R) or in £(R). To
compute this value, one may use the formulas for the Fourier transform of the distributions | |*, o in (-1, 1),
given for instance in [21] (chapter 1, § 3). This yields, for almost every x in R,

21 b— —
MH(]l[a,b])(x) = QCHF(HJ’_l/Q\)/:.S(%(H_l/Q)) [|bfz\3f2*H - \afz\i‘%*H]' (35)
By the same method, for f in .(R) one gets, for almost every real x:
My (f)(z) =y < |y|7(3/27H)7 f(zx+y) > for almost every real z, (3.6)
( )’
. o o _ T'(2H+1) sin(wH) .
with vg = SenT(H=1/2) cos(Z(H=1/2)) — 3T(H=1/2)cos(Z(H=1/2)) and where we have written, by abuse of

notation, |y|7(3/27H) for the tempered distribution y — |y|7(3/27H) and f(x+y) for the map y — f(z+y).

Note moreover the following useful equality when f belongs to .(R) , given in [34](up to a constant), for
almost every x in R,

M (f)(z) = QH% M(t o)t x|H_3/2f(t)dt} (3.7)

-1
where oy 1= —yu(H —1/2) " = =27 (2cuT(H + 1/2) cos(3(H — 1/2))) .

In order to extend the Wiener integral with respect to fBm to an integral with respect to mBm (in section
4.2) we will need the following equality:

—<,>y

Proposition 3.3. £(R) = L% (R).

This is a straightforward consequence of the following lemma:

Lemma 3.4. Let 0 : R — C be a measurable function, continuous on R*, such that |0|2 is locally in-
2

tegrable at 0 and that x — is locally integrable at +oo. Define L2(R) = {u € ' (R) : U =
Ty, f € Li (R) such that ||u]|, < 4+oo} where < u,v >, := fR|a(§)|2 u(€) v (€)dé. If E(R) C L2(R),

loc

define 5(R)<’>° as the completion of E(R) for the norm || ||,. Then, the space (L2(R),<,>) is a Hilbert

space which also verifies 5(R)<7>“ = L2(R).
Proof. The fact that (L2(R), <,>,) is a Hilbert space is obvious. One needs only to show that the orthog-
onal space of £(R) for the norm || || is equal to {Og(r)}. Let u in LZ(R) be such that < u,v >, = 0 for all

v in £(R). In particular, for all ¢ in R, [; (&) T(¢) ]@(f) d¢ = 0. For all ¢ in .(R),

a(z)

[vo( [1e©r a© Tpa©ds)d = o

2
where 1)’ denotes the derivative of 1. Thanks to the assumptions on |c7|2 and x — @ , Fubini theorem

applies. Moreover, an integration by parts yields

o=-[ @ ae)( [ o - i) = [ jo() ate) 06 de.

Thus < |o|*%, ¢ >= 0 for all ¢ in .%(R). Since £ — |o(£)|?U(€) belongs to L1 (R), it is easy to deduce that

loc

u is equal to 0. O
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Remark 3.5. 1. Because the space .#(R) is dense in L% (R) for the norm || ||,; (see [20] p.13), it is also
possible to define the operator My on the space ./ (R) and extend it, by isometry, to all elements of L% (R).
This is the approach of [34] and [11] (with a different normalization constant). This clearly yields the same
operator as the one defined by (3.1). However this approach does not lend itself to an extension to the case
where the constant H is replaced by a function h, which is what we need for mBm.

2. For the same reasons as in 1. it is possible to define the operator My on the space E(R) and extend it,
by isometry, to all elements of L% (R). Again, this extension coincide with (3.1). We will use this idea in
section 4.2.

In view of (3.3), we find that < T 4, 1), >H= ?1— Jr WER}—:};TLI)% = Ry (t,s). Thus, as in the case
H

of standard Brownian motion, one deduces that the process (E(H) (t))er, defined for all (¢,w) in R x © by:

B (1)(w) == B (t,w) := < w, Mu(Lg ) >, (3.8)

is a Gaussian process which admits, as the next computation shows, a continuous version noted BU) .=
(BU) (t));cr- Indeed, under the probability measure p, the process BW) is a fractional Brownian motion
since we have, using (3.9) and proposition 3.2,

E[B(H)(t)B(H)(S)] =E[< -,MH(]I[O,t]) > -7MH(]1[0,5]) >l=< Tio,475 Ljo,4] >y = Ryu(t,s). (3.9)

Remark 3.6. The reason of the presence of the constant ‘é—Q_H” in formula (3.1) is now clear since this constant
ensures that, for all H in (0,1), the process B defined by (3.8) is a normalized fBm.

Because our operator My is defined on a distribution space, we can not apply the considerations of [34]
p-323ff about the links between the operator My and Riesz potential operator. However it is crucial for our
purpose that My is bijective from L% (R) into L?(R):

Theorem 3.7 (properties of My). 1. For all H in (0,1), the operator My is bijective from L%(R) into
L3(R).

2. For all H in (0,1) and (f,g) in (L*(R) N L%(R)){ we have < f, Mu(9) >p2ry = < Mu(f): 9 >p12(r)-

Moreover The last equality remains true when f belongs to Li, (R) N L% (R) and g belongs to ./ (R)

loc

(in this case this equality reads < f,Mp(g) >= < Mu(f),g > 12(R) where <,> denotes the duality
bracket between /' (R) and .7 (R)).

3. There exists a constant D such that, for every couple (H, k) in (0,1) x N*,
max | My (ex) ()] < & (k+ 1),

Proof. 1. Since My is an isometry, we just have to establish the surjectivity of My, for all H in (0, 1).
The case H = 1/2 being obvious, let us fix H in (0,1)\{1/2}, g in L?(R) and define the complex-valued

function w¥, on R by w?,(¢) = \;—g_w|§|H*1/29(§) if € belongs to R* and w%(0) := 0. Define the tempered
distribution v¥; by v}, := %EZ, where for all tempered distribution 7', by definition, < T, f >:=< T, f >
for all functions f in (R) and where f(z) = f(—=) for all 2. We shall prove that v¥, belongs to L% (R)

and that My (v};) = g. Note first that for all v in ./(R), u = 27a. It is clear that v¥, = w¥, and that v¥,
belongs to Li.(R). Moreover, thanks to formula (3.3), we see that

2 Y N ~ 2
w5 = C;QAQ&P Mg 9] dfzﬁém(m?dé:||g||L2<R> < oo0.

This shows that vy, belongs to L% (R). We can then compute My (vy,) and obtain, for almost every & in
R, My (v)(€) = {—2?|§|1/27Hv§{(§) = ‘1—2?|§|1/27Hw§{(§) = g(&). This shows that My (v}) is equal to ¢ in
L?(R) and then establish the surjectivity of My.
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2. See equality (3.12) of [11]. The case where f belongs to L} (R) N L2%(R) is obvious, in view of 2 of
theorem 3.7, using the density of .7 (R) in L2 (R).
3. is shown in lemma 4.1 of [34]. O

Of course if we just consider functions in L% (R) instead of all elements of L% (R), the map My is not
bijective any more.

3.2 Study of &1

We now study the operator 6 7~ It will prove instrumental in defining the integral with respect to mBm
in section 5. Heuristically, we wish to differentiate with respect to H the expression in definition (3.1), i.e.

differentiate the map H m( ) on (0,1) for (u,y) in L2 (R) x R*, assuming this is possible. By doing

so, we define a new operator, denoted éVII{H , from a certain subset of L% (R) to L?(R). Of course, in order to

compute the derivative at Hy of H — Mp(u)(y), we need to consider a neighbourhood Vi, of Hp in (0, 1)
and thus consider only elements u which belong to () L%(R). However, as will become apparent, the
HeVy

formula giving the derivative makes sense without this res%riction

In order to define in a rigorous manner the operator gj{{ , we shall proceed in a way analogous to the one
that allowed to define My in the previous subsection. It will be shown in remark 3.9 that this construction
effectively defines the derivative, in a certain sense, of the operator Mp.

We will note c}{ the derivative of the analytic map H — ¢y where ¢y has been defined in (1.4) and set

’

B = 2. Let H belong to (0,1). Define:

Tp(R)={ue .S (R) : u=Ts; [€ L (R) and [[ull;, g < +oo}, (3.10)

where the norm [ |[5,, ) derives from the inner product on I'y(R) defined by

Suv sy, = [Gumle)? €7 7O T de (311)

H
By slightly adapting lemma 3.4, it is easy to check that (I'y (R), <, >4, (g)) is a Hilbert space which verifies
the equality 'y (R) = Y(R)<’>5H = 5(R)<">‘5H Note furthermore that, for every H in (0, 1), the inclusion
I'n(R) C L% (R) holds. We may now define the operator 25 aMH from (Tu (R), <, >, ) to (L*(R), <, >r2(x)),
in the Fourier domain, by:

Bt ()W) = —~(Bu +nyl) L2 [y *7" W(y). for every yinR". (312)
In particular, one can check that, for f in .(R), %(f)(y) = iZWH(f)(y) for almost every real y. Since

% (u) belongs to L?(R) for every w in I (R), 6%” is well defined and given by its inverse Fourier transform

from (FH(R)v < >(SH(]R)) to (LQ(R)a < >L2(]R))

1 —_—
%(U)(x) = %}" <8Ma—7{(“)) (—x), for almost every z in R.

As in the previous subsection it will be useful to compute BMH (f) for f in .“(R). We summarize, in following
proposition, the main properties of MH .

Proposition 3.8. % is an isometry from (U'p(R), <,>;5, (®)) to (L*(R), <, >p2r)) which verifies:

Vf € FH(R)a ||f||6H = ||8MH( )||L2(R)’ (313)

¥(f,9) € (Cu(®)NLAR)’, <), 0>y = < S MG >, (314)
Vi € S(R)UER), and for ae. xR, M (f)(x) = 22 [Mu(f)()]. (3.15)
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Proof. Equality (3.13) results immediately from the definition of % and from (3.12). For any couple of
functions (f,g) in (Dg(R) N LQ(R))Q

DMy~ I —H 7/ \=<~
<BH(S).9 > o) = 32< BT > amy = 35 Jo (B + Infyl) 225 7 F(y)g(y)dy
= < [ B (9) > oy = < s BH(9) > pagay-

It just remains to prove (3.15). Since we will not use (3.15) in the sequel for f in E(R), we will just establish
it here on .(R). Let f be in .(R) and H in (0,1). Thanks to 3.6 and using theorem 5.17 which is given
in subsection 5.5 below, we may write

0

S Mu(D@) =2 <™ fa ) >t <7yl fery) > (3.16)

Furthermore, for almost every real x, we may write:

B (£)(@) = 5 () (=2) = 52 F(y = —(Br +nfy) 2|y fly)(—)
= —BuMu(f)(@) = —L=F(y = ly"* " Iyl F(y)(~2).

Define, for every real z, I(—z) := F(y — |y|(1/2_H) 1n|y|]/”\( ))(—x) and, for every H in (0,1), vy :=
2I"(3/2 H)sin(5(1/2 — H))+7TF(3/2 H)cos(5(1/2 — H).

Using [21, p.173 — 174] we get, after some computations, I(—z) = (—egV2m)yy < |y|7(3/27H) In|y|, f(x
y) > —vy < |y|_(3/2_H), f(x+y) >. We finally have, for almost every real x,

(3/2—H)

B (@) = (=T <yl

S@ty) > v <yl Pyl f@+y) >

which is nothing but (3.16) since % + c!jﬂ = vy- O
Remark 3.9. Define Ly, (R) := U 'u(@®)N N L%,(R) |. It is possible to show
re(0,min(H,1—H)) H'€[H—r,H+r7]

that, for all H in (0,1) and f in g, (R) that %(f)() (resp. %(f)() ) is the derivative, in the
L?(R)-sense, of My(f) (resp. ofm ).

4 Wiener integral with respect to mBm on R

4.1 Wiener integral with respect to fBm

Similarly to what is performed in [34] and [11] (in these works this is done only for functions of L% (R)), it
is now easy to define a Wiener integral with respect to fractional Brownian motion. Indeed, for any element
g in L% (R), define 7 (g) as the random variable < ., My (g) >. In other words, for all couples (w,g) in
QO x L% (R):

T (g)(w) =< w, Mr(g /MH dB(s)(w), (4.1)

where the Brownian motion B has been defined just below formula at the end of subsection 2.1. We call the
random variable J%(g) the Wiener integral of g with respect to fBm. Once again, when g is a tempered
distribution which is not a function, g(s) does not have a meaning for a fixed real s and J (g) is just a
notation for the centered Gaussian random variable < ., Mg (g) >.
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4.2 Wiener integral with respect to mBm

We now consider a fractional Brownian field A : (A(t7 H))(t HERx(0.1)) defined, for all (¢, H) in R x (0,1)

and all w in Q, by A(t,H)(w) := B (t,w) = < w, Mg (L) >. We wish to generalize the previous
construction of the Wiener integral with respect to fBm to the case of mBm. This amounts to replacing the
constant H by a continuous deterministic function h, ranging in (0,1). More precisely, let R, denote the
covariance function of a normalized mBm with function & (see definition 1.5). Define the bilinear form <, >,
on E£(R) x E(R) by < 1Lo,¢, Ljo,5) >, = Rn(t,s). Our construction of the integral of deterministic elements
with respect to mBm requires that <, >, be an inner product:

Proposition 4.1. <, >, is an inner product for every function h.
Proof. See appendix X.B. O

Define the linear map M, = (E(R),<,>,) — (L*(R),<,>12(r))

Lo, = Mn(Ljo,g) = Muey(jo,) == Mu(Lo,)| ;r_p )
and the process BM (t) = <., Mp(Ljpy) >, t € R. As Kolmogorov’s criterion and the proof of following
lemma show, this process admits a continuous version which will be noted B™. A word on notation: we
write B) both for an fBm and an mBm. This should not cause any confusion since an fBm is just an mBm
with constant h function. It will be clear from the context in the following whether the "A" is constant or
not. Note that a.s., forall real ¢, B (t) = BU)(t) . In view of point 2. in remark 3.5 we may state

the following lemma.

[H=h(t)

Lemma 4.2. (i) The process B") is a normalized mBm.
(it) The map My, is an isometry from (E(R), <,>}) to (L*(R), <,>p2(g))-

Proof. The process B is clearly a centered Gaussian process. Moreover, for all (s, ) in R?,

1
EBM ()BM(s)] = E[< ., Mu(Ljo4) >< .. Mp(Lp,q) >] = 5= < Moy (Lo,)s Migs) (Lo,s]) > oy
_ 1 (1—e")(1—e) _
= C;L(t)C;L(s)/R |§|1+2ht,s d¢ = Rh(t, S) =< ]l[O,t]a]l[O,s] >h' O

By isometry, it is possible to extend M}, to the space £ (R)<7>” and we shall still note M}, this extension.
Define the isometry J" := ¢ o M}, on 5(R)<">h, ie:
—=<>h My, ¢
jh : (E(R) }a<a>h) = (LQ(R)a<a>L2(R)) - ((L2)7<7>(L2))
Lo, = Mp(Lo,4) o <G Mp(Tp ) >

We can now define the Wiener integral with respect to mBm in the natural following way:

Definition 4.1. Let B™ be a normalized multifractional Brownian motion. We call Wiener integral on R

of an element u in 8(R)<>h with respect to BM | the element J"(u) of (L?) defined thanks to the isometry
I given just above.

Remark 4.3. It follows from definition 4.1 that the Wiener integral of a finite linear combination of functions

Lo is T py klion]) = Yoreq akBt(:). Moreover, for any element u in 5(R)<>h (which may be a

tempered distribution), the Wiener integral of u with respect to mBm, still denoted J"(u), is given by
T (u) def 1ir_|rr1 T"(un), for any sequence of functions (un),, ey in ER)N which converges to u in the norm
n—-+00

|| ||}, and where the convergence of J"(uy) holds in (L?).

Since we now have a construction of the Wiener integral with respect to mBm, it is natural to ask which
——<>y
functions admit such an integral. In particular, we do not know so far whether .(R) ¢ E(R) "~ ". The next
sy h

. . . <>
section contains more information about the space £(R)
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5 Stochastic integral with respect to mBm

5.1 Fractional White Noise

The following theorem will allow us to give a concrete example of a derivative of an (S)"-process.

Theorem 5.1. 1. For any real H in (0,1), the map My (1, ) : R — #"(R) defined by Mg (1o, ))(t) :=
My (1y0.4) is differentiable over R and its derivative, noted %[MH(]I[OJ])], 18 equal to
ZZ;'OI My (e)(t) e, where the convergence is in . (R).
2. For any interval I of R and any differentiable map F : I — ' (R), the element < .,F(t) > is a

differentiable stochastic distribution process which satisfies the equality

4 < JF(t) >=<.,LF(t) >.

Proof. The proof of point 1 is a mere re-writing of the one of lemma 2.15 of [8] by replacing M by the
operator My. Point 2 is theorem 2.17 of [8]. O

Let H € (0,1). The process (B (t)),er defined in (3.8) is an fBm, and My (1)) belongs to L*(R) for
every real t. Hence, using equality 2 of theorem 3.7, we may write, for every real ¢t and almost surely:

+oo
BH(t) = < SMy(1pyg) > = < -,Z< My (1p.4), e >r2m®) €k >
k=0
oo +o0 t
= Z< Lj0,49, M (ex) >re@y < o€k> = Z <A MH(ek)(u)du) <. ep>. (5.1)
k=0 k=0

(5.1) and the previous theorem lead to the definition of fractional white noise [34, 11]:

Example 5.2 (Fractional white noise ). Let:
—+o0
W () =" My(er)(t) <. ex>. (5.2)
k=0

Then (W) (1)), is a (S)"-process and is the (S)"-derivative of the process (BU (t)), .
The proof of this fact is simple: for any integer p > 2, using remark 2.3, the mean value theorem and the
dominated convergence theorem,

T Jt

(H) (44— BUHD) 2 2
Tonlt) = HM - W(H)@)pr _ HZEB (L7 Mu(ex)(u) du — My (ex)(t)) < ., ex >pr

= 0% (2K +2)7 (L [ (Mg (ex) (u) — My (ex)(t)) du)” — 0.

r—0

Remark 5.3. In particular we see that for all (t, H) in R x (0,1), WH)(t) belongs to (S_,) as soon as
p=2.

Remark 5.4. There are several constructions of fBm. In particular, operators different from My may be
considered. [8] uses an operator denoted Mf on the grounds that fBm as defined here is not adapted to the
filtration generated by the driving Brownian motion as soon as H # 1/2. While this is indeed a drawback,
the crucial property for our purpose is that the same probability space (#'(R), G, u) is used for all parameters
H in (0,1). This allows to consider simultaneously several fractional Brownian motions with H taking any
value in (0,1), which is necessary when one deals with mBm. We choose here to work with My rather than
with Mf and MH of [8] as its use is simpler. Mf and MY would nevertheless allow for a more general
approach encompassing the whole family of mBm at once. This topic will be treated in a forthcoming paper.
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5.2 Multifractional White Noise

The main idea for defining a stochastic integral with respect to mBm is similar to the one used for fBm.
We will relate the process B(") to Brownian motion via the family of operators (M) (He(0,1))- This will
allow to define a multifractional white noise, analogous to the fractional white noise of example 5.2. From
a heuristic point of view, multifractional white noise is obtained by differentiating with respect to ¢ the
fractional Brownian field A(t, H) (defined at the beginning of section 4.2) along a curve (¢, h(t)). Assuming
that we may differentiate in the sense of (S)* (this will be justified below), the differential of A reads:

OA OA dB) OA i OA
- - = W) (¢ fiaial
t(t,H) dt+ (t,H) dH o (t) dt+ H(t H)dH = (t)dt + H(t,H) dH, (5.3)

dA(t, H) = 50

where the equality will be shown to hold in (S)*. With a differentiable function h in place of H, this formally
yields 0A

OH ’H)‘H:h(t)
In view of the definition of the stochastic integral with respect to fBm given in [34], [46] and [9], it then
seems natural to set the following definition for the stochastic integral with respect to mBm of a Hida process

X:R— (8"
/X )dB™M (s /X s)dA(s, h(s))
OA

/X W(h(s))( )—l—hl( )aH(S H)|H h(s) )ds (5.5)

dA(t, h(t)) = (WO (1) + 1 (1) 5 ) dt. (5.4)

We shall then say that the process X is integrable with respect to mBm if the right hand side of (5.5) exists
in (§)*. Remark that when the function h is constant we recover of course the integral with respect to fBm.
In order to make the above ideas rigorous, we start by writing the chaos expansion of B™ . Since My (9)
belongs to L?(R) for all (g, H) in #(R) x (0,1), we may define, for all H in (0,1), My : /' (R) — '(R),
by

< My(w),g> = <w,My(g)>, forp—ae w in Q=9(R). (5.6)
Moreover, in view of remark 3.5, we may extend (5.6) to the case where g belongs to L% (R) by writing, for
all g in L2, (R) and almost every w in €,

< Mg(w),g >= lim < Mgy(w),g,> = lim <w,Mpg(gy) > = <w,Mu(g) >, (5.7)
n—-+o00 n—-+o00
for every sequence (gn), oy of functions of .#’(R) which converges to g in the norm || ||L;;I(R). For all real ¢
and integer & in N, define the element of L, (R):

dy) = My (er). (5.8)

It is clear that, for all ¢ in R, the family of functions (d;ct))keN forms an orthonormal basis of L%(t)(R). Let

us now write the chaos decomposition of mBm. For almost every w and every real t we get, (using theorem
3.7 and (5.7)),

BM (t)(w) =< w, My(Tjp,) >=< My (w), L0, >=< My (w Z < T dy) > g0 mdi >
+o0
=< Mh(t) Z < Mh(t)( [0, t]) (% > L2(R )dgf) >= Z < Mh(t)(]l[o,t])aek >L2(]R) < WaMh(t)(d](:)) >
k=0 k=0

We get finally:
a.s, Vt € R, (h) (/ M) (er)( ) ek . (5.9)
k 0

We would then like to define multifractional white noise as the (S§*)-derivative of B which would be
formally defined by:
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+oo

WM (t) = {%(At My (er)(s) ds)} <. ep >, (5.10)
k=0

assuming h is differentiable. The following theorem states that, for all real ¢, the right hand side of (5.10)
does indeed belong to (S)* and is exactly the (S)*-derivative of B at t.

Theorem-Definition 5.1. Let h : R — (0,1) be a C* function such that the derivative function h' is
bounded. The process W = (W) (t);er defined by formula (5.10) is an (S)"-process which verifies the
following equality in (S)*:

+oo +oo t
W(h)(t) = ZM}L(t)(ek)(t) <., er > +h/(t) Z </ %(ek)(SHH:h(t)ds) < ., e >. (511)
k=0 k=0 70

Moreover the process B is (S)*-differentiable on R and verifies in (S)

dB(h)
dt

In order to prove this theorem, we will need two lemmas.

(1) = W 1) = A () (5.12)

t
Lemma 5.5. For H in (0,1) and f in /(R), define g5 : R x (0,1) — R by gs(¢t, H) := / My (f)(z)dx.
0
Then
(i) The function gy belongs to C*°(R x (0,1),R),
+oo
(i) Yo € B, My(f)(a) =on [ a0 @ +u) = o= w) du.
0
where gy has been defined right after (3.7). In particular, the function (x, H) — Mg (f)(x) is differentiable
on R x (0,1).
(iii) Assume that h: R — (0,1) is differentiable. Then, for any real to

d

S5 (RO i, = M) (D0 + 1 (00) [ By 5 (5.13)

Proof. (i) Define py on R x (0,1) by puy(t, H) := [p(u—t)|u— 7732 f(w) du, for f in .7 (R).
Using (3.7) we get, for all (¢, H) in R x (0, 1), the equality

gr(t, H) = aplps(t, H) — pg(0, H)]. (5.14)
A change of variables yields
prat) == [ a2+ | a2 )
- /m WHV2(F(z 4 u) — flz — ) du, (5.15)
0

Thanks to (5.14) and to the fact that the map y — «y, is C°° on (0,1), it is sufficient to show that the
function pf belongs to C>°(R x (0,1)). In view of applying the theorem of differentiation under the integral
sign, define j(z, H,u) := u?=V2(f(x + u) — f(z —u)) for win R%. Let n in N and (a1, a2) in N? such that
a1+ az = n. For almost every w in R, (z, H) — j(z, H,u) is C™ on R x (0, 1) with partial derivatives given
by
o"j

Ox*1 O H 2
Fix (zo, Hp) in R x (0,1). Let us show that py is C™ in a neighbourhood of (zg, Hy). Choose (a,b) such
that a < xg < b and H;, Hy such that 0 < Hy < H < Hy < 1. We have

(z, Hyu) = (Inu)* 2w =2 (2 4+ u) — £ (2 —u)).



34 CHAPITRE 2. WHITE NOISE-BASED STOCHASTIC CALCULUS W.R.T. MBM

oy Hy—1/2 @
Ao (@ Hou)| < ful™ Inu[™ Tio<y sup Fe (@ £ u)
‘axalﬁHW( )‘ |ul | | {0<u<1} (%u)e[a,b]x[o,lﬁ ( |

+ |U|| 1nu|a2|f(a1)(x + u)| 1{1<‘u|}, (5.16)
where f(1)(z £ u) := f@)(z +u) — f®)(z —u). A Taylor expansion shows that there exists a real D such

that, for all (u,z) in R x (a,b), [ul* [f®)(u+z)| < D. As a consequence, there exists a real constant C
such that, for almost every v in R and every (x, H) in [a,b] x [Hy, Hy],

Hi—1/2 a a
| gmrgies (@ Hou)| < [|U| V2 ) 1 gcyary + [ Inul®? ﬁ 1{1@}] (5.17)

Since the right hand side of the previous inequality belongs to L!(R), the theorem of differentiation under
the integral sign can be applied to conclude that the function py is of class C™ in [a,b] x [Hi, Hs), for all
integer n and all f in ./(R). This entails (7).

(@) (5.14) and (5.15) yield

) +o0
Mu(f)(2) = ang-lps(z, H)] = QHA uHR(f (@ 4 u) — f (2 — u))du, (5.18)

which establishes (i7) and the fact that (x, H) — Mg(f)(x) belongs to C>(R x (0, 1)).
(iii) For a differentiable function h, we have, for every real tg,

Dlgrth 0y = 2 10, 1)) + 1 (10) 2 10, ).

For every f in . (R),(5.14), (5.18) and (3.15) show that,

gﬁ@ H) = A%[MH(f)(x)] dx:/ S (f)(x) da.

0
Finally, we get <[g(t, h(t |t 1o = Mn(to) (f)(t0) + ' (to) f(f" %(f)(s)b:h(to)ds. O

Lemma 5.6. The following inequalities hold:

(i) ¥V [a,b] C (0,1),Ip e R: Vk €N, sup |20 (e ) (u) | <p(k+1)*% In(k+1).
(H,u)€[a,b] xR

(ii) Vt € R, Vr € R%, 3Dy(r) € R, Vk € N : S | L {ge, (u, h(w))]| < Dy(r) (k+1)*°.
uelt—r,t+r

Proof. (i) Since .7 (R) is a subset of I'y(R), (3.12) entails that 222 (¢;.) belongs to L*(R) N L?(R) for every

k in N. Furthermore é(y) = (—i)" 'v2mex(y) for every integer k in N* and for almost every real y (see
lemma 1.1.3 p.5 of [77]). Thus, for every H € [a,b] and almost every u € R,

OMy (e OMpy (e i T 1/2—H ~
P () = o P (—w) = =g [ (B nlyl) 2 Iyl Gily) dy

= [ ey — & [ Sl ) () ety dy

= =8 Ma(en)() + =2 [ &y (ny) ex) dy. (5.19)

=:Vi(u)

Then, using (2.5), we see that there exists a family of real constants denoted (p;), <i<11 such that we have,
for every couple (H, k) in [a,b] x N and almost every real u,
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1/2—H

Vo)l < o1 [fiycovir 0172 lylllen(w)ldy + fi,avirs Il (0 y])ew(y)|dy]

1 vk 1/2—H e 1/2—H —yy?
<omfgem([ 0 e ay) ([0 g e )| o)
:zll(k+1) ::I(k:+1)
An integration by parts yields ’
I = pa((pa + Ink) (1 + K/ H/2)) < py K3/ H2In g, (5.21)

Using the change of variables u = y,/7, we get IQ( ) < < ps f |u|1/27H(lnu)6_”2du = pg J(1/2 ) where

e

Jéa) = 5 “ul*Inu e ~’du. When § > 3e, an integration by parts shows that J < 6179 In§ for
0 < a<1/2, and that J(ga) < 6¢ f(;roo ~“* Inu du for —1/2 < @ < 0. Hence we get

EUVAH2 10k f H<1/2
= <p7{ nk for 0<H<1/ (5.22)

2¢/ky E1/4—H/2 for 1/2< H <1

and we finally obtain IQ(k) < ps % Using (5.19) to (5.22), the previous inequality, item 3 of theorem
3.7 and the fact that both functions H +— By and H +— é are continuous on [a, b] we get, for every k in N,

sup B%JH (ek)(u)‘ < P9 (k' + 1)2/3 + p1o Sup [((k? + 1)2/371{/2 + (k; + 1)1/4*H/2) hl(k‘ + 1)]
(H7u)6[avb]>< HE[a,b]

<pu (k+ 12 In(k +1).

(79) Let t € R and r > 0 be fixed and define [a, b] := | [inf ]h(u), sup  h(u)]. Using (5.13) we have,
u€[t—r,t+r wE[t—r,t47]
for every k in N,

sup b ge, (uw, h(w)]| < sup  [Mp(en)(u)| +(t|+r)  sup [B'(w)]  sup [ Z5E (ex)(u)].
wE[t—r,t+7] (H,u)€[a,b] xR wE[t—r,t+7] (H,u)€la,b]xR

The result then follows from (¢) above and item 3 of theorem 3.7. O

Remark 5.7. In the sequel, we will only need the bounds of (i) and (ii) with (k + 1) in lieu of (k + 1)2/3,

We may now proceed to the proof of theorem 5.1.
Proof of theorem 5.1. From equality (5.10) defining multifractional white noise and equality (5.13), we
have formally

+oo
2] (e
() = 3" My (en)(t) < wer > + 1 (1) E:/ OMulew) ()] s < o> (5.23)
k=0

In order to establish that W) (t) is well defined in (S)* and that equality (5.11) holds, it is sufficient to
show that both members on the right hand side of the previous equality are in (S)".

+oo

For ¢t in R, definition (5.2) of fractional white noise shows that ZMh(t)(ek)(t) < e >= WO (¢) and
k=0

thus belongs to (S)™.

Let us show that Vi (¢ Z/ aMH e’“)( )ds < .,ej > belongs to (L?). Using (3.14) we may write

k=0
2 2
Z < My ek ]l[Ot L2(]R) Z < €k, 8H Ot]) >L2(]R) = ||]l[0,t]||5H < +o0.

As a consequence, W) (t) is the sum of an (S)” process and an (L?) process, and thus belongs to (S)*. We
are left with proving equality (5.12), i.e. that W) (¢) is indeed the (S)* derivative of B () for any real ¢.
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Let r # 0and t > 0 (the case t < 0 follows in a similar way). The equality WM (t) = WHO) (£) 41/ (t) Vi, (2)
and remark 5.3 entail that W) (¢) belongs to (S—p) as soon as p > 2. For such a p, one computes:

] ] 2
Jpr(t) = HB(})(H?_B(})“) _ W(h)(t)H_p

2

+oo
e (t+ 1 h(t+7)) — ge, (t,h(t d
_ Z |:<g k( ( )) gk( ())>*_[gek(t,h(t))]:| <. ep >
r dt
k=0 —p
+o0 2
1 ngk(t—i-r,h(t—i—r)) —gek(t,h(t))) d }
= — Zge, (£, hD))]| . 5.24
2 P ; ~l9e, (1, (1)) (5.24)
=Jp ke (t)
Using lemma 5.6 and the Mean-Value theorem we obtain, for r in (—1/2,1/2)\{0}:
4 2~ (k+1) D
Jprk(t) € ————= sup Lig, (u,h(u <4D < ,
pri(?) (2k +2)* ueft—1/2.+1/2) e (v ) 2k +2)* ~ (2(k +1))*®7Y

where D := 5,5(1 /2). Since J, -k (t) — 0, equality (5.12) follows from the dominated convergence theorem.
T—
U

Remark 5.8. In (ii) of lemma 5.6, the real constant Dy(r) can be taken independent of t if the function
t—t W' (t) is bounded over R.

We note that multifractional white noise is a sum of two terms: a fractional white noise that belong to (S—_,)
as soon as p > 2, and a "smooth" term which corresponds to the derivative in the "H" direction. This
is a direct consequence of the fact that the fractional Brownian field A(¢, H) is not differentiable in the ¢
direction (in the classical sense) but infinitely smooth in the H direction.

