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Introduction

Stochastic differential equations driven by a fractional Brownian motion
have been a subject of an active research for the last two decades. Main
reason is that such equations seem to be one of the most suitable tools to
model long-range dependence in many applied areas, such as physics,
finance, biology, network studies etc.

This talk deals with statistical estimation of drift parameter for a
stochastic differential equation with fBm by discrete observation of its
solution. We propose three new estimators and prove their strong
consistency under the so-called “high-frequency data” assumption that the
horizon of observations tends to infinity, while the interval between them
goes to zero. Moreover, we obtain almost sure upper bounds for the rate
of convergence of the estimators. The estimators proposed go far away
from being maximum likelihood estimators, and this is their crucial
advantage, because they keep strong consistency but they are not
complicated technically and are convenient for the simulations.
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Model description Fractional Brownian motion

Fractional Brownian motion (fBm) with Hurst parameter H € (0,1) is a
centered Gaussian process {B{", t> 0} on a complete probability space

(2, F,P) with the covariance

1
E| BB | = J( 4+ 21 — |t —s]").
It is well known that B has a modification with almost surely continuous
paths (even Holder continuous of any order up to H), and further we will
assume that it is continuous itself.
In what follows we assume that the Hurst parameter H € (1/2,1) is fixed.
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Model description Fractional derivatives

In this case, the integral with respect to the fBm B/ will be understood in
the generalized Lebesgue—Stieltjes sense. Its construction uses the
fractional derivatives, defined for a < b and « € (0,1) as

o fy— L () TR
2109 = iy (e + o Gy )

M) — x)l-e u—x)2o

Ok )0 = S (2 + - o g5y,

Provided that DS, f € Li[a, b], D}"“gh— € Loo[a, b], where
gb—(x) = g(x) — g(b), the generalized Lebesgue-Stieltjes integral
I f(x)dg(x) is defined as

b

b
[ dgt) = €™ [ (D5 NX)(Op g ) (). (1)

a
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Model description Fractional derivatives

It follows from Holder continuity of B that for a € (1 — H, 1)
D}=*B}! € Ly[a, b] as. Then for a function f with Dg, f € Lyi[a, b] we

can define integral with respect to B through (1):

b b
[ (08" = e [ DL B ) dx. (2)
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Model description Stochastic differential equation

Consider the stochastic differential equation driven by fractional Brownian
motion BH:
dXe = fa(t, X;)dt + b(t,X;)dB, 0<t<T, T>0,

(3)
X|t:0 =Xp € R.

Here 6 € R is unknown parameter to be estimated.
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ASTUTFIDNE
Assume that the following conditions hold:

(I) there exist positive constants C1, C; such that for all t € [0, T],
x,y €R
|a(t,x) — a(t,y)| + |b(t, x) — b(t,y)| < Gi|x =y,
|a(t, x)[ + [b(t,x)| < Co(1 + [x]);

(I1) there exist constants C3 > 0 and p € (% -1, 1) such that for all
tel0, T], x,y eR

Bi(t,x) = by (t,y)| < Gslx— y’;

(1) there exist constants C4 > 0 and u € (1 — H, 1) such that for all
t,se[0,T], xeR

|b(t, x) = b(s, x)| + [B{(t, x) — b (s, x)| < Ca[t —s|".
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Assume that the following conditions hold:

(I) there exist positive constants C1, C; such that for all t € [0, T],
x,y €R
|a(t,x) — a(t,y)| + |b(t, x) — b(t,y)| < Gi|x =y,
|a(t, x)[ + [b(t,x)| < Co(1 + [x]);

(I1) there exist constants C3 > 0 and p € (% -1, 1) such that for all
tel0, T], x,y eR

Bi(t,x) = by (t,y)| < Gslx— y’;

(1) there exist constants C4 > 0 and u € (1 — H, 1) such that for all
t,se[0,T], xeR

|b(t, x) = b(s, x)| + [B{(t, x) — b (s, x)| < Ca[t —s|".

According to [Nualart,Rascanu(2002), Theorem 2.1], under the
conditions (1)—(Il1) there exists a unique solution X of the stochastic
equation (3).
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Model description Assumptions

In addition, suppose that the following conditions hold:
(IV) b(t,x) #0;
(V) a,b e C([0,00) x R).

1
Denote a = H— %, a=(1-20)71, Cy= (%)2

I(t,s) = Crs™(t = 8) “locscey, V(£ %) = 22 o(t) = (¢, Xe),
I(t) = Jg In(t, s)p(s)ds.
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Model description Assumptions

In addition, suppose that the following conditions hold:

(IV) b(t,x) #0;
(V) a,b e C([0,00) x R).

