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Abstract. The paper considers the problem of robust estimating a periodic function in a continuous time regression model with
the dependent disturbances given by a general square integrable semimartingale with an unknown distribution. An example of such
a noise is a non-Gaussian Ornstein—Uhlenbeck process with jumps (see (J. R. Stat. Soc. Ser. B Stat. Methodol. 63 (2001) 167-241),
(Ann. Appl. Probab. 18 (2008) 879-908)). An adaptive model selection procedure, based on the weighted least square estimates, is
proposed. Under general moment conditions on the noise distribution, sharp non-asymptotic oracle inequalities for the robust risks
have been derived and the robust efficiency of the model selection procedure has been shown. It is established that, in the case of
the non-Gaussian Ornstein—Uhlenbeck noise, the sharp lower bound for the robust quadratic risk is determined by the limit value
of the noise intensity at high frequencies. An example with a martinagale noise exhibits that the risk convergence rate becomes
worse if the noise intensity is unbounded.

Résumé. Dans cette article nous considérons le probleme d’estimation robuste d’une fonction périodique dans un modele de
régression en temps continu avec un bruit dépendant décrit par une semi martingale carrée intégrable de distribution inconnue. Un
exemple de ce bruit est un processus d’Ornstein—Uhlenbeck non gaussien avec sauts (voir (J. R. Stat. Soc. Ser. B Stat. Methodol. 63
(2001) 167-241), (Ann. Appl. Probab. 18 (2008) 879-908)). Nous proposons une procédure adaptative de sélection de modele basée
sur les estimateurs des moindres carrés pondérés. Sous des conditions générales sur les deux premiers moments de la distribution
du bruit, des inégalités d’Oracle non asymptotiques pointues pour des risques quadratiques robustes sont obtenues et I’efficacité
robuste est établie. Nous avons établi aussi que dans le cas du processus d’Ornstein—Uhlenbeck non Gaussian, la borne inférieure
pour le risque quadratique robuste est donnée par la limite de I’intensité du bruit quand la fréquence tend vers I’infini. Nous donnons
un exemple d’un modele de régression avec un bruit martingale ou la vitesse de convergence du risque quadratique devient plus
lente si I’intensité du bruit tend vers I’infini.

MSC: Primary 62G08; secondary 62G05
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1. Introduction

Consider a regression model in continuous time

dy, =S@)dr +d§, 0<t<n, (1.1)
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where S is an unknown 1-periodic R — R function, § € £,[0, 11; (§/);>0 is an unobservable semimartingale noise
with the values in the Skorokhod space DI[0, n] such that, for any function f from £,[0, n], the stochastic integral

hm=ﬁf®% (12)

is well defined and has the following properties

Eol,(f)=0 and EQInz(f)SaQ/nfz(s)ds. (1.3)
0

Here Eg denotes the expectation with respect to the distribution Q in DI[0, n] of the process (&;)o<;<n, Which is
assumed to belong to some probability family Q,, specified below; op > 0 is some positive constant depending on the
distribution Q.

The problem is to estimate the unknown function S in the model (1.1) on the basis of observations (y;)o<s<n-

The class of the disturbances & satisfying conditions (1.3) is rather wide and comprises, in particular, the Lévy
processes which are used in different applied problems (see [4,16], for details). The models (1.1) with the Lévy’s type
noise naturally arise (see [18]) in the nonparametric functional statistics problems (see, for example, [8]). Moreover,
as is shown in Section 2, non-Gaussian Ornstein—Uhlenbeck-based models, introduced in [2], enter this class.

We define the error of an estimate S (any real-valued function measurable with respect to o{y;,0 <t <n}) for S
by its integral quadratic risk

Ro(S, ) :=Egs|S—S|> (1.4)
where E g g stands for the expectation with respect to the distribution P g of the process (1.1) with a fixed distribution
Q of the noise (§;)o</<» and a given function S; || - || is the norm in L, [0, 1], i.e.

2 b
IR = [ P (15)

Since in our case the noise distribution Q is unknown, it seems natural similar to [10] to measure the quality of an
estimate S by the robust risk defined as

RE(S,S)= sup Ro(S,S) (1.6)
QeQy

which assumes taking supremum of the error (1.4) over the whole family of admissible distributions Q,,.

We will treat the stated problem from the standpoint of the model selection approach. It will be noted that the
origin of this method goes back to early seventies with the pioneering papers by Akaike [1] and Mallows [22] who
proposed to introduce penalizing in a log-likelihood type criterion. The further progress has been made by Barron,
Birgé and Massart [3,23], who developed a non-asymptotic model selection method which enables one to derive non-
asymptotic oracle inequalities for nonparametric regression models with the i.i.d. Gaussian disturbances. An oracle
inequality yields the upper bound for the estimate risk via the minimal risk corresponding to a chosen family of
estimates. Galtchouk and Pergamenshchikov [9] applied the Barron—Birgé—Massart technic to the problem of estimat-
ing nonparametric drift functions in ergodic diffusion processes. Fourdrinier and Pergamenshchikov [7] extended the
Barron-Birgé—Massart method to the models with the spherically symmetric dependent observations. They proposed a
model selection procedure based on the improved least squares estimates. Lately, the authors [17] applied this method
to the nonparametric problem of estimating a periodic function in a continuous time model with a Gaussian colored
noise. In all cited papers, the non-asymptotic oracle inequalities have been derived, which enable one to establish
the optimal convergence rate for the minimax risks. In addition to the optimal convergence rate, the other important
problem is that of the efficiency of adaptive estimation procedures. In order to examine the efficiency property of a
procedure one has to obtain the sharp oracle inequalities, i.e. such in which the factor at the principal term in the
right-hand of the inequality is close to unity.

The first result on sharp inequalities is most likely due to Kneip [15] who studied a Gaussian regression model in
discrete time. It will be observed that the derivation of oracle inequalities usually rests upon the fact that the initial
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model, by applying the Fourier transformation, can be reduced to a Gaussian model with independent observations.
However, such a transform is possible only for Gaussian models with independent homogeneous observations or for
the inhomogeneous ones with the known correlation characteristics. This restriction significantly narrows the area of
application of the proposed model selection procedures and rules out a broad class of models including, in particular,
heteroscedastic regression models widely used in econometrics (see, for example, [5,14]). For constructing adaptive
procedures in the case of inhomogeneous observations one needs to modify the approach to the estimation problem.
Galtchouk and Pergamenshchikov [11-13] have developed a new estimation method intended for the heteroscedastic
regression models in discrete time. The heart of this method is to combine the Barron—Birgé—Massart non-asymptotic
penalization method [3] and the Pinsker weighted least square method which minimizes the asymptotic risk (see, for
example, [24,25]). This yields a significant improvement in the performance of the procedure (see numerical example
in [11]).