Proposition 5.9. For p > 2, the map t > ||[W ") (t)|]_,, is continuous.

d 2

77 [9ey, (8, . . . . ..
Proof. By definition, |[WW ") (t)||2_p = Z:S ( [(92]’2_(:2)2(?)]) . Using the estimate given in lemma 5.6 (ii),
we see that ||W(h)(t)||2_p is the sum of a sequence of continuous functions that converges normally on any
compact. O

5.3 Generalized functionals of mBm

In the next section, we will derive various It6 formulas for the integral with respect to mBm. It will be useful
to obtain such formula for tempered distributions. In that view, we define generalized functionals of mBm
as in [§].

Theorem-Definition 5.2. Let I be a tempered distribution. Fort in R , define

1 i

F(BM (1)) := T ST R) T < Fgniom > I (( Mag(T,0) )®") (5.25)
g k=0

where the functions & 1 are defined for (x, H, k) in R x (0,1) x N by

22
212

() 1= (VI 1 (V) expl 5 ) = w2 s (e (VB). (5.2

Then for all t in R, F(B"(t)) is a Hida distribution, called generalized functional of B (t).

Proof. This is an immediate consequence of [52] p.61-64 by taking f := My (1 ). O



5. STOCHASTIC INTEGRAL WITH RESPECT TO MBM 37

Remark 5.10. As shown in [8], when F = f is of function type, F(B"(t)) coincides with f(B"(t)).
The following theorem yields an estimate of ||F (B (t)||2_p which will be useful in the sequel.

Theorem 5.11. Let h : R — [Hy, Hy] C (0,1) be a continuous function, B™) an mBm, p € N and
F e Z,(R). Then there is a constant C,(,HI’HQ), independent of F, such that

2 _ _ 2
vt >0, IF(BM (0)I|—, < max{t~ 0 ehly=h0) o) 2 (5.27)

Proof. For H € (0,1) and p € N, Theorem 3.3 p.92 of [8] ensures that there exists C’,(,H) such that, V¢ > 0,

IEB™ )12, < max{t= 27 ¢#h =1 D\ F2

Now if H belongs to [Hy, Hs], it is easy to show, by examining closely the iteration of (23) p.94 in [8], that
one can choose a constant C1:12) independent of H. We hence have

H 2 —4pH ,AphH\;—H ~(Hy,Hs)| 172
YVt >0, VH € [Hy, Hy], ||F(B (t))||7p < max{t~PH P Cp 2 |F|7p. (5.28)

For ¢ > 0, one only needs to set H = h(t) in (5.28) to get (5.27). O

5.4 S-Transform of mBm and multifractional white noise

The following theorem makes explicit the S-transforms of mBm, multifractional white noise and generalized
functionals of mBm.

We denote by v the heat kernel density on Ry x R i.e v(t,z) := \/%ﬂ exp{}—f} ift A0 and 0 if ¢ = 0.

Theorem 5.12. Let h : R — (0,1) be a C' function and (B (t)),cp (resp. (WM(t)),cp) be an mBm
(resp. multifractional white noise). Forn € . (R) and t € R,
(i) SIBM(1)](n) = < n, Mp(Lj4) > Lom) = gn(t, h(t)), where g, has been defined in lemma 5.5.

() SIW O 0)(r) = lon{t D) = Mo ()6) + 10) [ BH )6
(i) Forp €N and F & 7-,(R), SIFEO O = (Foy (#40,. - [ " Mago () () ).

Furthermore, there exists a constant Cp,, independent of F,t and n, such that
SIR(B® E)](m)|” < max{t=h® 2hOy=h® ¢, P2 exp{|APn[7}. (5.29)
Proof. (i) Thanks to (5.9), lemma 2.4 and theorem 3.7 we have, for every 7 in .#(R) and ¢ in R,

—+oo

S(B(h)(t))(n) = Z < Mh(t)(ﬂ[o,t])a €k >L2(]R)< 1, €k >L2(]R) =< Mh(t) (1[0,15])777 >L2(]R) = g"](t7 h(t))
k=0

(74) is a straightforward consequence of lemma 2.7, (5.12) and ().
(ii7) The first equality results from theorem 7.3 p.63 in [52] with f = M}, (1) and from (i). Equality
(5.29) results from (5.27) as in theorem 3.8 p.95 of [8]. O

Remark 5.13. Using lemma 2.4 and (5.10) we may also write:

+oo

V(t,n) ERx F(R),  SWMB)(0) =D Fge.(t, (1)) <1sex >ram)- (5.30)
k=0
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5.5 The multifractional Wick-1t6 integral

We are now able to define the Multifractional Wick-It6 integral, in a way analogous to the definition of the
fractional Wick-It6 integral. In the sequel of this work, we will always assume that h is a C* function on R
with bounded derivative.

Definition 5.1 (The multifractional Wick-It6 integral). Let Y : R — (S)" be a process such that the process
t = Y(t) o W(t) is (S)"-integrable on R. We then say that the process Y is dB™ -integrable on R or
integrable on R with respect to mBm B . The integral of Y with respect to B™ is defined by

/ Y (s) dB™ (s) = / Y (s) o W" (s)ds. (5.31)
R R
For a Borel set I of R, define [;Y (s)dB™ (s) := [ 1;(s) Y(s)dB"M (s).

When the function h is constant, the multifractional Wick-Ito6 integral coincides with the fractional Itd
integral defined in [34], [11], [8] and [9]. In particular, when the function h is identically 1/2, (5.31) is nothing
but the classical 1t6 integral with respect to Brownian motion, provided of course Y is Ito-integrable. The
multifractional Wick-It6 integral verifies the following properties:

Proposition 5.14. (i) Let (a,b) in R?, a <b. Then fb dB™ (u) = BM(b) — BM(a) almost surely.
(i) Let X : I — (S*) be a dB" -integrable process over I, a Borel subset of R. Assume [, X(s)dB"(s)
belongs to (L?). Then E[[; X (s)dB" (s)] = 0.

Proof. (i) From (ii) of theorem 5.12, ¢ — S(]l[%b] (t) W(h)(t))(n) is measurable on R for any n in Z(R).
Moreover, for any integer py > 2, we have |S(1(, 4 (t) WM () (n)| < ||[W*) Il _,e WPO thanks to lemma
2.4. By proposition 5.9, t — ||I/V(h)(t)||7p0 is continuous thus integrable on [a, b]. Theorem 2.8 then entails
that t — L, (t) W"(t) is (S*)-integrable over R. It is easily seen that the S-transforms of fab dB™ (u)
and B" (b) — B (a) comc1de The result then follows from the injectivity of the S-transform.
(u) The equality S( [; X (s)dB" (s = [;5( (0)S(W ) (s ))(O)ds =01is clear since S(W(h)( ))(0) =
L (go(s, h(s))] = 0. Now, When f] dB(h)( )belongs to (L?), E[[; X (s)dB™M (s S([; X (s)dB™ (s))(0).
0

Theorem 5.15. Let I be a compact subset of R and X : t — X (t) be a process from I to (L*) such that
t = S(X(t))(n) is measurable on I for all n in Z(R) and t — || X (t)||, belongs to L*(I). Then X is
dB™ -integrable on I and there exist a natural integer q and a constant C; such that,

t) dBM™(t) ‘

<cr [xoly a. (5.32)
—q I

Proof. For 7 € .7 (R), the measurability on I of t — S(X(t) o W (#))(n) is clear since
S(X () o WM(8))(n) = S(X(t))(n) £1gn(t, h(t))]. By lemma 2.5, we have, for any integer ¢ > 2,

S(X (1) o W) m)| < [1X(B)]]o WP(B)]]_, e

for every ¢ in I. Since t s |[WW () (t)||_, is continuous by proposition 5.9 and ¢ — [[X (¢)|[, belongs to LY(I)
by assumption, the result follows from theorem 2.8. We refer to theorem 13.5 of [52] for the upper bound. O

Remark 5.16. One can show, using appendiz X.A, that inequality (5.32) is true for every integer q¢ > 2.

It is of interest to have also a criterion of integrability for generalized functionals of mBm. In that view, we
set up the following notation: for p € N, 0 < a < b, we consider a map F : [a,b] — .¥_,(R) (hence F'(t) is a
tempered distribution for all ¢). We then define F'(t, B"(t)) := F(t)(B™(t)). Recall the following theorem
(see [22], lemma 1 and 2 p.73-74):

Theorem 5.17. Let I be an interval of R, t — F'(t) be a map from I into .7_,(R), t — ©(t,.) be a map from
I into S (R) and to € I. If both maps t — F(t) and t — (t,.) are continuous (respectively differentiable)
at to, then the function t —< F(t),¢(t,.) > is continuous (respectively differentiable) at to.
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Theorem 5.18. Letp € N, 0 < a < b and let F : [a,b] = _,(R) be a continuous map. Then the stochastic
distribution process F(t, BM(t)) is both (S)*—integrable and dB™ -integrable over [a,b].

Proof. We shall apply theorem 2.8. The measurability of ¢ ~ S[F(t, B")(t))](n) results from (iii) of
theorem 5.12, the continuity of the two maps ¢ — F(t) and ¢ — ~ (tQh(t), .= fg My (n) (u) du) and
theorem 5.17. Since h is bounded on [a, b], lemma 2.4 and (5.27) yield

_ _ 1
IS[F(t, B™ (£))](n)| < max{t=2Ph(1) 2h()1y=h(t)/2 | /c(H1-H2) Sgl[%]lF(s)l,p exp{glA”nI?)}

Hy 1
< ((%)2pH2 +prH2)((%) 7 +b%) CZ()Hl,Hz) Srél[i)iﬂF(s)l*P eXp{§|Ap77|(2)}, (5.33)

where H; := n?ir%) ]h(s) and Hy := m[wi]h(s). This yields the second condition of theorem 2.8 and shows
s€|a, s€la,

that F(t, BM(t)) is (S)* —integrable over [a, b].
For dBM-integrability, we first note that S[F(t, BM(t)) o WM (t)](n) = S[F(t, BM(t))](n) 4[gy,(t, h(1))],
thanks to (ii) of theorem 5.12. Since the function ¢ — (g, (¢, h(t))] is continuous (by lemma 5.5), the

measurability of ¢ — S[F(t, B™(t)) o WM (¢)](n) for every function 1 in . (R) follows.
Moreover, for every integer pg > max{p,2}, F(t, B (t)) and W) (t) belong to (S_,,) for all ¢ in [a, b].
Using lemma 2.5 and (5.27), we may write, for all ¢ in [a, b],

ISIE(, B () o WP 0] ()] < 1E(t, B D)y, WP @Iy, exp{lnly,} <K expllnl, ), (5.34)

H.
where K := sup WO (@)1, (1) + 0208 ((1) 7 +0%) O™ mas |F(s)] .
t€la,b] s€la,

Theorem 2.8 applies again and shows that t — F(t, B (t)) o WM (t) is integrable over [a, b]. O

Remark 5.19. Recall that a function f : R — R is said to be of polynomial growth if there is an integer
m in N and a constant C' such that for all x € R, |f(x)] < C(1 + |z|™). The previous theorem entails in

particular that both quantities f; F(BMW(t)) dt and f: F(BM(t)) dBM(t) exist in (S)* if f is a function of
polynomial growth.

Example 5.20 (Computation of fOT BM(t) dB™(t)). Let T >0 fived. Then

T T T dB(h)(t)
I::/ B (1) dB(h)(t):/ WM () o BM(t) dt:/ T<>B<h>(t) dt. (5.35)
0 0 0
02 . 1

Let us prove that the last quantity is equal to 1B"(T)™ := 2 (B"(T) o BM(T)) = 1 (B(h)(T)2 — T2h(T))
(see remark 2.6). It is sufficient to compute the S-transforms of both sides of the equality. For n in .7 (R),

S(/ B(h)(t)dB(h)(t))(n):/ S(B(h)(t))(n)S(W(h)(t))(n)dt:A gn(t, h(1)) g lan (¢, h(1))]dt

0 0

— LSBT’ = 1 5 (BOT) o BN(T)) (n) = S (BW(T) ~ T#O) ). (5.36)

To end this section, we present a simple but classical stochastic differential equation in the frame of mBm.

Example 5.21 (The multifractional Wick exponential). Following [34] formula (4.8) and [11] ezample 3.6,
let us consider the multifractional stochastic differential equation

{dX(t) = a(t)X (t)dt + B(t)X (t)dB™ (t)

X(0) € (87, (5:37)

where t belongs to Ry and where o : R — R and f : R — R are two deterministic continuous functions.
(3.10) is a shorthand notation for

X(t) = X(0) + / a(s) X(s) ds + A B(s) X(s) dBM(s), (5.38)

0
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where the previous equality holds in (S)*. Rewrite the previous equation in terms of derivatives in (S) as:

(dX
i — (1) = alt) X(8) + 6(t) X(¢) o W™ (1) = (a(t) + BOW M (1)) 0 X (1) (5.39)
X(0) € (8%).

We thus are looking for an (S8*)-process, noted Z, defined on Ry such that Z is differentiable on Ry and
verifies equation (3.11) in (S*). As in [11], it is easy to guess the solution of (3.11) if we replace Wick
products ¢ by ordinary products. Once we have a solution of (3.11), we replace ordinary products by Wick
products. This heuristic reasoning leads to defining the process Z := (Z (t)teR+) by

¢ t
Z(1) = X(O)oexp0</ a(s)ds+/ 5(s)dB<h>(s)), teRy, (5.40)
0 0
where exp® has been defined in section 2.4.
Theorem 5.22. The process Z defined by (3.12) is the unique solution in (S*) of (3.11).

Proof. This is a straightforward application of theorem 3.1.2 in [46]. 0

Remark 5.23. [/6] uses the Hermite transform in order to establish the theorem. However it is possible
to start from (5.38), take S-transforms of both sides and solve the resulting ordinary stochastic differential
equation. Besides, equation (3.10) may be solved with other assumptions on «, 3. We refer to a forthcoming
paper for more on stochastic differential equations driven by mBm.

Remark 5.24. In particular when X (0) is deterministic, equal to x, a() = « and B() = S are constant
functions, the solution X of (5.38) reads

X(t) =wexp{BBM(t) + at — 1420} te Ry, (5.41)

which is analogous to formula (3.31) given in [11] in the case of the fractional Brownian motion.

5.6  Multifractional Wick-It6 integral of deterministic elements versus Wiener
integral with respect to mBm

In section 4.2, we have defined a Wiener integral with respect to mBm. It is natural to check whether this
definition is consistent with the multifractional Wick-Ito integral when the integrand is deterministic. More
precisely, we wish to verify that [ f( ) o W (s)ds = J"(f) for all functions f such that both members of
the previous equality exist and that the left-hand side member is in (L?). In that view we first prove the
following theorem.

Theorem 5.25. Let f: R — R be a deterministic function which belongs to L}, (R). Let Z := (Z(t),cp) be

the process defined on R by Z(t fo )dB™M (s). Then Z is an (S*)-process which verifies the following
equality in (S*)

/ f(s)dB™M (s 2 (/ £(8)L[ge, (s, h(s))]ds ) < e >. (5.42)

2
Moreover Z is a (centered) Gaussian process if and only zfz (fo ds [ge,. (s, h(s ))]ds) < 400, for
all t. In this case,

t +oo + 2
— s (h) (g) ~o s) L s, h(s))]ds . .
Af( )aB®™ (s) N<O,;</ F(5) L [ge (5. h( >>1d) ) VteR.  (5.43)

In particular, the process Z is Gaussian when the function f belongs to C*(R,R) and is such that sup|f’(t)| <

teR
+00.
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Proof. We treat only the case t € R . The other case follows similarly. Let f be in L (R). In order to
show (5.42) let us establish a), b) and c) below.

a) Let us show that s — f(s) o W) (s) is (S)*-integrable over [0,t]. For every n € #(R) and s in [0,], we
get, using lemma 2.4: _L(s)

1S(f(s) o W () ()| = | f(5)] ‘S(W(h)(s))(n) < |f(s)| ||W(h)(s)||7p0 02

for s in [0,¢] and for py > 2. Since L is the product of a continuous function and a function of L (R), a) is
a consequence of theorem 2.8.

b) ¥y := (fo )L (ge, (s, h(s ))]ds) < .,er > belongs to (S_,,) as soon as py > 2.
Lemma 5.6 entalls that there exists a real D such that, for every py > 2, we have

sup | g, (s.h(s))”

t d
2 oo £(s) g5lgey, (s,h(s))] ds oo sefo.t
||\1/f||_,,0 e (fﬂ i 1By T -2
k1
D2 (|f17s o) Srse s < + 0.

c) fo 5)dB™ (s) (fo (s)L] gek s h( ))]ds) Lep > in (8%).

Denote & := fo dB(h) Jo ( )L [gey, (s, h(8))]< -, ex >) ds and define the (S*)-process 7 :
[0,t] = (8*) by 7(s) = Zk:o (s)L [gek(s h( )] < .,er >. Moreover, for N in N* define on [0,t], T

s — TN(s) = Zszof(s)%[gek(s,h(s))] e >. Obviously we have, in (S*), fo s)ds, \I/f =

Nl_l)m fo 7n(s) ds. It then remains to show that &y = N1—1>I—Ii-loo fo T~ (s) ds in (S*) Let us use, for this

purpose, theorem X.2. Let pg be an integer greater than or equal to 2. It is easily seen that 7,, and 7
are weakly measurable on [0,¢] for every n in N (see definition X.1) and that, 7,,(s) and 7(s) belongs to

(S—p,) for every n in N and s in [0,¢]. Moreover, both functions s — [|7,(s)||_,, and s~ [|7(s)[|_,, belong

to L'([0,], du) since [|7,(s)||_,, < [IT(s)I|_,, < [f(s)] D\/Z (2k +2) 72"~ for a certain D given by
lemma 5.6 (ii). We hence have shown that both functions 7, (. ) and 7(.) are Bochner integrable on [0, ].
Besides, for every (n,m) in N? with n > m, we have

[ 1) =l ds < [

ds

—Po

Z F(8) 35 [gen (s, W< - en >

k=m+1

= [ N7 =Tm (Il ds

d 2 1/2
+00 Sl[lopt]|£[gek (Sa h(s))” +oo 1 1/2
<M . M D 0
k:gn:—i-l (2k + 2)2;00 (kgn:—i-l (2]6 + 2)2(1%-1)) (n,m)—(+o00,+00)

where M := [|f[| 10, and D is again given by (i¢) of lemma 5.6. Theorem X.2 then applies and allows to

write that 1im fot Tn(8) ds = fo ) ds in (8*). We hence have shown that ¥y = Nhlil fot Tn(8) ds =
—+00

fo s)ds = (I>f in (8*). This ends the proof of ¢) and establishes formula (5.42).

2

If Z (fo dé [Ge, (s, h(s ))]ds) < +o0, for all ¢, then Z(t) is the (L?)-limit of a sequence of independent

Gauss1an varlables. Formula (5.43) is then obvious. When f is of class C' and such that sup|f’(t)| < +oo,
teR

+oo t 2
an integration by parts yields that Z </ f(8) 2L [ge, (s, h(s))]ds> < 4o00. O
0

It is easy to check that definitions 4.1 and 5.1 coincide on the space £(R). Indeed for f := ZZ=1 aglp,) in
E(R), remark 4.3 and equality (5.12) entail that J"(f) = >}_; akBéf) almost surely. According to (i) of
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proposition 5.14, we have the equality [p f(s)dB™ (s)ds = >21'_| o [z Ljo.4,(s)W M (s)ds = > 7, akBt(:)
almost surely. This implies in particular that || [; f(s)dB™ (s )ds||(L2) = ||f]],, for all f in E(R) since we

have ||J"(f) Plliz2y = [If]], for such f. Since Wiener integrals with respect to standard Brownian motion
2

are the elements of the set { [ f(s) dB(s), f € L*(R)} = { [ f(s) dB(s), f € ER)} * ), it seems natural to
give the following definition.

Definition 5.2. (Wiener integral with respect to mBm)

(72

L
For an mBm BW | define the Gaussian space Oy, := { [y f(s) dBM)(s), f € ER)} ' We call Wiener
integral with respect to B the elements of ©y,.

(L)
Remark 5.26. (i) Obviously, ©) = {Z (fR 8) 2 [ge, (s h( ))]d >< wep > fe&MR)}Y . Thanks
to definition 4.1, theorem 5.25 and the fact that jh (f) = [p f( M (s) on E(R), we have
= {J"w)  ue @)} (5.44)

In other words, the set of Wiener integrals in the sense of definition 4.1 and 5.2 coincide.
(ii) When h is a constant function equal to H we find that ©, = O = {< ., My(f) > : f € L%(R)} since

SR =EMR)"7" = L2(R). This is exactly what is expected in view of (4.1).
H

In fact we can be a little more precise in the case of fBm. Let supp(K) denote the set of measurable functions
f: R — R with compact support.

Proposition 5.27. Let H € (0,1). Then:

(i) Let f : R+ R be in L}, (R) N L% (R). Then [ f(s) dBY)(s) belongs to (L?) if and only if
Ja f(s) dBU (s) = TH(f).
(i) Lloc( )N L (R) Nsupp(K) C {f R =R [ f(s) dBU(s) € (LQ)}

(i) For p-almost eve'ry fin L, (R) N supp(K) N {f R — R [ f(s)dBW)(s) € (L?)}, f is in L}(R)
and verifies [ f(s) dBH) (s) = JH(f).

Proof. (i) Let f € L}, (R) N L% (R) and define ®; := [, f(s) dBU(s). By theorem 5.25, &; = >/ <
[ Mp(ex) >< .,e;, > where the equality holds in (S)*. If we assume that ®; belongs to (L?), then the
equality is valid in (L?). Besides, since f belongs to L} (R) N L? (R) we have, according to theorem 3.7,
TJE(f) =< ., My (f) >= 020 < Mu(f), ex >ram) < o€k >= S < f,Myl(er) >< .,ex > in (L?). The
converse part is obvious since fR s) dBU) (s) = JH(f) entails that [g f(s) dBH)(s) € (L?).

(ii) Since f is in L} (R) N supp(IC) theorem 5.25 (by replacmg Ty, by Lsupp(s), where supp(f) de-

loc
notes the support of f) entails that [ f(s)dB)(s) = 0 (Jr F(s)Mu(ex)(s)ds) < .,e, > = Foe <
f, Mu(er) >< .,er > in (S)". Besides, since f belongs to L2 7 (R), jH(f) exists and is equal to Z;'E <
fiMp(er) >< .,er > in (L?).

(43i) Fix fin Ly, (R) Nsupp(K)N{f:R—=R: [z f( dB(H)( ) € (L?)} and define € as subset of w in
such that (5.7) is true for all g in {ex : k € N}. Clearly Q belongs to G. As soon as f is in €2, we can write
Jg f(s) dBH) (s) = Zﬁ% < My(f),er >< .,ex > in (L?). This entails that My(f) belongs to L?(R) and
then, by bijectivity of My, that f belongs to L% (R). O

Remark 5.28. This proposition shows in particular, that for p—almost every g in supp(K):
geL4(R) & / € (12).

Moreover, in this case, 75 (g) "= f s) dBH)(s).
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6 It6 Formulas

6.1 It6 Formula for generalized functionals of mBm on an interval [a,b] with
0<a<b

Let us fix some notations. For a tempered distribution G and a positive integer n, let G(") denote the nt"

distributional derivative of G. We also write G’ := G(). Hence, by definition, the equality <G p>=—-<

G, ¢’ > holds for all ¢ in .%(R). For a map ¢ — F(t) from [a,b] to .%_,(R) we will note £ () the quantity

(F(t))("), that is the n™ derivative in .#" (R), of the tempered distribution F(t). Hence we may consider

the map t — ZL(¢) from [a,b] to .#”(R). Moreover for any #o in [a,b], we will note —(to) the quantity

F(to+r)—F(to)
T

lim
r—0

distribution, which is said to be the derivative of the distribution F'(¢) with respect to ¢ at point ¢t = t. In
line with section 5.3, we then define, for ¢¢ in [a, b] and a positive integer n, the following quantities:

when it exists in .#_,(R), for a certain integer p. When it exists, 2 T L (19) is a tempered

o"F
ox"

oF

(t0, B (1)) = (F(t0) ™ (B"(t0)  and S (t0, B(t0)) = (1)) (B (t0).

Theorem 6.1. Let p € N, a and b two reals with 0 < a < b, and let F be an element of C*([a,b],.7_,(R))

such that both maps 5, and %lf, from [a,b] into _,(R), are continuous. Then the following equality holds
in (8)":

Fb, BY()) = Fa, BY(@) = %IZ(S B"(s)) ds+/b %(S’B(m(s)) dB™ (s)
b 2
+3 / (o) O (5. BW(s)) ds. (6.1

Remark 6.2. Recall that for all t in [a,b], £[Ru(t,t)] =2t2"O-1 (R'(t) tInt + h(t)).

Proof. We follow closely [8] p.97-98 for this proof. First notice that the three integrals on the right side
of (6.1) exist since all integrands verify the assumptions of theorem 5.18. According to lemma 2.7 it is
then sufficient to show equality of the S-transforms of both sides of (6.1). It is easy to see that, for every

n € (R), the function ¢ — (tQh(t - fo My y(n) (u) du) is differentiable from (0, b] into .(R). Using
theorem 5.12 and theorem 5.17 we may write, for ¢ in [0, b]:

S5 BN O) ) = 5 (P (0.~ [ oo ) an) )

(0 (| i 018)

+ 2 PO (B (1) tInt + h(t)) <F(t) (t% / My (n du)>
- %[gn(th(t))] <F( )5 (t%(” / Muy(n dU)> = htl+ s

Now, I; = S( (t)(BM(t )))( ) = S(%—I;(t,B(h)(t))) (n) using theorem 5.12 (i4i). Besides, since v fulfills

the equality 3 87 = %%, it is clear that

I = 2MO=1 (0 (t) tInt + h(t)) <F(t) g J (tQh / My (n du)>

S IRu(0] (55 (1 BOW) ) ().

1
2
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Using (i7) of theorem 5.12, we get I3 = S(WM(2))(n) ( ZE(t),~ (20O My (n) (v) du | ). Finally,
we obtain < ( / >>
S8 BO@)n) = (S0, BP0) ) )+ 5 (W) 0 91, B0 @) ) ()
2 L) s( 25w B0 @) ). .

In the proof of theorem 6.6 we will need the particular case where the function F(.) is constant, equal to a
tempered distribution that we denote F. In this case we have the following

Corollary 6.3. Let 0 < a < b and }1 be a tempered distribution. J;hen the following equality holds in (S)":

FEO ) = PBO@) = [ FE0 ) 8060 +5 [ (LiRus0) F/BOe) ds

Remark 6.4. Of course when the function h is constant on R, we get the Ito formula for fractional Brownian
motion given in [8].

6.2 Itd6 Formula in (L?)

In this subsection, we give two further versions of It6 formula. The first one holds for functions with
polynomial growth but weak differentiability assumptions, whereas the second one deals with C'!+? functions
with sub-exponential growth.

It6 Formula for certain generalized functionals of mBm on an interval

Theorem 6.1 does not extend immediately to the case a = 0 because the generalized functional is not defined
in this situation, since Mj (1) converges to 0 a.s and in L?(R) when ¢ tends to 0 (see theorem-definition
5.2). As in [8], we now extend the formula to deal with this difficulty. We will need the following lemma
which is a particular case of lemma 6.8 below.

Lemma 6.5. Let f : R — R be a continuous function such that there exists a couple (C, ) in R x Ry with
lf(y)] < C’e>‘y2 for all real y. Let g : R = R be a measurable function such that 1%111(1) g(t) = 0 and define
—

Ly on RY xR by Ly(u,z) := [z f(y)y(u,z —y)dy. Then lim L{( g(t),x) = f(xo), for all real xo.

(t,2)—(0+

Theorem 6.6. Let F': R — R be continuous at 0 and of polynomial growth. Assume that the first distribu-
tional derivative of F is of function type (defined at the beginning of section 3.1). Then the following equality
holds in (L?):

b 1 b d
FED®) - FO) = [ FEY @) as @) +5 [ (SRis0]) B d 62)
0 0
Proof. We follow again closely [8].
Step 1: tlir(r)1 F(BM(t)) = F(0) in (S*). In order to establish this fact, let us use theorem 8.6 of [52]. Since
—04
F is of polynomial growth, we may write, thanks to formula (29) of [8], that there exist two reals C' and M

and a positive integer m such that E[F (B (t)) ] <C?(1+ é?,:n)' |t|2mh(t ) < M?, for all ¢ in [0,b]. Since

|| :e<> 1|, = e2100 | Cauchy-Schwarz inequality yields, for all ¢ in [0,0] and 7 in .7 (R)
[SIFBM E))(n)] = [EIF(BM @) e | < [[FBM @) || : =7 ¢ [ly < 1+ M) e3lo. (6.3)

It then just remains to show that tlir(r)lJr S[F(BM(t))](n) = F(0). Thanks to theorem 5.12 and lemma 6.5,
—

we get
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Jim SEEOO)]0) =t [ Fo) e ex {ﬁ( [ Mot du-y) }dy

:tlirgl+ (t%(t) / My (n)(u) du — ) dy
_ 2h(t) _
Jim Ly (t [ Mo du) F(0). (6.4

Step 2: i [PEN(BM () dBM (1) = [2 F'(BM (1)) dBM(t) in (S)".
Define [Hy, Hz] := [ min h(t), max h( )] and let us prove the two following facts
t€[0,b] t€[0,b]

(i) There exists a constant D; which depends only of F' such that ||[F/(B™)(#)||_, < D; max {tHl  TH3 }

for all ¢ in (0, b].
Let us first notice that, for all (z,b, ) in RxR* x (0, b], we have exp {—22/4t2"} < e~ /A4 e(b) exp {—a?/4b2H2}
where e(b) =1ifb>1and e(b) =0if b < 1.
Note moreover that the function z — F'(z) (e=*"/4 4 £(b) exp {—a?/4b*2}) belongs to L'(R) since F’ is
of function type and belongs to .#’(R). Since the operator A~! has a norm operator equal to 1/2 (see [52]

|§ = 2" we get the following upper bound, valid for all k in N,

p.17) and using the equality [Mp, ) (10,4)
2
2
< P ninn > 17 = [ ) 700 O expl gt eun/ (V3 i

< /2 suple? (u)| (fy, [F'(x)] exp{— t%m}daz) £2kh(t) [
ueR

2
< /2 sup{ suples (u)| : k € N} / |F'(z)] (e /% + e(b) exp {—a2/4b2H2}) dac) t2kh () fo1,
u€R R

Using (ii) of remark 2.3 and again the fact that the operator A~! has a norm operator equal to 1/2 (see (2)
p.17 of [52] ) we can write, for all real ¢ in (0, 8], that

2
|F'(BM @), = TR < P Gy > T (( My ) (Lo,1) )®k)

‘ ‘ v/ 2mth(t) Z

-1

Tt 2 1.\ ®k e (2
- W Z(k!) LY | < F € > TIATD T (Mg (Tio,g) ) |,
k=0

:|A*1(Mh(t) (]l[UYt]))| ik

Dy X N=1 —dkh(t) 2kh(t) 1, (L ¥ akniey _ Do 1 1
k=0

(ii) fob F'(BM(t)) dB™(t) exists in (S)" and is equal to li%1+ f: F'(BM(t)) dB™(t) in the sense of (S)*.
a—r

In order to establish the existence of fé) F'(BM(t)) dB™(t) in (S)*, let us use theorem 2.8. From theorem-
definition 2.2, we know that F'(B"(t)) o W)(t)) belongs to (S)* for every t in (0,b]. Moreover using
lemma 2.5 we get, for n € . (R) and ¢ € (0, b],

S(F’(B(h)(t))OW(h)(t))(n)‘ ' B @)y WD @)]]_y els < K max {7, 5} €5, (6.6)
=:L(t)

where we have defined K := Lo sup ||[WM(2)]|_,. The function t — S(F'(BM(t)) o WH(¢))(n) is mea-
t€[0,b]
surable on [0,b] since S(F'(BM(t)) o WM (t))(n) = S(F'(BM(t)))(n)S(W ™ (t))(n) using theorems 5.12
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and 5.17. Moreover, since £ belongs to L!([0, b]), theorem 2.8 applies and shows that fob F'(BM(t)) dBM(t)
is in (S)". It then just remains to use theorem 8.6 in [52] to show the convergence, in the sense of

(8)", of f; F'(BM(t)) dBM(t) to fo F'(BM(t)) dB™(t) as a tends to 04. Let (an), oy

ing sequence of real numbers Wthh tends to 0 when n tends to 400 and ¥, := fob F'(BM(t)) daBM (t) —

f F'(BM(t)) dBM(t). For every n € .#(R) and every n € N, S(¥,,)(n) = fobll[o’an] (t) S(F'(BM (1)) o

W(h)( ))(n) dt. Using (6.6) and the dominated convergence theorem, it is easy to show that EIE S(U,)(n) =

n

0. Hence theorem 8.6 of [52] applies and shows that li%gr f: F'(BM(t)) dB™) (¢ f F'(BM(t)) aB™(t)
a—r

in (S)".