1
Denote a = H— %, a=(1-20)71, Cy= (%)2
a(t,x)

In(t,s) = Cys~(t — S)_al{0<s<t}v P(t,x) = b(tx)’ o(t) = ¥(t, Xt),

1(8) = J§ (2. s)p(s)ds.
Under the conditions (I), (I1)—(V) ¢(t),t € [0, T] is a continuous process
with probability 1. Hence, it is Lebesgue integrable and for each t € [0, T]

there exists an integral [ In(t,s)p(s)ds.

Kostiantyn Ralchenko (Kyiv University) Parameter estimation in models with fBm 17 March 2015 11 /34



Model description Assumptions

In addition, suppose that the following conditions hold:
(IV) b(t,x) #0;
(V) a,b e C([0,00) x R).

1
Denote a = H— %, a=(1-20)71, Cy= (%)2

I(t,s) = Crs™(t = 8) “locscey, V(£ %) = 22 o(t) = (¢, Xe),

I(t) =[5 Iu(t,s)p(s)ds.

Under the conditions (I), (I1)—(V) ¢(t),t € [0, T] is a continuous process
with probability 1. Hence, it is Lebesgue integrable and for each t € [0, T]
there exists an integral [ In(t,s)p(s)ds.

Consider the new process B := B + 0 J5 o(s)ds.
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Model description Assumptions

Suppose that the following assumptions hold.

(VI) There exists such function § that belongs to L;[0, t] for all t € [0, T]
a.s. and satisfies the equation

t

9//H( S)e(s)ds = (a 1/2/5ds

0

(VII) E [y s>*62ds < oo, t € [0, T];

(VIIl) Eexp {L — 3(L)¢} =1, where Ly = J§ s*0,dB;, and B is Wiener
process with respect to probability measure Py(t) corresponding to
the zero drift such that

t t
//H(t,s)déj’ —a 1/? /s—a dB.
0 0
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Maximum-likelihood estimator
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\WENIUITOEITCITII L RSSEIEIIIE  The explicit form for the likelihood ratio

We can present likelihood ratio as a function of the observed process X;.

t t
L, :/saasdés :/s2aasdvs, 4)
0 0
where
S S
Y, = /u—adéu = a1/2//H(s, u)b™(u, X,)dXy, (5)
0

5s = 0at/? (/ In(s, U)@(U)du) = Cybat’? (/(5 - U)_a“_QSD(“)d“)
0

0

or

5s = Cuba W( ta / s 5_;‘;:“"(”)du). (7)
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\WENIUITOEITCITII L RSSEIEIIIE  The explicit form for the likelihood ratio

According to [Mishura (2008), formula (6.3.13)], the maximum-likelihood

estimator has the form
a1 _ a2 [gs*l'(s)dBs oL
' Jo s22(I'(s)2ds [y s%*62ds’

Using (4), (5), (7) and the definition of the kernel /y(t,s) we can write

0 5 s2%0sdYs

a0 _
' Jq s2262ds

(8)

MdU) d(fg v(s — v)"*b~(v, X,)dX,)

Js ((s) + as? f5 ==y

fo 52 ( 2a + afs = acp(ss),_,)aﬂi( )du) ds

Remark
According to [Mishura (2008) Theorem 6.3.3], under assumptions
(- (VIII) and [;°s%*(I'(s))?ds = 0o a.s. we have the convergence

HA(TI) 0, T — oco.
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\ERTUITURITSITII RS EYGIE A discretized version of MLE

Let t] = 2,,, k=0,1,2,...,2%2". We can define a discretized version of
the maximume-likelihood estimator

2n__ _ ny—a ny—a n ~
22 < (t1) + a(t])?® f’<=11 (&) (f;gt zln)gﬂ)zn et )><Yt£+1 — Yt,’(’)

02 .= S
SEe e re (5 +aris et ) L
(9)
where
k-1
Yo = _Z;(t, )7 (8 — )b TH(E, Xep) (Xt,."+1 - th.") ,
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\ERTUITURITSITII RS EYGIE A discretized version of MLE
Let t] = 2k,,, k=0,1,2,...,2%2". We can define a discretized version of

the maximume-likelihood estimator

2n__ _ ny—a n a n ~
>3 < (6) + a(tp)?e o A e “)(Y%—Yt;)

i) = '
SEe e re (5 +aris et ) L
(9)
where
k—1
Yo = S (617 (t0 — 1) "6 (e Xep) (Xep, — Xer)
i=1

In the general case formula (9) is not suitable for applications because it
involves a lot of weakly singular kernels and it is quite impossible to get its
convergence to the true value of the parameter. But even if we get the
convergence, the simulation error will be so great that annihilate our
efforts in discretization. In order to avoid this technical difficulties, we
start with the simplest case.
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Maximum-likelihood estimator Estimation in the case a = b