The goal of this paper is to develop the robust efficient model selection method for the model (1.1) with dependent
disturbances having unknown distribution. We follow the approach proposed by Galtchouk and Pergamenshchikov
[11] in the construction of the procedure. Unfortunately, their method of obtaining the oracle inequalities is essentially
based on the independence of observations and can not be applied here. This paper proposes the new analytical tools
which allow one to obtain the sharp non-asymptotic oracle inequalities for robust risks under general conditions on
the distribution of the noise in the model (1.1). This method enables us to treat both the cases of dependent and
independent observations from the same standpoint, it does not assume the knowledge of the noise distribution and
leads to the efficient estimation procedure with respect to the risk (1.6). The validity of the conditions, imposed on the
noise in Eq. (1.1) is verified for a non-Gaussian Ornstein—Uhlenbeck process and for a martinagale with the increasing
variance (see Section 2).

The rest of the paper is organized as follows. In Section 3 we construct the model selection procedure on the basis
of weighted least squares estimates and state the main results in the form of oracle inequalities for the quadratic risk
(1.4) and the robust risk (1.6). Here we also specify the set of admissible weight sequences in the model selection
procedure. In Section 4 we establish some properties of the stochastic integrals with respect to the non-Gaussian
Ornstein—Uhlenbeck process (2.1). Section 7 gives the proofs of the main results. In Sections 5, 6 it is shown that the
proposed model selection procedure for estimating S in (1.1) is asymptotically efficient with respect to the robust risk
(1.6). Section 7 gives the proofs of the oracle inequalities for the regression model (1.1) with the noises introduced in
Section 2. In the Appendix some auxiliary propositions are given.

2. Semimartingale noises
In this section two examples of the disturbances (§,),>¢ in (1.1) are given.
2.1. Non-Gaussian Ornstein—Uhlenbeck process

First we consider the disturbances (&;);>¢ in (1.1) given by a non-Gaussian Ornstein—Uhlenbeck process with the
Lévy subordinator. Such processes are used in the financial Black—Scholes type markets with jumps (see for example
[6] and the references therein). Let the noise process in (1.1) obey the equation

d§ =a& dr +duy, § =0, 2.1

where a <0, u; = 01w, + 0221, 01 and g2 are unknown constants, (w;);>¢ is a standard Brownian motion, (z;);>0 is
a compound Poisson process defined as

a=) Y 2.2)

Here (Ny);>0 is a standard homogeneous Poisson process with unknown intensity A > 0 and (Y¥;);>1 is an ii.d.
sequence of random variables with

EY; =0, EY;=1 and EY;<oo. (2.3)
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Let (T)r>1 denote the arrival times of the process (N;);>0, that is,

Ty = inf{r > 0: N, =k}. 2.4
We assume that the parameters A, a, 01 and > satisfy the conditions

—amix <@ <0, A>he,  Omin <07 403 < Omax- 2.5)

Let Q,, denote the family of all distributions of process (2.1) on the space DI[0, n] with the parameters a, A, 01 and 02
satisfying the conditions (2.5) with fixed bounds A, > 0, amax > 0, Omin > 0 and Emax > 0.

It will be observed that the process (1.1)—(2.1) may be used for modelling of the stock prices in the financial
markets of the Black—Scholes type with jumps (see, e.g., [20], p. 141). In this case the price process (X;)o<i<n 1S
governed by the stochastic differential equation:

dx
=L — S(r)dr + dé, (2.6)
X;

where (&;);>0 is an internal random factor specified by Eq. (2.1) and S(¢) is a periodic stock-apprecaition rate which
has to be estimated from the observations

t
Y: = Yo +/ x;ldx,.
0

The solution to Eq. (2.6) is given by the Dolean exponent, i.e.

t 2
X; ZXOeXP{YI —yo+/ (S(u) - %) du+Az},
0

where A; = erst(ln(l +02Y)) —02Y)).
To use the model (2.6) for describing the stock prices dynamics one needs to require that for all j > 1

14+02Y; >0 as.
2.2. Martingale noise

Next we consider a martinagale noise obeying the equation
dé; = 01(r) dw; + 02(1) dzy, .7

where o1 and o> are continuously differentiable Ry — R nonrandom functions; the process (z;);>0 is defined in
(2.2)—(2.3). Assume that, there exist constants A, > 0, omin > 0 and a Ry — R continuous function omax(-) such
that forall # > 0

A=, Omin < 07(1) +203(1) < Omax (1) (2.8)

and, for any § > 0,

lim QL;‘(” —0. (2.9)

1—00 t

Moreover, we assume that the derivatives of functions g; for some positive constants o), and ¢/, satisfy the following
conditions

2

d
— 07 (1)

P <oy (2.10)

l
=< 04> sug
1=

d ,
— o7 (t
dtQ‘()

sup(t 4+ 1) max
>0 l=i<2

In this case we denote by Q,, the family of all distributions of the process (2.7) on D[0, n] satisfying the conditions
(2.8) and (2.10) for some A, Omin, Omax (+), 0, and o.
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3. Model selection

This section gives the construction of a model selection procedure for estimating a function $ in (1.1) on the basis of
weighted least square estimates and states the main results.

For estimating the unknown function S in the model (1.1), we apply its Fourier expansion in the trigonometric
basis (¢) j>1 in £2[0, 1] defined as

pr=1,  ¢;jx)=v2Tr;(2n[j/21x), Jj=2, 3.1)

where the function Tr; (x) = cos(x) for even j and Tr;(x) = sin(x) for odd j; [x] denotes the integer part of x. The
corresponding Fourier coefficients

1

6;=(S,9)) = /0 S, (1) dr (32)
can be estimated as

—~ 1 ("

Ojn = —f ¢;(t)dyr. (3.3)

n Jo

In view of (1.1), one obtains

—~ 1 1

Gj,nzej"'ﬁéj,na Ej,nzﬁln((pj)a (3.4)

where I,(¢;) is given in (1.2).
For any sequence x = (x;) j>1, we set

0 0
|)C|2 = ZX% and #(x)= Zl{|xj|>0}. (3.5)
j=1 j=1

Now we impose some additional conditions on the family Q,, of distributions of the noise (&;);>¢ in (1.1).
(C1) There exists a variance proxy ¢g > 0 such that for any n > 1

e¢]

Y xi(Egk;, — so)
j=1

Li.(Q)= sup
xeH, #(x)<n

< 00,

where H =[—1, 1]%°.
(Ca) Assume that for each n > 1

2
o0
L ,(0Q)= sup Eop (Zx@,,,) < 00,
j=1

|x|<1.#(x)<n

where E,-,n = “g‘in — EQSJZ,H'

As is shown in the proof of Theorem 3.5 in Section 7, both conditions (C;) and (C;) hold for the process (2.1).
Further we introduce a class of weighted least squares estimates for S(¢) as

Sy =Y v()0jnd), (3.6)
j=1

where y = (¥ (j)) j>1 is a sequence of weight coefficients such that

0<y()<1 and 0<#(y)<n. (3.7)
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Let I" denote a finite set of such weight sequences y = (y(j)) j>1, v = card(I") be its cardinal number and
w=max#(y). 3.8)
yel’

The model jelection procedure for the unknown function § in (1.1) will be constructed on the basis of a family of
estimates (S )y er. The choice of a specific set of weight sequences I” is discussed at the end of this section. To find
a proper weight sequence y in the set I", one needs to specify a cost function. When choosing an appropriate cost
function one can use the following argument. The empirical squared error