Step 3: Proof of (6.2)

For any real a such that 0 < a < b, we have, thanks to corollary 6.3,

be a decreas-

FEOW) - FEO@) - [ FE06) a6 =5 [ (LRes) FE0) s

Steps 1 and 2 ensure that the left hand side has a limit in (S)* when a tends to 0. Using theorem
2.8, it is easy to see that fo ( [Rp(s, s)]) F"(BM(s)) ds belongs to (S)". Hence using the dominated

convergence theorem and lemma 2.7 we deduce that lirél_|r fab (%[Rh(s, s)]) F"(BM(s)) ds is equal to
a—

fo ( [Rp(s s)]) F"(BM(s)) ds in (S)*. Since we have proved that, for all ¢ in [0,b], F(B")(t)) belongs
to (L2), the same holds for the right hand side of (6.2) and then this equality holds also in (L?). O

Remark 6.7. As in the case of fBm (see [8]), the fact that both sides of the equality (6.2) are in (L?)
does not imply that every single element of the right hand side is in (L?). This will be true if, for instance,

b
F"(BM(t)) belongs to (L*) and / di[Rh(s,s)] ||E"(BM(s))]|, ds < +o0.
0 S

It6 Formula in (L?) for C? functions with sub-exponential growth

Let us begin with the following lemma:

Lemma 6.8. Let T > 0 and f : [0,T] x R — R be a continuous function such that there exists a couple
(Cr, A1) of R x RY such that Ienax If(t,y)| < C’Te)‘Ty2 for all real y. Define a > Ar, I, :== (0,4) and

1
Jr i Rx Ry x I, = R by Jy(z,t,u) == [p f v(u,x —y) dy. Then Jy¢ is well defined and moreover

li J(z,t 0,
(a:,t,u)%(la-:ré,OJr,O*Sx U) f( IO)
Proof. This is an immediate consequence of theorems 1 p.88 and 2 p.89 of [78]. O

Let us now give an It6 formula for functions with subexponential growth.

Theorem 6.9. Let T > 0 and h : R — (0,1) be a C* function such that h' is bounded on R. Let f be a
C12([0,T] x R,R) function. Furthermore, assume that there are constants C > 0 and \ < % such

4 max
that for all (t,z) in [0,T] x R, te[o,7]
of of >’f } Ae?
t —(t t t < . .
tg%g:)ji“]{|f( 7x)|a‘6t( 733) ) 030( CC) 8I2( ,'JJ) Ce (6 7)

Then, for all t in [0,T], the following equality holds in (L?):

s =00+ [ Lesoma [

0

o (1, B (1) dB® (1)

+%A (i%ﬂﬂogl<ﬂﬂnﬁ.m&
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Proof. Our proof is similar to the one of theorem 5.3 in [9]. Let 7' > 0 and ¢t € [0,T]. Formula (6.8) may
be rewritten as

"0 3w a0 = 5O - 100~ [ 20,30 a

-5 ) (i) Fhesvo e o9

0

In order to show that all members on the right hand side of (6.9) are in (L?), let us use theorem 2.9. If G

belongs to {f, 55 gi, aaf} we may write, thanks to (6.7),

E [G(t,B(h)(t))Q} <C? /

=:M?

]. 1 2 dv 2 2h(t) —1/2
- < _
exp{ (t%(t) 4)\> v } SRR C* (1 —4X trer[lgtx]t ) . (6.10)

Since BM(t) = BH (1) g_p(1) a.s, it is easy to see (in view of [9] p.978) that B(")(t) is a Gaussian variable

R

with mean equal to fg Myy(n)(u) du = g,(t, h(t)) and variance equal to t*() under the probability Q,
which has been defined in (2.11). Hence, for every ¢ in (0,7] and 7 in .7 (R),

S(G(t, B™M () (1) = Eq, [G(t, B (1)) =A G(tu+ gyt (1)) ("9, u) du

t
1 2
=/ G|t th(t)—i—/ M, d) w2 qu. 6.11
A ( U o h(t)(n)(m) €z \/ﬁe U ( )

Using the theorem of continuity under the integral sign, we see that the functions ¢ +— S[G(t, B (t))](n) and
t = S[G(t, BM(t)) o W) (1)](n) are continuous on [0,T]. Moreover, in view of (6.10), t — ||G(t, B (t))]|,
belongs to L'([0,T]). Furthermore, note that

[ || (Gmean) Shesoa]|

Thus, theorem 2.9 applies and shows that all members on the right side of (6.9) are in (L?).
Let us now show that ¢ +— %(t BM(t)) o WM (t) is (S)*-integrable over [0, T].

T
dt < 2M / t2PO=1 B/ () tInt + h(t)| dt < +oo.
0

Reasoning as in the estimate (6.6), we note that there exists an integer ¢ > 2 such that a—f( R (1)) oW (M (¢)
belongs to (S—,) for every t in [0,T]. Moreover, for every n in .(R) and every t in (0,7] we have, using
lemma 2.5,

s (@) ow0) o) < 15 BD O WO, exwlial)

) ( sup || (¢) ) 1556 BY | expllnl},

te[0,T]

Since t — ||6—£ t, B (¢ ))Hobelongs to L([0,T]), theorem 2.8 applies on [0, 7] to the effect that

OT 9f = (t, BM(t)) dB™(t) belongs to (S). Tt then just remains to show the following equality for all ¢ in
[0, T] and 7 in .7 (R):

S (/0 gf (t, BM (1)) dB(h)(t)) (n) =S5 (f(T,BUw(T)) — £(0,0) — [ g(mB(m(,ﬁ)) dt) ()
S (% AT (C‘llt[Rh(t t)]) g J;(t BM (1)) dt> (). (6.12)

Using (6.11) with G = f and applying the theorem of differentiation under the integral sign, we get

A [SU@BM@)m)] = fu & [F(tu+gn(t,h(1)) 72O, 0)] du

= / v(tQh(”,U) - [F(tu+gy(t,h(1)) )] du+ / F(tu+ gyt h(t)) ) % [V (2" )| du.

=U; (t) =:Ua(t)
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Now, Us(t) = [ 4(E"0,u) G tut gnle b)) dut [ (0, 0) itk gt h0) Go

=5 (2 (6.800)) o)+ (516 BOW) ) ) 8 (WO0) )

Besides, using the equality 3 8” =

Un(t) = 3 TP+ R%(t,wgn(t,h(tmv(t%“%u)du%%[t%“)}s(af (t500) ) ()

n(t; h(t))du

%% and an integration by parts, we get

Hence we obtain, for any € > 0, upon integrating ¢t — U; (t) + Uz(t) between ¢ and T,

S(f(t, BM(0)(n) = S(f(e, B™M(e))(n) = / S(‘;—f(w(h)(t))) (n) dt

+l S(%(t,B(h)(t))oW(h)(t)) () dt+%l Z[t?h@] S(%(t,B“”(t))) () dt. (6.13)

Let us now show that lim S (f(s BM (e )) (n) = f(0,0) =5 (f(O,B(h)(O)) (n). For every € > 0, (6.11) can

be rewritten as S(f (e, B(h = [z fle,) (e g, (e, h(e)) — y) dy.

For a fixed T' > 0, let Ap, C’T be such that (6. 7) is fulfilled. There exists b > 0 such that £2"() belongs to I,
(defined in lemma 6.8) as soon as 0 < ¢ < b. Hence we may write, for any  in (0,b), S(f(s, B®(g))(n) =
J¢(gn(e, h(e)), e, £2h(=)), Since a1_i>r51+ £2h(2) and el—i>%l+ gn(e, h(e)) are equal to 0, lemma 6.8 applies with zg = 0,

and yields lim S (£(e.B™M(e)) (n) = £(0,0).

Let us now establish (6.12). Thanks to the fact that both the functions t — S[G(t, B (t))](n) and t
S[G(t, BM(t)) o W (t)](n) are continuous on [0, 7] and using the dominated convergence we can take the
limit when e tends to 0 on the right hand side of (6.13) and finally get

st 80w - ro0im =5 ([ Lsw)a)w+s ([ Zs0w)asvn) o

+5 (%A jt[t% 2l ‘; ‘é(t BM(¢ ))) (n) dt.
]

Remark 6.10. We observe that if we take expectations on both sides of Ité’s formula (6.7), we get exactly
formula (1) of theorem 2.1 of [45], which is a general weak Ité formula for Gaussian processes, in the
particular case where the Gaussian process is chosen to be an mBm.

7 Tanaka formula and examples

In this section we first give a Tanaka formula as a corollary to theorem 6.6 with F : 2 — |2 — a|. We then
consider the case of two particular h functions that give noteworthy results.

7.1 Tanaka formula

Theorem 7.1 (Tanaka formula for mBm). Let h : R — (0,1) be of class C', a € R and T > 0. The
following equality holds in (L?):

T T d
IBM(T) - af = |a| + A sign (BMW(¢) — a) dB®(2) + A 1R 0)] 5y (BP(0) (7.1)

where the function sign is defined on R by sign(z) := 1g: () — 1r_(z).
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Proof. This is a direct application of theorem 6.6 with F': z — |z — al. O
Remark 7.2. That the previous equality holds true in (L?) does not imply of course that both integrals above

are in (L?). This last result will be established in a forthcoming paper.

7.2 It6 formula for functions h such that %[R,(t,t)] =0

If h verifies 4[Ry(t,t)] = 0, then the second order term %(t,B(h) (t)) disappears in Ito formula. The
formula is then formally the same one as in ordinary calculus. In this case, (7.1) reads:

|IB")(T) —a| = |a| + AT sign(B™ (&) — a) dB™(¢).

Note that the “local time" part disappears in this equality.
Solving the differential equation %[R(t,t)] = 0 yields two families of functions, denoted (h1,») rer: and
+

(hQ»/\)/\e]Ri:
VA>0, hiy: (—oo,—eM)U(er, +o0) — (0,1)
t — m—/\m’
and
VA<0, hoy: (—e*0) U (0,e) — (0,1)
t — ln/\|t\'

In order to obtain an mBm defined on a compact interval, we may choose a compact subset of (—oo, —e*) U
(e}, +00) when A\ > 0 and a compact subset of (—e*,0) U (0,e*) when X < 0.

Figures 1 and 2 display examples of mBm with functions hy(t) := - defined on [e+ 107%,100] and ho(t) :=
=L defined on [1073,1/e — 1072].

1 - T 08

| )\
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i (I N

8 L L L L L L L L L 06 L I I I L L I
0 10 20 30 40 50 60 70 80 90 100 0 0.05 0.1 0.15 0.2 0.25 03 0.35 0.4

Figure 2.1: ¢t + B"M)(t) with hy(t) :== = on Figure 2.2: ¢ + B"2)(t) with hy(t) := —L on

[e + 1073,100]. [1.1073,1/e — 1073].

Note moreover that lim h,(t) = }ir% hi(t) =0fori=1,2.
—

t——+oo

7.3 Ito formula for functions i such that %[R(¢,t)] =1

The situation where 2[Ry, (t,¢)] =1 is interesting since then It6 formula is formally the same as in the case
of standard Brownian motion. As a consequence, Tanaka formula takes the familiar form :

B (T) — af = |a] + A " an(BM (1) — a) dB™ () + A U by (B0 dt.
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Thus, instead of a "weighted" local time as in (7.1), we get here an explicit expression for the local time of
mBm for a family of A functions that we describe now.
The solutions (hc),cp of the differential equation are given by h. : (¢, +00)\{—1,0,1} — R and h.(t) :=

LIn(t—c) " Recall that h is required to range in (0,1). Denote, for ¢ € R, I, := { t € (¢, +00)\{—1,0,1}

2 Int]
0 < he(t) < 1}. For c in (—00,1/4), let ; := t1(c) == =Y0=1¢ and t5 = ty(c) := 4=2¢ Then I, is
explicitly given as follows:

Ve € (—o0, —2], I. = (14¢,t1) U (t2, +00),
Ve e (-2, 1], I. = (t1,1+¢) U (t2, +00),
Ve € (—1,0), I. = (t1,0) U (0,1 + ¢) U (ta, +00),
Ve € [0,1/4), e = (t1,t2) U (14 ¢, +00),
Ve = 1/4, I. = (1+ ¢, +00).

Figures 3 and 4 display examples of multifractional Brownian motion with regularity functions hs(t) :=
1D defined on [241073,5] and hy(t) := 14D Gefined on [1_7‘/5 +1073,-1079).

2 Int 2 In|t|
| MWUW Jo
T 4 1 M
° | ﬁ i ey .& F
| whyly |
Figure 2.3: t — B"3)(t) with hs(t) := %ln(lf]_tl) on Figure 2.4: t — B (t) with hy(t) := %lnlgrg\l) on
[2+1073,5]. (1545 41073, -1073).

Note that the case ¢ = 0 yields the constant function h, = 1/2, i.e. standard Brownian motion. Moreover,
since tli+m he(t) = 1/2 for every ¢, we see that the family of functions h. behaves, asymptotically, like
—+00

the constant function equal to 1/2. However this does not mean that there is convergence in law of Bhe)
to Brownian motion; in fact one needs to scale B<). For every t in R*, define the process X; on R, by

Xi(u) := % Then {X;(u); v € Ry} ﬁ) {B(u); u € R4} where B still denotes a Brownian

motion and £ denotes convergence in law.

8 Conclusion and future work

In this paper we have used a white noise approach to define a stochastic integral with respect to multifrac-
tional Brownian motion which generalizes the one for fBm based on the same approach. This stochastic
calculus allows to solve some particular stochastic differential equations. We are currently investigating
several extensions of this work. In order to apply this calculus to financial mathematics or to physics, it is
necessary to study further the theory of stochastic differential equations driven by a mBm. This is the topic
of a forthcoming paper.

The Tanaka formula we have obtained suggests that one can get several integral representations of local time
with respect to mBm. Finally, since mBm is a Gaussian process, it seems also natural to investigate the links
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between the construction of stochastic integral with respect to mBm that we gave and the one provided by
Malliavin calculus. An extension in higher dimension is also desirable.
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X Appendix

X.A Bochner integral

All the following notions about the integral in the Bochner sense come from [44] p.72, 80 and 82 and from
[52] p.247.

Definition X.1 (Bochner integral [52] p.247). Let I be a subset of R endowed with the Lebesgue measure.
One says that ® : I — (S)* is Bochner integrable on I if it satisfies the two following conditions:

1. ® is weakly measurable on I i.e u—< ®(u),p > is measurable on I for every ¢ in (S).
2. Jp € N such that ®(u) € (S-p) for almost every u € I and u — ||®(u)|[_,, belongs to LY(I).
The Bochner-integral of ® on I is denoted [, ®(s) ds .

Properties X.1. If ® : [ — (S)* is Bochner-integrable on I then

1. there exists an integer p such that || [; ®(s) dsH_p < [ 1@, ds.

2. ® is also Pettis-integrable on I and both integrals coincide on I.

Remark X.1. The previous property shows that there is no risk of confusion by using the same notation
for both the Bochner integral and the Pettis integral.

*

Theorem X.2. Let p € N and (®,,),,cy be a sequence of processes from I to (S)” such that ®,(u) € (S-,)
for almost every uw € I and for every n. Assume moreover that ®,, is Bochner-integrable on I for every n
and that

Jim /I||<I>m(s)—<1>n(s)||_p ds = 0.

(n;m)—(400,400)

Then there exists an (S)"-process (almost surely (S—,)-valued), denoted ®, defined and Bochner-integrable

on I such that
lim / [B(5) — Br(s)]|_, ds = 0. (X.1)
I

n—-+oo

Furthermore, if there exists an (S)"-process, denoted VU, which verifies (X.1), then W(s) = ®(s) for almost
every s in 1. Finally the following equality holds:

lim ICIDn(s) ds = zCI)(s) ds in (S*).

n—-+o0o

X.B Proof of proposition 4.1

Let BM be a normalized mBm on R with covariance function noted Ry,. It is well known that one can define
on the linear space spang { Rx(t,.) : t € R} an inner product, denoted <,>p, , by < Ry(t,.), Ru(s,.) >, =
Rp(t,s) (see [47] p.120 ff.). Define Zj, the closure of spang{Rp(t,.) : t € R} for the norm || [|g,. The
space (Ep, || ||g,) is called the Cameron-Martin space (or Reproducing Kernel Hilbert Space (R.K.H.S.))
associated to the the Gaussian process B, Let & (R) denote the quotient space obtained by identifying
all functions of £(R) which are equal almost everywhere. On E(R) x £(R) define a bilinear form, noted



52 CHAPITRE 2. WHITE NOISE-BASED STOCHASTIC CALCULUS W.R.T. MBM

<, >, by <oy, Lo >, = Rp(t,s). Then <,>, is an inner product provided the linear map rj :

~ (L2
E(R) — Zp defined by k(L) := Ra(t,.), t € R, is injective. Define Zj, := vectr{B™(t) : t € R} )
the first Wiener chaos of B, Tt is a well-known property of R.K.H.S. that the map 7, : (Zp, || lg,) —

/L2
(spang {BM(t) : t € R} ), [ 1l(z2)), defined for all real ¢ by 75,(Rn(t,.)) = B™M(t) is an isometry. As a
result, kp, is injective if and only if 7, o Ky is injective. The next proposition states that this is indeed the
case for any continuous function h:

Proposition X.3. Let h be a continuous function defined on R and ranging in (0,1). The family (B™ (1) em-

is linearly independent on R, i.e for every positive integer n, (B1,B82-+,0Bn) in R™ and (t1,ta--- ,t,) in
(R*)", such that t; # t; for i # j, the equality
Zﬂ BM(t;) =0 a.s, (X.2)

implies 1 = o = -+~ = [, = 0.
The proof of this proposition requires the following lemma, the proof of which is easy and left to the reader.

Lemma X.4. Define, for t € R, the function Ay : R — C by A:(§) := 7§ e =Ly € # 0 and A(0) := t.
Then, for all t, Ay is C*° on R and verifies, for every n € N, A(")( 0) = Tgi)l , where Ai ") denotes the nt"
derivative of At

Proof. of proposition X.3. Let us use a proof by contradiction. By decreasing n if necessary we may
always assume that (81,82 ,[,) belongs to (R*)". Besides, since B®(t) = BU) (t)lH:W) and thanks
to lemma 4.2 (i), equality (X.2) also reads < ., 2?21 Bj Mpt;)(Ljoe,) >= 0 a.s. By taking Fourier

transforms, we get 2?21 Bj Mpt;)(Ljo,e;) =0 a.e.. Using (3.1) this yields

—h(t;) %
S ey [e M) g (6) =0, VEeR”, (X.3)
j=1
where we have defined, for j in {1;2;---;n}, oj := 5, (chu h(t; )) . By re-arranging if necessary the (¢;);, we

may assume without loss of generality that h(ty) > h(t2) > - 2 h(ty). Let card(A) denote the cardinal of
the set A. We distinguish three cases.

First case: card({h(tl); h(ta); -3 h(tn)}) = 1.

Since h(ty) = h(te) = -+ = h(t,) =: H, we get, by multiplying equality (X.3) by |€|H71/2 and taking inverse
Fourier transform, Z 1 aj Ijg,,) =0 almost everywhere on R. This entails that {a1; ag;---;a,} and then

{517 627 o 76”} is equal to {O}
Second case: h(t1) > h(tz). Using that ]@(g) = Ay(€), (X.3) reads:

o ( zt1£ 1 Za |€|h(t1) h(t;) (etfgz 1)7 VfER* (X4)

By lemma X.4 and taking the limit when £ tends to 0 in (X.4), we get @3 = 0 which constitutes a contra-
diction.

Third case: h(t;) = h(ta).

There exists an integer r in {2;3;---;n — 1}, (k1, k2, , k) in (N*)" with 2 < ky < ko < -+ < k, = n, such
that h(t1) = h(ts) = --- = h(ty,) = H
h(tlirl) - h(tk1+2) == h(tk2) =: Hy

. . (X.5)

h(te, 41) = h(tr, _ +2) = =h(ty,) = H,,
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where 1 > Hy > Hy > --- > H, > 0. Note that when r = 1 we have card({h(t1);---;h(tn)}) = 1 (treated in
the first case) and when r = n we have card({h(t1);---;h(tn)}) = n and then h(t1) > h(t2) (treated in the
second case). We hence assume from now that 2 <k <n—land 2<r<n—1.

Define the sets I1, I, -+ , L. by Iy := {1;2;---; k1 }, o := {k1 + 1; k1 +2;- - 5 ka}, -+, L i={kpo1+ L kpq +
2; -3k, }. Using lemma X.4, equality (X.3) can be rewritten as

ST oyl AL () =0, veEeR™ (X.6)

=1 jeI,
Lemma X.5. For every p in N*,
Z Qa; t;;-) =0. (L;D)
jely

Let us admit this lemma for the moment. The equalities (L) for p in {1;2;---; k;} yield the following linear
system:

ty  te e g1 Tk o 0
A T N3 Qs B 0 x7)
N ST 7l ag, 0

=:D

The determinant of this system is a Vandermonde determinant which is non zero since all the ¢; are distinct
from each other. As the result, the only solution is ay = ag = - - - a;, = 0 which constitutes a contradiction
and proves the proposition. O

We now present a sketch of proof of lemma X.5.

Proof of lemma X.5. By multiplying both sides of equality (X.6) by |¢ |H1_1/ % and then taking the limit
when ¢ tends to 0, we get, using lemma X.4, Zjeh a; t; = 0, which is equality (L;). Now, fix p in N*.
Starting from equality (X.6) we first

- multiply both sides of equality (X.6) by |§|H1_1/2 and call (X.6 bis) the resulting equality. For any & in
R*, we then take the p'! derivative of both sides of equality (X.6 bis) at point £. We call (E;) the equality
thus obtained. It reads:

% a, fg AL @) =0, veeRr, (Er)

=1 jeI,

where [g(§)](p ) denotes the p'™® derivative of the p-times differentiable map & — g(&).

Now, starting from (E7), we recursively perform the following operations successively for [ = 2, ... r:

- multiply both sides of equality (E;—1) by |§|HZ_H“1+” and call (E;_; bis) the resulting equality.

- take the p* derivative of both sides of equality (F;_; bis) at every point ¢ in R* and call (E;) the resulting
equality.

Equality (E,) then reads:

% a

=1 jeI;

®) (p)
{l”'{hmvﬁHtfaxsn”’waHzfﬁ*p IR I

(p)
H7'7H7'71+p-|

(p)
H,.1H7,2+p‘| |£

=117
=0, VEeR" (Er)
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Lemma X.4 yields that glir% o Ag’) &) = % o t?“, We want to let £ tend to 0 in the previous equality.
—
(p)

¥ (§) = 4o00. Nevertheless, it is easy to show that, for

However, for (I,7) in {1;2;---;7r} x I, lim [---]
£—0

o o . [17) ()
every (1,7) in {1;2;--+;7} x I, %nn

——Lbl >~ exists in C* and is independent of j. Define ¢ :=
50 AT (g) g S P J :

lim [ 17 (€)
£-0 A (&) gl

R such that [-- ]l(’;) (&) = ¢ ¢ Ag)) (&) (14 U;(€)). Equality (E,) then reads

l=1,...,r. Denote, for (I,7) in {1;2;---;7} x I;, U ; : R = C, the continuous map on

Soa > ap g AP 1+ Uiy©) =0, VEER" (X.8)
=1 jel
Upon multiplying both sides of the previous equality by |£ |H17H" we get, for £ in R*
T
Y ag AP L+ Uiy(©) ==Y a Y ay 6™ AP (©) (1 + Uiy (9)). (X.9)
Jje€l =2 JEL

Since Hy > H, for [ in {2;---;r}, taking the limit when £ tends to 0 in (X.9) and using lemma X.4 yields
a i (p+1)" Djen @ t?“ = 0, which is nothing but (L,+1). This ends the proof. O

Remark X.6. Another way to establish that Ry (.,.) defines an inner product on E(R) for H in (0,1) is to
use (3.3) and (3.9).



Chapter 3

Stochastic integration with respect to
multifractional Brownian motion via
tangent fractional Brownian motions

Joint work with E.HERBIN and J. LEVY-VEHEL

Abstract

Stochastic integration w.r.t. fractional Brownian motion (fBm) has raised huge interest in recent years,
motivated in particular by applications in finance and Internet traffic modeling. Since fBm is not a semi-
martingale, stochastic integration required specific developments. Multifractional Brownian motion (mBm)
generalizes fBm by letting the Holder exponent vary in time. The aim of this work is to explore some avenues
in order to give firstly a new definition of mBm that generalizes the already existing one and secondly to
define a stochastic calculus w.r.t. mBm from stochastic integrals w.r.t. fBm.

keywords: Brownian motion, multifractional Brownian motion, Gaussian processes, Skorohod integral white
noise theory, S-transform, Wick-It6 integral, stochastic differential equations.
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1 Introduction and Background

Fractional Brownian motion (fBm) is a centered Gaussian process with features that make it a useful model
in various applications such as financial and Internet traffic modeling, image analysis and synthesis, physics,
geophysics and more. These features include self-similarity, long range dependence and the ability to match
any prescribed constant local regularity. Fractional Brownian motion is a centred Gaussian process indexed
by a parameter, usually denoted H, that belongs to (0,1), and is called the Hurst exponent. Its covariance
function Ry reads:

Ry(t,s) = ZE(EH + |8 — |t — s,
where vy is a positive constant. An fBm with vy = 1 is termed normalized. Obviously, when H = %,
fBm reduces to standard Brownian motion. Various integral representations of fBm are known, including
the harmonizable and moving average ones [73], as well as representations by integrals over a finite domain
[3, 18].
The fact that most of the properties of fBm are governed by the single real H restricts its application in
some situations. In particular, its Holder exponent remains the same all along its trajectory. This does not
seem to be adapted to describe adequately natural terrains, for instance. In addition, long range dependence
requires H > 1/2, and thus imposes paths smoother than the ones of Brownian motion. Multifractional
Brownian motion was introduced to overcome these limitations. The basic idea is to replace the real H by
a function ¢ — h(t) ranging in (0, 1).
Several definitions of multifractional Brownian motion exist. The first ones were proposed in [68] and in
[7]. A more general one was introduced in [75]. In this work, we shall use a new definition that includes all
previously known ones and which, in our opinion, is both more flexible and retains the essence of this class
of processes. We first need to define a fractional Brownian field:

Definition 1.1 (Fractional Brownian field). Let (2, F, P) be a fized probability space. A fractional Brownian
field on Rx (0, 1) is a Gaussian field, noted (B(t, H))(t,H)@Rx(O,l)’ such that, for every H in (0,1), the process

(Bf'),er defined by Bff := B(t, H) is a fractional Brownian motion® with Hurst parameter H.

Note that this definition puts no constraint on the "inter-line" behaviour of the field, i.e. the relation between
(Bf'),er and (Bf""),.p for H # H'. In order to obtain a useful model, we need to control to some extent

1. One might also want to start from a family of {Bms (BH)HE(O,I) (i.e BH := (BtH)zeR is an fBm for every H in (0, 1))
and define from it the field (B(t, H))q gyerx(0,1) by Bt H) = BH. However it is not true, in general, that the field
(B(t, H))(t,H)e]Rx(O,l) obtained in this way is Gaussian.
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these relations. It turns out that the following condition is sufficient to prove all the results we will need in
this section. (E[Y] denotes the expectation of a random variable Y in L'(Q, F, P)):

(1) : V]a,b] C R,V[e,d] € (0,1),3(A,d) € (R%)?, such that E[(B(t, H) — B(t, H'))’] <A |H - H'|67
for every (t, H, H') in [a,b] x [c, d]*.

Note that assumption (#;) is equivalent to the following one:

(H) : V]a,b) x [e.d] € R x (0,1),3(A, 8) € (R})? s.t. E[(B(t, H) — B(s, )’ <A ([t —s|* +[H - H'),
for every (t,s, H, H') € [a,b]* x [c,d]*.

Indeed, since B is a fractional field, for every (¢,s, H) in [a,b]2 x [¢,d], E[(B(t, H) — B(s, H))*] = |t — s|2H.
Then if (H;) is true we have, for all (¢, s, H, H') [a,b]? x [c, d]?,

E[(B(t, H) — B(s, H)’] <2\ (1+[b— a*@) (|t — s + |H — H'").
Thus, we will refer either to assumption (H;) or (H) in the sequel.

Remark 1.1. (i) Assumption (H) entails that the map C : (t,s, H, H') — E[B(t, H) B(s, H')] is continuous
on R? x (0,1)%.

(i1) Let p be an integer such that p(2c A §) > 2. Let k, denote the constant such that E[Y??] = r, (E[Y?])"
where Y is a centered Gaussian random variable. Hypothesis (H) entails that for all (t,s,H, H') € [a,b]? x
[e, d)?,

E[(B(t, H) — B(s, H'))”"] = r, (EIB(t, H) - B(s, 7)) <y A7 (It = s** +H — ')’
< Ky (27\)” max{|t — s|s |H — H/|};D(6/\2c),

where A == A (1+b—a)®V2¢=0/2¢ 2 Ay .= min{z;y} and zVy := max{z;y}. Kolmogorov’s criterion implies
that the field B has a d-Holder continuous version for any d in (0, m). In the sequel we will always
work with this version.

An mBm is defined as follows:

Definition 1.2 (Multifractional Brownian motion). Let h: R — (0,1) be a deterministic continuous func-
tion. A multifractional Brownian motion with functional parameter h is the Gaussian process B" := (Bf)te]R
defined by Bl := B(t, h(t)) for every t in R.

A word on notation: B or BM" will always denote an fBm with Hurst index H or h(t), while B" will
stand for an mBm. Note that B} := B(t, h(t)) = Bf(t), for every real t.

Furthermore, we say that h is the regularity function of the mBm. We will say that the fractional field
(B(t,H)) 4 myerx(0,1) is normalized when, for all H in (0,1), the fractional Brownian motion (Bf)ers
resulting from the fractional field (B(t, H))(, pryerx(0,1), 18 @ normalized fBm. In this case we will also say
that the mBm B" := (B}),. is normalized.

It is straightforward to check that an mBm in the sense of [75, def.1.1] is also an mBm with our definition. [75]
provides the correlation structure of various mBms. In general, it is clear that the correlation structures of
two mBms derived from different fractional Brownian fields will differ whenever the "inter-line" correlations
of the fields differ.

Fractional fields (B(Z, H)) ; ryerx (0,1 leading to previously considered mBms include:

1 eitu -1 — B B
Bi(t,H) := . Amwl(du) ; Bs(t, H) == A (|t — T2 — ) 1/2) Wa(du),

By(t, H) = A ((t _ u)f_1/2 B (—u)f_l/Q) Ws(du), By(t,H) ::A Locuct<ry(t,u) K (t,u) Wy(du),
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[ 2cos(xH)T'(2—2H) i 2H 1/2
where ¢y = (W) » OH = ((1—2H)B(1—2H,H+1/2)> and

H—
[ oy {(%) I/Q(t_u)H—l/z (H —1/2)u?>~H (Mo —u)T=12pH=124qy | if 0 < H < 1/2,
K(t,u) = i

H(2H— 1/2 .
(5(272(?{,1{?1/2)) W21 Yy — w)A=3/2pH=1/2 gy if1/2< H <1,

and where W, denotes an independently scattered standard Gaussian measure on R, i € {2;3;4}, and W
denotes the complex-valued Gaussian measure which can be associated in a unique way to any independently
scattered standard Gaussian measure W; on R (see [75] p.203-204 and [73] p.325-326 for more details on
the meaning of [ f(u) W(du) and [ f(u) W(du) for a real or complex-valued function f in L*(R,du)).
B (t, H) and Ba(t, H) lead to the so-called harmonisable mBm, first considered in [7]. Bo(t, H) yields the
moving average mBm defined in [68]. All these are particular cases of mBms in the sense of [75]. By(¢, H)
corresponds to the Volterra multifractional Gaussian process studied in [18].

This paper is organized as follows. The section 2 is devoted to a new definition of mBm from fractional field
and then to a result of approximation of a mBm by a sum of sequence of fBm. After giving an idea of what
should be a reasonable integral w.r.t. mBm we give, in section 3, a criterion that allows to know when a
sequence of integrals with respect to several fBms converge. We then give a definition of integral with respect
to mBm as a sum of two terms, depending both on, the method of integration and the fractional field from
which the mBm is defined.In section 4 we apply the definition given in section 3 to the Skorohod integral
w.r.t. fBm obtained, using Malliavin calculus, in [3] and show that our integral with respect to mBm is the
one obtained by [18]. In section 5 we first define an integral w.r.t. mBm (from fractional field By). We then
compare it to the one which has been defined in [53] and show that, when they exist, they both coincide.