In order to avoid this technical difficulties, we start with the simplest case.
Consider an equation

dX; = 0b(X;)dt + b(X;)dB!. (10)
In this case the maximum-likelihood estimator can be written as follows:

o Jo s7(t — s)"*b7L(Xs)dXs
‘ Bl —a,1—a)tl-2a

(11)
Now we consider an estimator

e — )b (X ) (X — X )

o3 —
" B(l — a,1 — a)2n(1-22) ’
where t]] = 2@, k=0,1,...,2%". This estimator is a discretized version of

the estimator (11).
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Maximum-likelihood estimator Estimation in the case a = b

Theorem

Suppose that there exist positive constants Cy, (5, C3, Gs and

p € (1/H —1,1], such that

(a) |b(x) —b(y)| < G |x—y| forallx,y€R,

(b) G < |b(x)| < G(1+ |x]) forall x €R,

(c) [P'(x)=b(y)| < Gl|x—y|" forallx,y eR

Then §¥ 21, 6,n — oo. Moreover, for any 3 € (1/2,H) and v > 1/2
there exists a random variable n = 1, with all finite moments such that
0F) — 0 < 72771, where 5 = 5/, 7 = (1— H) A (28 - 1),
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Consistent estimators for drift parameter Assumptions

Consider a stochastic differential equation
X, = xo+e/ ds+/b X.)dBY, (12)

where Xp is a non-random coefficient. In [Lyons (1998)], it is shown that
this equation has a unique solution under the following assumptions: there

exist constants 6 € (1/H —1,1], K >0, L > 0 and for every N > 0 there
exists Ry > 0 such that

(A) la(x)[ + [b(x)] < K forall x,y € R,
(B) la(x) —a(y)l + [b(x) — b(y)| < L|x —y| forallx,y € R,
(C) |H(x) = b (y) < Ry|x—yl° forallxe[-N,N],ye[-N,N].
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Consistent estimators for drift parameter Assumptions

Our main problem is the following: to construct an estimator for € based
on discrete observations of X. Specifically, we will assume that for some
n > 1 we observe values Xy at the following uniform partition of [0,2"]:
th=k27", k=0,1,...,2%".

In order to construct consistent estimators for 8, we need another
technical assumption, in addition to conditions (A)—(C):

(D) there exists a constant M > 0 such that for all x € R

laC)[ =M, |b(x)| = M.
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Consistent estimators for drift parameter Consistent Estimator 1

We now define an estimator, which is a discretized version of a maximum
likelihood estimator for F(X), where F(x) = [¢ b(y) *dy:

()@ =) b (X, ) (X — Xy )

é\(4) _ k—1
n 2n n\—% (on n\y—& p— ’
SELE) @) b (X ) a (X ) &
where o = H — %
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Consistent estimators for drift parameter Consistent Estimator 1

We now define an estimator, which is a discretized version of a maximum

likelihood estimator for F(X), where F(x) = [¢ b(y) *dy:

0@ — 12<2:n1 (t,’(’)*a (2" — tg)*a p-1 <Xt1’<1—1> (thn X, )

k—1
n 2n n\—% (on n\ & ’
Zi:l (tk) (2 - tk) bt (Xt£—1> a (Xt;:—l) ZL”
where o = H — %

Theorem

With probability one, 95,4) — 0, n— oo.
Moreover, for any 3 € (1/2,H) and v > 1/2 there exists a random
variable ) = ng ., with all finite moments such that

- 9‘ < mn"t1277 where k = /3, T = (1 — H) A (26 — 1).
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Consistent estimators for drift parameter Consistent Estimator 2

Consider a simpler estimator:

o S (5 ) (e xe )
; 2 b1 (X ) a (X )

This is a discretized maximum likelihood estimator for € in equation (13),
where B is replaced by Wiener process. Nevertheless, this estimator is
consistent as well. Namely, we have the following result.

Theorem

With probability one, 95,5) — 0, n— oo.
Moreover, for any 3 € (1/2,H) and v > 1/2 there exists a random
variable n = ng_, with all finite moments such that

5 _ 9‘ < yn"t1277" where k = /3, T = (1 — H) A (26 — 1).
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Consistent estimators for drift parameter Consistent Estimator 3

In the paper [Kozachenko et al (2015)] the following non-standard
estimator for # in the equation (3) was considered:

3(6) _ Jo a(5,Xs)b"2(s, Xs)dX;
C o Jo (s, Xs)b (s, Xs)ds

According to [Kozachenko et al (2015), Theorem 4], if the assumptions
(D-(1V), (VI)=(VII) hold and there exist such 3 >1— H and p > 1 that

TH"1(log T)? [y |(Dg¢)(s)| ds

[ — 0 a.s. as T — o0,
JO 905 ds

then the estimator BA(T6) is well-defined and strongly consistent as T — oc.