Err,(y) = IS, — S|
can be written as
o0 o0 o0
Err,(y) =Y _y* (N7, =2 v (D0jnb; + Y _0;. (3.9)
j=1 j=1 j=1

Since the Fourier coefficients (6;) j>1 are unknown, the weight coefficients (y;) j>1 can not be found by minimizing
this quantity. To circumvent this difficulty one needs to replace the terms 6; ,6; by their estimators 6; ,. We set

~ 5,
Tin=02,— 2, (3.10)

where G, is some estimator for the variance proxy S in the condition (Cy).
For this change in the empirical squared error, one has to pay some penalty. Thus, one comes to the cost function
of the form

L) =YV (N8, = 2>y (NEjn+ pPuly). (3.11)
j=1 j=1

where p is some positive constant, P (y) is the penalty term defined as

Py = G.12)
In the case, when the value of ¢¢ in (C;) is known, one can take 0, = ¢ and

Pty = S (3.13)
Substituting the weight coefficients, minimizing the cost function

y = argmin J, (y), (3.14)

yel

in (3.6) leads to the model selection procedure

5.=5;. (3.15)

It will be noted that ¥ exists because I is a finite set. If the minimizing sequence in (3.14) ¥ is not unique, one can
take any minimizer.
First we consider the case when the proxy variance ¢g in (C;) known.

Proposition 3.1. If the conditions (C1) and (Cy) hold for the distribution Q of the process & in (1.1), then the risk
(1.4) of estimate (3.15) for S satisfies the oracle inequality

143p —2p?

Ro(Ss, S) <
Q(>s< )_ 1—3,0

- 1
i Sy, 8) + - ), 3.16
min Ro (S, $)+ - Bo(n, p) (3.16)
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where

5000V +260L1 4 (Q) + VL2 4 (Q) 61RO, 50)

Bon,p)=2
o(. ) cop(1—3p) 1-3p

This result can be proved along the lines of Theorem 1 in [18].

Now we specify the class Q, of admissible distributions Q in the robust risk in (1.6).

Let Q, be a set of noise distributions Q on the space D[0, n] satisfying (1.3), (C;), (C;) and the following condi-
tions.

(Ho) The factor o in (1.3) and the proxy variance g in (Cy) are such that for each n > 1

Gpi= sup o <00 and o, := sup og <o,
0€Q, 0€Q,
(3.17)
= inf >0

Cx 0e0, S0

and, moreover, for any § > 0
* *

lim S % _q (3.18)
n—oo n

(Hy) The functionals L1 ,(Q) and L2 ,(Q) in (Cy), (C2) are uniformly bounded on the set Q,, i.e. for each Q € Q,

Li.(Q) <L, Lo.(Q)<Lj,
and the numerical sequences (Ll’." Wn=1, i = 1,2, are such that for any § > 0

LY +L3

lim —"——2" = 0.
n—oo n

Theorem 3.2. Suppose that the family of admissible noise distributions Q,, for the model (1.1) is defined by the

conditions (Cy), (Cp) and (Hy), (Hy). Then the robust risk (1.6) of the estimate (3.15) for S(t) satisfies for any n > 1

and 0 < p < 1/3 the oracle inequality

3 1+3p—20% . . = 1
Ri(Se. 8) < 5= minRy(Sy. )+ - B (n. o). 519)
where
B*(I’l,p) =2§,TO':I)+2§;LTM +UL;,n 6MRZ(6?”)

s«p(1—3p) 1-3p
and R} (0,) = suppco, Ro (On. 50)-

3.1. The case of unknown g

If the variance proxy ¢¢ in the condition (Cj) is unknown it can be estimated as

n

G, = Z 02 . n>2. (3.20)

j.n

j=l/nl+1

Proposition 3.3. Suppose that the conditions (C1) and (Cy) hold for the model (1.1) and S(-) is a continuously
differentiable function such that

1
1811 =/ |8(t)| dt < +o0. (3.21)
0
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Then, for any n > 2,

kn(Q. )

N (3.22)

RoGn. 50) <

where

. Li,
@.5) =433 (14 72 ) + 0.+ VE2, @)+ 42

This assertion is a direct consequence of Proposition 4 in [18].
Propositions 3.1 and 3.3 allow one to obtain the following non-asymptotic oracle inequality.

Theorem 3.4. Let the distribution family Q, be as in Theorem 3.2 with unknown cg and § in (1.1) satisfy (3.21).
Then, for any n > 1 and 0 < p < 1/3, the model selection procedure (3.15), (3.20) satisfies the oracle inequality

Ri(Ss. §) < — 3= minR(Sy. ) + _Bi(n. ). (3.23)
where
Bi(n, p) = 2§:G’TV + 2§’TLT,n + UL;,n 6,5 (S)
cp(1—3p) (1=3p)/n
and
/ *
) O'* v
K:(S):4|S|1(l+ nl/z>+§:+ L;n+n1/2'

Moreover, for any § > 0,

B*(n,
lim 210-P)

n— 00 nd

0.

Now we will obtain the oracle inequalities for the model (1.1) with the noises introduced in Section 2. We will
need the following parameter

4
EY;

M* = 11602, + 3302, .
k

(3.24)

Theorem 3.5. Let Q,, be the distribution family for the Ornstein—Uhlenbeck process (2.1) with the parameters meet-
ing (2.5). Then, for any n > 1 and 0 < p < 1/3, the estimator (3.15) satisfies the oracle inequality (3.23) with the
parameters o, = 30max, §; = Omax> S = Omin> LT,n =2(4a?, + 15amax + 2)0max and L;n = 82M*.

max

Proof of this theorem is given in Section 7.

Remark 3.1. It will be noted that the oracle inequality (3.23) for the model (1.1)—(2.1) holds uniformly in the stability
region of the process (2.1) including its boundary, i.e. the case when a = 0.

When considering the estimation problem for the model (1.1) with the martingale noise (2.7) we will use two
sequences

ha=2(0+ A*)Q; In(n+1)
and

=0+ )L*)(Qmax(o) + 29; In(n + 1)) (3.25)
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with the constants defined in (2.8), (2.10).

Theorem 3.6. Let Q,, be the family of distributions of the process (2.7) with the parameters meeting (2.8)—(2.10).
Then, for any n > 1 and 0 < p < 1/3, the estimator (3.15) satisfies the oracle inequality (3.23) with 0,f = ||Omax|l+,1
Gx = Qmin,

n
g’fzn_lfo Omax (1) du, LT’HZQ;-FQ;//Z and

i
L, ==+ 20, + 43X omar 2

Proof of this theorem is given in Section 7.

Remark 3.2. If in the model (2.7) lim;_, oo Omax (t) = 00, then g & omax(n) — 00 as n — oo and, by virtue of the
condition (2.9), lim,,_, o g:f/n‘S =0 for each § > 0.