2 Approximation of multifractional Brownian motion

Since an mBm is just a continuous path traced on a fractional Brownian field, a natural question is to enquire
whether it may be approximated by patching adequately chosen fBms, and in which sense. Heuristically, for
a < b, we divide [a, b) into "small" intervals [t;, ¢;11), and replace on each of these B" by the fBm B¢ where
H; = h(t;). It seems reasonable to expect that the resulting process ). Bg{i]l[t“tmﬂ)(t) will "converge", in
a sense to be made precise, to B" when the size of the intervals [t;,#;11) goes to 0. This idea is further
supported by the fact that the moving average, harmonisable and Volterra mBms are all "tangents" to fBms
in the following sense. This idea is further supported by the fact that the moving average, harmonisable and
Volterra mBms are all "tangents" to fBms in the following sense: for every real u,

Bh o Bh -
{7““* L.t [a,b]} Y Bt [a, b))

rh(u) r—0+

Our aim in this section is to make this line of thought rigorous.

2.1 Approximation of mBm by piecewise fBms

In the sequel, we fix a fractional Brownian field B and a continuous function h, thus an mBm. We aim to
prove that this mBm can be approximated on every compact interval [a,b] by patching together fractional
Brownian motions defined on a sequence of partitions of [a,b]. In that view, define an increasing sequence
(¢n)nen of integers such that gy := 1, 2" < g, < 22" for every n in N*. For a compact interval [a,b] of R
and n in N, let 2" = {xén);k € [0, ¢,]} where ac,(cn) =a+ k:(bq 9 for every k in [0, ¢n] (for integers p
and q With p < q, [p, q] denotes the set {p;p+ 1;---;q}). Now, if we define, for every n in N, the partition

{[ ackﬂ) ke [0,q, — 1]} U {acéf)}, it is clear that A := (A, )nen is a decreasing nested sequence
of subd1v151ons of [a,b] (i.e A1 C A, for every n in N).

For every t in [a,b] and n in N there exists a unique integer p in [0, ¢, — 1] such that x(n) <t < a:g_fl We

will note xin) the real x§,”> in the sequel. The sequence (x§”>)n cn 18 increasing and converges to ¢ as n tends
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to +00. Besides, define for every n in N, the function h,, : [a,b] — (0,1) by setting h,,(b) = h(b) and, for any
tin [a,b), hy(t) = h(:cgn)) The sequence of functions (hy,),, .y converges pointwise to h on [a, b].
Define, for ¢ in [a, b] and n in N, the process

QW,_l

B = B(tha(0) = Y Lo oo (1) Bt b)) + 1y (£) B(b, h(b)). (2.1)
k=0

k k41

Note that, despite the notation, the process B"" is not an mBm, as h,, is not continuous in general. We believe

however there is no risk of confusion in using this notation. B is almost surely cadlag and discontinuous
(n

at times x;, ) kin [0, gx]-

Theorem 2.1 (Approximation theorem). Let B be a fractional Brownian field, h : R — (0,1) be a continuous
deterministic function and B" be the associated mBm. Let [a,b] be a compact interval of R, A be a sequence
of partitions as defined above, and consider the sequence of processes defined in (2.1). Then:

1. If B is such that the map C (defined in (i) of remark 1.1) is continuous on ([a,b])? x h([a,b])* then
the sequence of processes (B ),en converges in L%(Q) to B"i.e

Vi€ [a,b], lim E [(Bf" —Bfﬂ —0.

n—-+o0o

2. If B satisfies assumption (H) and if h is f-Holder continuous for some positive real 3, then the sequence
of processes (B ),en- converges

(i) in law to B", i.e (Bl t € [a,b]} ;i—f;: {Bl; t € [a,b]}.
(ii) almost surely to B", i.e P ({Vt € la,b), lim B! = Bth}) =1.
n—-+oo

Proof. 1. Let ¢ € [a,b]. For any n in N, and using the notations of (i) in remark 1.1,

2
E[(Bl = BE)'] = €t b)), b)) = 2 Ct b, A, b)) + Ot h(0), h(0))
The continuity of the maps h, (¢, H, H/) — C(t,t, H, Hl) and the fact that EIE acl(t") = t entail that
n [oe]

limy, o0 B [(Bf'" — BI)?] = 0.
2. By assumption, there exists 7 in R* such that for all (s,t) in [a, ],

Ih(s) — h(t)] < n|s—t]°. (2.2)

(i) We proceed as usual in two steps (see for examples [16, 71]), a): finite-dimensional convergence and b):
tightness of the sequence of probability measures (P o B"»),,cy.

a) Finite dimensional convergence
Since the process B" and, for every n in N, the process B"» defined by (2.1) are centered and Gaussian it

is sufficient to prove that lim,, . F [Bf BQ”} =F [BfBﬂ for every (s, t) in [a, b]°.
The cases where t = b or s = t are consequences of point 1. above. We now assume that a < s <t < b.
For every integer n in N, we get

E[BB]= Y L 40 (1) L g () B Bt i (£))B(s, B (5)] -
(k,5)€[0,q, —117
We hence get E [Bf"BQ”] =F [B(t,h(xin)))B(s, h(xgn)))} for all large enough integers n, (i.e such that
2 < s < :EE") < t).

The continuity of h, (i) of remark 1.1, and the fact that 1imnﬁoo(m§"), xﬁ”’) = (t,s), entail that

lim E[B/"B!"| = B [B!B!].

n—0oo
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b) Tightness of the sequence of probability measures (P o B"), cx.

We are in the particular case where a sequence of cadlag processes converges to a continuous one. Theorem
page 92 of [69] applies to this situation: it is sufficient to show that, for every positive reals e and 7, there
exist an integer m and a grid {t;};co,m] such that a = to <t; < --- <t,, = b that verify

limsup P max sup |B' - Bl >7} ) <e (2.3)
n——+o00 OSIS™ teft; tigq) '

Let us then fix (¢, 7) in (R%)?. Define [Hy, Ho] := | 1r[1fb]h(u) sup h(u)] and set, until the end of this proof,
u€la u€|a,b

qn = 22" ,n € N. Define F := [a,b] x [Hy, Hy]. The process (B(t, H)) ¢, mer is Gaussian and the space
of continuous real-valued functions defined on F' endowed with the sup-norm is a separable Banach space.
Fernique theorem (see [30, theorem 2.6 p.37]) applies to the effect that there exists a positive real «a such

that A, == F {exp {a sup B(t, H)2}} < +00. Set G:=L +°o 21)6//2, where L is the universal constant

(t,H)eF
in [76, Theorem 2.1.1 p. 33] . Define also D := A (n (b — a)?)® where A and § are the constants appearing
in () and n in (2.2). Let N be the smallest integer n such that

_ 2 _ 2 _ 1/2
T 2, | T ¢t b a GD T €
(2.4)
Set m(T e) = qn and t; := x( ™ for i in [0, m]. Note that this entails that, for all n larger than N,
hn(ti) h(t;). Besides, also as soon as n > N, h,(t) belongs to the set h(]t;, tl+1]) when ¢ € [t;, tiy1] (draw

a picture). Let J™ := P( Jax t [futp : |Bth” - Bth”| > T}) Then
S i1

JI™M < (14 m) max P({ sup  |B(t, hn(t)) — B(ti, hn(t))] > T}) (14+m) ( max L'+ max Q”)

0<i<m tE€ltistien) o<i<m 0<i<m
(2.5)
where
Lpt=P({ sup [B(t,hn(t) — B(ts, hn(t))| > 7/2})

tefti,tiy1)

and

Qyl =P ({ sup  [B(ti, hn(t)) — B(ti, hn(t:))] > 7/2})

te[titit1)

— Upper bound for (1 +m) max L7

oi<m
The couple (i,n) being fixed in [0, m] x N, the process (B(s, hn(t)))se[t, t,.,] is a fractional Brownian motion
of Hurst index h,,(t). Using increment-stationarity and self-similarity of fractional Brownian motion yields:

L'=P ( sup  |B(t — ti, ha(8))] > 7/2)

tE[ti,tiy1)

=P ( sup |tigq — t;|Pm (et ‘B (%, B (u+ m)‘ > T/2>

€0, tip1—t;) it1 — b
-
< P sup |B(v,hn(t;i +v(tiz:s — )| > =— | - 2.6)
(UE[OJ]' (¥ n (s | 2ltip1 — ti|H2 (

Using Markov identity and Fernique’s theorem,
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2
. T 2 o T
LT <P B(v,H)| > ——— | =P B(v,H > {—}
" ( oMLl 2ltip1 — ti|H2) (exp {a o e } P Altipy — ti[>H2 )

(v,H)eF (v,H)eF
_a7-2 a7_2 q2H2
< FE |expqa sup Bt,H2 exp{—}:A exXp [ ——5—
{ (t,H)EF ( ) Alt;q1 — t;|2H2 “ 4lb — a|?H2

< ) o 3
2(l4+qn)  2(1+m)

We have shown that

€
N > TZ _ .
Vi € [0,qn], Yn > N, (I14+m) oglz%(nL <3 (2.7)

— Upper bound for (1 +m) max Qri:

Fix a couple (i,n) in [0,m] x N. Recall that h, (t) belongs to h([t;, t;11]) =: K@ for every ¢ in [t;, t;11). We
hence have,

=:X,(H)

Qi < p({HSEL}Cp(i) B(t:, H) — B(t;, h(t:))] > 7/2}) < ({Hsetllgi)B(ti,H) — B(ti, h(t:) > 7/4}). (2.8)

Observe that the right hand side of the previous inequality does not depend on n any more.
Our aim is to apply [2, (2.6) p.43]. In that view, we first prove the following estimate:

Lemma 2.2. For all i in [0, qn], i = E{ sup Xi(H)} < % <3
Hek® in
Proof of lemma 2.2: Fix i in [0,qy]. We recall some notions from [76]. A sequence C') := (Cy(f))neN

of partitions of K is called admissible if it is increasing and such that Card(C’,(f)) < 22", for every n in
N. Let d; denote the pseudo distance associated to the Gaussian process (X;(H))gexo, (t.e di(H,H') =

(E[(X;(H) — X;(H"))? ]) for every (H, H') in K& x K@),
For (H p) in KO xN, let C ( ) be the unique element of the partition C,(, which contains . The diameter
of C,(, (H) is by definition Az(C’,(, )(H)) = sup d;(H,H'). [76, Theorem 2.1.1] entails that:
(H,H'")eCyp(H)?

i < L VQ(IC(i)vdi)v (29)

where vo(K@, d;) := inf sup > 2v/2 Ai(C]gi) (H)) and where the infimum is taken over all admissible
HeK@ p>0

sequences of partitions of K. Let Hl(z) and HQ(Z) be such that £ =: [H; HY H ] Consider the sequence

of partitions C?) := (C’,(f)) en of K defined, for every integer n, by setting c) = {ly (n),y,(ﬁ_)l) k €

, W) _ g
s Gn — U {yqg, }, where y; and y ==2—1for (n,k) in N x [0, g, — 1].
0,¢n — 1 o)}, where y§" = H{" and y")), — y{™ = T2 for (n,k) in N x [0,
It is clear that C) is a decreasing nested sequence of partitions of IC(’) and is hence admissible. For (Hy, p)

in K9 x N, denote [y,(f;), yl(f;)Jrl) the unique element of C]gi) which contains Hy. Then, using (H),

<Ly 2 suwp sup(EI(X.(H) - X,(H)*)"?
p>0 H()E’C(7)(H H/)G[yl(cz())) yl(cl()))+1)
<L Z 2P/2 gup sup (E[(X:(H) — Xi(H/))Q])l/Q
>0 kG[[O,qpfl]](HyH/) [ (p) y(ljr)l)

, N 5)2
<L AL/2 Z 9p/2 sup |ykﬁ1 _ykp |5/2 — G A2 (H2(z) . Hl(z)) / .
p>0 ke[0,g,—1]
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i i —al? . 1

By Holder continuity of h, HQ( ) H1( ) <ty — P =1 “’q—;l. Using (2.4), we finally get u; < G(JSDT/; <
N N

7/8. O

Note that lemma 2.2 implies that (7/8)% < (7/4 — pi)?. Let’s go back to the proof of tightness. [2, (2.6)
p.43] yields, for all n > N,

Ty 7(7—/4 — :u”L)Q
Qy' < 46XP{ 20z [

where 07 := sup E[XZ-(H)Q}. By definition of (X;(H)) i) and assumption (H):
HeK®) |b _ alBé D
ol A sup [H—h(t:)]" <A7 [ti — 7 = A0’ —F5— = =5
HeK® 5N dn

, 2 38
This yields that Q7" < 4 exp{ 57 f)N } and finally:
Vi € [0,qn], Vn > N, (L+m)  max Q) < % (2.10)

Using (2.7) and (2.10), inequality (2.5) then becomes J™ < ¢ for every n > N, which ends the proof. [

(ii) Almost sure convergence

Denote ) the measurable subset of 2, verifying P(Q) = 1, such that for every w in Q, (£, H) — B(t, H)(w)
is continuous on [a,b] X [Hy, Hz]. Then, for every w in Q, we get:

B (o) = BIW)| = [B(t ha(8) () = Bt A()(W)] = [B(t, h(2 )W) = Bt h(D)(w)] —> 0.

n—+oo
This ends the proof. |
The four fractional fields (Bi(;));cq 4y defined at the end of section 1 verify assumption (%), as shown by
the next proposition:

Proposition 2.3. The fractional Brownian fields B; := (B;(¢, H))(t,H)eRx(O,l)f i € [[1,4], fulfill Assumption
(H1).

Proof: The case of By and Bs:

(3.10) of [75] yields that By (t, i) (2 2ees((1

%F(HJr 1/2) ¢y B (t, H). It is thus sufficient to establish

NeT
(H1) for By. Let [a,b] x [c,d] be fixed in R x (0,1). For all (¢, H, H') in [a,b] x [c,d]?,
, it 1 it 1 2
HH 2] e e
It T E [(B(t7H) - B(t7H )) :| - A CH|§|H+1/2 - CH/|£|HI+1/2 df
ez’t§ -1 2 B o 2
:A : ‘ el Al 13 A I3 (2.11)

For ¢ in R*, the map fe : [c,d] — Ry, defined by fe(H) := i 1] /21 is €1 since H — ¢ is C* on (0,1).
Thus there exists a positive real D such that

V(e H) € R* x [e.d), |fL(H) < D I¢[V2 (14 m(ehl) < D (Je]/27 +1¢[/2~7) (1 + ] ().

Thanks to the mean-value theorem, (2.5) then reads

, eit& -1 2 - N2
1< - w [ (e ) e ) e

1+ In J¢])?
< D |H - H']? (23 /|€|>1 (+nh Lﬂi') dg + (2t)2 /

l€l<1

€124 (1 + | In(je))))? d£>

3 2y 2 (1+1n¢[)? 1-2d 2 ) 2
<@ +T9)D </|§|>1 s der [ 16 (L m(eD)? de) 1 -



3. STOCHASTIC INTEGRALS W.R.T. MBM AS LIMITS OF INTEGRALS W.R.T. FBM 63

Since the two integrals in the last line are finite, assumption (#;) is verified with § = 2.
The case of Bg is settled in [68, proof of theorem 4, (2.10)] and the one of By in [18, Proposition 3, (5)]. O

2.2 Particular cases of Kernel integral representations of the fractional field B

An integral representation of fBm is used, mostly, for analytical computations. It is thus relevant to recast
assumption () in terms of the kernel used in these representations. Two situations are present in the
literature: an integral over a compact interval, and an integral over R. We deal with both in the next
subsections.

On a compact set [0, 7]
In this case (see, e.g [3]), the fractional field (B(t, H)), m)e[0,17x (0,1) is defined by

B(t, H) := /T K (t,u, H) W(du),

where W is a Gaussian measure, K is defined on [0,7]? x (0,1) and verifies u + K(t,u, H) belongs to
L2([0,T), du), for all (¢, H) in [0,7] x (0,1). This case is for instance the one of By. As one can easily see,
the following condition (C) entails (H).

(Ck) :V(e,d) with 0 < ¢ <d < 1,H + K(t,u, H) is Hélder continuous on [c, d], uniformly in (¢, u) in [0, T]?,
i.e I(M,0) € (R})?, Y(t,u) in [0,T)?, |K(t,u, H) — K(t,u, H)| < M |H — H'’.
Condition (Cf) is fulfilled by the kernel K defining By (see [18, Proposition 3, (5)]).

On R

A representation with an integral over R is used for instance in [14, 34]. The fractional field (B(t, H)) ¢, myerx (0,1)
is then defined by B = [z M(t,u, H) W(du) where M is defined on R? x (0,1), and verifies
u — K(t,u, H) belongs to L3(R,du), for every (t,H) in R x (0,1). This is the case for the fields By,
B, and Bjs. Condition (Chs) entails (H):

(Cur) : Va,b] C R,V[c,d] C (0,1),35 € R%,Vt € [a,b],3P; € L*(R,du), verifying sup / |®(w)] du < +o0,
te[a,b]JR

s.t.Y(u, H,H') € R x [¢,d]?, |M(t,u, H) — M(t,u, H)| < ®:(u) |[H — H'|°.
Condition (Cyy) is fulfilled by the kernel M defining By and B (see [18, Proposition 3, (5)]).

3 Stochastic integrals w.r.t. mBm as limits of integrals w.r.t. fBm

Our aim in this section is to show that one may define an integral with respect to mBm by using integrals
with respect to fBms as approximations.

We consider as above a fractional field (B(t, H)) myerx(0,1), but we assume in addition that the field is o
in H on (0,1) in the L?(Q) sense, i.e we assume that the map H — B(t, H), from (0,1) to L?(Q2), is C!
for every real t. We will denote a—B(ﬁ H') the L?(Q)-derivative at point H' of the map H +— B(t, H). The
field (8B£§ it ))(t H)e]Rx(O 1) is of course Gaussian. We will need that the derivative field satisfies the same
assumption (H;) as B(t, H). More precisely, from now on, we assume that B(t, H) satisfies Assumption
(Hz) we deﬁne now,

(H2) : V]a,b] x [e,d] € R x (0,1),H — B(t,H) is C’1 in the LQ(Q) sense from (0,1) to L%(Q) for every
tin [a,b] and (A, o, \) € (Ri) st. E [(g (t,H)— 2B (s, H’)) } <A (|tfs|a + |H7H’|)‘), for every
(t,s,H,H') in [a,b]* x [c,d]*.
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Proposition 3.1. The fractional Brownian fields B; := (B;(t, H))(t H)eRx(0,1)7 € [1,4], verify Assumption

(Ha).
Proof: The proof of this proposition in the case of B; and By may be found in Appendix VI. The ones for
B3 and By are easily obtained using results from [68] and [18] and are left to the reader. O

Let us consider from now on a C'! deterministic function h : R — (0, 1), a fractional field B which fulfills
assumptions (#H;) and (Hz), and the associated mBm B} := B(t, h(t)).

We now explain in a heuristic way how to define an integral with respect to mBm using approximating fBms.
Write the total differential of B(¢, H):

oB

Of course, this is only formal as ¢t — B(t, H) is not differentiable in L2-sense nor almost surely with respect
to t. It is, however, in the white noise sense, but we are not interested in these aspects at this stage. With
a differentiable function h in place of H, this (again formally) yields

dB(t, H) = t,H) dH.

dB(t, h(t)) = %—]:’(t,h(t)) dt+ 1 (¢) gﬁ(t h(t)) dt. (3.1)

The second term on the right-hand side of (3.1) is defined for almost every w and every real ¢t by assumption.
Moreover, it is almost surely continuous as fonction of ¢ and thus Riemann integrable on compact intervals.
On the other hand, the first term of (3.1) has no meaning a priori since mBm is not differentiable with
respect to t. However, since stochastic integrals with respect to fBm do exist, we are able to give a sense
to t %—?(t, H) for every fixed H in (0,1). Continuing with our heuristic reasoning, we then approximate

. n—1 . .
9B (t, h(t)) by lim " ]l[xim,xml)(t) 9B (t, hy(t)). This formally yields:

gn—1
. 0B 0B
B(t, h(t)) ~ ngrfoo ]l[xé”%w‘k’?l)(t) 5 —(t, hy(t)) dt + 1 (t) 5

——(t, h(t)) dt. (3.2)

Assuming we may exchange integrals and limits, we would thus like to define, for suitable processes Y,

qn—

1 k+1 h(:c(" 1 0B
Y; dB = I Y; dB, Y; B — .
A L dB(t, h(t)) = lim Z /w d A () S (b)) d, (3.3)

n—-+oo

where the first term of (3.3) is a sum of integrals with respect to several fBms and the second term is, for
almost every w, a Riemann integral.

The interest of this approach is that one may use any of the numerous definitions of stochastic integration
with respect to fBm, and automatically obtain a corresponding integral with respect to mBm. It is worthwhile
to note that, with this approach, an integral with respect to mBm is a sum of two terms: the first one seems
to depend only on the chosen method for integrating with respect to fBm, (e.g. a white noise or pathwise
integral), while the second is, in most cases, a Riemann integral which appears to depend only on the field
used to define the chosen mBm, i.e essentially on its correlation structure. This second term will imply that
the integral with respect to the moving average mBm, for instance, is different from the one with respect to
the harmonisable mBm. However, as the example of simple processes in the next subsection will show, the
second term does also depend on the integration method with respect to fBm.

Let us now make the above idea precise. We first fix some notations. (M) denotes a fixed method of
integration with respect to fBm (e.g Skohorod, white noise, pathwise, ---). For the sake of notational
simplicity, we will consider integrals over the interval [0,1]. For H in (0, 1), denote fol Y; dM BH the
integral of ¥ := (Y}),c(o4) on [0,1] with respect to the fBm BH | in sense of method (M), assuming it

does exist. With the same notations as in subsection 2.1, we consider a sequence (¢ )nen, a family z(™ =
{:c(n) kE € o, qn]]} (which is defined on [0, 1] by :E(") = q% for k in [0, ¢,]) and the family of partition
A, = {[x;cn) Ik+1 );k €0, — 1]} U {x )} of [0,1]. The following notations will be useful:
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Definition 3.1 ( integral with respect to lumped fBms). Let Y := (Y3),¢(q 1) be a process on [0, 1] which is
integrable with respect to all fBms of index H in h([0, 1]) in the sense of method (M). We denote the integral
with respect to lumped fBms in sense of method (M) by:

qn—

"y, dMphe — > / s 4 () Y dM B e (3.4)
0 k=0 0

Note that the nature of fol Y; dM) B depends on the method (M) of integration. For example, fol Y, dM BH
and hence fol Y, dM) B will belong to L?(2) if (M) denotes the Skohorod integral, whereas fol Y; dM B

and hence fol Y; d(M)Bth" belong to the space (S)* of stochastic distributions when (M) denotes the integral
in the sense of white noise theory.

We will write fol Y; dM) B! for the integral of Y on [0, 1] with respect to mBm in the sense of method (M)
(which is yet to be defined). When we do not want to specify a particular method (M) but instead wish to
refer to all methods at the same time, we will write fol Y, dBth” and fol Y; dB!' instead of fol Y, d(M)Bth”
and [ Y, dM B

In order to gain a better understanding of our approach, we treat in the following subsection the cases of
simple deterministic and then random integrands.

3.1 Example: simple integrands
Deterministic simple integrands

Any reasonable definition of an integral with respect to mBm must be linear. Thus it suffices to consider
the case of Y = 1. Obviously, we should find that fol 1 dB}! = B}'. Let us then compute the limit of the
sequence (fol 1 dB"),en.

In that view, it is convenient to use the S-transform. For a function 7 in the Schwartz space . (R) we will
denote S(®)(n) the S-transform of the L?-random variable ® at point 7 (the reader who is not familiar with
the S-transform may refer to section 5 of this paper where this notion is recalled in the more general setting
of Hida spaces). For a field B and (¢, H,n) in R x (0,1) x .#(R), we shall write g, (¢, H) for the S-transform
at point 7 of the random variable B(¢, H). In other words, g,(t, H) := S(B(t,H))(n).

Proposition 3.2. Assume that the map h is C?, that the map H — g, (t, H) is C? for every (t,n) in Rx.¥(R)

and that (t, H) — glg? (t,H) z's continuous on R x (0,1) fori in {1;2}. The sequence (fol 1 dB!"),en then

converges in L*(Q) to B(1, h(1 fo R (t 6B (t,h(t)) dt, where the second term is a pathwise integral.

Proposition 3.2 implies that, for regular enough fields B and h functions, formula (3.3) does indeed yield
[, 1dB} = BY.

Proof:

Let us first show that fol W (t) 9B(t, h(t)) dt belongs to L*(Q). Cauchy-Schwarz inequality and assumption
(H2) entail:

E{(/ w(e) 2B en) ai )

Let I, := fol 1 dB}'. Thanks to (3.4) we have:
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qn—1 qn—1

h(™) h(z{™) h(z{"™)
Li=> / [ )y (£) 1B, =Y (B A A
k=0 k=0 i *
B (2 a1 (n) h(a™,
=m) 5 (B - BI) (35

k=1

=:Jn

It is thus sufficient to show that the sequence (J,,), oy converges in L*(2) to fol W (t) 9B(t, h(t) dt. Thanks

to [9, theorem 2.3], this is equivalent to showing that the sequence ((S(Jn)(n))neN (respectively (E [JQ} )nen)
2

converges to S(fo1 W (t) 9B(t,h(t) dt)(n) (respectively to E {(fo W(t) SB(t,h(t) dt) }) for all n in .7(R).

Now, for every integer n and 7 in . (R), taking S-transform of J,, at pomt 1 and using two times the finite

l(cn),wl(cn)) in [:U,(cn) ,(Cn)]2 such that

increment theorem, there exist (r

Qn_l Qn_l
h(z() hay”, " " " "
S(In)(m) = S<Bx;n>k )(n)—S<Bx;n>’“ )(77)= > gnlay” @) = o b))
k=1 ' ' k=1
gn—1 ag ol ag
1 k=1
| 4l O /() 1 () vy 09y () (n) 1o (n) 8 (n) (MY 17 (n)
T (G5 (i) W) = G0 (o, o) W) o q_kz orf (1 M) ET).
K. =:Lp

(3.6)

By definition of Riemann integral,

Jin Lo= [0 G en) a= [ o s(Gaene) ma=s ([ wo e ) o
(3.7)

Besides, the assumptions made on the map g, and the mean value theorem entail that there exists a couple
(t,(cn),vl(cn)) in [xgcn),ngl] such that

-1

1 k- n n n n
Kal < 3 (0L = Ha) W) | S i)

k=1

9
)] ™ — 2] ‘ On (’”,h(x}j’))‘).

We hence have,

1% 11
K,| <A — r(™ g MB g™ g <A (1+ <— + —> — 0, 3.8
Kl < 1qn];(n|k O =) < () (S o) o (38)
where Ay := sup |h/(u)] sup ‘gjf,’g (u,v)‘ + sup |A(u)] sup ‘a—ij(u,v)‘.
uel0,1] (u,0)€[0,1]x A([0,1]) wel0,1] ( 0)€[0,1]xh([0,1])
Thanks to (3.7) and (3.8) we get hm S(Jn (fo R (t (t,h(t)) dt) (n) for every n in .Z(R). Tt

2
then remains to show that hm E J2 (fo W (t) 9B(t, h(t)) dt) ]. Using Fubini’s theorem,
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—i0((t15,h (1)), (5)))
1 9B ") H( 0B OB
Q.IEK/O W) S (1, bt > } /0 /0 B ( B[S (6 h() Sn(s,h(s))] ds di.

For the same reason as in (i) of remark 1.1, assumption (Hz) entails that the function © is continuous on

R? x (0,1)2. Thus,

Q= lm — 3 W) W) E 2B )2 @ h))] . (3.9)

2
n—-+o0o
In 1<k j<qn-1

Besides for any n, thanks to (3.6),

1% (0B ) n Dy OB n
ey (55 (= h0r)) W) = o0 (o hiaf™)) ™))
I
1% 9B, n n
=X o (™) ). (3.10)

:.J(Q)

n

In view of (3.9), it is clear that ( (2))n€N tends to @ in L?(2). Let us now show that ( (1))n€N tends to 0
in L?(Q). In a way similar to the computations leading to (3.8), we get

n—1
g iqz ( B ) (™ — 5y 9B (o h(xm))))
no In k k k OH k > k
k=1
1 qn—1
+ J—

/ n aB n n aB n n
p B (w™) ( (s nr™)) = 2= (21, h(a} >))) =: M, + N, (3.11)
" ok=1

oH 0H

Using (3.8), we get on the one hand

1 n n n n n n n n n
EM2 == > W) ) (w —af?) @l -2y e (a2l ), b))
™1k, j<an -1
<A S w2y @iV —alV) < A, (3.12)
=2 k k J J = q,% n—s4oo ’

In 1<k j<gn—1

where we set Ay := sup |[B/(u)]*  sup |© (u,v, h(u), h(v))|. On the other hand, setting As := sup |h/(u)]
uel0,1] (u,0)€[0,1]2 u€l0,1]

and using Cauchy-Schwarz’s inequality and assumption (Hz), we get
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E [NZ] <
As oB (,.(n) (n) oB (.(n) (n) oB (.(n) (n) oB (,.(n) (n)
B 0) < () B ) < 8 )
1<k, j<qn—1
A3 A n n n n A/2
<o 2 (6 = ) R = RG))
"1k, j<gn 1
2 2
Az A(1+n) ) (n)8x Az AL +1Y) 1
== 17 Z [ — a2 ) 2 T Z —
= 2 k k 2 A
o 1<k<an—1 n 1ckia 1
Az A(1+ )
< ——5———£33§tf1—l 0. (3.13)
qn n—-4o00
Inequalities (3.12) and (3.13) show that ( ,(Ll))neN tends to 0 in L?*(Q) which ends the proof. O

Remark 3.3. (i) One can also show that the sequence (fol 1 dB! dt)nen converges almost surely.

(i4) Proposition (3.2) applies to the four fields considered in the introduction, since they all satisfy the
required assumptions: in the case of By, it has been proved in [53, lemma 5.5/, that (t,H) — g,(t,H)
belongs to C(R x (0,1)) for every n in #(R). Moreover, the result is similar when B = Bs, since
[75] example 2 shows that there exist two C* maps H — ag and H — vy from (0,1) to R such that

et —1 — . itu
Bs(t,H) = ag Bi(t, H) +vn L] Wi (d€). Since S(Zu(t)(n) = [z n(w) wi‘ﬁ du for every
R
:ZZH(t)

n in L (R) the conclusion follows. The case of By is similar and left to the reader.

Simple processes

Given the result of Proposition 3.2 it seems natural to set

1 1

/ Y, dMBF = Tim [ Y, dMBM 40 (v), (3.14)
0 n—oo 0

where the process Y is integrable with respect to B"» in sense of method (M), for every n in N, and where

we assume moreover that:

-limy, oo fol Y: d(M)Bf" exist in a sense to be made precise

-the functional @), is defined on the set containing process Y with value in L?*(Q) and fulfills (I)gM)(Y) =

fol W(t) Y 9B(t, h(t)) dt for every constant process (Y3)e[o,1) and (I>§LM)(Y) = 0 as soon as h is constant.

The following examples gives indication of what sould be the functional ®; in general cases.

Examples:
1. Let (M7) denote the White Noise Theory

The reader which is not familiar with integral with respect to fBm in the sense of White noise Theory (also
called fractional Wick-It6 integral) may refer to [34] and [9].

Let m be a fixed integer in N. Define, for every i in [0, ¢ ], t; := z; "

) and let Y be the process defined by
Y; = 32071 Yi 14, 4,,.,1(t) where, for every i, Y; is a centred Gaussian random variable which is F(B")-
mesurable where F(B") denotes the o-field generated by the random variables in the first Wiener chaos of
the mBm B”".