We define a discretized version of HA(;)) for the equation
X = Xo + 9/ <) ds +/ Xs)dB!. (13)
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Consistent estimators for drift parameter Consistent Estimator 3

Put ,
e (X )b (X ) (Xe - Xy )

e (X, ) b2 (X, )

o

n
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Consistent estimators for drift parameter Consistent Estimator 3

Put
“ o Sitaa (X)) 02 (Xa,) (Xg — Xy,
no Zzzn 22 (th_1> b2 (th_1> 2*1,1 :
Let
2211
Pn(t) = D ot ep. ) (1)-
k=0
Theorem

Assume that there exist constants 3 > 1 — H and p > 1 such that

2H 50 5" | (D5, 8n) (5)] ds

> - —0 a.s asn— oo
D=1 (1)

Then with probability one, HAS,Y) — 60,n — oo.
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Consistent estimators for drift parameter Consistent Estimator 3

Example

Consider the following model:
dX; = 0b(X;)dt + b(X;)dB!.
()

In this case the estimator én has the form

2n
0P =27 ZZ b7 (X, ) (Xg =X, )
k=1

on(t) =1. Then (D&@n) (s) = ﬁ -s7% and

(14)

n(H+ 27 B8 ~
on(H+B) pp s ‘(D(H_go,, (s)|ds nP 0
= — n — oQ.
22 2 _ 3).on(1-H ’
k=1 P%(th_1) r(2—p)-2r=H
Consequently the estimator (14) is strongly consistent.
v
Kostiantyn Ralchenko (Kyiv University) Parameter estimation in models with fBm 17 March 2015 26 / 34




Estimates for derivatives of fBm and for solutions of SDE
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Estimates for derivatives of fBm and for solutions of SDE

The proof of the strong consistency is based on the following estimate for
the fractional derivative of Bf.

Let some a € (1 — H,1/2) be fixed.
Denote for t; < t»

Z(tl, tz) = (Dg'z:aBg,) (tl)

—ira BH _ BH t2 BH _ BH
— € f 1ti +(1 —04)/71:1 Qi du
Ma) \ (t2— )7 J (=)o
1
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Estimates for derivatives of fBm and for solutions of SDE

The following proposition is a generalization of [Kozachenko et al (2015),
Theorem 3.

Theorem
For any v > 1/2,

Z(t1, t
€ = sup 1Z(t1, )|

0<ti<tr<ti+1 (t, — tl)HJFD‘*l (||Og(t2 — t1)|1/2 + 1) (log(t2 + 3))7
(15)

is finite almost surely.

Moreover, there exists cy o > 0 such that E {exp {X§2H,OWH < oo for
X < CH,a,y-
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Estimates for derivatives of fBm and for solutions of SDE

Fix some € (1/2, H).
Denote for t; < t»

1 Z(u, v)|
NAg(ti, ) =1V  su —_—
sl ) t1§u<|?/§t2 (v — u)fto-l
Theorem

There exists a constant M, g depending on «, 3, K, and L such that for
anyt1 > 0,t € (t1,t1 + 1]

Xe, = Xe,| < Mg (As(tr, 0)(12 — 01)7 + Ag(tr, £)7(1 — 1))
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Estimates for derivatives of fBm and for solutions of SDE

Corollary

For any ~v > 1/2, there exist random variables £ and ¢ such that for all
t1 >0, b € (tl, t1 + 1]

[Xe, = X < ¢(t2 — t1)7 (log(t2 +3))",  Ag(t1, t2) < £(log(t2 +3))7,

where k = /3. Moreover, there exists some ¢ > 0 such that
E[exp {x¢?}] < 0 and E {exp {XCMH < oo for x < c. In particular, all
moments of £ and ( are finite.

v

Lemma

For any n > 1 and any t1, t, € [0,22"] such that t; < tp < t; + 1

X, — Xey | < Cn"(ta — t1)°, Ag(te, t2) < €n7.
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Estimates for derivatives of fBm and for solutions of SDE

In order to construct a consistent estimator, we need a lemma concerning
discrete approximation of integrals.

Lemma
Foralln>1and k=1,2,...,2%"
ty
[ (a0 X)) du| < e
k-1
and
ty
/ (b(Xu) - b(Xt£_1)) dBH?| < cecnrtro—2n8,
k-1
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