3.2. Specification of weights in the model selection procedure (3.15)

We will specify the weight coefficients (¥ (j))j>1 in the way proposed in [11] for a heteroscedastic regression model
in discrete time. Consider a numerical grid of the form

A =1{1, K x o ), (3.26)

where t; =ig¢ and m = [1/82]. Both parameters k* > 1 and 0 < ¢ < 1 are assumed to be functions of n, i.e. k* = k*(n)
and ¢ = ¢(n), such that for any § > 0

Inn (3.27)

limy o oo k*(n) = 400,  limy_eo & =0,
lim, o sfe(n) =0 and lim,— 00 %8 (n) = 400,

where ¢, is the least upper bound of the noise variance proxy defined in (3.17). One can take, for example,

and k*(n) =/In(n + 1).

For each o = (B, 1) € A,, we introduce the weight sequence y, = (Yo (j))j>1 as

0= e T D

Ve () =1j<j<jo) + (1 = G/00)’ )1y < j<wa)- (3.28)
where jo = jo(o) = [we/In(n + 1)],

_B+DEB+D
IB="H9z, -

Wy = (Tﬂtn)l/(2ﬁ+1) and 25

We set
I ={yy,acA,}. (3.29)

It will be noted that in this case v = k*m.

Remark 3.3. It will be observed that the specific form of weights (3.28) was proposed by Pinsker [25] for the filtra-
tion problem with known smoothness of the regression function observed with an additive Gaussian white noise in
continuous time. Nussbaum [24] used these weights for the Gaussian regression estimation problem in discrete time.

The minimal mean square risk, called the Pinsker constant, is provided by the weight least squares estimate with
the weights where the index a depends on the smoothness order of the function S. If the smoothness order is unknown
one has to use, instead of one estimate, a whole family of estimates containing, in particular, the optimal one.
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In this case the problem is to study the properties of the whole class of estimates. Below we derive an oracle
inequality for this class which yields the best mean square risk up to a multiplicative and additive constants provided
that the smoothness of the unknown function S is not available. Moreover, it will be shown that the multiplicative
constant tends to unity and the additive one vanishes as n — oo with the rate higher than any minimax rate.

In view of the assumptions (3.27), for any § > 0, one has

. v
lim — =0.
n—oon

Moreover, by (3.28) for any o € Uy,

o]

D 1y()>0) < @a-
j=1

Therefore, taking into account that Ag < Ay < 1 for > 1, we get
=iy < (n/e)'/3

and for any § > 0

lim ——— =0.
n—oo pl/3+8

To study the asymptotic behaviour of the term B} (n, p) we assume that the parameter o in the cost function (3.11)
depends on n, i.e. p = p, such that p, — 0 as n — oo and for any § > 0

lim n%p, = 0. (3.30)
n— 00
Applying this limiting relation in the analysis of the additive term B (n, p) in (3.23) yields the following result.
Theorem 3.7. Assume that the family distribution Q,, satisfies the condition (Hy) and the unknown function S is
continuously differentiable satisfying the condition (3.21). Then, for any n > 1, the model selection procedure (3.15),
(3.30), (3.20), (3.29) satisfies the oracle inequality (3.23) with the additive term B} (n, p) obeying, for any § > 0, the
following limiting relation

lim BT(”V Pn)

n— 00 né

=0.

4. Stochastic integrals with respect to the process (2.1)

In this section we establish some properties of the stochastic integral

t
L) =/ Fo)de, 0<t=n, @.1)
0

with respect to the process (2.1). We need some notations. Let us denote

t
sf(t)za/o U f(v) (1 +e*?) dv, 4.2)

where f is a [0, +00) — R function integrated on any finite interval. We introduce also the following transformation

1 t
Tro(t) = 5/0 (2£()g(s) + &%, (5)) ds 4.3)
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of square integrable [0, +-00) — R functions f and g. Here

%,(1) = f(Deg(t) +er()g(1).
It will be noted that

1 1 2at

atp(t) = 5ef(t) and at) |(t) = E(e —1).
Moreover, we set

Tro () =T+ fO)T1e(1) + 8D T (1) + f(O)gM)T1,1(8).

We can rewrite this function as

e () + f(Hg@) (e —1)
2a ’

Tr () =Tfe(0) +

Proposition 4.1. If f and g are from L£;[0, n] then
EL(N1i(g) =0Ty,
where § = 07 + A03.
Proof. Noting that the process I;(f) satisfies the stochastic equation

dl;(f) =af )& dt + f(@)dus,  Io(f) =0,

and applying the Ito formula (see, for example, [21]) one obtains

t
L(HI(g) = /0 (2 F)2() +a(F$)5(8) + ()t (H)) ds
t
+03 Y (T YA 72 + /O Ty-(f, 9 duy,
>1

where ¢, (f) = I;(f)és and Y5 (f, g) = f(s)I5(g) + g(s)L;(f). This yields

1
EL (/)1 (g) = a/O (f($)Zs(8) + g()Zs(f)) ds

t
+ 5/0 f(s)g(s)ds,

1227

4.4

4.5)

(4.6)

%))

(4.8)

where Z;(f) = Eg(f). Putting here g = 1 and taking into account that ESSZ = E(ez‘” — 1)/2a, we obtain Z;(f) =

0¢ (s)/2a. This implies immediately (4.6). Hence Proposition 4.1.

Further, for integrated [0, +00) — R functions f and g, we define the [0, +00) x [0, +00) — R function

Dyfg(x,z)= /O L% (v, 2)dy + f(2)g(2),

where L%  (v,2) =g(y +2)Ls(y,2) + f(y +2) Ly (3, 2);

Ly(x,z) =ae™ (f(z) +a/ eV f(v +z)dv>.
0

O

(4.9)
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Proposition 4.2. Let G = o{T}, k > 1}, be o-algebra generated by the stopping times (2.4), f and g be bounded
left-continuous [0, 00) x §2 — R functions measurable with respect to B[0, +00) ® G (the product o -algebra created
by B[0, +00) and G). Then, for any k > 1,

E(I7,—()IG) =0
and E(I7— () I1—(@)I9) = 031.¢(Ti) + 03 X4 Dy o (Ti = Ty, T).

Proof. Taking the conditional expectation E(:|G) in (4.7) yields

E(L(N1(2)IG) = / Q]f(s)g(s)ds+szf(Tl)g(Tl)1{T1<t

>1
1 ~ ~
a/o (f(s)Zg(s)+g(S)Zf(s))ds

where Z () =E((f)&1G). By direct calculation we find

~ t t
Zit)=a / F($E(EEIG) ds + 03 / e f(s)ds

+03 ) F(Ie Mgy,
>1

Taking into account here that forany 0 <s <t

2
—5{ @ -
E(&1G) = e ”(—l(ez“‘—l)w%i e T’)l{n5s}),

2a
>1

one obtains,

2
aZs(t)= —ef(r)+QZZLf(t i THN T <)
jzl1

From here one comes to the desired equality. (]

Proposition 4.3. Let F, f and g be nonrandom bounded left-continuous [0, 00) — R functions. Then

t
EZ F(ToIn_ (HIn_ (@l <n = KE/O F)ts,(v)do.

k>1

Proof. Weset 1(1) =E Zkzl F(T)It,_(f)I1,_(g)1iT, <1} By applying Proposition 4.2 one gets

k—1
() =0TEY  F(T)Tse(TOlm< + 03B Y F(Ti) Y Dyo(Tx — T, Tz, <i)
k>1 k>1 =1

= ol (1) + 0302 (1),

where

-1 t
Hn@)=xa /ZF(Z)ng(Z) Z)l)' —)»/0 F(2)ty,(2)dz.
1>1
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To calculate ¢ (¢) we note that

12(t) =EZI{T,gz} Z F(Ti) Dy o (T — T, T (1, <1
I>1 k>I+1

Taking into account that 7y — T; is independent of 7; for any k > [/ we obtain

t—T, (A.Z)k_l_l N
— —AZ
n() = )‘EZI{T/S’}fO Z F(z+T))Dyy(z, Tz)—(k . ])!e dz
=1 k>l+1
=T
=Y e [ FGATID (e T s
0

=1

1t 1—x ;
:;2/0/0 (F(Z+x)Df,g(z,x)dz)dx=AZf() F(2)17,(z)dz.