Since the sequence (A, ),en of partitions of [0,1] is nested, we know that, for every integer n > m and

every ineteger 7 in [0, ¢, ], there exists an unique integer k:gn) in [0, g,] such that ¢; = ac](;fw)) We hence have
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istic1] = .’ T or every n > m. Define now S, := f 1B, for every ineteger
tistis RN > m. Defi Sp = [} Vi dMIBM inet

B <h<E -1
n in N. Using (3.5) we get, for every n > m,

QWL_I

tit1 (n) . z (n)
so= > [ v S5 S [ el
(n)
i=0 Jli =0 g_pm YTk
i
(n) (n)
B —1 1
gm—1 Fig1 (n) gm—1 Fig1 (n)
i $k+1 h(l‘;vn)) @ :Ek+1 h(xl(cn))
= E . Y, o W, dtzg E Y, © - W, dt
n n
=0 g™ Tk =0 g™ Tk
(n)
B —1
qm —1 i+1
h(a:(")) h(ib(n))
= E Y; o E (B my =B LS . (3.15)
i=0 e () T o

Using exactly the same method we used to show that (J,,)nen converged in L(Q) to fol R (t) g—g (t,h(t)) dt

k-1 ( h)

in the proof of Proposition 3.2 we get the convergence in L?(2) of the sequence (Zk—k“’”

(n)
"
h(zy”)
:cscn)
product then allow us to write

B ))neN to BZ?H — Bl — ftt%"“ W (t) B(t,h(t)) dt, for every i in [0, ¢y — 1]. The continuity of Wick

qm—1 , ) qm—1 tiga OB
. _ - _ v\ g ! -
where the previous limit holds in L?(Q2). Since we have, for every i, Y; o ftt%"“ W(t) 2B(t,h(t)) dt =
Ji W (@)Y o GB(th(t) dt = [[ W(t) Y, o 9B(th(t)) dt and [/ 1 dMIBP = B! — Bl
equality (3.16) reads,
gm—1 tit1 1 1 8B
> Yio / 1 dMIBM = lim Y d<M1>B§M+/ B(t)Y: o ——(t h(t)) dt, (3.17)
g ti n—ee Jo 0 OH

where the previous equality and limit hold in L?(Q2). Remembering that, in the case of integral with respect
to fBm in the White Noise sense we get the equality

tit1 tit1 tit1
Y <>/ 1 dQBtH:/ Yi d°BtH:/ Y, d°B/,
ti ti t;

for every H in (0,1), and assuming we have an analogous equality, in the case of the integral w.r.t. mBm,
we would then get

tit1 tit tit1
Y <>/ 1 dQBth:/ Y dOBth:/ Y, d°B},
ti ti t;

for the White noise integral we want to define.
Thus we will hence have %' V; o ftt;“ 1 dMOBh = fti"’“ Y, dMOBE = [ Y, dMY Bl Equality
(3.17) will hence read

1 1 1 B
Y, dMIBl = lim [ Y, dMIBM+ [ B Y o a—(t, h(t)) dt,
0 n—oo J 0 OH
where the limit and the equality hold in L?(£2). The previous equality and the fact that natural spaces of
white noise theory are the spaces (S_,), for every p in N (see section 5 below), suggest to define the integral
of any (S_,)-valued process Y := (Y})c[0,1) With respect to mBm, in sense of (M), by setting,
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1 L 0B
Y, dMIBM = lim v dMIBI 4 [ OR(8) Yy o o= (8, h(t)) dt, (3.18)
0 n—oo [q 0 aH

where the limit, the last integral, assuming they both exist, and the equality hold in (S_) for some integer
g in N. This entails in particular that the functional (I>§LM2) is (S_g4)-valued for some ¢ in N and is defined,
assuming it exists, by (I>§LM1)(Y) = fol W(t)Y; o 9B(t h(t)) dt, where the last inetgral is taken in sense of
Bochner. In fact it will be shown in section 5 that this definition of integral w.r.t. mBm in sense of white

Noise theory is relevant since it coincide with the definition of the multifractional Wick-Itd integral given in
[53] (see also definition 5.3 below).

2. Let (M32) denote the Malliavin Calculus

Thanks to [64, proposition 8] and [9, corollary 3.5] we know that fol Y; dMIBH = fol Y; dM2)BE as soon
as Y is integrable w.r.t. fBm of Hurst index H in sense of Ms. Thus if we define T}, := fol Y: d(M2)Bth” for
every n in N, we have T,, := fol Y: d(Mz)Bth" = 5,,. Keeping the same notaions as in the previous example,

Qm

in particular for the simple process Y := (Y;):c[0,1) defined by Y; := 'y, Tt t0,01(), wWe get:

gm—1 qm—

tit OB
h h
lim T, = z; Y; o (B, - B! Z Y; o / W (1) S (t h(t)) dt, (3.19)

where the previous limit holds in L2(£2).
Now, in the case of Skorohod integral with respect to any Gaussian process X := (X¢)e0,1], as it has been

efined in , section 7|, we get Y; ¢ [.° ‘ + thanks to , theorem (7. and where
defined in [47, section 7 Y; o [[* 16X, = [ Vi 6X, thanks to [47, th 7.40)] and wh

f: Y; 0X; denotes the Skorohod integral of Y; on [a,b] w.r.t to X. Assuming this relation remains true for
our Skorohod integral with respect to mBm B”, we then would have by linearity,

QWL_l

am—1 tit1
hy _ M) M h
> Yo HIB)—ZYN[ 1 M B Z;/ Y; dM) B]

i t;

qm —
Z / }/t d(/\/l2)Bh / Y;g d(MQ)Bh

The previous equality and (3.19) then suggest to define the integral of ¥ on [0, 1] with respect to (Msz) by
setting:

B
/ Y; dM2Bh = lim Y d(M2)Bh"+/ B (t) Yy 0 ——(t,h(t)) dt, (3.20)
0

n—o0 0 0 aH

where the previous equality and limit hold in L?(2). This entails in particular that the functional <I>§LM2) is
L?())-valued and is defined, assuming it exists, by @ElM?)(Y) = fol W(t)Y; o SB(t,h(t)) dt, where the last

integral is pathwise (i.e CIDELM 2)(Y)((,u) is defined, for almost every w in €2, as a Riemann integral).
Remark 3.4. A notable advantage of these two definitions is to provide, by construction, the equality

fol Y: d(Ml)Bf = fol Y: d(Mz)Bth as soon as Y 1is integrable w.r.t. mBm in sense of Ms. This result
generalizes the case of integral w.r.t. the fractional Brownian motion.

3. We can also see that, when (Ms3) denotes the Zihle integrale or the Rough path theory (see [29, 79] for
more details), we will want to set

1 1 1
B
/ Y; dM2BP = lim Y; d<M2>Bf"+/ W (t) Yy g—H(t,h(t)) dt. (3.21)
0

n—oo 0 0
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3.2 Integral with respect to mBm in sense of method (M)

In regard of the previous examples it is now possible to give a rigorous definition of integral with respect
to mBm in sense of method (M). More precisely, let (E,|| ||) and (F, || ||) are two normed linear spaces,
endowed with their Borelian o-field noted B(E) and B(F), and Y := (Y}),¢[o ;) be an E-valued process (i.e
Y: belongs to E for every real ¢ in [0, 1] and ¢ — Y; is measurable from (0,1) to (E,B(E)) ). The underlying
method (M) and the space F being fixed once and for all, define for every a € (0, 1),

B = {Y c plol, / Y: d(M)Bf‘ exists and belongs to F} ,
[0,1]

where B* denotes the fractional Brownian motion of Hurst index . Denote also Hg = [  HE.
a€h([0,1])

It is of practical interest to get a criterion which allow us to know when a process Y of H¢, is such that its

integral w.r.t mixed fBm (definition 3.1) converges in F. This the purpose of the next subsection.

A general criterion for the convergence of the sequence ( f[o 1] Y: dBf”) o
’ n

We will always assume that there exists a subset Ag of Hg (maybe equal to Hpg) which may be endowed
with a norm || ||a, such that (Ag, || ||a,) is complete and which satisfies the following property: there exists
M > 0 and a real y such that for all partitions of [0, 1] in intervals A4y, ..., 4, of equal size %,

IY-Tallag +- -+ 1V 1a,lap <M 2X[[Y]|ap- (3.22)

It turns out that there exists a simple suuficient condition that guarantees the existence of the limit
lim,, 00 fol Y; d(M)Bf", when Y belongs to Ag. Define, for n € N, the map

LnAE%F

Y Y; dM B, (3.23)
[0.1]

The following theorem provides a necessary condition under which (L, (Y')),, oy converges in F'.

Theorem 3.5. Let (a,)nen be an increasing sequence of positive integers such that 2" <[]  ax < 2%
0<k<n—1

L'~ 0. Choose the sequence (qn)nen used

for every n in N and such that lim (n(a, — 1)) ( [I ax)
n—+oo 0<k<n—1

in (3.4) such that qo = 1 and qni1 = ayn, ¢ for all n in N. Assume that the function T : Ag x (0,1) = F
defined by

VY € Ag, Ya€(0,1), ZI(Y,a) ;:/ Y, dM BY
[0,1]

is 0-Hdélder continuous with respect to a uniformly in'Y for some positive real 0 > x, i.e. there exists K >0
such that

VY € Ag,¥(a,a') € (0,1)%,  sup || Z(Y,a) —Z(Y, )|z < K |o—a'|%. (3.24)
IYll5, <1

Then the sequence of functions (Lyp)nen defined in (3.23) converges pointwise to a function L : Ap — F.

Remark 3.6. As the following proof will show, it is of crucial importance that the sequence (qn)nen fulfills

the assumption Gn+1 = an qn for every integer n. The condition, [T ar <22 for every n in N, we
0<k<n—1

asked results from section 2 where we have had to assume that 2" < q, < 22" for every integer n. Since we
want to use in the same time the result of section 2 and this theorem it is normal to have this supplementary
condition.
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Proof: The general case being similar we will establish, for sake of simplicity, the proof in the case of the
constant sequence (a,)n,en equal to 2 which obviously fulfills the growing condition. For all n € N and all
Y € Ag we remark, thanks to (3.1), that L, (Y") can be decomposed as

2" —1

_ (M) Rh(w)
Ln(Y) = Z (/[ 2k 2k+1)Yt 4By R SO

k=0 on+12on+1 [2n+1 Yon+1 )

2" —1
Now, Ln1(Y) = ) (

/ Y, do gl +/ ¥, dM G
= 2k 2kt [2hil 2kt

on+1'on+1 on+1onF1

Using assumptions (3.22) and (3.24), one obtains

1L (Y) = L (V)| =

on_1q
3 (2008 [y ) ) T, ) 1))

k=0 o2n+1 onf1°727 F
2" —1
<> Ilz(va h(z)) —Z(v.1 h(Z4))
~ |:2k+1 k+1>7 2n |:2k+1 k+1)7 2n+1
k=0 on+17 21 on+417 27 F
on_1 )
S K Z Y- Lyars1).2-tn) (1).2-7) A ‘h((% +1).27 D) — h(k.27")
k=0
2" —1
<K 9—0(n+1) sup |h’(t)|9 Z HY.]]_[(Qk+1)_2—(7L+1)7(k+1).27‘n) Ap
t€(0,1] =0
<K M 270D sup [B/(1)|727 ||V, -

te[0,1]

It follows that the series »_ _\ (Lny1(Y) — Ln(Y)) converges absolutely for any fixed Y € Ag, and conse-
quently (L, (Y))nen converges to a limit L(Y) as n goes to infinity. O

Definition of integral with respect to mBm in sense of (M)

The previous criterion allow us to define now rigorously the integral with respect to mBm in sense of method
(M). Let us first precise a notation. We will say that an E-valued process (Z):cjo,1) is integrable on
I € [0,1], in sense of F, if [, Z; dt exists:

-for almost every w in sense of Riemann if F' C L?(),

-in sense of Bochner if L?(Q2) C F,

and belongs to F' (the reader who is no familiar wiht the integral in Bochner sense may refer to section 5
below and references therein).

Now, let M) : Ex E — F be the map defined by o) (U, V) := UoV if (M) denotes the White noise theory
or the Mallivin calculus and by cp(M)(U, V) := U V otherwise. For every process Y := (Yt)te[o,l] e El1]

such that the map ¢ — h/(t) M) (Y, 8B(¢, h(t)) is integrable in sense of F', define

M (y) = A L) oM, g—ﬁ(t, h(t)) dt.

We get the following definition.

Definition 3.2 (Integral with respect to mBm in sense of (M)). Assume (M) fulfills condition (3.24) and
let Y := (Yi),e(0,1) be an element of Ap such that the map t — h(t) MYy, ZB (¢, h(t)) is integrable in
sense of F. We call integral of 'Y with respect to mBm in sense of (M), and note fol Y; dMBP, the
quantity
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1 1
/ Y, dMBP = lim [ Y, dM B oM (v, (3.25)
0

n—o0 0

where the limit and the equality hold in F.

Remark 3.7. (i) Contrary to what we might expect in regard of proposition 3.2, the second term on the
right-hand side of (3.25) does not only depend on the choice of the fractional field B but also on the method
(M) of integration with respect to fBm that has been chosen. Note that the same is also true of the first
term on the right-hand side of (3.25).

(ii) The main advantage of expression (3.25) is that any known construction of a stochastic integral with
respect to fBm (e.g. pathwise, Malliavin calculus, white noise, rough path, ...) gives rise to a corresponding
stochastic integral with respect to mBm.

(#9i) Once again, note that E is not necessary a space of random variables (e.g E := (S_,) for some positive
integer p; see section 5 below) and that E could be different of F' as it will be the case in section 5

4 Skohorod integral with respect to multifractional Brownian mo-
tion

In this section, we apply Theorem 3.5 to define a Skohorod-type integral with respect to mBm. The reference

method of integration with respect to fBm here is the one based on Malliavin calculus, as exposed in [3].

We assume throughout this section that H > 1/2 and that h ranges in (1/2,1). For definiteness, we also set

B = By in this section.
Our notations are as follows (for a presentation of Malliavin calculus, see e.g. [6, 63]). Let:

S={R:=f(W(h1),W(ha),...,W(hn)), [ € C;°(R"),h; € L*([0,T]),i=1,...,n}

where W (h;) := f[o,T] hi(s) dWs with W := (W) ej0,77 @ Brownian motion, C3°(R™) is the set of functions
which are bounded as well as all their derivatives. For an element of S, one defines the derivative operator
D as:

DR = Zaif (W (h1), W(ha), ..., W(hn)) hi.
i=1
D extends to the domain D which is the completion of S with respect to the norm:

IRIl,., = (E(R?) +E(IDRI320.1))* -

We denote by ¢ the adjoint of D, and by Dom(d) its domain. More precisely, Dom(d) is the set of u €
L?(2,[0,T7)) such that:
|E(< DR,u >)| < ¢, E(R?)

for all R € S (we use < .,. > to denote the scalar product on L?([0,T]), and d is defined on Dom(d) by the
relation:

E(Rd(u)) = E(< DR, u >).

The operator ¢ is a closed linear operator on Dom(d). It coincides with the Skohorod integral.
Let us now recall briefly the approach of [3] for the construction of a stochastic integral w.r.t. a class of
Gaussian processes. Assume the continuous Gaussian process X may be written:

t
&:/K@gmg (4.1)
0
where the kernel K (¢, s) is defined for 0 < s <t < T and verifies

t
sup / K(t,s)%ds < co. (4.2)
tel0,7]J0
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Define the operator K* on the set of step functions on [0, 7]:

(K*0)(s) == p(s)K (5%, 8) + / P()K (dt, 5) (4.3)

S

where K (s*,s) = K(T,s) — K ((s,T],s). Then the stochastic integral w.r.t. X is defined for processes in
Dom(dx) ([3], formula (12)):
Dom(dx) := (K*)~!(Dom(é)).

For a process v in Dom(dx ), one sets:

In the case of fBm, one has:
t
Bl = / Kg(t,s) dWs,
0

where

5 (4.4)

[M][)
7N
—
|
A~
IS
~—
W=
|
ay
~_
QU
<

and

OHT(Z — H) \?
GH = <r(§ +H)T(2 - 2H)) '

We will index our operators and sets with H, i.e. we will write:
Dom(dg) = (K3;) ! (Dom(d))

for the domain of the Skohorod integral with respect to B and

T T
Sur(v) = /) o(s)5B (s) = /) (K30)(s)5W (s)

for the integral. In other words, dp(v) = §(Kjv).

As the methodology of [3] works in a general framework, one may wonder whether it is possible to apply it
directly to mBm. The prerequisite is to exhibit a kernel K such that (4.1) holds when X is an mBm. This
is indeed the case for By, and the work [18] develops this approach. In contrast, it does not seem to be an
easy task to find such a kernel for the moving average and harmonizable mBms, as they have very different
correlation structures (see [75]). As a matter of fact, we conjecture that such a kernel does not exist for the
harmonizable mBm, based on the following fact: for all ¢1,¢2 in R and Hy, Hs in (0, 1),

E [Bl(tl,Hl)Bl(tQ,Hg)] =E [Bl(tl,HQ)Bl(tg,Hl)] .

This will investigated in a forthcoming work.
We now seek to apply Theorem 3.5 in order to define a Skohorod integral w.r.t. mBm through approximating
Skohorod integrals w.r.t. fBms. In that view, we set F' = L*(Q) and Z(Y, a) = §,(Y).
It is straightforward to check that, for every (t,s) in [0,7]?, the function H + Kg(t,s) is C'. We denote
its derivative by Gp, i.e. G, (t,s) is the derivative of the function H — Ky (t,s) evaluated at Hy. We
associate to Gy an operator G; in a way similar to (4.3). Note that G7; is the derivative of the function
H — Kj;. One easily verifies that Gy fulfils (4.2), so that one may define as above dg(.) := §(G7%;.) for a
suitable class of processes. Let:

D= ﬂ Dom(dx),

Heh([0,1])

and
F = ﬂ Fu,

Heh([0,1])
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where
Fr = (G5) " H(Dom(9)).
Set
A:=DnF,
equipped with the norm [[v][, = supgep(o,1)) E (fOT(K}‘{U)( ) ds) + SUPgen(o.1)) (fo ds) which

satisfies condition (3.22) with x = 0. By definition, dy(v) and fo (G3v)(s)0W (s) both exist for all H in
h([0,1]) and all v in A. Fix (v,s, H,H’) in A x [0,7] x h([0,1])> with H < H’. Consider the function
¢ :Qx[H,H'] = R defined by:

Kipv(w))(s) = (Kpv(w))(s)
H —H '

plw, H1) = (Kg,0(w))(s) = (Kgv(w))(s) — (H1 — H)(

For every w in Q, p(w,.) is C! and cp(w,H) = p(w,H") = 0. As a consequence, there exists H/) in [H, H']
such that Mﬁ( w, H") = 0. Thus, the set A, :={H; € [H,H'] : ( ,H1) = 0} is a non-empty closed subset
of [H,H']. Tt has a minimum, that we denote Hy(w). The map w HO( ) is measurable (i.e. Hp is a
random variable), and so is the map (v, s, H, H',w) — Hy(v,s, H, H ,w).

We wish to estimate ||Z(v, H) —Z(v,H')|| for v in A. As we have just seen, there exists a measurable
function Hy = Ho(H, H',v, s,w) such that:

us) = (Kpo)(s) = (Kgv)(s)
= (H' = H)(G,v)(s).

Thus:

=
<
&
=
<
=
I
=
S

o 0) (8)0W (),

Il
El
|
=
s—
=

and
|Z(v, H') = Z(v, H)|| 2oy < [H — H'[[[v]|

i.e. (3.24) holds with @ =1, E = F := L?(Q) and Ag := A.
In order to define our integral with (3.25), we need to check that h'(t)Y (t) o 22 (¢, h(t)) is integrable. Define

L oB

Ly =
£ ), OH

t
—(s,h(s ))ds=/ L(t,u)dB,

0
with L(t,u) :== [} Gh(s)(s,u)ds. Thus Z is a Volterra process. It follows from Proposition 7 in [64]? that

any process in L?(2 x [0,1]) is Wick integrable w.r.t. Z. This implies in particular that fol MY (t) o
9B (t,h(t)) dt exists for Y in A In addition adapting the arguments in Proposition 8 of [64], one may show

that fol W ()Y (t)o SB(t, h fo R (t)Y (t) §Z; is a Skohorod integral and thus belongs to L?(). We
are then able to set the followmg deﬁnition and theorem.

Theorem-Definition 4.1. Let Y € A. Then the Skohorod integral of Y with respect to mBm is well-defined
and given by:

1 1 1 1
Y; dMIBr .= | Y, 6BF := lim Y: B! + [ B(t) Y(t)o a—B(t,h(t)) dt. (4.5)
0 0 0 0 OH

n—oo

where the equality holds in L*(12).

Remark 4.1. One may verify that the integral defined above coincides with the one studied in [18] when
they are both defined. Comparing their domains would be an interesting task.

2. it is a straightforward computation to check that the conditions of this proposition are verified by L
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5 White noise approach to stochastic integration w.r.t. mBm

One can easily see that the function Ry, defined on R?, by

Cho . L2 2h, . 2hy }

Bu(t, ) Ch(t)Ch(s) { 2 (|t| + 13l [t = s > ) (5.1)
is the covariance function of mBm build from the fractional field By, which has been given at the beginning
of section 1.

In [53] an integral with respect to mBm (built from fractional field B1) has been developed and studied. Our
aim in this section is firstly to define an integral with respect to mBm using definition 3.2 (for M = My,
where (M) still denote the white noise theory ) and, secondly, to compare the integral w.r.t. mBm hence
defined with the one defined in [53]. For this purpose, we have to choose and fix B = By what we do from
now and untill the end of this section®. Before comparing these two integrals w.r.t. mBm, we first need to
particularize the construction of the stochastic integral given in definition 3.2 to B;.

Moreover, since this section is devoted to integral w.r.t mBm in sense of White noise theory, we recall, in
the next subsection, the basic ideas and tools of white noise theory.

5.1 Reminders about White Noise theory and Bochner integral
White Noise theory

Define the measurable space (Q, F) by setting Q := .#"(R) and F := B(.% (R)), where be B denotes the
o-algebra of Borel sets. There exists an unique probability measure p on (£2, F) such that, for every f in
L2(R), the map < ., f >: Q — R defined by < ., f > (w) =< w, f > (where < w, f > is by definition w(f),
i.e the action of the distribution w on the function f) is a centered Gaussian random variable with variance
equal to ||f||%2(]R) under ji. For every n in N, define e, (z) := (—1)" 7= 1/4(2nn!) "/ %ex*/2 4 (¢=2") the nth

dzm

Hermite function. Let ( , Dea family norms defined by |f|z2> = :;’oo (2k +2)* < f,ex >%2(R), forall

1),
(p, f) in Z x L*(R). The operator A defined on .#(R) by A := fdd—; + 22 4+ 1 admits the sequence (e,,)
as eigenfunctions and the sequence (2n + 2),¢cy as eigenvalues.

From now on we will denote as is customary (L?) the space L?(Q2, G, ) where G is the o-field generated by
(<o f>)e r2(r)- For every random variable & of (L?) there exists, according to the Wiener-It6 theorem,

neN

a unique sequence (fy),cy of functions f, in 12 (R™) such that ® can be decomposed as ¢ = :i% I.(fn),
where L2(R™) denotes the set of all symmetric functions f in L2(R™) and I,,(f) denotes the nth multiple
Wiener-1t6 integral of f with the convention that Iy(fo) = fo for constants fy. Moreover we have the

equality E[®?] = Z:i%n! ||fn||2L2(Rn) where E denotes the expectation with respect to p. For any & :=
o I(fn) satistying the condition Y72 n! |A®nf, |2 < 400, define the element I'(A)(®) of (L2) by

n=0
T(A)(P?) := ::z) I,,(A®" f,,), where A®™ denotes the nth tensor power of the operator A (see [47] appendix
E for more details about tensor products of operators). The operator I'(A) is densely defined on (L?) is
called the second quantization operator of A. It is invertible and its inverse I‘(A)f1 is bounded. Let us
denote ||<p||§ = ||<p||?L2) for any random variable ¢ in (L?) and, for n in N, let Dom(I'(4)") be the domain
of the nth iteration of I'(A). Define the family of norms (|| ||p)p€Z by:
@[], = [IT(A)" @[y = [[L(A) P12, Vp€Z, V€ (L?) NDom(I(4)").

For any p in N, define (S,,) := {® € (L?) : T'(4)?® exists and belongs to (L?)} and define (S_,) as being the
completion of the space (L?) with respect to the norm || ||_,- Asin [52], we let (S) denote the projective
pen- The space (S) is
called the space of stochastic test functions and (S)* the space of Hida distributions. One can show that,
for any p in N, the dual space (S,)" of S, is (S—,). Thus we will write (S_,), in the sequel, to denote the
space (S,)". Note also that (S)" is the dual space of (S). We will note < , > the duality bracket between

limit of the sequence ((Sp)),,cy and (S)* the inductive limit of the sequence ((S—,))

3. Of course one can define an integral w.r.t. mBm in sense of definition 3.2, with (M) := (M), for other fractional fields
B and not only for B = Bj.
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(8)" and (S). If @ belongs to (L?) then we have the equality <®,p> =< ®,¢ >12) = E[® ¢]. Since we
have defined a topology given by a family of norms on the space (S)* it is possible to define a derivative and
an integral in (S)*. A function ® : R — (S)" is called a stochastic distribution process, or an (S)™—process,
or a Hida process for every real ty. For every real ¢y, the Hida process @ is said to be differentiable at tq if
lim rL (®(tg +7) — D(tg)) exists in (S)".

For every f in L?(R) we define the Wick exponential of < ., f >, noted : e<~f> :, as being the (L?) random
variable equal to e<-/>~3Ifli. The S-transform of an element ® of (S*), noted S(®), is defined as being
the function from .(R) to R given by S(®)(n) := <®,: <" > for every n in .(R). Finally for every
(@, V) € (S)" x (S)", there exists a unique element of (S)", called the Wick product of ® and ¥ and noted
® o U, such that S(® o ¥)(n) = S(P)(n) S(V)(n); for every n in .7 (R).

Fractional and multifractional White noise

As we will see now, the operators My and % are crucial in the study of an integral with respect to mBm
in the framework of the white noise theory.

Operators My and %

Let H be a fixed real in (0,1). Following [34] and references therein, define the operator My, specified in

the Fourier domain, by My (u)(y) = ‘ZL_H’T |y|1/2_Hﬁ(y) for every y in R*. This operator is well defined on

the homogeneous Sobolev space of order 1/2 — H, denoted L% (R) and defined by L% (R) := {u € Z'(R) :
u="Ty; fe€L}.(R)and ||ul|; <+oo}, where the norm || || derives from the inner product <, >, defined

loc
on L%(R) by < u,v >y = C% Jr <" 27 (€)T (€)de and where ¢y has been given in the definition of the
fractional field Bj. "
The definition of the operator 6%” is quite similar. More precisely, define for every H in (0,1), the space
I'pR):={ue Y R) : u=Ty; fe€L}.(R) and |ulls, ®) < +oo}, where the norm || [[;, ) derives from

loc

the inner product on 'y (R) defined by < u,v >;, = & [z (Ba +1n 1EN? (€] @ (€) T(€) de. Following
H

[53], define the operator 22 from (I'y(R), <, >sa®)) 10 (L*(R), <,>p2(g)), in the Fourier domain, by:
%(u)(y) = —(Ba +nly|) ‘{i; |y|1/27H u(y), for every y in R*. The reader intersted in the properties of

Mpy and % can refer to [53, section 3.2].

Fractional and multifractional White noise

Since we only consider mBm B" with covariance function Rj,, we can write, thanks to [53, (5.10)] and using
the two last subsections,

Almost surely, for every real t, B = By(t, h(t)) =< ., My (Lpo,q) > - (5.2)

However and for sake of simplicity we will only restrict ourselves to the case where ¢ belongs to [0,1]. We
can also write (5.2) under the form

400 t
Almost surely, for every real t, Bl = Z </ Mh(t)(ek)(s)ds) <.ep>. (5.3)
k=0 /0

We are now able to define the derivative in sense of (S)* of the mBm. Define the (§*)-valued process
Wh .= (Wth)te[o,l] by
+oo

whe=S" {%([ Moy (ex)(s) ds)} <> (5.4)

k=0

The following theorem states that, for all real ¢, the right hand side of (5.4) does indeed belong to (S)* and
is exactly the (S)"-derivative of B" at point ¢ of [0, 1].
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Theorem-Definition 5.1. [53, Theorem-definition 5.1] The process W" defined by (5.4) is an (S)*-process
which verifies,in (S)*, the following equality:

—+o0 —+oo t
W =S My (en)(t) < e >+ K1) Y (A %(ek)(s)‘H:h(t)ds) < er>. (5.5)
k=0 k=0
Moreover the process B" is (S)*-differentiable on [0,1] and verifies %(t) =W in (S)".

Once again if the function hg is constant, identically equal to H, we will note W := (W}H) ; and call

te[0,1
fractional white noise the (S)*-process W"0. One can rewrite (5.5), for every ¢ in [0, 1], under the form
0B

Wi =Wy 1 (1) 2 (4 h(2), (5.6)

where Wth(t) is nothing but W{?|_s) and where the equality holds in (S)".

Bochner integral

Since the objects we are now handling with are no longer, in general, random variables, the Riemann or
Lebesgue integrals are not relevant here. However, taking advantage on the fact that we are working with
vector linear spaces, we can use Pettis or Bochner integrals. We know that the space E, defined at the
beginning of section 3.2, will be a space (S—,) for some integer p. The fact that we need to find a norm on
Ap suggests the use of Bochner integral. A very good survey of this topic can be found in [52, p.247]. We
here just recall the definition.

Definition 5.1 (Bochner integral [52],p.247). Let I be a subset of [0, 1] endowed with the Lebesgue measure.
One says that ® : I — (S)” is Bochner integrable on I if it satisfies the two following conditions:

1. ® is weakly measurable on I i.e t —< Oy, p > is measurable on I, for every ¢ in (S).
2. There exists p in N such that @, € (S—p) for almost every t in I and t — |[®:]|_, belongs to LY(1,dt).

The Bochner-integral of ® on I is denoted [, ®; dt. Moreover we will say that ® is Bochner-integrable of
index p.

Propertie 1. If & : I — (S)" is Bochner-integrable on I with index p then we have the following inequality
|7 ®edt|[_, < [rl1®:]]_, dt.

Theorem 5.1 ([52], theorem 13.5). Let @ := (®¢),c( 4] be a (S)"-valued process such that:

(i) t— S(®:)(n) is measurable for every n in 7 (R).

(ii) There exist p in N, b in RT and a function L in L'([0,1],dt) such that, for a.e. t in [0,1], such that
|S(®:)(n)| < L(t) 5 for every ) in Z(R).

Then ® is Bochner integrable on [0,1] and fol ®(s) ds € (S—,) for any q > p such that 2be’D(q — p) < 1
+oo 1
n=1 n2r

where e denotes the base of the natural logarithm and where D(r) is defined by setting D(r) := 2%
for every r of (1/2,400).

5.2 Wick-It6 integral with respect to fBm

The definition of the fractional Wick-It6 integral with respect to fBm or integral w.r.t fBm in the white noise
sense has been firstly given in [34] and then extend in [8] using the Pettis integral. However, in order to use
Theorem 3.5, we need that Y, belongs to (S—_,) for almost every real s. It then seems reasonable to assume
that (Yy),c(o 1) is Bochner integrable on [0,1]. For this reason, we now particularize the fractional Wick-Ito
integral with respect to fBm of [34] and [§] into the framework of the Bochner integral.

Definition 5.2 (Wick-Ito integral w.r.t fBm in Bochner sense). Let H be a fized real in (0,1), I be a Borel
subset of [0,1], B := (B[!),.; be a fractional Brownian motion of hurst index H, and Y := (Y3),c; be a
(S)"-valued process such that

tel
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(i) There exists p € N such that Y; € (S_,) for almost every t € I,

(ii) the process t — Y; o W is Bochner integrable on I

We then say that the process Y is Bochner-integrable with respect to fBm, or integrable on I with respect to
fBm, in the Bochner sense and define this integral by setting:

/y; d°BH .= /Y;owfds. (5.7)
I I

The following lemma, states that every Bochner integrable process is integrable with respect to fBm of any
Hurst index H, in the Bochner sense.

Lemma 5.2. LetY := (Yt)te[o,l] be a (S)*-valued process, Bochner integrable of index pg € N. Then Y is
integrable on [0, 1], with respect to fBm of any Hurst index H, in the Bochner sense. Moreover, for any H in
(0,1), f[o,l] Y, d°BH belongs to (S_,,) for every ro = po+1 if po = 2 and for every ro = po+2 if po € {0;1}.

Proof: Let H € (0,1), po > 2 and r¢ > po + 1 are fixed. For every ¢ in [0, 1], it is clear that t +— Y; o W/ is
weakly measurable since t — S(Y; o WH)(n) is measurable for every n € .%(R). Using [52, remark 2 p.92],
we get, for almost every ¢ in [0, 1], [[V; o W[ < Y2, ||T/VtH||_p0 < +00 and hence Y; o W/ belongs
to (S_y,). Since the map ¢ — |[W/H]|_, is continuous for every integer r > 2 (see [53, proposition 5.9]), we
also get:

1 1
A 1Y o WTI_,, dt < ( sup ||WtH||—p0> A [IY2]|p, dt < +oc.

te[0,1]

This shows that ¢t — Y; ¢ WtH is Bochner-integrable of index rg.
Let us now assume that py € {0;1}. We just have to verifiy that theorem 5.1 applies. The condition (7) is
obviously fulffiled. Moreover, using, [52, p.79] we have for every (¢,7) in [0, 1] x .7(R),

1S(Y: o WY ()| < Vil —po €372 sup [[WH||_, =: L(t) e3!l.
te(0,1]

Since Y is Bochner integrable of index py, it is clear that L belongs to L'([0, 1], dt). Moreover, e2D(rg —pg) <
1, for every ro > po + 2. Theorem 5.1 then allows to conclude that t — Y; o W/ is Bochner integrable of
index 7. O

Remark 5.3. Of course if we make more assumptions on the (S)"-process Y they may lead to f[o,l] Y, d°BH
belongs to (L?). See [53, sections 6 and T] for some examples.

The following lemma, the proof of which is obvious in regard of hypothesis (H2), will be useful in the proof
of the proposition 5.5 below.

Lemma 5.4. For every integer p in N and every real t in [0,1], the map (t, H) — %%1 (t, H) is continuous
from [0,] into ((S—p), | |l,)- In particular, for every subset [a,b] of (0,1) there exists a positive real £ such
that:
0B
Vp e N, sup —1(3, H)‘ < k. (5.8)
(s, el x o)l | OH —p

5.3 Stochastic integral with respect to mBm

The purpose of the next proposition is to show that we can apply Theorem 3.5 to the Wick-It6 integral w.r.t
fBm and hence define an integral w.r.t to mBm. Let py be a fixed integer in N and sg > max{py + 1;3} be
fixed in N. Define E := (S_,,) and F':= (S_,). By definition we have the equality

My = {(Ytne[o,u € (Sop)®: [ ¥id®Bf € (S_s), Vo h([0. 11)}.

[0,1]
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Define also the set

Ap = {(Yt)te[o,l] c (S_po)]R : 'Y is Bochner integrable of index pg on [0, 1]}

and the norm || ||a, on Ag by [|®||a, := fol |®¢]|—p, dt. The inclusion Ap C Hg results from lemma 5.2.
Moreover the fact that (Ag, || ||a,) is complete is a straightforward consequence of [44, Theorem 3.7.7 p.82].
The notations being fixed above we get the following

Proposition 5.5. The white noise theory method (i.e (My)) fulfills conditions (3.22) and (3.24). Moreover,
for every process Y := (Yi),¢(0,1) Bochner-integrable on [0,1], the map t — h'(t) M (Y, %]?j (t,h(t)) is
integrable in sense of F'.

The proof of this proposition stands on the two following lemmas.

Lemma 5.6. (M) fulfills conditions (3.22) and (3.24).

Lemma 5.7. for every process Y := (Y1),¢(o 1) Bochner-integrable on [0,1], the map t — h'(t) Yto%];’{l (t,h(t))
is integrable in sense of F'.

Proof of lemma 5.6: Since (S_,,) C (S—2) if po belongs to {0;1}, we assumme from now that py > 2 and
that sg > po + 1. Let Ay, As, -+, A, are some fixed disjoint borelians of [0,1]. We get

n n 1 n 1
S Vil =Y / VL4, ()]s <3 / 14, ()|, ds
k=1 k=1 0 k=1 70

1 n
</ (Zﬂm(s)) 1Yl _pyds < [Vl (5.9)
k=1

Besides we know, thanks to lemma 5.2, that Y is integrable with respect to fBm, in the Bochner sense, for
any Hurst index o in (0, 1) and that Z(Y, a) = [, ;) Y2 dB{* belongs to (S—s,). Now for any (a,a’) in (0, 1)%,
we get, using the same arguments we used in the proof of lemma 5.2,

IZ(Y,0) — (v a)||_.. = H /[ Yoo (W =) dt\

1
</ Vil W =Wl dt
—s0 0

< ( sup ||[W2 Wta’||_p0> IY']|,,, and then
te[0,1]

sup ||Z(Y,a) — Z(Y,a')||_,, < s%p]IIWt“folll_m (5.10)
telo,1

S0
1V 11y, <1

Furthermore, we have |[|[W2 — V[/t‘)‘/||27170 =0 (M“(e")(;tg;é\fngéek)(tw. For every (t,k) in [0,1] x N, define

fer 1 (0,1) = R by frr(a) := Mq(er)(t). Thanks to [53, lemma 5.5] we know that f;j is differeientable on
(0,1), for every (t,k) in [0,1] x N, and that its derivative, noted f;, satisfies f; (o) = %[Ma(ek)(t)] =
oM,

5.> (ex)(t) where the operator aé\ia has been defined in [53, section 3.2]. Using point 1 of [53, lemma 5.6]
and then the meanvalue theorem we get for every [a,b] C (0,1), the existence of a positive real p such that

for all (¢,a,c/, k) € [0,1] x [a,b)* x N, |Ma(er)(t) — Mo (ex)®)] < p (k+ 1)*® In(k + 1) |a — o).
We hence have |[|[IW2 — Wtal||2_p0 <p?la—o ::3 G i (kt) 49 finally, using (5.10), we get

2270 (k+1)2P0
sup  [|Z(Y, &) = Z(Y, o')||_, < |a = &[ vy, (5.11)
Y5, <1
e +oo In? k 1/2 . . . . . .. ’
where v, = p ( b1 W) which is finite since pg > 2. Since 7,, is independent of o and o/,

Theorem 3.5 applies and gives us the existence of lim,,—, 4 o f[o 1] Y: dOBth" in (S_g,)- O
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Proof of lemma 5.7: Let pg > 2 and sg > po + 1 are fixed. Using the same arguments as in the proof of
lemma 5.2 we easily get the weak measurability of ¢ — h'(¢) Y; o aBl =+ (t,h(t)) on [0,1] and, using lemma 5.4,

sup ||‘9B1 (s, H) ||7p0 < K, for every pg. We hence get
(s,H)€[0,1] x h([0,1])

0B, ‘
Bt Y, o t,h(t < ||Ysl| sup |h/(s ) sup s, h ‘ < +o0.
(t) Ye o -7 (8, h(?)) » Y5l _p, (se[m]l (s)] Sup é)H( (s)) .
Thus there exists § € R%, such that fol [|W(s) Yo aBl (s,h(s H s < 5f01 |1Ys]|_,, ds < +oo which
shows that fo W (t) Yio aBl =+ (t, h(t))dt is well defined in sense of Bochner. O

Corollary 5.8. Let (ap)nen and (gn)nen are two sequences of integers that fulfill the growth condition of
Theorem 3.5, then the element fol Y, d(Ml)Bth defined by

1 1 1 B,
Y; dMIBE = lim Y dMIBM [ B () Vo 0 “—L(t,h(t)) dt, (5.12)

0 n—oo [q 0 OH
where the limit and the equality hold in (S_s,), is well-defined and belongs to (S—s,), where sg has been
defined at the beginning of this subsection.

Proof: Obvious in regard of Proposition 5.5, Theorem 3.5 and Definition 3.2. 0

5.4 Comparison between integrals in sense of (M;) and Wick-Ito integral w.r.t.
mBm

The definition of the multifractional Wick-Itd integral with respect to mBm or integral w.r.t mBm in the
white noise sense has been given in [53]. In order to compare it to the integral w.r.t mBm defined by (5.5),
we now particularize the multifractional Wick-It6 integral w.r.t mBm, defined in [53] in the Pettis integral
framework, into the Bochner integral framework.

Definition 5.3 (Wick-It6 integral w.r.t mBm in Bochner sense). Let I be a Borelian connected subset of
[0,1], B" := (B[),.; be a multifractional Brownian motion and Y := (Y;),.; be a (S)*-valued process such
that:

(i) There exists p € N such that Y; € (S_,) for almost every t € I,

(ii) the process t — Y (t) o W} is Bochner integrable on I.

We then say that the process Y is integrable on I, with respect to mBm, in the Bochner sense and define this
integral by:

tel tel

/YS d°Bl .= /Ysowfds. (5.13)
I I

Remark 5.9. (i) Of course this definition generalizes the defintion 5.2 since we recover definition 5.2 when
the function h is identically constant on I, equal to H.
(i4) Using the definition of (Wth)te[o " [53, proposition 5.9/, and the proof of lemma 5.2, it is clear that

every (8)"-valued process Y := (Yi),cr» Bochner integrable on I of index po, is integrable on I with respect to

mBm, in the Bochner sense. Moreover f[o L dB?M belongs to (S_,,), where ro has been defined in lemma
5.2.

We now have two integrals with respect to mBm using white noise theory. The first one, which is noted
f Y; dMV) B has been defined in (5.12) and the second one, which is noted [; Y, d°B, has been defined
n (5.13).

In order to compare these two integrals with respect to mBm when they both exist, it seems natural, in
view of lemma 5.2, proposition 5.5 and of the previous remark, to assume that ¥ = (Yt)te[o,l] is a Bochner
integrable process of index pg € N. The space £/ and the norm || ||, ~will then be taken as stated in
Proposition 5.5. The following theorem shows that the integrals f[ Y; dMYD B and f[o,l] Y; d°B! are

0,1]
equal, assuming they both exist.
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Theorem 5.10. Let Y = (Yt)te[o,l] be a Bochner integrable process of index pg € N. Then Y is integrable
with respect to mBm in both sense (5.12) and (5.13). Moreover [, Vi dMYI B and Jo Ve d°B} are equal
n (8*).

Proof: Since Y is a Bochner integrable process of index pg € N, we know, thanks to proposition 5.5 and to
(i1) of the remark 5.9, that [, ;Y dMU B exists in (S_,) and Joy Ys d®B" exist in (S_,,), where sg has
been defined just above proposition 5.5 and ¢ has been defined in lemma 5.2. Moreover, thanks to (5.12)
and using (3.4) and (5.7), we can write, in (S_s,),

1
/ Y, dMIBP = lim Yt dM) gl +/ B (t) Y %];’{ (t,h(t)) dt
0

i K& ! 1 Y, (Ml)Bh(zl(c")) ! ’ Y. o 0B; d
= Jim 3 [t @ Y a0 B 4 [ Yo G ) a
QW_l 1
L h(z{™) , 0By
= lim z_; / (500 2)) (t) Y; oW, dt +A W () Yeo Zor (th(t) dt. (5.14)
Besides, thanks to equality (5.13) and using (5.6), we have, in (S_,,),
o nh ! h(t) ! / 0B,
Y, d°Bh = | VoW dt+ [ N(t) Yo S2L(t, (1)) dt. (5.15)
[0,1] 0 0 OH
Since sg > ro we have (S_,,) C (S—s,). Thus we hence just have to show that, in (S_s,),
an—1 b)) 1 .
= lim Y / e o0 (8) Yo o Wy dt is equal to M(Y) = / Yo WM at.
n—oo =0 k T k+ 0

Since L(Y) and M (Y) both belong to (S_s,), it is sufficient to show that they have the same S-transform.
Let n be fixed in .(R), using [52, theorem 8.6] we get

n— oo Ty T k+1

an 2
S(L(Y))(n = lim S <Z / BONON t) Y: <>Wh( ) dt) ("7)
Using now (i7) of [53, theorem 5.12] we get,

Qn_ (")

SN = m > [ s sov ) ai
k=0 7%k
= dm_ /[011] S(Yz)(n) <kz_:0 Lo g 271)1)( ) M (o i"))(n)(t)> dt. (5.16)

Furthermore, thanks to [53, lemma 5.5], we know that the map (¢, H) — Mg (n)(t) is continuous on every

compact set of R x (0,1). Define K, := sup My (n)(t). For every n in N and ¢ in [0, 1] we have,
(t,H)€[0,1]xh([0,1])

Qn_l

Z Lo o (F) M,L(mgcvn)(ﬂ)(t)

T ’k+1

< sup My (n)(t) eXlo ||

I_
(t,H)€[0,1] xA([0,1]) o

< K, el ||y, (5.17)

||—po'

2
Since the map ¢ — K, e/ [|Y: belongs to L'(R,dt) and since it is clear that, for almost every t in

[07 1]7

||—po

qn—1

Jim 1[155)@5;31)(75) Mh(x;;)) (M) (t) = My (n)(t),
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the dominated convergence theorem applies and gives us, using (5.17),

swwmm=/

[0,1]

anmﬁMwmmwwzf

S(Y; S th(t) -9 g th(t)d ,
[ s SO de=s ([ veewi )

The injectivity of the map S : ® +— S(®) from (5)* into itself provides the equality L(Y) = [, Y}thh(t) dt,
which ends the proof. O

Remark 5.11. Thanks to the previous theorem we can use the Ito formulas and the Tanaka formula we
obtained in chapter 2 (sections 6 and 7) for multifractional Wick-Ité integral.

V1 Appendix

Proof of proposition 3.1 in the case of B; and B,

Once again it is sufficient to establish the proof for By. Let [a, b] X [¢, d] be fixed in R x (0, 1) and (¢, s, H, H')
be fixed in [a,b]* X [¢,d]*. We know, (see [34, section 2| for example) that, a.s By (¢, H) :=< ., My (L) >,
for every (¢,H) in R x (0,1). Thanks to [53, Lemma 5.5, Proposition 3.8 and remark 3.9] we know that
t the map H — Mpy(ljgy) is C1, for every real t, from (0,1) to L?(R). It is then clear that the map
is H — By(t,H) is C* for every real t and that its derivative, noted %1?{1 is such that: almost surely,
%(t, H)=<., %(1[07,5]) > for every (¢, H) in (0,1). Note moreover that the previous equality also holds

in L?(Q) and that the process (% (t, H))t,m)erx (0,1) is Gaussian and centred. Now and still using notations

of [53], we get E[G54 (¢, H) G54 (s, H')] = < B (1p0.0), T (1po,4) > for every (¢, H) € R x (0,1). We

L2(R)’
hence have

2 2
J i =E[(3 )~ B s D) | = 125 (Lo = Lol [ agey

1—-2H _ iy(t—s) 2
= [ G mp? P [
H R

In2

where Sy = g—g Let 7 be fixed in (0,¢) and M := e = . Note that M > 1 and that |y|” > 2 for every y
such that |y| > M. We hence have:

_ 1— eiy(tfs) 2 _ 1— eiy(tfs) 2
Ji= (B + I fy))? [y' " ‘72 dy + (B + I [y])? [y' " ‘72 dy
" Jlyl>M Y " Jly|l<Mm Y
- T (Brr + In|y|)?
<+ Br +1Iny)? [y 2" t—52|y| dy+t752?—2/ " dy
C?{ \y\>1\/l ( | |) | | | | |y|2 | | qu |y|<M |y|2H_1
(B +Iny|)? (B +Iny|)? 2
<|t—8|2i (/ 7dy+/ 7653/ ::lt_5| Q(H)
c? ISy, |y|1+2(H—T) lyl<M |y|2H 1
Since Ay := sup Q(H) < +oo, we get
Hele,d] OB OB 2 2
E (9Bt H) — (s, H)) | < A Jt— s (VL1)
2 .
Besides, we get E {(%]?j (t,H)— 281 (t,H’)) ] = [g |1 —¢€"™|? (g,(H) — gy(H"))? dy, where the map g, :
(0,1) — R is defined by g, (H) := (B%:“y‘) ly|'/2=H for every y in R*, on (0,1). It is clear that g, is O

on [e,d], for every y in R*. The mean value theorem then applies and we know that there exists a positive
constant K, which only depends on [c, d], such that
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2 .
B[( 01~ B )] <P K [ 1= )P dy

where ®(y) := 1+ (|y|1/2’c + |y|1/2*d) (1 + (1+ 1n|y|)1n|y|> for every y in R*. Since Ay := K [ [1 —
e |2 |®(y)|? dy < +oo, we have proven that

E[(Br (1)~ B 1))°] < Ay |~ (V1.2)

Setting A := 2(A; + Ag) and using (VI.1) and (VI.2) we finally get:

B[(Br 1) - Ba(s, 1)) < 2B [(B 1) - Bo(e 1) | + 28 [( B ) - B, 1)

<A (ft—sP+|H-H'). O



Chapter 4

Multifractional stochastic volatility
models

Joint work with S.CORLAY and J. LEVY-VEHEL

Abstract

The aim of this work is to advocate the use of multifractional Brownian motion (mBm) as a relevant model
in financial mathematics. Multifractional Brownian motion is an extension of fractional Brownian motion
where the Hurst parameter is allowed to vary in time. This enables the possibility to accommodate for
varying local regularity, and to decouple it from long-range dependence properties. While we believe that
mBm is potentially useful in a variety of applications in finance, we focus here on a multifractional stochastic
volatility Hull & White model that is an extension of the model studied in [24]. Using the stochastic calculus
with respect to mBm developed in [53], we solve the corresponding stochastic differential equations. Since
the solutions are of course not explicit, we take advantage of recently developed numerical techniques, namely
functional quantization-based cubature methods, to get accurate approximations. This allows us to test the
behaviour of our model (as well as the one in [24]) with respect to its parameters, and in particular its
ability to explain the smile effect of implied volatility. An advantage of our model is that it is able both to fit
smiles at different maturities, and to take into account volatility persistence in a more precise way than in [24].

keywords: Hull & White model, functional quantization, vector quantization, Karhunen-Loéve, Gaussian

process, fractional Brownian motion, multifractional Brownian motion, white noise theory, S-transform,
Wick-It6 integral, stochastic differential equations.
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Introduction

Volatility in financial markets is both of crucial importance and hard to model in an accurate way. It
has been long known that a constant volatility as in the Black & Scholes model is not consistent with
empirical findings, such as the smile effect. More basically, there is no reason to expect that instantaneous
volatility should be constant. Popular models allowing for a varying volatility include ARCH models and
their generalizations, stochastic volatility models and local volatility models. Local volatility models, in
particular, enable the possibility to mimic in an exact way implied volatility surfaces. However, such models
do not take into account another well documented fact: while stocks do not typically exhibit correlations,
volatility does display long-range correlations (see, e.g. [4]). Stochastic volatility models, in contrast, are
able to incorporate this feature, provided an adequate driving noise is used. In [24, 23], this is performed by
using fractional integration. More precisely, the model considered in [24] for the dynamic of the price of a
risky asset reads as follows:

{ dSy = p(t, Sy)dt + SpodWy, (0.1)

dln(ot) = 0 (u — In(oy)) dt +~vdBf, o >0,

where W is a Brownian motion and B! is an independent fractional Brownian motion (fBm) under the
historical probability. Fractional Brownian motion is an extension of Brownian motion, parametrized by
a real H in (0,1), which has constant local Holder regularity equal to H and whose increments display
long-range dependence for H > 1/2. Such a model is consistent with the slow decay in the correlations of
volatility observed in practice. It also accounts for two features related to the measured smile effect: the
volatility process is less persistent in the short term than a standard diffusion, while it is more persistent in
the long run (23, p. 3|). We verify this fact in the case of Model (0.1) numerically in Section 6. However,
by the very nature of this model, the evolution in time of the smile is governed by the single parameter H.
In this work, we replace fBm appearing in (0.1) with a more general process called multifractional Brownian
motion (mBm). Multifractional Brownian motion is an extension of {Bm where the Hurst parameter H is
replaced by a function h. This enables the possibility to accommodate for non-stationary local regularity,
and to decouple it from long-range dependence properties. Indeed, there is no reason to believe that the
regularity of the volatility should be constant. In addition, graphs of estimated historical volatility (see, e.g.
[4]) seem to indicate that this process is highly irregular. Modelling this evolution with the help of an fBm
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would thus require to choose a “small” H, i.e. H < 1/2, which is not compatible with long-range dependence
properties. In contrast, mBm has at each time ¢ local regularity h(t), and, no matter the value of h in (0, 1),
always display long-range dependence as long h is not constant. In addition, as we will show from numerical
experiments, the model (written in a risk-neutral setting):

{ dFt = FtO'tth,
dln(oy) = 0 (1 — In(0y)) dt + yd° Bl + v,dW¢, 00 > 0, (0.2)
d<VV7 Wg>t = pdta

where B! is an mBm, yields shapes of the smile at maturity 7' that are governed by a weighted average of
the values of the function A up to time 7": thus, by adequately choosing h, one may mimic a given implied
volatility surface more faithfully than with a Hull & White model driven by fBm (the calibration of h for
this purpose will be addressed in a forthcoming work).

In order to give a rigorous meaning to the model above, a stochastic integral with respect to mBm must be
defined. Multifractional and fractional Brownian motion are not semimartingales, thus classical 1t6 theory
does not apply to them. At the time [24] was written, no theory for integration with respect to fBm was
available yet. Various approaches have been developed since. Among these, the one based on white noise
theory is well fitted for an extension to mBm. In particular, it allows to deal with any H € (0,1) and to
obtain Ito6 formulas. This integral was developed in [34, ?, 13], and applied to option pricing in a fractional
Black and Scholes model in [34]!. The white noise based stochastic integral was extended to mBm in [53].
This is the theory we will use in order to study precisely our stochastic volatility models.

While we focus here on the multifractional stochastic volatility model (0.2) (we also briefly consider a
multifractional SABR model with 8 = 1 in Section 5), we would like to mention that mBm is useful in a
variety of applications in finance (see [1]| for a partial list of articles dealing with mBm in this field).

In order to assess the relevance of our model, we compute numerically the smiles at different maturities.
Since the solution cannot be written in an explicit form, we need to resort to approximations. In our case,
this is made possible by recent advances in the theory of functional quantization of Gaussian processes.
Functional quantization of Gaussian processes has become an active field of research in recent years since
the seminal article [56]. As far as applications are concerned, cubature methods [66, 27] and variance
reduction methods [28, 54] based on functional quantization have been proposed. However, as the numerical
use of functional quantizers requires the evaluation of the Karhunen-Loéve eigenfunctions, this method was
restricted to processes for which a closed-form expression for this expansion is known, such as Brownian
motion. In [26], a numerical method was proposed to perform numerical quadratic functional quantization
of more general Gaussian processes, which will be applied here to multifractional Brownian motion.

We show that we can handle a fast and accurate forward start option pricing in this model thanks to a
functional quantization-based cubature method similar to the one proposed in [66] and in [27]. This allows
us to study the dependency of the smile dynamics on the functional parameter of the considered mBm.
The remaining of this paper is organized as follows. We recall in Section 1 basic facts about mBm. In
Section 2, we explain how to perform functional quantization of mBm and investigate the rate of decay of
the corresponding quantization error. Quantization-based cubature is also addressed in this section. Section
3 is devoted to recalls on the white noise based stochastic integral with respect to mBm. It also shows how
to solve some stochastic differential equations (S.D.E.) in this frame and presents general remarks on the
quantization of solutions of S.D.E. A detailed treatment of the Hull & White and SABR models are proposed
in Sections 4 and 5. Numerical experiments and conclusions are gathered in Section 6.

1 Recalls on multifractional Brownian motion

Fractional Brownian motion (fBm) [51, 60] is a centred Gaussian process with features that make it a
useful model in various applications such as financial and teletraffic modelling, image analysis and synthesis,
geophysics and more. These features include self-similarity, long-range dependence and the ability to match
any prescribed constant local regularity. Fractional Brownian motion depends on a parameter, usually

1. Such a fractional Black and Scholes model raises some financial and economical issues, see [10, 17].
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denoted by H and called the Hurst exponent, that belongs to (0,1). Its covariance function Ry reads:
YH /1, 2H 2H 2H
Rp(t,s) = (1t + s — [t = s[77),

where ~yg is a positive constant. A normalized fBm is one for which vy = 1. Obviously, when H = %, fBm
reduces to standard Brownian motion. While fBm is a useful model, the fact that most of its properties
are governed by the single number H restricts its application in some situations. In particular, its Holder
exponent remains the same all along its trajectory. Thus, for instance, long-range dependent fBm, which
require H > %, must have smoother paths than Brownian motion. Multifractional Brownian motion [68, 7]
was introduced to overcome these limitations. The basic idea is to replace the real H by a function ¢ +— h(t)
ranging in (0, 1).

The construction of mBm is best understood through the use of a fractional Brownian field. Fix a probability
space (92, F, P) and a positive real T. A fractional Brownian field on [0, 7] x (0, 1) is a Gaussian field, denoted
(B(t, H))(t,m)e[0,1x(0,1), such that for every H in (0,1) the process (BtH)tE[O’T]7 where BY = B(t,H),
is a fractional Brownian motion with Hurst parameter H 2. For a deterministic continuous function A :
[0,T] — (0,1), we call multifractional Brownian motion with functional parameter & the Gaussian process
B = (Bth)te[o,T] defined by BJ' := B(t,h(t)). We say that h is the regularity function of the mBm.
The fractional field (B(t, H)); mryej0,7]x (0,1) 18 termed normalized when, for all H in (0, 1), (Bg{)te[O’T] is a
normalized fBm. In this case we will also say that B is normalized.

In order for mBm to posses interesting properties, we need some regularity of B(t, H) with respect to H.
More precisely, we will always assume that B(¢, H) satisfies the following condition:

VT € R%,V[e,d] € (0,1),3(A,8) € (R%)? such that )
E[(B(t,H) —B(t,H"))?| <A |H — H’|6 for every (t, H, H') in [0,T] x [c, d]?.
Under this assumption, and if the functional parameter h is continuous, then the associated mBm has a
continuous modification.
The class of mBm is rather large, since there is some freedom in choosing the correlations between the
fBms composing the fractional field B(¢t, H). For definiteness, we will often consider in this work the so-
called “well-balanced” version of multifractional Brownian motion. Essentially the same analysis could be
conducted with other versions. More precisely, a well-balanced mBm is obtained from the field B(¢, H) :=

itu_q

ﬁ Jr |S‘Hﬁ/QW(du) where W denotes a complex-valued Gaussian measure (cf. [75] for more details).

We show in Proposition 2.8 that assumption H is satisfied by the well-balanced fractional Brownian field (in
fact, it is verified by all mBms considered so far in the literature). The proof of the following proposition
can be found in [5]:

Proposition 1.1 (Covariance function of well-balanced mBm). The covariance function Ry, of well-balanced

mBm is given by
2

Chy,, <1 2 21 21 )
R (t =5 (= (|t t,s Vs | — Ut,s 1.1
(ts) = o (g (e sl — e = sPec) ) (L1)

2
where by = MO and e, = (i )

The other main properties of mBm are as follows: the pointwise Holder exponent at any point ¢ of B
is almost surely equal to h(t) A Bi(t), where B (t) is the pointwise Holder exponent of h at ¢ [39, 41]. For
a smooth h, one thus may control the local regularity of the paths by the value of h. In addition, the
increments of mBm display long range dependence for all non-constant h(t) [5]. Finally, when & is C*, mBm
is tangent to fBm with exponent h(u) in the neighbourhood of any u in the following sense [35]:

2. An alternative definition would be to start from a family of fBms (BH)He(o,l) (i.e. BH .= (BtH)te]R is an fBm for every
H in (0,1)) and define from it the field (B(t, H)) . mye(o,1)x (0,1) bY B(t, H) = BH. However it is not true, in general, that
the field (B(t, H)) ;. 11ye(o, 1) (0,1) ©Ptained in this way is Gaussian.



2. FUNCTIONAL QUANTIZATION OF MULTIFRACTIONAL BROWNIAN MOTION 89

r—0+t

Bth . — Bh . B
{W;te[avbl}%{& ; t € [a, 0]},

These properties show that mBm is a more versatile model that fBm: in particular, it is able to mimic in a
more faithful way local properties of financial records, Internet traffic and natural landscapes [15, 55, 33] by
matching their local regularity. This is important e.g. for purposes of detection or real-time control. The
price to pay is of course that one has to deal with the added complexity brought by having a functional
parameter instead of a single number.

In general, the increments of multifractional Brownian motion are neither independent nor stationary. Since
an mBm B” is an fBm of Hurst index H when h is constant and equal to H, there is no risk of confusion by
denoting B¥ the fractional Brownian motion with Hurst index H.

2 Functional quantization of multifractional Brownian motion

2.1 Computation of the quantization

The quantization of a random variable X valued in a reflexive separable Banach space (E, | -|) consists in its
approximation by a random variable Y that is measurable with respect to X and that takes finitely many
values in E. The resulting error of the discretization is usually measured by the LP norm of the difference
|X — Y. If we settle on a fixed maximum cardinal N for Y (£2), the minimization of the error reduces to the
following optimization problem:

min {H | X - Y] ‘

o Y ) — F measurable with respect to X, card(Y(2)) < N} . (2.1)

As Y is supposed to be measurable with respect to X, there exists a Borel map Proj : £ — F valued
in a finite subset I' of E such that Y = Proj(X). The finite subset I' is called the codebook. Hence if

N
' = {7, - ,yn}, there exists a Borel partition C = {C1,--- ,Cn} of E such that Proj = > v;1¢,. In
i=1
other words, Proj performs the process of mapping the continuous set X (2) to the finite set I'. Let Projp
denote a nearest neighbour projection on I'. Clearly,

| X — Projp(X)| < |X —Proj(X)| so that |||X fProjF(X)|Hp < |||X fProj(X)|Hp.

Hence, in order to minimize the quantization error, it is optimal to use a nearest neighbour projection on
the codebook T'. A solution of (2.1) is called an LP-optimal quantizer of X. An elementary property of an
L2-optimal quantizer is stationarity: E[X|Y] =Y. We denote by Ex,(X,|-|) the minimal L? quantization
error for the random variable X and the norm | - |:

Enp(X,]-]) = min {H|X — Y|Hp, Y measurable with respect to X and |Y(Q)] < N}

We now assume that X is a bi-measurable stochastic process on [0, T'] verifying fOT E [|X:[*] dt < oo, that we
see as a random variable valued in the Hilbert space H = L2([0,T]). Suppose that its covariance function I'*
is continuous. In [56], it is shown that, in the centred Gaussian case, linear subspaces U of H spanned by N-
stationary quantizers correspond to principal components of X, in other words, are spanned by eigenvectors
of the covariance operator of X. Thus, the quadratic optimal quantization of Gaussian processes consists in
using its Karhunen-Loéve decomposition (e, AY), 5 ;-

To perform optimal quantization, the Karhunen-Loéve expansion is first truncated at a fixed order m and then
the R"-valued Gaussian vector constituted of the m first coordinates of the process on its Karhunen-Loéve
decomposition is quantized. To reach optimal quantization, we have to determine both the optimal rank
of truncation dX (N) (the quantization dimension) and the optimal d*X (N)-dimensional Gaussian quantizer

d¥ (N)
corresponding to the first coordinates, & N (0, )\]X ) . We have the following representation of the quadratic
j=1
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distortion gN(X) = gN,g (X, | . |L2([(),T])>:

Ev(X)?2= > A +en <é]\/(0,>\j‘>> .

jzm+1

From a numerical viewpoint, we are thus confronted on the one hand with the finite-dimensional quantization
m

of the Gaussian distribution @ N (0, )\f ) and on the other hand with the numerical evaluation of the first
j=1

Karhunen-Loéve eigenfunctions (eff )1 <n<dX (N)* Various numerical algorithms have been developed to deal

with the first point. Let us mention Lloyd’s afgorithm and the Competitive Learning Vector Quantization

(CLVQ). A review of these methods is available in [65]. As far as the evaluation of the first Karhunen-

Loéve eigenfunctions is concerned, closed-expressions are available for standard Brownian motion, standard

Brownian bridge and Ornstein-Uhlenbeck process. Other examples of explicit Karhunen-Loéve expansions

may be found in [32] and [70]. In the general case, the so-called Nystrom method for approximating the

solution of the associated integral equation may be used. It reads

T
/ PX (. s)eX (s)ds = AN¥eX, k>, (2.2)
0

where both the eigenvalues and the eigenvectors have to be determined. The Nystrém method relies on
the use of a quadrature scheme to approximate the integral, so that it turns into a matrix eigensystem.
When dealing with the midpoint quadrature rule, and for sufficiently regular kernels I'X, the error admits
an asymptotic expansion in the form of the sum of even powers of the step size, for both the eigenvalues
and the eigenfunctions. We take advantage of this asymptotic expansion by using Richardson-Romberg
extrapolation methods. This method has been benchmarked against the Karhunen-Loéve eigensystems of
standard Brownian motion, Brownian bridge and Ornstein-Uhlenbeck process in [26].
a* (V)
Instead of using an optimal quantization for the distribution & N (O,Af ), another possibility is to
j=1
use a product quantization, that is to use the Cartesian product of the optimal quadratic quantizers of the

standard one-dimensional Gaussian distributions N (0, )\]X ) L<i<dX (N In the case of independent marginals,
\J\

this yields a stationary quantizer, i.e. a quantizer Y of X which satisfies E[X|Y] = Y. This property, shared
with optimal quantizers, results in a convergence rate of a higher order for the quantization-based cubature
scheme, as explained in [66]. An advantage of this approach is that one-dimensional Gaussian quantization
is a fast procedure.