Hence Proposition 4.3. O
Now we set
L(f)=12(f) —EI}(f). (4.10)

Further we need the following correlation measures for two integrated [0, 4-00) — R functions f and g

t
Wre = Or;)aén Oirlnsanx_v /0 fu+v)g(u)du “4.11)
and
@], =max(w g, Ty ). (4.12)

For any bounded [0, c0) — R function f we introduce the following uniform norm

I Nl = sup |f®)|.

<t<n

To check the condition (C;) we need the following non-asymptotic upper bound
Theorem 4.4. For any left-continuous [0, 00) — R functions f, g with || fllxn <1 and ||g|lsx.n <1
[EL()I(9)] <nMo(1+ o}, + @} + o] ). (4.13)
116732 4py4
where Mg = 1160 + 330, EY|".
Proof. Taking in (4.7)—(4.8) g = f and V,(f) = & (f) — Z;(f), one comes to the following stochastic equation
I (f) =2aVi () f O dt +dM,(f),  To(f) =0, (4.14)

where M, (f) =2 [y I,—(f) f(s)dus + 03 [y f2(s) dm, and

mp= Y Az —At.

0<s<t
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Moreover, by the Ito formula one finds for r > 0
EL(N) () =E[T(/).1(9)],

t
+ 2/0 (f()Tfg(s) + 8(5)Tg, £ () ds, (4.15)

where Ty, (t) = aEV;(f )Z (g). To calculate the first expectation in the right-hand side of this equality we note
that continuous martingale component of the semimartingale (4.14) is I/ (f) = 201 fé I;(f) f (s) dws. Therefore, by
Proposition 4.1

~ ~ t
E(T(f). T*(g)), = 4030 /O .0 (5) f()g(s) ds.

Moreover, in view of Proposition 4.3, one finds
T T 2 ! ! 2 2
EAIt(f)AIz(g)=4)»929f ff,g(S)f(S)g(S)ds+Q3/ fo(s)g7(s)ds,
0 0

where 03 = A03EY/". This yields

t

E[7(/).T(g)], = fo G (s ds, 4.16)

where G 7, (1) =402 f (1) g(t)T1.¢(t) + 03 f2(1)g*(t). Lemma A.1 implies
I1G fgllen < 16°w7 , + 03. 4.17)

Further from (4.4) we obtain

2
GLi() == (™ —1) + 3. (4.18)
Putting in (4.7)—(4.8) g = 1, we get
dV,(f):th(f)dt+af(t):‘§tdt+dK,(f), (4.19)

where & = £2 — B£2, K, (f) = [y I} (f) dug + 03 [y f(s)dmy and [(f) = Vs (f. 1) = I,(f) + f(£)&. To calculate
the function 7y 4(¢), we note that, from the Ito formula

~ ! ~
EVi(H1i(g) =a /0 (EVs(H)15(g) +28()EVs(f)Vs(g)) ds

t
+ a/O f()EE I () ds +E[K (), M(g)],.
To calculate the last expectation we note that Proposition 4.1 yields

EL (1 (f)=0(trg+ f(1)Tg1)-

Now, by applying Propositions 4.1-4.3, we find

t

E[K(f), M(9)], =f0 Us.o(s)ds, (4.20)
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where Uy o (s) = 20%g(s)T.¢(s) +20%8(s) £ (5)T1,¢(s) + 03 f (5)g*(s). Therefore,
~ t ~
EV:(f)1:(g) =a/0 (EVs(/)1s(8) +28()EVs(f)Vis(g)) ds

4 t
+a / f($)EE T (g)ds + / Us.o(s)ds.
0 0

Since 7,(1) = V;(1) = &, the last equality for f = g = 1 implies

252 + ao3 _ ezat@;z

20° — aos
4q2 a? '

+ 442

t
E§t2 — f e4a(r—s) Ul,l (S) dS — e4at
0
We define the function
t
Ap(n) = / 1) (f(5)a*EE2 + iy (s)) ds,
0

where k7 (1) = 0% (e £ (1) + f ()€ — 1)) +ags f ().
In Lemma A.2 (see the Appendix) we prove that

t
EV,(f)Vi(g) = / eV Hy o (s) ds,
0

where Hy o(s) = g(5)A 7 (s) + f(5)Ag(s) + 82T} ,(5) + 03 F ()8 (s).
Moreover, substituting f =1 in (4.21) yields

t
EE 1, (g) = [ 279 (g(s)Hi,g(5) + Ut,4(s)) ds,
0
where ﬁf,g(t) =2a fot eza(”")Hf,g(s) ds. Furthermore, (4.21) implies
~ t ~ t
EV,(f)Ti(g) = f e g (5) H 1 5) ds + / e075) £ (syH,(s) ds
0 0

t t
+/ e“<H>f(s)ULg(s)ds+/ e 4o (5)ds,
0 0

where H,y (1) = a [y €240 g(s)H 4(s)ds and Uy (t) = a [y €2?C9)Uy,4(s) ds. Therefore,

t
Tre()=a /0 e (g(s)H g (s) + f($)Hg(s) + £ ()T 4(5))ds + Upg(2).

Lemmas A.5-A.8 imply
Ty =257 + 9P + 803 + 72

Combining (4.15)—(4.17) yields

ElL,(H)I, -
BRDMEL 65, + 03+ 21T glhen + 1. ).

From here one comes to the upper bound (4.13).

1231
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4.22)

(4.23)

(4.24)
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5. Robust asymptotic efficiency

In this section we show that the model selection procedure (3.15), (3.30), (3.20), (3.29) for estimating S in the model
(1.1) is asymptotically efficient with respect to the robust risk (1.6). We assume that the unknown function S in the
model (1.1) belongs to the Sobolev ball

k
{f € Chrl0. 11, )| 7 9| < } (5.1)
j:

where r > 0, kK > 1 are some parameters, Cper[O, 1] is the set of k times continuously differentiable functions
£:10,1] = R such that f@(0) = f@(1) for all 0 <i < k. The function class er can be written as an ellipsoid

in lz, i.e.

={fe Che,[0.11: Z“JQJ <r} (5.2)

j=1

where a; = Z{-‘zo(Zn[ 7/2D? . We denote by Qg the distribution of the Winer process with the scale parameter S
defined in (3.17).

(H3) Assume that the distribution Qg belongs to the family Q,,.

In this section we will show that the Pinsker constant for the robust risk (1.6) is given by the equation

2k/(2k+1
RE, = () DR, (5.3)

RO

where

= (2k+ 1)r)1/(2k+])( ¢

2k/(2k+1)
(k + 1)7()

Note that R,? is the well-known Pinsker constant obtained for the nonadaptive filtration problem in “signal 4 small
white noise” model (see, for example, [25]).

It is well known that the optimal (minimax) risk convergence rate for the Sobolev ball er is n2k/ kD) (see, for
example, [24,25]).

We will see that, asymptotically, the robust risk (1.6) normalized by this rate is bounded from below by R}, i.e.
this bound can not be diminished if one considers the class of all admissible estimates for S. Let IT,, be the set of all
estimators S, measurable with respect to the sigma-algebra o {y;, 0 <t < n} generated by the process (1.1).

Theorem 5.1. Under the condition (Hz)

2K/ kA1) R
liminf ———— inf sup R;(S,.S) > 1. (5.4)

noeo kn Sn€lly Sewk

Proof of this theorem is similar to that of Theorem 3.2 in [19].
Now we show that, under some conditions, the normalized robust risk for the model selection procedure is bounded
from above by the same constant R} , .

Theorem 5.2. Assume that, in model (1.1), for each n > 1 the distribution of (& )o<i<n belongs to the family Q,

satisfying the conditions (Hg), (H1). Then the robust risk (1.6) of the model selection procedure Sy, defined in (3.30),
(3.20), (3.29), has the following asymptotic upper bound

2k/ k1) R

lim sup ; sup Ri(Sx, S) < 1. (5.5)

n—00 kn — Sewk
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Theorem 5.1 and Theorem 5.2 imply the following result

Corollary 5.3. Under the conditions (Hp)—(H»)

n2k/(2k+1) R
lim TAinf sup R (S, S) =1. (5.6)

*
n—oee kn  Sn€lln sewk

Remark 5.1. Equation (5.6) means that the parameter R , defined in (5.3) is the Pinsker constant (see, for example,
[25]) for the model (1.1) and that the model selection procedure (3.30), (3.20), (3.29) is asymptotically robust efficient.

Remark 5.2. Note that R, coincides in the form with the well-known Pinsker constant in a nonparametric fitration
problem of signal observed with white Gaussian noise [25]. In the case of white noise model (i.e. & = w; in (1.1))
the intensity of noise in (3.4) remains constant in the whole range of frequencies, i.e. Eéjz =1 forall j > 1. For the
model (1.1), (2.1), the noise intensity of &; ,, stabilizes, in view of (2.1), only in the range of high frequencies, i.e. for
eachn > 1

2 * 1 .
Eéj)n:p +0 ]—2 as j — oo.

When the distribution of the noise (&;);>0 is known (the class Q, in (2.1) consists of a single distribution), the quantity
R,’(“ﬂ is given by (5.3) with ¢ = p*. It means that the lower bound for the quadratic risk, in the case of the colored
noise, is determined by the noise intensity only at high frequencies. When the noise distribution is unknown, one should
use ¢, defined in (3.17) which equals the supremum of p* over the set of all admissible distributions. In other words,
the quadratic risk lower bound is determined by the maximum of the noise intensity at high frequencies taken over the
whole class of admissible distributions.

Remark 5.3. It will be observed that the standard optimal convergence rate of the robust risk of the model selection
procedure (3.15) for the model (1.1) essentially rests an the assumptions providing stabilization of the maximal noise
intensity ¢, as n — o0o. Less stringent assumptions on the noise process may result in worsening the convergence
rate. As an example of this phenomenon, we consider the model (1.1) with the noise (2.7) and assume that omax — 00
in such a way that ¢, tends to infinity more slowly than any power function n%,8 >0 as n — oo. Then, in virtue of
(5.3), (5.4), the risk convergence rate becomes worse, namely, (n/g, #)2k/(Zk+1)

6. Upper bound
6.1. Known smoothness

First we suppose that the parameters k > 1, r > 0 in (5.1) and ¢, in (3.17) are known. Let the family of admissible
weighted least squares estimates (S )yer for the unknown function § € Wk be given by (3.29). Consider the pair

o = (k, to),
where 1) = [r/ele, ¥ =1/, and ¢ satisfies the conditions (3.27). Denote the corresponding weight sequence in I” as
Y0 = Yay- ©6.1)
Note that for sufficiently large n the pair ¢ belongs to the set (3.26).

Theorem 6.1. The estimator §V0 has the following asymptotic upper bound

2K/ kA1) R
lim sup ; sup Ry (Sy,, S) < L. (6.2)

n—00 kn — Sewk
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Proof. Substituting (3.4) in (3.6) and using the weight sequence (6.1) one gets

o]

oo
-~ 02 1 -
1Sy, = SIP =3 (1= w0()) 07 = 2Mn + — 3 v5 (L,

j=1 J=1

where

Z L= 30()) ()6, &jn-

It should be observed that Eg s M, = 0 for any Q € Q;;. Moreover, by the condition (Cy)

Eo, SZVO (D&}, < <o Zyo () +L1a(Q)

j=1 j=1
and, in view of the condition (Hp), this implies
o0 o0
sup Eg.s ) v (D&, <6u D ve () +ln-
0€Q, j=1 j=1

Thus,

e9]

~ * 20 1,
RS )= Y (1=10()0} +22 Y () + 2.

J=to j=1
where () = jo(ag). Setting

/D sup (1 = y0(j)) /a;,

J=t

Up=n

we estimate the first summand in the right-hand of (6.3) as

2k/(2k+l)Z )/O(J) 9 <UnZa]

j=to j>1

From here and (5.2), we obtain that for each S € W,k

o0
)2
in($) = EED Y (1= p0() 07 < .

J=to
Further we note that
1
lim sup(z0) X/ @+, < -
”_)OOP( 0) "= K (1) 2K/ kD)

where i is given in (3.28). Moreover, by the condition (3.27), lim,,

1/Qk+1)

lim sup
n—oo

(i@ SUP Tl n(8) =

02K (1) 2K/ R+ D) =

Tl-

— oo to/T = 1. Therefore,

6.3)
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To examine the second summand in the right-hand of (6.3), we set

(chl/@+D 2
1on = m Yo ().
=1

It is easy to check that

2(F‘[k)1/(2k+l)k2
limsupYr, < ———— =75
n—>00 (k+1D2k+1)

Therefore, taking into account that by the definition of the Pinsker constant in (5.3) Tl* + T2* = R,?, we arrive at the
inequality

2K/ k1) R
lim —— sup R*(S,,,S) <1.
n— 00 R;:,n SeViI;rk n( & )=
Hence Theorem 6.1. O

6.2. Unknown smoothness

Combining Theorem 6.1 and Theorem 3.7 yields Theorem 5.2.