In [65], deterministic optimization methods (e.g. Newton-Raphson) are shown to converge rapidly to
the unique optimal quantizer of the one-dimensional Gaussian distribution. Moreover, a sharply opti-
mized database of quantizers of standard univariate and multivariate Gaussian distributions is available
at www.quantize.maths-fi.com [67] for download. One sill has to determine the quantization level for each
dimension to obtain optimal product quantization. In this case, the minimization of the distortion becomes:

( a )
(8%0(1()())2:: minizg?\,j (N(O,)xf))-% Z )\]X, Ny x - x Ng <N, d>1}- (2.3)
j=1

j=d+1

A solution of (2.3) is called an optimal K-L product quantizer. This problem can be solved by the “blind
optimization procedure”, which consists in computing the criterion for every possible decomposition Ny x - - - x
Ng with N7 > -+ > Ng. The result of this procedure can be stored for future use. Optimal decompositions
for a wide range of values of N for both Brownian motion and Brownian bridge are available on the web site
www.quantize.maths-fi.com [67]. Another fact on quadratic functional product quantization is that it is
shown to be rate-optimal under certain assumptions on the K-L eigenvalues (see Theorem 2.1).

Quadratic product quantizers of fBms and well-balanced mBms for different H and h are displayed on Figures
4.1 and 4.2. A fixed product decomposition is used for simplicity.
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L L L L 2 L L L L
0 0.2 04 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Figure 4.1: Quadratic 5 x 2 x 2-product quantizer of fBm on [0, 1] with H = 0.25 (left) and H = 0.75 (right).

2 2

Figure 4.2: Quadratic 5 x 2 x 2-product quantizer of mBm on [0,1] with A(t) := 0.1 4+ 0.8¢ (left) and
h(t) := 0.9 — 0.8t (right).

These graphs reflect, to some extent, the features of the quantized process, in particular its correlation and
regularity properties.

In the case of fBm (Figure 4.1), when H increases, the rate of decay of the Karhunen-Loéve eigenvalues also
increases (and so does the pathwise Holder regularity of the underlying process), so that even though we
do not change the quantization dimension in this example, the contribution of higher-order Karhunen-Loéve
eigenvalues decreases. In Figure 4.1, one can see that the curves of the functional quantizer localize around
the quantization of the first Karhunen-Loéve coordinate when H = (.75, while this is not the case when
H =0.25.

In addition, the distribution of the curves on the plane is related to the fact that the almost sure Hausdorf
dimension of the paths of fBm is 2-H: for small H, we expect the set of curves to be more space-filling than
for large H, a feature that can be indeed be verified on the figure. In addition, the long-term correlation of
fBm for H > 1/2, which results in paths typically having strong trends, translates here into curves which are
roughly monotonous. Conversely, the negative correlations which characterizes the case H < 1/2 is reflected
in the more oscillatory behaviour of the curves in the left pane.

The case of mBm (Figure 4.2) makes even clearer the relation between the properties of the process and the
optimal quantizer. In the right pane of Figure 4.2, the function h decreases linearly from 0.9 to 0.1. One can
see that, for small ¢, both the distribution of the curves and their trend look like the ones of fBm with large
H. As t increases, the curves become more space-filling and oscillatory, in agreement with the fact that, for
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t close to 1, the corresponding mBm has larger local Hausdorff dimension. Similar remarks hold for the case
where h is an increasing function (right pane of Figure 4.2).

Another way of interpreting these figures is to recall that mBm is tangent, at each ¢, to fBm with exponent
H = h(t). The behaviour of the curves on Figure 4.2 is a translation of this fact in the quantization domain.
Finally, note that the shape of the convex envelopes in each of the four figures roughly matches the time
evolution of the variances of the corresponding processes, i.e. 022 075 0-140.8t 55 ¢0-9-0.8¢,

2.2 Rate of decay of the quantization error for mBm

The rate of decay of the quadratic functional quantization error was first investigated in [56]. More precise
results were then established in [57]. These results rely on assumptions on the asymptotic behaviour of the
Karhunen-Loéve eigenvalues of the considered process. In Subsection 2.2, we recall the main result involving
the rate of decay of these eigenvalues, leading to sharp rates of convergence for the quantization of fBm.
Unfortunately, such asymptotics for the Karhunen-Loéve eigenvalues are not known at this time in the case
of mBm. However, since the regularity of mBm is known, one may use another, less precise, type of results:
these yield an upper estimate on the rate of decay of the quantization error [59]. This is explained in
Subsection 2.2.

In the following, for two positive sequences (2, )nen and (yn)nen, we write z, ~ 1y, if lim 2= = 1. The
n—00 n—oo0 In

symbol x,, < 1wy, means that lim z— < 1. Finally, 2, =< y, means that z,, = O(y,) and y, = O(z,,)

nSeo n—oo Yn n—00

as n — o0.

Sharp rates based on asymptotics of Karhunen-Loéve eigenvalues
Recall the following well-known definition:

Definition 2.1 (Regularly varying function at infinity). A measurable function ¢ : (s,00) — (0,00), (s > 0)

is reqularly varying at infinity with index b € R if for every t > 0, lim ‘Z((tf)) =tb.
Tr—r00

Let X be a bi-measurable centred Gaussian process on [0, 7] with a continuous covariance function I'* and
such that fOT E[X2]ds < co. Denote by (eff, )\f)n>1 its Karhunen-Loéve eigensystem.

Theorem 2.1 (Quadratic quantization error asymptotics [57]). Assume that \X ~ ¢(n) as n — oo, where

@ : (s,00) = (0,00) is a decreasing regularly varying function of index —b < —1 and s > 0. Set (x) := zd)l(z)'

Then

b—1 1/2
En(X) ~ ((g) %) W(log(N)) "2 as N = oo.

Moreover, the optimal product quantization dimension m™(N) verifies m*(N) ~ 2log(N) as N — oo,
and the optimal product quantization error 5]P\’,r°d (X) of level N satisfies

b b1 b 1/2
EXON(X) S ((5) b_—1+c(1)> Y(log(N)) "2 as N — oo,

where C(1) is a universal positive constant.

Though the optimal product quantization is not asymptotically optimal, it still provides a rate-optimal
sequence of quantizers. In the case where b = 1, a similar result is true, with the additional property that
the optimal product quantization does yield an asymptotically optimal quadratic quantization error.

The case of fractional Brownian motion
In [56, 19], it is shown that the Karhunen-Loéve eigenvalues of fBm on [0, T verify

vg

AB"
n NW a,Sng)oo,
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where vy is a positive constant. Thus, fBm satisfies the hypotheses of Theorem 2.1 and

Ky

1
Toa ()77 as N — oo for some Ky >0, and EJP\’,rOd (BH> = ——— as N — 0.
og

e (B7) ~ " log(N)H

Mean regularity and domination of the functional quantization rate
We recall the definition of regular variation at 0:

Definition 2.2 (Regularly varying function at zero). A measurable function ¢ : (0,s) — (0,00), (s > 0) is

reqularly varying at 0 with index b > 0 if for every t > 0, li eltz) _ 4b,
z—0 é(2)

Definition 2.3 (The ¢-Lipschitz assumption). Let X be a bi-measurable process on [0,T]. We say that
X satisfies the ¢-Lipschitz assumption for p > 0, which we denote by (Lg,,), if there is a non-decreasing
function ¢ : Ry — [0, 00], continuous at O with ¢(0) =0, such that

((V(s,t) € [0, T]%E[|X; — XoJP] < (6(Jt —5]))", ifp>1
(Lop) =0 we e [0,77,Vh € (0,T),E sup | X, — thﬂ} <(p(h)” HO0<p<l

t<s<(t+h)AT

Remark 2.2. The ¢-Lipschitz assumption implies that E [|X|’£p([0 TD} < o0 so that P-almost surely, t — X,
lies in LP([0,T]).

Theorem 2.3 (Mean regularity and quantization rate). Let X be a bi-measurable process on [0,T] such that
X: € LP for every t € [0,T], p > 0. Assume that X satisfies (Ly ,) where ¢ is reqularly varying at 0 with
index b. Then

2 . ¢(1/1og(N)), if b>0,
V(r,p) €[0,p]°, Enyr (X,| |LP([0,T])> <Crp { ¥(1/1og(N)), ifb=0,
with ¥(x) = (fox Mdg) m, assuming in addition that [ Mdf < o0 ifb=0.
In particular, if ¢(u) = cu®, b > 0, then
Enr (X7 |- |Lp([0,T])> = O(log(N)™").

The case of multifractional Brownian motion

Theorem 2.4 (L2?-mean regularity of the multifractional Brownian motion). Let B" be an mBm with
functional parameter h satisfying assumption (H). Assume that h is B-Hélder continuous, 8 > 03. Then
there exists a positive constant M such that

(2 uel[%fT] h(u)/\ﬁ&)

v(s,1) € 0,7, E[(B!- Bgﬂ <M |t—s| , (2.4)

where 0 is given in assumption (H).

Proof: We may assume that the fractional field (B(t, H)), m)e[0,7]x[c,q] is normalized. For (t,s) in [0, T]?:

E [(Bf . Bgﬂ <2 E[(B(t,h(t) — B(s,h(1)))*] + 2 E [(B(s,h(t)) — B(s, h(s)))’]
(= 5O+ A [h(e) = h(s)|°) < 2 (It = 5P (14 T20H0) A Pl — 5]
(1+T2HH0) (14 A ) (|t — 52 )t — s|56) <M |t — 52189

<

where Hy := inf h(u), Hy := sup h(u) and M := 2(1 4 T?Hz=H1)) (1 4 72HVBI=2H1ABY) (1 1 A 98). O
uE[O,T] UE[O,T]

3. de In e R%, V(s,t) €[0,T)2, |h(s) — h(t)] <n|s —t|P.



94 CHAPTER 4. MULTIFRACTIONAL STOCHASTIC VOLATILITY MODELS

Corollary 2.5 (Upper bound on the quantization error for multifractional Brownian motion). With the
same notations and assumptions as in theorem 2.4:

Enr (Bh, | - |Lp([O7T])) =0 (10g(N)7(H1/\% ) :

for every (r,p) in (Ry)2.

Proof: Since B" is a Gaussian process, Theorem 2.4 shows that B fulfils the ¢-Lipschitz assumption for
every integer p of the form p := 2p where p is a positive integer and for the continuous function ¢, defined

on Ry by ¢,(0) := 0 and ¢,(z) = (ﬁp/g)l/Q’) VM zHNF | We have denoted, for n in N, k,, the number
such that E [YQ"] =k, E Y2]n for the centred Gaussian random variable Y. It is clear that ¢, is regularly
varying with index Hy A 76, which is positive. The result then follows from Theorem 2.3. (]

Remark 2.6. Corollary 2.5 extends to every process V" := (V[/")icjo,1), of the form Vi* := Z(t, h(t)) where
Z = (Z(t,H))t,myerx H:, 1] 5 a Gaussian field such that one can find (A,~,0) in (R%)? with

V(s.t, H,H') € [0,T]? x [Hy, Hs)?, E [(Z(t, H) — Z(s, H’))Q} <A (t— s+ |H - H]),

In this case, for every (r,p) in (R%)?, we get Enr (Vh, |- |LP([0,T])> =0 (log(N)*(%/\%d))

Remark 2.7 (Sharp rate). We conjecture that the domination of the rate of decay of the quantization error
for the mBm established in Corollary 2.5 is in fact a sharp rate and that we have, for every (r,p) € (Ri){

K;
Enr (Bh, |- |LP([0,T])> ~ W as N — oo for some Kp, ., > 0,

and that the quadratic optimal product quantization error EJP\’,rOd (Bh) for the mBm satisfies

1
prod h\ _
Ex (B >A710g(N)H1/\5 as N — oo,

which is consistent with the results of previous section on the fractional Brownian motion.
Proposition 2.8. The well-balanced mBm B} = ﬁ Jz ‘ule,fi)ﬂﬂ W (dE) satisfies assumption ().

Proof: One computes:

eit& -1 eitf -1 2

I E BtH—BtH’Q:/ —~ d
t [( ( ) ) ( ) )) } R CH|§|H+1/2 CH,|§|H’+1/2 u
eité _ 112 . ) 12
_ 1 /2—H _ _1 1/2—H
= [ e e | 29

For every £ in R*, the map f¢ : [¢,d] — Ry, defined by fe(H) := i |€|V/2~H is O since H + cp is C* on
(0,1). Thus there exists a positive real D such that

V(€ H) € R x [e,d], |fE(H)| < DI (L4 (€D < D (I&]27+ [e/>~) (1 + [n(l&])))-

Thanks to the mean-value theorem, (2.5) yields

, eit£712 . B 2
< - wp [l (e i) ek mgen)? o

< D H_mp (2 (L [WOEDD® o oy
s | | (2 /|€|>1 &+ (21) /

]2 €<

I e ) de)

3 2\ 2 (1+ [In(j€)])? 1-2d 2 > 2
<@ +T% D (/ﬁ Ctel e [ 1o me)? de) o - 1P

Since the two integrals in the last line are finite, (H) is verified with § = 2. O
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2.3 Quantization-based cubature

Basic formula and related inequalities in the case of Lipschitz continuous functionals

The idea of quantization-based cubature methods is to approximate the distribution of the random variable
X by the distribution of a quantizer Y of X. As Y is a discrete random variable, we have Py = g: Dily,; -

i=1

Therefore, if F': E — R is a Borel functional,

E[F(Y)] = ZpiF(yi)- (2.6)

Hence, the weighted discrete distribution (y;, pi)1<i<ny of Y allows us to compute the sum (2.6). We review
some error bounds that can be derived when approximating E[F(X))] by (2.6). See [66] for more details.

1. If X € L?,Y a quantizer of X of size N and F is Lipschitz continuous, then
[E[F(X)] = E[FY)]| < [Fluipl| X = Y2 (2.7)
where [Fliip s the Lipschitz constant of F'. In particular, if (Yn)n>1 s a sequence of quantizers such
that A}gnoo |X —Yn|2 =0, then the distribution Z_JX_V:I pfvéziv of YN weakly converges to the distribution
Px of X as N — co.
2. IfY is a stationary quantizer of X, i.e. Y = E[X|Y], and F is differentiable with a Lipschitz continuous

derivative DF, then
[E[F(X)] — E[F(Y)]| < [DF]uip[| X — Y3, (2.8)

where [DF|rp is the Lipschitz constant of DF. If F is twice differentiable and D*F is bounded, then
we can replace [DF)Li, by || D?F||o.
3. If F is a semi-continuous convex functional* and Y is a stationary quantizer of X,
E[F(Y)] < E[F(X)]. (2.9)
This is a simple consequence of Jensen’s inequality. Indeed,
Jensen

E[F(Y)] ™Y E[FEX[Y))] < EEF(X)Y]))] = E[F(X)].

The case of exponentials of continuous centred Gaussian processes

Let (Xs)sepo,r] be a continuous centred Gaussian process on [0,7]. Then the covariance function of X is
also continuous.
In addition, Fernique’s theorem entails that E [ fOT des} is finite. We view X as a random variable valued

in the separable Banach space (C([0,T],R), | - ||s). Let X be a stationary quantizer of X.

By the mean-value theorem, for all (z,y) € R?, |e® — e¥| < el#I+1¥l|z — ¢|. Consequently, for p > 1, using
Hoélder’s inequality:

~

E UOT ‘eXS — X

—~

XS*XS

P 1/p
ds}

ds} = {fOT X, - X,

P 1/p <
ds} <E {fOT epleHp‘Xs

~

X,

oL
- = rq 2pq
T
<E {fo ePPIXs| PP ds} ,

where (P, §) € (1,00)? are conjugate exponents. For € > 0, we choose (j,G) such that p§ = p + €. This gives

g=1+¢/p and p=1+p/e.

4. In the infinite-dimensional case, convexity does not imply continuity. In infinite-dimensional Banach spaces, a semi-
continuity hypothesis is necessary for Jensen’s inequality. See [80] for more details.
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By Schwarz’s inequality:

T - 7 T TF
e[ o] e[ emsa] e[ ni¥lal 5]
0 0 pre
Define the map ¢ : C([0,T], ) — C([0,T],R) by ¢(f) : fT e2PPlf(9)lds. Tt is easily shown that ¢ is convex
and continuous on (C([0,T],R),| - ||ec). Hence, Inequality (2.9) yields
T T
E [/ ds] <E [/ er”Xslds} .
0 0
Finally
T S|P /P T,
E U ‘eXS _ X ds] <E U 62”’X5ds} HX XH (2.10)
0 0 pe
<oo

We shall apply (2.10) with p = 2 — € in section 4: this will allow us to control the L?~¢ quantization error
of the exponential of a centred continuous Gaussian process X by the L? quantization of X.

Richardson-Romberg extrapolation
With respect to the quantization error

In the general setting of a non-uniform random variable X, a quadratic optimal N-quantizer Yy of X and a C'!
functional with Lipschitz continuous derivative, Equation (2.8) does not provide a true asymptotic expansion
which would allow one to use a Richardson-Romberg expansion, but it suggests the use a higher-order Taylor
expansion of F(X) — F(Yy) to get one.

It follows from Taylor’s formula that there exists a vector ¢ € [X, Yn] such that

E[F(X)] =E[F(YN)] + E[(DF(Yy), X —Yn)] E[D*F(Yn)(X — Yn)®?]

41
+3

=E[DF(vn).E[X—Yy|YN]]=0 by stationarity.
FLE[C(X — YN)®3] +o (E[|X — YaP]) (21D)

= E[F(Yy)]+ 3E[D*F(Yn)(X — Yi)®?] + O (E[|1X — Yu[*]).

In [37], it is proved that the asymptotics of the L® quantization error induced by a sequence of L"-optimal
quantizers remains rate-optimal in the case of probability distributions on R?, with s < r + d for a class of
distributions including the Gaussian distribution. This leads to E [|X — Yy [*] = O (E [1X —Yn|?] %> This
holds e.g. for Brownian motion.
Unfortunately, no sharp equivalence between || X — Y ||3 and E [DQF (Yn)(X — YN)®2] has been established
yet. Still, Equation (2.11) suggests to use a Richardson-Romberg extrapolation with respect to the quanti-
zation error E3; := || X — Yy||2. The two-steps extrapolation between N = k and N = [ leads to approximate
E[F(X)] by the quantity

E[F(Y)]ER — E[F(Y:)]E?

E} — 7

(2.12)

Although this kind of Richardson-Romberg extrapolation has not received a full theoretical justification yet,
it does dramatically increase the efficiency of quantization-based cubature formulas.
With respect to the quantization level

When the value of E7 is not known, one may rely on an asymptotic expansion with respect to the quantization
level.
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Remark 2.9 (Romberg extrapolation with respect to the quantization level). In Section 2.2, we have seen

that under some assumptions on the eigenvalues of the convergence operator, the rate of convergence of

optimal quantizers and K-L optimal product quantizers is (In(N)~%) for some o € (0,1). Replacing the

distortion En by its asymptotics W as N — oo in Equation (2.12) suggests to approximate E[F(X)] by
the quantity

E[F(Yy)](Inl)** — E[F(Yy)](In k)*

(Inl)2> — (In k)2 '

(2.13)

Multidimensional Richardson-Romberg extrapolation

Let X' and X? be two independent random variables. We wish to estimate the expectation E [F (X', X 2)}
for some regular functional F. In that view, one may use a cubature based on a product quantization
()/(\ L X 2) of (X1, X?), and perform a multidimensional Richardson-Romberg extrapolation. This amounts
to performing two Richardson-Romberg extrapolations as described already, one related to the quantization
error of X! between quantization levels N; and M, and one related to the quantization error of X? between
quantization levels Ny and Ms. This leads to approximating E[F(X*, X?)] by the quantity

E3, B3, FNoN: B3 E3, FMN: B2 B3 FNULM: B3B3 FMM
2 2 2 2
(EM1 - ENl) (EM2 - EN2>

where FP'? denotes the estimated expectation obtained with the quantization-based cubature and quantiza-
tion levels of p and ¢ for X! and X? respectively. In other words, FP? is defined by

: (2.14)

Foa [ (7, 5]

—p —=q
where X1, X2 are quantizers of levels p and ¢q for X' and X? respectively. In Equation (2.14), E);, and
En, denote the quadratic quantization error of level M; and N; for X;.

3 Stochastic calculus with respect to mBm

From now on and until the end of the work, we fix our mBm to be the well-balanced multifractional Brownian
motion defined in Section 1. In addition, we will always assume that h is a C! function with derivative
bounded on R .

3.1 Some backgrounds on white noise theory

Define the probability space as Q :=.%'(R) and let F := B(.#" (R)) be the o-algebra of Borel sets.

There exists a probability measure p such that, for every f in L?(R), the map (-, f) : @ — R defined by
(, [) (w) = {w, f) (where (w, f) is by definition w(f), i.e the action of the distribution w on the function f)
is a centred Gaussian random variable with variance equal to || f||2L2(R) under p. For every n in N, denote

en(r) = (=1)" 7T_1/4(2"n!)_1/261‘2/2%(6_”2) the nth Hermite function. Let (|- [,)pez be the family of

T
—+o0

norms defined by |f[2 := > (2k + 2)?" (f, ek>2L2(R), for all (p, f) in Z x L*(R). The operator A defined on

S (R) by A := —dd—; + 22 + 1 admits the sequence (e,,), o as eigenfunctions and the sequence (2n + 2),en
as eigenvalues.
As is customary, we denote (L?) the space L*(, G, u) where G is the o-field generated by ((-, f)) fer2(r). For

every random variable ® of (L?) there exists, according to the Wiener-It6 theorem, a unique sequence (f,,) neN

~ +oo -
of functions f,, in L?(R™) such that ® can be decomposed as ® = Y. I,,(f), where L?(R") denotes the set
n=0

of all symmetric functions f in L*(R™) and I,(f) denotes the nth multiple Wiener-It6 integral of f with

+oo
the convention that Io(fo) = fo for constants fy. Moreover we have the equality E[®?] = Y n! ||fn|\%2(Rn)

n=0
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+oo
where E denotes the expectation with respect to p. For any ® := > I,(f,) satisfying the condition
n=0

—+oo —+o0
>onl |A®"fn|§ < +00, define the element T'(A)(®) of (L?) by ['(A)(®) := > I,(A®"f,), where A®"
n=0 n=0

denotes the nth tensor power of the operator A (see [47, Appendix E| for more details about tensor products

of operators). The operator I'(A) is densely defined on (L2). It is invertible and its inverse I'(A) ™' is
bounded. Let us denote ||¢||2 := ||¢||%L2) for ¢ in (L?) and let Dom(I'(4)") be the domain of the nth

iteration of I'(A). Define the family of norms (|| - Hp)pEZ by:

[l = IT(A)PP[lo = [T(A)" @[ (2, VpeZ, Ve (L?)NDom(I(4)").

For any p in N, let (S,) := {® € (L?) : I'(A)?® exists and belongs to (L?)} and define (S_,) as the
completion of the space (L?) with respect to the norm || - ||_,. As in [52], we let (S) denote the projective
limit of the sequence ((S,))pen and (S)* the inductive limit of the sequence ((S—,))pen. The space (S) is
called the space of stochastic test functions and (S)" the space of Hida distributions. One can show that,
for any p in N, the dual space (S,)* of S, is (S—p). Thus we will write (S_,), in the sequel, to denote the
space (S,)*. Note also that (S) is the dual space of (S). We will note ((-,-)) the duality bracket between
(8)" and (S). If ® belongs to (L?) then we have the equality (@, ¢)) = (®, ¢)(12) = E[® ¢]. Since we have
defined a topology given by a family of norms on the space (S)* it is possible to define a derivative and an
integral in (S)*. A function ® : R — (S)" is called a stochastic distribution process, or an (S)"-process, or
a Hida process.

The Hida process @ is said to be differentiable at ¢y if }1_}1110 =1 (®(to+1) — P(tg)) exists in (S)*. Moreover

we may also define an integral of an Hida process:

Theorem 3.1 (Integral in (8)*). Assume that ® : R — (S)* is weakly in L*(R,dt), i.e. assume that for all
@ in (S), the mapping u — (®(u), ) from R to R belongs to L*(R, dt). Then, there exists a unique element
in (S)*, denoted by [p ®(u)du, such that

<< A‘Nu)d% 90>> = A (®(u), o)) du for all v in (S). (3.1)

One says that ® is (S)*-integrable on R or integrable on R in the Pettis sense.

For every f in L?(R), define the Wick exponential of (-, f), noted : e/} ;) as the (L?) random variable equal
to e /)=31/l6, The S-transform of an element ® of (§*), noted S(®), is defined to be the function from
Z(R) to R given by S(®)(n) := <<(I),: e<"’7>>> for every n in (R). Finally for every (®,¥) € (S)" x (S)",
there exists a unique element of (S), called the Wick product of ® and ¥ and noted ® o ¥, such that
S(® o W)(n) = S(®)(n) S(T)(n); for every n in . (R).

The map S : ® — S(P), from (S)* to (S)*, is injective. Furthermore, let ® : R — (S)* be a fixed (S)*
process. If ® is (S)*-integrable over R then for all 7 in ' (R), S( [z ®(u) du)(n) = [ S(®(u))(n) du. If ® is
(S)*-differentiable over R then for all ) in % (R), S[£2(t)](n) = 4 [[Sq)(t)](n)} .

k times

——
For any @ in (S)* and k in N*, let ®°* denote the element ® o - - - o ® of (S)*. One can generalize the definition

+oo
of exp® to the case where ® belongs to (S)*. Indeed, for any ® in (S)* such that the sum ‘I)k—!k converges
k=0

+oo o
in (8)*, define the element exp® ® of (S)* by setting exp® ® := ‘I’k—!k. It is called Wick exponential of ®.
k=0
For f in L?*(R) and ® := (-, f), it is easy to verify that exp® ® exists and coincides with : e{~/) : defined at
the beginning of this section.
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Fractional and multifractional White noise
Operators My and %.

Let H belong to (0, 1). Following [34], the operator My is defined in the Fourier domain by
My (u)(y) =225 [y|/* aly), vy eR".

This operator is well defined on the homogeneous Sobolev space of order 1/2 — H noted L% (R) and defined
by L} (R) :={u e S'(R) : u=Ty; f€ L. (R)and |ul|g < +oo}. The norm || - || derives from the inner
product (-, ), defined on L% (R) by: (u,v), = é Jr € 2H T (£)v (€)dE where ¢y is defined right after
Definition 1.1.

The definition of the operator Q%H is quite similar [53]. Precisely, define, for H in (0, 1), the space I'y (R) :=

{fueS'(R) : u=Ty; feL, . (R) and |luls,®) < +oo}, where the norm || - ||5,,(r) derives from the inner

product (-,-), ~defined on T (R) by (u,v)s, = éfR(ﬂH +1In|¢))? [€172H w(¢) dE.
The operator %, from (FH(R), ()6 (R)> to (L2 (R), (-, ~>L2(R)>, is defined in the Fourier domain by:

M (u)(y) == —(By +Infy|) 2= |y|'>H G(y), vy eR".

Fractional and multifractional White noise.

For any measurable function h : R — (0, 1), it is easily seen that the process B" := (Bth)te]R defined by

+00 t
V(w,t) e AxR, Bl:= My (er)(s)ds | (-, ex)
X kzz:o (A h(t)\€k ) k

is an mBm. Assuming that h is differentiable, we define the (S)*-valued function W" := (W}*), . by

—+o0

Wi = Z {%(At My (ex)(s) ds)} (-, ex)- (3.2)

k=0

The following theorem states that, for all real ¢, the right-hand side of (3.2) does indeed belong to (S)* and
is exactly the (S)*-derivative of B" at point ¢.

Theorem-Definition 3.1 (|53, Theorem-definition 5.1]). Let h : R — (0,1) be a C! deterministic function
such that its derivative function h' is bounded. The process W" defined by (3.2) is an (S)*-process which
verifies the following equality (in (S)*):

00 400 +
Wi = ZMh(t)(ek)(t)<'aek> + h'(t) Z (A %(61@)(8)|H:h(0d8)<-,€k>. (3.3)

k=0 k=0

Moreover the process B" is (S)*-differentiable on R and verifies %(t) =W} in (S)*.

When the function h is constant, identically equal to H, we will denote W# := (WtH ) +cr and call the process
W fractional white noise. This process was defined and studied in [34, 13].

3.2 Stochastic integral with respect to mBm

We recall the definition of the Wick-Ité stochastic integral with respect to mBm from [53]:

Definition 3.1 (Multifractional Wick-Ito integral). Let B" be a normalized multifractional Brownian motion
and Y : R — (S)* be a process such that the process t — Y; o W}t is (S)*-integrable on R. The process Y is
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said to be d° B"-integrable on R or integrable on R with respect to mBm B". Moreover, the integral on R of
Y with respect to B" is defined by

/YS d°Bh ;:/Ysowg ds. (3.4)

For an interval I of R, [;Y, d°Bl := [, 1;(s) Y, d°B?.

When the function h is constant over R, equal to H, the multifractional Wick-It6 integral coincides with the
fractional Wick-It6 integral defined in [34], [13], [?] and [?]. In particular, when Y is adapted and when the
function h is identically equal to 1/2, (3.4) is nothing but the classical It6 integral with respect to Brownian
motion. The multifractional Wick-It6 integral verifies the following properties:

Proposition 3.2. Let B" be an mBm and I be an interval of R.

— For all (a,b) in R? such that a < b, f; 1 d°B!' = B — B" almost surely.

— Let X : I — (8)* be a d®°B"-integrable process over I. If [; X, d°B" belongs to (L?), then E[[; X d°Bl] =
0.

Multifractional Wick-It6 integral of deterministic elements

In order to solve differential equations driven by an mBm that will be encountered below, it is necessary to
know the exact nature of multifractional Wick-It6 integrals of deterministic elements.

For H in (0,1) and f in #(R), define the function g5 : R x (0,1) — R by gs(¢t,H) := fo My (f)(x)dx
where My is the operator defined in at the beginning of Section 3.1. It has been ShOWIl that g belongs
to C°(R x (0,1),R) (¢f. [53, Lemma 5.5]). The main result on the multifractional Wick-Itd integral of
deterministic elements is the following:

Theorem 3.3. (/53, Theorem 5.25]) Let h : R — (0,1) be a C* deterministic function and let f: R — R
be a measurable deterministic function which belongs to Ll (R). Let Z := (Zt),cr be the process defined by

Zy = fo s) d°B". Then Z is an (S)*-process which verifies the following equality in (S)*

/f yrp=3 </ ) s (516D ) ) (35)

2
Moreover Z is a (centred) Gaussian process if and only if Z (fo )L e, (s, h(s))] ds) < 400, for all t

in R. In this case we have, for every t in R,

Zt=[f<s>d°Bs‘ <</f gekshm)]cz)z). (3.6)

In particular, Z is a Gaussian process when f belongs to C*(R;R).

Deriving the quantity E [Zf] in the previous theorem might be complicated using Equation (3.6). However,
when f is a C! function, thanks to the It6 formula with respect to mBm [53, Theorem 6.9], we obtain the
following integration-by-parts formula

[ e en @ o s [ 16 8 as )

which leads to
E [Zﬂ = f(t)? t*h® —|—/ / f'(s u) Rp(s,u) ds du —2f(t) / 1/ (s) Ru(t,s) ds. (3.8)
Remark 3.4. The integration-by-parts formula (3.7) allows to identify almost surely fo s) d°B" with the

quantity If(Bh) where the map If :CY([0,t]; R) — R is defined by

90 (1090 - [ " F(e)als) is). (39)



3. STOCHASTIC CALCULUS WITH RESPECT TO MBM 101

3.3 Stochastic differential equations
Mixed multifractional Brownian S.D.E.

Let us consider the following mixed multifractional stochastic differential equation, where v; and 7, are
positive constants and B; is a Brownian motion:

{ dX, = X; (Md°By + 1d° Bl (3.10)

X():QL‘OGR.

Of course (3.10) is a shorthand notation for the equation

t t
X :xo—l—’yl/ XstBs‘f")/l/ XsdoBs, Xo=1x9 €R,
0 0

*

where the previous equality holds in (S)*. A solution of this equation will be called geometric mized
multifractional Brownian motion. Rewriting the previous equation in terms of derivatives in (S)*, we get:

X,
d—tt =X;0 (fythl/Q + ’ngth) , xo € R. (3.11)

Theorem 3.5 (Geometric mixed multifractional Brownian motion). The (S)*-process (Xi)icjo,1) defined by
X; = xgexp® (’let + ’ythh) , (3.12)

is the unique solution of (3.11) in (S)*.
Proof: Applying the S-transform to both sides of Equation (3.11) and denoting by v, the map ¢t — S(X¢)(n),
for every n in .7 (R), we get:

,(0) = wn®) (32 Mayo(n)(0) + 22 a6 0] ) 1 (0) = 20,

This equation admits a unique solution which verifies y, (t) = zo exp {11 fot M, j2(n) (u)du + 2 fot L1, (u, h(u))]du}.
Using (i) and (i7) of [53, Theorem 5.12] we hence get, for every n in .7(R),

yn(t) = mo exp {11S(Be) (1) +12S(B) (1)} = S (w0 exp® {n By +72B!'}) ().