7. Proofs
7.1. Proof of Theorem 3.5
Applying the Proposition 4.1 we find that the inequality (1.3) for the process (2.1) holds with o = 30. This, in view

of (2.5), yields 0, = 3pmax. Now we verity conditions (C) and (C;) for the family of processes (2.1) satistying (2.5).
First we note that

Eg.s&7,=0(1+bjn). (7.1)
where b; , =n"'a [ €77 (v)dv and
n—v
Tj(v)zf ¢j(1+v)¢j(t)(1+e2at)dl‘.
0
If j =1, one has
[Eg.s&7, — 0] <20. (7.2)

Since for the trigonometric basis (3.1) for j > 2

@t +v)p;(t) =cos(yjv) + (=1/ cos(yj 2t + v)),

where y; = 2m[j/2], therefore,

Tj() =cos(y;v) F(0) + (=) Yo ;(v),  F(v)= / (e dr
0
and

Yo (v) = / " cos(y; @1+ v) (14X dr.
0
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Integrating by parts one finds

2 _l_eZa(n—v) ) a
e sin(y) + =571, (v),
i 2y

Yo,j(v) =—
2y; ;

where
n—v
Tl,j(v) = COS(ij)(CZa(n—v) — 1) — Za/ eZat COS((ZI + U))/j) dr.
0

It is obvious that |77 ;(v)| < 2. Further we calculate

n

n
bjn= C—l/ e’V F(v) cos(vy;)dv + C—l(—l)f/ e’ Y0, (v)dv
0 n 0

n
:==aDy j+a(=1)/ Dy ;.

Integrating by parts two times yields

Dy j= #(e“”ﬁ(m) — F(0) —aF(0) — /On e“”Fl(v)dv),

J
where Fj (v) = a®F (v) 4+ 2aF (v) + F(v). Since yj = j for j > 2, we obtain

1
|Dy | < j—2(4|a|+10).

Similarly, one gets | D5 ;| <5/j 2 Substituting these estimates in (7.1) and using the upper bound (7.2), we obtain for
all j>1

[Eg.s&7, — 2] < EW. (7.3)
Thus we arrive at the inequality

L1.x(Q) < 20(4a’ + 15|a| +2),
which implies that

Li,(Q) <Lj, (1.4

where L7 is defined in (3.24). Therefore the condition (C;) holds with ¢p = 0. Applying the conditions (2.5) we find
Sy = Omax and ¢ = omin. To check (C,) we represent the sum as

>~ 1 1
ij%_j,n = _Jl,n + _JZ,n,
j:l n n

where Ji , = x1 ZL(¢1) + x21~n(¢2) and Jp , = 27033 xjj;(¢j). From here we have
00 2 )
EQS(ZW&j,n) = n_z(EQ,Sjlz,n'f‘EQ,SJzz,n)- (7.5)
j=1
By applying the Cauchy—Schwarz-Bounyakovskii inequality and noting that x12 + x% <1, one gets

EQ,Sflz,n < EQ,SZ?(‘/’I) + EQ,si,?(tﬁz)-
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By Theorem 4.4 this implies
Eg sJi, <2nMg(l + 3w | +2of, + @},).

where @ = wd’ji 6 We note that each o ; can be estimated as
) Pj )

wi*j S\//n¢i2(u)du\/fn¢j2.(u)du=n.
’ 0 0

Therefore

Eg sJi, < 14Mgn®. (7.6)

Applying Theorem 4.4 and taking into account that [|¢; ||+, < +/2, one gets

Eg.sJ, <4nMg > Ixillx;[: ;. (1.7)
i,j>3

where k; j =1 + wifj + wl*j + @ ;. To estimate the coefficient o * ; we note, that for any i > 3,
Gi (v +u) = 51 ;i (V)i—1 (W) + 522, (V)P (u) + 353 ; (V)P +1 (),

where ¢ () are bounded functions. From here in view of the orthonormality and the periodicity of the functions
(¢j)j>1, it follows that for 0 <t <n and |i — j| > 2

{t}
= ‘/0 ¢i(u+v)p;(u)du

1
5,// ¢} u+v)du =1,
0

where {t} is the fractional part of ¢. Therefore wifj <1if|i — j| > 2. Thus, wi’fj <nlyi_j<1y +1yi—j|>2). Note now
that

t
‘/0 @i (u+v)¢;(u)du

> lxillxjl = (Z |x,-|)2 S#(X)<in2) <n.

i,j>1 i>1 i>1
Moreover,
2
i jienlxllagl =Y 27 42 Ixillxiol
i,j>3 i>1 i>3
2
52x3+2(2x3) <3.
i>1 i>1

By making use of these estimates in (7.7) one gets
D Iwillxslei g < > 1xillxg (3 + ) < Tn.
i,j=3 i,j=3

From here and the inequalities (7.5)—-(7.7), it follows that L, ,(Q) < 84My. By the definition of the distribution
family in (2.5) Mg < M*, where M* is given in (3.24). Hence Theorem 3.5.
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7.2. Proof of Theorem 3.6

By making use of (2.7), (4.1) and applying Ito’s formula one obtains that for any square integrable R — R functions
fandg

t
EL (/)1 (g) =/0 g o) du, (7.8)

where g(u) = 07 (u) + 203 (u). Therefore condition (1.3) holds with 6 = [|0? + 105 ]|+,». Further we will show that
the proxy variance ¢g in (Cy) can be defined as

1 ("
co= ;/0 o) du. (7.9)

From (3.4) and (7.8) it follows that Eéfn =¢g,and for j > 2,

(-1
n

n
Et;, =co+ /0 cos(2y;u)0(u) du.

Integrating by parts and taking into account (2.10) one comes to the estimate

1

1
|E'§]2,n - §Q| =< 4_]/2(29; +Qii</) = 4j2 (2Q:k +Q>/k/)

J
Therefore, L1 ,(Q) <0, +0/2= L* and the condition (C1) holds. Moreover, in view of (2.10), the quantity (7.9)

satisfies also the condition (Hp) w1th the sequences ¢y, o, and ¢, given in the theorem. It remains to verify the
conditions (C) and (H;). We have

2
E(ijgj,n> = ;ll DN xix Bl Tu(¢)), (7.10)

j<l i<l j<l1

where T, ( f) is defined in (4.10). By Ito’s formula one can calculate that for any bounded R4 — R functions f and g
n
EL()I,(g) =277 ,(n) + AEY;‘/O FA0)g* (0o dt, (7.11)
where T, (1) = fot f(u)g(u)o(u) du. Integrating by parts yelds

~ ~ n nd
%10 (1) = 3(0) /0 Fgu)du + / Q”(/ f(s)g(s)ds)

Therefore, for i # j

- n 4% {u}
6 (1) = — /0 e ( [ a0, (s)ds) du,

where {u} is the fractional part of u. By the condition (2.10) |?¢i»¢j (n)| <lyn, where the [ ,, is defined in (3.25). If
i = j,one has

Th0, (1) =T O + / " dow) ( / 2(5) ds) .