The injectivity of the S-transform allows us to conclude that X; = xgexp® {flet + fyng} for every ¢ in
[0,T7]. O

Remark 3.6. (i) Using [47, Equality (3.16)], one sees that X is an (L?)-valued process that may be repre-
sented as:

X¢ = moexp {’71Bt + 7B -1 (71215 + 7§t2h<t>)} ,

(i) The theorem is also a consequence of [46, Theorem 3.1.2].

Mixed multifractional Ornstein-Uhlenbeck S.D.E.

Let us now consider the following mixed stochastic differential equation:

{dUt = 0~ Uy)dt + (a1 d°By + o d°BY) (3.13)

Uy =up € R,

where (Bt):ecr and (Bf)teR are independent, 6 > 0 and u, a1, as belong to R. A solution of this equation
will be called a mized multifractional Ornstein-Uhlenbeck process.



102 CHAPTER 4. MULTIFRACTIONAL STOCHASTIC VOLATILITY MODELS

Theorem 3.7 (Mixed multifractional Ornstein-Uhlenbeck process). The L?(Q2)-valued process (U;)ier de-
fined by
t t
U == uge "+ (1 — e_et) + 041/ =B, + 042/ e‘g(s_t)d‘)BQ, (3.14)
0 0
is the unique solution of the stochastic differential equation (3.13).

Proof: The proof that the process U defined by (3.14) is the unique solution of (3.13) is very similar to the
one of Theorem 3.5. Indeed, setting y, () := S(U¢)(n) for every (t,7) in R x R and applying the S-transform
to both sides of (3.13) we get, for every 7 in #(R), the ordinary differential equation

Yp(t) = 0(u = yn (1)) + 1 Mo () (t) + a2 G lgn(t. LD, y(0) = uo. (3.15)

Its unique solution is

() = woe="" + 6_9% e’ (O + 01 My o (n)(5) + a2 ik lgn (s, h(s))]) ds,  yn(0) = uo.

Again, one concludes using the injectivity of the S-transform. |

3.4 Quantization of solutions of S.D.E. driven by mBm

Quantizing a Gaussian process X often yields as well a quantization of the solutions of stochastic differential
equations driven by X: indeed, in many cases, these solutions may be expressed as functionals of X. A
quantizer of the solution can then be obtained by simply plugging the quantizer of X into the functional.

In the one-dimensional setting, under rather general conditions on the diffusion coefficients and if X is a
continuous semimartingale, this functional is easily determined using the Lamperti transform (see [58]). In
this case, the corresponding quantizer of the stochastic differential equation is obtained by plugging the
Gaussian quantizer in the S.D.E. written in the Stratonovich sense, leading to a finite set of ordinary differ-
ential equations. This leads to a simple and general constructive method to build a functional quantization
of the solution of an S.D.E.

Unfortunately, no such result is available in the case of an S.D.E. driven by multifractional Brownian motion
(or even by fractional Brownian motion). However, in some situations, and in particular when an explicit
solution is known, one may sometimes still use the procedure just described: if the functional giving the
solution is regular enough, quantization-based cubatures can then be used. This is for instance the case of
geometric mixed multifractional Brownian motion defined in Section 3.3, which is a simple functional of a
Brownian motion and a multifractional Brownian motion (see Remark 3.6 and section 2.3). We describe two
other favourable situations in the next subsections.

The case of a Wiener integral

An easy case is the one of a Wiener integral fo s)d°B" where f is a C’1 deterministic function. The
integration-by-parts formula for mBm (3.7) reads fo s)d° Bl == fo f'(s)Bhds. Thus, for p > 1,
the stochastic process t +— fo 5)d®B", seen as a random variable Valued in LP(0,T), is the image of B" by

the ma
' JIooLe(0,7]) — LP([O T])
g = f() o f

In other words we have (dt-almost everywhere) Jf (g)(t) = Itf (9) where I/ was defined in Remark 3.4.

Proposition 3.8 (LP-regularity of the Wiener map). For every p > 1, the map J/ is Lipschitz continuous
on LP([0,T7).

Proof: It is straightforward that for (g1, g2) € LP([0,T])?

n ] [ #6006 - anlsnas

177 (g1) = T (ga)]], < [1£(on —

< (Ifllse + 1 11T llgr = g21l,,

p
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O
In Appendix VIII, we prove that if h is C!, the Karhunen-Loéve eigenfunctions of a well-balanced mBm
B" have bounded variations, and thus stationary quantizers of B" have bounded variations as well (because
they lie on a subspace of L2([0,T]) spanned by a finite number of Karhunen-Loéve eigenfunctions, as already

mentioned). In this setting, another integration by parts gives Ij (B\h) = fg f (s)dﬁg where dﬁg (w) stands

for the signed measure associated with the function of bounded variation s +— B\Q (w).

The case of certain simple diffusions

Another easy case is the one of an S.D.E. of the form
t
Y = wo +/ B(s,Ys)ds + Xy, (3.16)
0

where (s, y) is assumed to be Lipschitz continuous in y uniformly in s. This setting is addressed in [58, p.
20-21] 5, where the authors consider the associated integral equation

v =w+ [ " Bs, y(s))ds + g (0), (3.17)

where g € LP([0,T)) is fixed. The existence and uniqueness in L?([0, T']) of a solution for the integral equation
(3.17) follows from the same approach used for ordinary differential equations. Then the solution of the
associated S.D.E. (3.16) simply reads Uy = W5 (X);, where W2 : L([0,T) — L?([0,T]) is the functional that
maps g € LP([0,T]) to the unique solution in L*([0,T]) of Equation (3.17). In [58], the map ¥/ is showed
to be Lipschitz continuous in L?([0,T]). More precisely, one has

([BlLip, T) g1 — g2l < || ¥ (g1) — ‘I’g(gz)Hi < C([Bluip: T) llg1 — g21l; ,
with C([B]Lip7T) = W and C([B]Lip; T) — 62P*1[B]LipTP71.

Mixed multifractional Ornstein-Uhlenbeck process, defined in Section 3.3, is of the form (3.17), with (s, u) =
O(p —u) and X = a1 B + a B".

4 Multifractional Hull & White stochastic volatility model

We assume that, under the risk-neutral measure, the forward price of a risky asset is the solution of the

S.D.E.
{ dFt = FtUtth,

dIn(o7) = 0 (1 — In(07)) dt +Rd® B + 7, dWE, a0 > 0, (4.1)

where 6 > 0 and where W and W7 are two standard Brownian motions and B" is a well-balanced multifrac-
tional Brownian motion independent of W and W7 with functional parameter h assumed to be continuously
differentiable. We assume that W is decomposed into pdW¢ + /1 — p2dW/}", where W is a Brownian
motion independent of W7. Hence, (4.1) writes

dF, = Fyoy (pdW7 + /T= p2dW}) (42)
dIn(oy) = 0 (pp — In(oy)) dt +ypd° B + v,dW7, oy > 0. ’

We denote respectively by F7, F¥ and F" the natural filtrations of W7, W¥ and B". We define the
filtration Foh by F{" = o (F7, Fl) and FPol by FPot = o (FF 7y FP).
The unique solution of (4.1) reads

F, = Fyexp (fo o, dWy — %ft ofds)
0y = exp (111(0’0 —0s | [ (1 _ eﬂ%) + Yy OSGG(ufs)de + Yn fOé e@(U*S)dOBZ) )

5. Actually, in [58|, the Lamperti transform is used to reduce a general Brownian diffusion to this case.
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In other words, In(oy) is a mixed multifractional Ornstein-Uhlenbeck process. Note that, although the
volatility process is not a semimartingale, the process (F});e[o,r) remains a (positive) F F.o:h_local martingale,
and thus a super-martingale. The same proof as in [48] shows that, if p = 0, this local martingale is indeed
a martingale. Numerical experiments seem to indicate that this property still holds for p < 0, a fact that
remains to be proved.

We now consider the problem of pricing a forward start call option (the put case is handled similarly).

The payoff of this option writes (% - K >+ for some fixed maturity 7 € [0,7]. We need to compute the

risk-neutral expectation E {(% — K)J .

The following decomposition holds:

t 2t ¢ 1- 2 [t
F, = Fyexp (p/ o dW7] — %/ des> exp (\/1 - p2/ osdWE — Tp/ 03ds> .
0 0 0 0

o.h

Measurable with respect to F;

Conditioning by ]-";’h yields
()] = fl(E ) ]
=E [E [(FT,T exp (Mfot o dWiE — # I des> — K)+‘.7-';’h”

= e[primens (R, (1= )t [ o2as) 7= 7))
<

—.J0
_‘IT,T

(4.4)

where F 7 1= exp (p /. TT osdWZ — % /. TT 03ds> and PrimeBS is the closed-form expression for the price of a
Call option in the Black & Scholes model, detailed in Appendix VII. The aim is to estimate the expectation
(4.4) by a quantization-based cubature associated with the functional quantization of B" and W°. We thus

need to write the terms F; p and fTT o2ds as explicit functionals of the paths of W° and B" in L2([0, T7).

Recall that o is the exponential of a mixed multifractional Ornstein-Uhlenbeck process:
op = exp (ln(ao)efet +pu (1 - efet) + ’yae*etlfg' (W) + Vhefetlfg' (Bh)) . (4.5)

This yields an explicit functional form for fTT o2ds as a function of the paths of W° and B". Denote
(p?)lgjgNl and (X?)lgjgNl the weights and the paths of the quantizer B" of B", and (P )1<j<n, and
(X?)1§j§N2 the weights and the paths of the quantizer W7 of W7. Conditionally on B* = %, one has

o _ go'
I7 = I7 1, where
; T
o’ ._ ) ”ra
IT,T '7/ Usd s
T
and

t
o = exp (ln(ao)e_et +pu (1 - e_9t> + 'ya/ AW 4 e 17 (Xf> )
0
Appendix B shows that x has bounded variations. This entails that ¢’ is a semimartingale. Define
(o', WY == (0", W)p — (', W7),, where (-,-) denotes the semimartingale bracket and let us denote

by fTT ol o dW? the Stratonovich integral of o%. Then, Iz o reads

i T 1 .
17, = / oL o dWS = S (o', W)rr.

1to’s formula yields

T oo 1 /T ) o (T v [T,
szW”:u——/ ol (p—1In(o}))dt — — azdxﬁtf—”/ oldt .
/T t Yo Yo Jr i (¢4)) v i) =5 | o

g T

:fT 0';" o dwWy¢ =%<‘7i7Wg>TyT



5. MULTIFRACTIONAL SABR MODEL 105

Moreover,

—~

T i =~ T T
-~ o~ o't — o, 1 -~ -~ Yh -~
ot dW”:77—/ o4f (p—1In (ot dt — — otydy; (t).
/r ‘ ¢ Yo Yo Jr ‘ (M ( t)) ! Z()

Yo Jr

This shows that [7 o o dW¢ may be approximated by [! oty dW¢ and [Toidt by [Tl dt. Thus we
approximate I‘:T by ng = fTT agd/ﬂzf’ - fTT olds.
The cubature formula is then fully explicit and one finally obtains the following approximation:

I Ni N» N 1 T, \%
E KFT - K) } ~ ZZp?p?PrimeBS (FT”T, <(1 - p2> = / (m,ﬂ(s)) ds) ,T — T, K) ,
T + i=1 j=1 ’ —TJr
where
i T ny 1 r p2 T . 2
Flp = exp (pl o' (s)dxj (s) — p’y”§l o (s)ds — ?/T (U”J(s)) ds) ;
and

.. _ _ _ 9. _ 6.

" (t) :== exp (ln(oo)e o (1 —e ‘%) + e OIf (X7) + yne otre (X?)) .

(1n(o-i7j))1<i§N1,1§j§N2 and (pI'p7)1<i<ni.1<j<N, are the paths and weights of a stationary quantizer of

the mixed multifractional Ornstein-Uhlenbeck process In(c). The results stated in Section 3.4 allow us to

control its quadratic quantization error with the quantization error of W and B". We then apply (2.10) to
get an upper bound for the L?~¢ quantization error of the process o on [0, T}, for any € > 0 .

5 Multifractional SABR model

We now assume that, under the risk-neutral measure, the forward price of a risky asset is the solution of the
S.D.E.

dF, = FyoydWy,

{ t totaWy (5.1)

do, = oy (fythBf + %dwg) . 00> 0,

where W and W are two standard Brownian motions and B" is a well-balanced multifractional Brownian
motion independent of W and W7 with functional C!' parameter h. We assume that W is decomposed into
pdW¢7 + /T — p2dW/[ | where W is a Brownian motion independent of W°. We use the same notations as
in the previous section for 77, F¥' F' Foh and FFoh Hence, (5.1) writes

dF, = Fyoy (pdW7 + /T— pZdW}) 52)
do; = oy (WbdoBt}l + 'yath"> , oo >0. '
The solution of the stochastic differential equation verified by o, established in Theorem 3.5, is
1
oy = ogexp® (ngta + yhBth) = 0gexp ('yaWt" + v, Bl — 3 (vgt + 'y,%t%(t)>> ) (5.3)

Reasoning as in the case of the Hull & White model presented in Section 4, it can be shown that F' is an
FFaoh martingale for p = 0. In addition, the same numerical procedures as above may be used.

6 Numerical experiments

6.1 Variance reduction method for the quantization-based cubature

Numerical experiments carried out in [27] showed that, in the case of vanilla options, computing the implied
volatility using the estimated forward instead of the theoretical forward in the Black & Scholes formula
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hy

Figure 4.3: left: functions hy and hy; middle: function hs; right: function hs.

improves the accuracy. The counterpart of this method in the frame of forward start options is to replace
the “1” appearing in Formula (VIL.3) by the quantity

~ - h, o 17t
INy Ny = E 5 Fop (6.1)
1<i<NT, 1<G<Na

This also holds when using Richardson-Romberg extrapolation: in this case, one uses the extrapolated value
of Jn, N, instead of 1 in Formula (VIL3).
These methods were used to generate the numerical results presented below.

6.2 Numerical results

We present results on the multifractional Hull & White model. We have computed the price as a function
of strike for different maturities: 1, 2.5, 5 and 10 years. Driving noises were chosen in the class of fBms and
mBms. More precisely, we display results of our experiments with:

An fBm with H = 0.2.

An fBm with H = 0.5.

An fBm with H = 0.75.

An fBm with H = 0.9.

An mBm with h = hy = 0.35sin (2 (¢ + 1)) +0.55.

2 (t412)) +0.55.
7. An mBm with h = hs = 0.35sin (% (¢ + 2)) +0.55.

A

N =

An mBm with h = hy = 0.35 sin(

8. An mBm with h = hy = —02sin (% (£ +2)) +0.7,

The four functions are plotted on Figure 4.3. The values of the other parameters are v, = 0.3, v, = p =0
(except for the experiments displayed on Figure 4.6), # = 0.3, u = In(0.2), g = 0.2 and Fy = 100.

The results displayed below provide an experimental justification to the claims made in the introduction.
Indeed, one sees that, for the short maturity 7' = 1 year, in the fractional Hull & White model (i.e. with
h constant), the smiles are more pronounced for small H and decrease as H increase, while the reverse is
true for all maturities larger than one year (Figure 4.4). Thus, stronger correlations in the driving noise do
translate in this model into a slower decrease of the smile as maturities increase, as noted in [23]. However,
with such an fBm-based model, an H larger than 1/2 is needed to ensure long-range dependence and thus
a more realistic evolution of the smile as compared to the Brownian case. As mentioned above, this is not
compatible with empirical graphs of the volatility which show a very irregular behaviour, and would require
a small H. In addition, the local regularity of the volatility evolves in time, calling for a varying H, i.e. an
mBm.

Another aspect is that a fixed H, as in a modelling with fBm, does not allow to control independently
the shape of the smiles at different maturities. This is possible with mBm, where the smile at maturity 7’
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Figure 4.4: Comparisons of vanilla option volatility smiles for fBm with H = 0.2, H = 0.5, H = 0.7 and
H = 0.9 at different maturities. Top left: T"= 1. Top right: 7' = 2.5. Bottom left: T" = 5. Bottom right:
T = 10.

depends on a weighted average of the values of h up to time T, as can be inferred from equalities (3.7) and
(4.3). This is apparent on Figure 4.5. We have compared fBms and mBms at various maturities 7', where H
and h are chosen such that h(t) = H, or, for the bottom right plot, hy(t) = ha(t). One sees that the shape of
the smile depends on a weighted average of past values of h. For instance, in the bottom left plot, the values
of h before T' = 2.5 are in average smaller than 0.9, resulting in a flatter smile. The fact that a weighted
average must be considered is apparent on the bottom right plot: indeed, the smile is more pronounced for
hi1, although the average from 0 to 5 of this function is smaller than the one of hy. In contrast, the values
in the immediate past of t = 5 are larger for h; than for hy, as may be checked on Figure 4.3. An adequate
choice of h may thus allow one to better approximate a whole implied volatility surface. This topic will be
addressed in a future work.

Finally, we display on Figure 4.6 an example with p # 0 for illustration purposes.
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Figure 4.5: Comparisons of vanilla option volatility smiles for various fBm and mBm at several maturities.
Top left: fBm with H = 0.9 and mBm with function h; at T = 5 (h1(5) = 0.9). Top right: fBm with
H = 0.2 and mBm with function hy at T =5 (h2(5) = 0.2). Bottom left: fBm with H = 0.9 and mBm with
function hs at T' = 2.5 (h3(2.5) = 0.9). Bottom right: mBm with function h; and mBm with function hy at
T =5 (h1(5) = ha(5) = 0.9).

Figure 4.6: Vanilla option volatility smiles in the multifractional Hull & White model, with v, = 0.3,
Yo =0.3 p=-0.5,0=0.3, p=1n(0.2), op = 0.2 and Fy = 100, and h = hy for maturities T =1, T = 2.5
and T = 5.
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VII Appendix

The implied forward start volatility

The forward start option price.

Let W be a standard Brownian motion on [0,7] and 7 € (0,7). Let us consider the stochastic differential
equation dS; = Sio:dW; (with (0¢)icjo,7) a deterministic process) whose solution is a geometric Brownian
motion Sy = Syexp (fot osdWs — %fg o? ds). The forward start Call option price FSPrimeBS(o, 7, T, K)
is given by

FSPrimeBS(o, 7,7, K) = E {(g—T - K) ] =N(dy) — KN (dz),
+

T

where d; := E—Vg” + EIH(TK_)T, do :=d; — E—ng and 72 := TiT fTT 02 ds . In other words, we have
FSPrimeBS(o, 7, T, K) = PrimeBS(1,0,T — 7, K), (VIL1)

where (Sp, Vol, Mat, Strike) — PrimeBS(Sy, Vol, Mat, Strike) is the closed-form expression for the vanilla
Call option price in the Black & Scholes model.

The implied forward start volatility.

In the Black & Scholes model, where the asset price follows a geometric Brownian motion with a constant
volatility, the forward start Call (or Put) option price is an increasing function of the volatility (if the strike
is not zero). Conversely, for a given forward start Call (or Put) option price, the Black & Scholes implied
volatility is the unique value of the volatility for which the Black & Scholes formula recovers the price; in
other words, the implied forward start volatility associated with a given forward Fp, a forward start date 7,
a maturity T > 7, a strike K, and an option price P is defined by

P = FSPrimeBS (ImpliedFSVoIBS (7, T, K, P), 7, T, K) . (VIL2)
Using Equation (VIL.1), this yields
ImpliedFSVolBS (7, T, K, P) = ImpliedVolBS (1,7 — 7, K, P) , (VIL3)

where ImpliedVolBS (Fwd, maturity, Strike, Price) is the Black & Scholes implied volatility a certain for-
ward, maturity, strike and option price.

VIII Variations of the Karhunen-Loéve eigenfunctions of mBm

Let Rj, denote the covariance function of a normalized mBm B" with functional C' parameter h and eZ
be the kth Karhunen-Loéve eigenfunction of B". For k in N, define the map I : [0,7] — R by I, (t) :=

ﬁ)T Rp(t,s) el(s) ds = Aell, where A!' is the eigenvalue associated with el
Theorem VIIL.1. For every integer k, the map el has bounded variations on [0,T].

Proof: For every fixed (k,t) in N x [0, 77,

T2 T 2 T
Ii(t) :/ s g2hes ell(s) ds +/ s g2hes ell(s) ds 7/ ey g2hes ell(s) ds
0 Ch(t)Ch(s) 0 Ch(t)Ch(s) 0 Ch(t)Ch(s)
— Fy(8) + Fa(t) — Fy(0). (VIIL1)

We show that F; has bounded variations for every ¢ in {1,2,3}. The cases of Fy, F» and F3 are similar, and
we only treat here F1. Let (¢;)o<i<n be a sequence of elements of [0, 7] such that 0 =t) < 1 < --- <ty =T.
For any 7 in {1,---, N} we get,
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=:K;
—N— 2
T 02 C
ex(s hegs 2he, s he,_y,e 2he; s
[Fi(ti) — Fi(ti-1)| < sup k(o) / e A e T2
s€[0,T) Ch(s) 0 Ch(t;) Ch(t;_1)
T, e T |¢ch, . he, | 2k
< K1</ ti,s t?hti,s 7ti_lff'71v d8+/ ti,s Vb t,L- 11,1171,5 dS)
0 ch(ti) 0 ch(ti) ch(tifl)
=Gi =:L;
(VIIL.2)
. 0}2), . 1 . 1 .
Since the map (s,t) — ﬁ is C" as soon as h is C'*, the mean-value theorem yields
g @
ht, s 1.8
et R sup [fU)] [t — | =2 K [t — i,
Ch(tq,) ch(ti,l) SE[O,T]
2
where f(t) denotes, for every s in [0, T], the derivative, at point ¢, of the map ¢ — % Setting [Hy, Ha] :=
inf h(u), sup h(u)|, one gets:
UE[O,T] UE[O,T]

T

heo .

L; < Ky |ti — ti—ll / t?ﬁfﬁl' ds <T (1 + KQ) |ti — ti—ll (62H1T + 62H2T> =: K3 |ti — ti_1|. (VIII3)
0

2
. Chy T 2he; 4,5 T |,2he; s 2he;_q.s
Besides, G; < sup Ch‘(;‘) IB ‘ti2hti,s o ds = Ky [ — | ds
(t,s)€lo, 1721
Now, writing
2he;_q,s 2ht, s 2hy, s 2hy,
2ht, s ti—1o5 __ 4 2he s tivs tirs ti—1,s
7 i1 =17 tit tit i1 )
:=C;(s) :=D;(s)

we easily get that

t;
Vs € [0,T], |Ci(s)] <2Hs / (xQHTl - x2H171) dzx.

ti—1

Define the family of maps (ga)ae]R*+ from Ry to Ry, by go(x) := a” if & > 0 and g, () := 1 if 2 = 0. Let

Ks:= sup |In(a)| (e211n(@) 4 ¢2H21n(e))  The mean-value theorem applied to g, yields
a€l0,7)
Vs € [O,T], |D1(S)| < 271 K5 |2ht15 - 2h/t.;,115 < K5 sup |h’(u)| |t1 — ti,1| =: KG |t1 7ti,1|.
u€e[0,T]
We hence have shown that
=Ky .
Vie{l;-- N}, Gi<(1+T) (1+2H) (14 K4) (1 + Kg) <|ti —ti 1| +/ ' (:r?Hrl foHlfl) d:c> :
ti—1
(VIIIL.4)
Using (VIIL.3) and (VIIL.4) we finally obtain
a 1
7 IR(t:) - Fitio)] < 2K7 (1 + —) (T + 12 4+ 72M2) < 40,
i=1 2H;

which ends the proof. O
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Real and complex Gaussian measures
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Let (Q,F,P) be a probability space and L°(€2) be the set of all real random variables on Q. Let (E,&,m)
be a measured space, and Eo(m) = {A € & m(A) < +oo}. Let us moreover note, E%(df) ={h:R —
C; [a|n(E) dE < +o0 & h(€) = h(—€) V€ € R} and for, i € {1;2}, Li(du) := {f : R = R; [p|f(u)[" du <
+0o}. Let us finally note B the Borel o-field of R, Bém) = {A € B(R); m(A4) < +oo} and A the Lebesgue

measure on R. Moreover, for every o # 0 we will write X ~ N(0,0?) to mean that the probability measure
of X is centred and Gaussian with variance equal to 2.

Definition 0.1 (Gaussian measure on (R, B)). For any positive real b, define the measure Ay := b\ (when
b =1 we note X instead of \1). An independently scattered o-additive set function M : B(()A”) — L9(Q) such

that M(A) ~ N(0;2X,(A)) for any A in Bé/\b) is called a Gaussian random measure on R with control (or
intensity) measure Ay.

(i) Independently scattered means that if Ay, Ay, -+, Ag belongs to B(()A”) and are disjoint, then the random
variables M (Ay), M(Asg),- -, M(Ay) are independent.

“+o0
(ii) o-additive means that if Ay, Ay, -+, A belong to Bé)"’) are disjoint and such that 4U1Aj € BéA”), then
J=
+oo +
M(jglAj) = ]-ZOT M(Aj) a.s.

Definition 0.2 (Gaussian measure on (R, B), independently scattered on R ). A set function M : BéA”) —

L°(Q), independently scattered and o-additive on Ry such that M(A) ~ N(0;2X,(A)) for any A in B(()kb) is
called a Gaussian random measure on R, independently scattered on R, with control measure \p.

Remark 0.2. Note that when M is a Gaussian measure on R, independently scattered on Ry, M(A) may
not be independent of M(B) even for disjoint sets A and B of Bé”\b),

There are two equivalent ways to understand integral with respect to Gaussian measure. We recall in two
following sections these two ways and explain in the third section the links between them.

1 First method: [73] and references therein

Define firstly W= W1 +iWsy where Wy and Wy, are independent Gaussian measures, independently scattered
on Ry, with control measure )y /4 satisfying Wy (A) = W;(—A) and Wy(A) = —Wy(—A) for any A in Bé/\l“).

Then W(A) = W(—A) for any A in BéAlM), Moreover, for any Borel set A in R,

111
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E[[W(A)|"] = E[W:(4)%] + E[Wa(4)] = A(4) and E[W(4)"] = E[W;(A)?] — E[W,(4)?] = 0.

Consider the set of complex-valued functions h := hq + iho defined on R such that hy and ho are real-valued
functions which satisfy, for every real £ , hi(§) = hi(=§), ha2(§) = —ha(=£) and [ hi(g)Qdf < +oo for

i € {1;2}. Note that h belongs to LZ(d¢). We are now able to give the following

Definition 1.1. For any h in z%(df), we define the stochastic Wiener integral I(h) = [ h( d§ of h by
10) = [ (W) = [ haleywraia).

The process {I(h); h € z%(df)} is a centred Gaussian process whose covariance function X is given, for all
(hyg) in L2(d€) x L2(d€), by S(h.g) =< h,g > 2. In particular I(h) ~ N (0; 11112 5y) for every h in
LZ(dS).

Let us note f the Fourier transform of any element f in L}(du) U L2(du) defined, for every & € R, by
f(f) \/ﬂ Jre e f(u) du, if f belongs to L'(R) and extended by continuity for abitrary f in L2(du).

It is then clear that for every Gaussian random measure Wy on R with control measure \; /3, we have the

equality in law: [ f(u)W(du) W Jz F()E) W(d¢) for every f in L2 (du).
Remark 1.1. Intuitively it seems natural to set I(h) := [p(h1(§)+iho(&))(W1(d€) +iWo(dE)) := [p(h1(§
iho(§))W1(d€) + [p(ih1(&) — ha(§))Wa(dE). We hence would have

I(h) = / i (€)W (d€) — / ha(€)Wa(d€) + i / B (€)W (d€) — / B (€)Wa(de) ).

::RQJ :1R1,2
However, since [p hao(§)Wi(d§) = fR o(—u)Wi(—du) = *fR hao(u)Wi(du) and [p hi(§)Wa(dE) =
fR+ hi(—u)Wy(—du) = *fR ha(u)W ( u) almost surely, we get that Ro1 = Ri2 = 0 almost surely and

thus, finally, I(h) = [z hi()W1(dE) — [z he(§)Wa(dE), for every w as stated the definition.

2 Second method: [75] and references therein

Let W := (1)x)cp be an orthonormal basis of the Hilbert space L2 (du) with inner product <,> defined by
< f,g >= [ f(u) g(u) du for all (f,g) in LE(du) x LZ(du). For example we can take ¥ to be a wavelet
basis, namely 9 (u) := 277/2¢(27Iu — k), where A\ = (4, k), j, k belongs to Z and where the “mother wavelet
71 is such that ¥ is an orthonormal basis.

The image of the space L2 (du) with respect to the Fourier transform is nothing but the space L2 (d{ ) defined

at the begining of section 1. Moreover, for any A and [ in f%(df) denote < h,l >:= [ h( 5) d¢ the
corresponding inner product.

Now, for any f in L%(du) and h in i%(d{), define the stochastic integrals

= / flu) W(du) =Y < fin > Z, (2.1)
R XA

S0 = [ 0O W)= 3 <hih > 2 (2.2)
AEA

where Z := (Z)),c, is some fixed collection of independent and identically distributed standard Gaussian

random variables on (€, F,P). These series converge in the L2-sense, for all f in L2 (du) and h in Z%(dg).
Moreover one has, for all f and g in L3(du),
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EL7(f)7(9) = <fg> = <[, 5> = EZ(}) 7@, (2.3)

There is a “stochastic Parseval identity "relating the stochastic integrals [ f(u) W (du) and [ h(€) W(df)
n (2.1) and (2.2), namely:

Proposition 2.1. For all f in Li(du) and h in i%(d{), we have that:

[ 1 Wid) % [ ) Wide), if and only if 7€) = hie). ae (2.4)
Proof. The equality beetwen the right-hand sides of (2.1) and (2.2) results simply from the Parseval identity.
]

Remark 2.2. We now have [, f(u) W(du) = [ 1163 W(df) for every f in L% (du). Moreover { 7 (h); h €
LZ(d€)} is a centred Gaussian process, and once again, ¥ (h) ~ N(0; ||h||%%(R)) for every h in LZ(d€).

3 Links between the two methods

From second to first method

Starting from the second method framework, it is easy to build gaussian measures Wy, Wy and W on R,
satisfying the assumptions of the first method and hence recover the integral I. More precisely, we consider
41 and S asin (2.1) as well as _#; and _#5 as in (2.2) such that, for every ¢ in {1;2}

= [ Wi = 3 < fn> 20,
R XEA
Fi(h) = / h(E) Wilde) = Y < b, > 2,
R AeA
where Z(1) .= (ZS)))\GA and Z®) := (Z;Q)))\GA are two fixed independent collections of independent and

identically distributed standard Gaussian random variables on (2, F, P).

We then define the three maps Wy, W, and W from Bé)““) to L2(Q, F,P) by Wy (A) := %/1(1,4 +1_4+

(V2 — 2)]lAn( )5 WQ(A) = —1 Z5(ila —il_4 + V2L an(_a)) and W := W, + W,. We hence define, for

every h in 12 &(de), I = g hi (Wi (dE) — [ ha(§)W2(dE). We have the following results:

Properties 3.1. (z) W1 and Wy are independent Gaussian random measure on R, independently scattered
on Ry, with control measure \y,4 which satisfy W1(A) = Wy (—A) and Wy(A) = ~Wy(—A) for any A in
B,

(ii) For any h := hy + ihy in E%(df) and i in {1;2}, the two Gaussian processes (/i(h))heLg(dg) and

(I(h))heﬁ(dg) have the same distribution. In particular, [p h(§) W(d{) @ Jz R(&) W(de).
C

Proof. It is clear that the process W; := {W;(A4); 4 € B(()Alm} is gaussian. Moreover, for every A in
2
BA/a) we have Wy (A) ~ N(0;1/4]|14 +1_4 + (V2 — 2)]lAﬂ(—A)||L2(1R)) and hence Wy (A) ~ N (0; @)
since |14 + 14+ (V2 — 2)114“(—14)”?;2(]1&) =2)(A).
k
Moreover, for every A, As, -+, Ay in (Bé/\”“)) such that the A; are disjoints and all in R, the ide-

pendence of Wi (A1), Wi(Az), -+, Wi(Ay) results from the fact that E[Wy(4;)W1(A4;)] = 1 < T4, +
1_4,,14, +1_4, >= 0. Finally, the equality, in L*(Q, F,P), between W(_éJNAi) and ),y W(A;) is clear

since E KW( A;) — ZZ o W(A )) } oo A4 NS 0. The series of independent random vari-
— o0

1=N-+1
ables . _ W(A;) converges in L%(Q2, F,P) sense as well as almost surely. O

€N
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From first to second method

Conversly, let us start from the first method framework. We define for every function h in LZ(d€), #(h) :=

I(h) = [ hi( Wi (dE) — [z ha(§)W2(dE), and for every f in L2(du), [p f(uw)W (du) = /(f) It is clear
that (2.4) is verified.

Remark 3.1. Since we have shown that the two methods of [75] and [73] are equivalent, we use, in the
sequel, notations of both methods.
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