This, in view of (2.10), implies that |?¢i,¢i (n)| <lpnn, where [ , is given in (3.25). Substituting (7.11) in (7.10) and
using these estimates for Ty, ¢, () one comes to the inequality L, ,(Q) <L} .» Where L;n is given in the theorem.
Hence Theorem 3.6.
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Appendix
A.1. Technical lemmas

Lemma A.1. For any bounded left-continuous [0, 00) — oo functions f and g and —oco <a <0
It glln < 4a - (A1)

Proof. First, we note that

t —v
/ f(s)eg(s)ds:a/le“”</t f(s—}-v)g(s)(l—}-ez‘”) ds) dv,
0 0 0

where ¢, (s) is defined in (4.2). Integrating by parts yields
t—v t—v
/ fls+v)g(l —l—ez’”)ds =(1 +e2“(t_")) f(s+v)g(s)ds
0 0

r—v s
—2a / g2as (/ fz+v)g(2) dz) ds.
0 0

Taking into account the definition (4.11), this integral can be estimated as

t—v
‘/ f(s+v)g(s)(1 +ez‘”)ds
0

*
<3w fe
Therefore,

t
‘/0 f($)eg(s)ds

t
53(3}“’&, and '/0 e*}’g(s)ds

*
< 6w fe
This implies the inequality (A.1). Hence Lemma A.1. ]

Lemma A.2. For any bounded left-continuous [0, +00) — R functions f and g the equality (4.24) holds.

Proof. Similarly, we find

t
E[K(f).K(9)], = /0 (3%7},(5) + 03/ (9)8(s)) ds, (A2)
where the function 7:]"?‘ g(s) is defined in (4.5). Taking into account (4.17) and applying the Ito’s formula one gets

dEV;(f)Vi(g) = 2aEV,(f)Vi(g) dr + (277} (1) + 03 f (g (1)) dt
+a(gOEV, (/)& + f(OEV,(9)&) dr.

To calculate EV; (f)g,, we put g = 1 in this equality. Since according to (4.23) 9> ‘L’}k’] ()+ao3 f(t) =« y(t), therefore
one gets

t
aBV, (/)& = / I (1 (5)a’EBE2 + k5 (s)) ds = A s (1). (A3)
0
Thus

t
EV,(f)Vi(g) = /0 207 (g()A £ (5) + f(5)Ag(s)) ds

t
+ fo 73215 () + 03 f(5)8(5)) ds.



1240 V. Konev and S. Pergamenshchikov
Hence Lemma A.2. (]
Further we will need the following result.

Lemma A.3. Let v be a continuously differentiable R — R function. Then, for n > 1, o > 0 and any integrated
R — R function ¥,

sup
0<t<n

t
/ e =)y (s)u(s) ds

0

0115,
Swl,w<2llvll*,n+ )

Proof. One obtains this inequality integrating by parts. 0

Lemma A.4. For any mesurable [0, +00) — R functions f and g with || f|ls.n <1 and ||g|l«.n <1, for —oco <a <0
andn > 1

sup < 352w;g + 03.

0<t<n

t
a / (=) g (s)A ¢ (s) ds
0

Proof. One can represent the function A f(¢) as
1 1
Ap(t) = /0 e f(s)u(s)ds +0* /0 e 1 (5)ds, (A.4)

where v(s) = aZEEE +0%(e* — 1) + ap3. From here and (4.22) we have

v(s) = avi(s) + va(s) (A.5)
with
03 52 52
vI(s) = Z(e““f +3) and wv(s)= 7e4‘” -
It will be noted that ||v1 ||, < 03 and
U ~
sup <2||U2||*,n + [ 2”*,n> 5292_ (A.6)
—oo0<a<0 2|al

Further we have
t
a / 2= g(s)A p(s)ds = J1 (1) + Ja(t) + B*J5(1),
0

where

t s
Ji(t) = a2/ eza(’s)g(s)</ e3a(5u)f(u)ul(u)du> ds,
0 0
t S
h(t)=a / e”“‘”g(s)( / 63”(5_”)f(u)v2(u)du) ds,
0 0

t s
L) =a / eza(t_s)g(s)< f e3“(s_”)£f(u)du>ds.
0 0

From here it follows that

/1 ”*,n =<l ”*,n = 03.
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The second integral J>(¢) can be rewritten as

t t—u
Jr(t) = a/ glau (/ 219 o (s u) f(s)va(s) ds) du.
0 0

By Lemma A.3 and (A.6) we obtain that forany0 <z<nandO0<u <n—z

/ TR ) (5)g s 4+ 10) £(5) ds
0

< ZEZW}“’g.

Therefore, || /J2+,n < 252w;g/3. Similarly, one gets || J3|/x,n < Zw;’sf/?). To estimate the quantity @, ., defined in
(4.11), wenote that for0<v<nmand0<t <n—v '

t t
/ g(s—}—v)sf(s)ds:a/ e @y f(t —x,v+x)dx, (A7)
0 0
where O, ¢ (t,v) = fé g(s +v) £ (s)(1 + e>*) ds. Denoting

T r(s,u)= /(; g(r+u)f(r)dr, (A.8)

we represent the function @ ¢ (¢, v) as

t
O r(t,v)=(1+ ez‘”)Tg,f(t, V) — Zaf ezas“fg’f(s, v)ds.
0
Therefore

max max |O, r(t,v)| <3w},.
O§v§n0§t§n7v| 8f | fe

In view of (A.7), one gets wg ., < 3w?’g and || J3]lxn < Zw?’g. Hence Lemma A 4. O

Lemma A.5. For any mesurable [0, +00) — R functions f and g with || fllxn, <1 and | g|l«n <1, for —oo <a <0
andn > 1

1H gl < 168%7 , + 504 (A.9)
where 04 = 03 + 0°.
Proof. First we represent the function H f.g S

Hpo(t)=H )+ 82 H) (1) + s HY) (1),

where H)(1) = 2a [3 €20 =9)(g(s)Ap(s) + F()Ag(9)ds, HP) (1) = 2a [5e2¢=91% (s)ds and HP)(1) =
2a fé e24(=%) £ (5)g(s)ds. Lemma A.4 implies directly

HH(I)H <129° @5 o+ 4030 fllnllglln.

The next summand can be represented as

t
q¢ >(z)_rfg(t)+efg(r)+2a/ 2= £ (5)g(s)(€** — 1) ds,
0
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where 7,4 (1) = 2a [y €21, (s)ds and €4 () = 2a [, e2a<’—f>e;; () ds. From (A.1) it follows that [|Ty,gll+,n <
4w} ,. Now taking into account that [[€}ll«n < 2[| fllx,n, We obtain that € ll«,n < 41l fllxnllgll+,n. Therefore,

32 53
1 e <475, + 51 el 8llen and | H e < 1 llx.n 18, Hence Lemma A5 O

Lemma A.6. For any mesurable [0, +00) — R functions f and g with || fll«n <1 and ||g|lxn <1,for —oo <a <0
andn > 1

sup
0<t<n

t
a / e £ (5)Hg(s) ds
0

<80°w| , + 204 (A.10)
Proof. It is obviously, that for 0 <7 <n

=< ”f”*n”Hg”*n = ”Hl,g”*,n/z'

t
a/ e“(tfs)f(s)’l-(g(s)ds
0

Now applying Lemma A.5 one comes to the inequality (A.10). Hence Lemma A.6. O

Lemma A.7. For any mesurable [0, +00) — R functions f and g with || fllxn, <1 and ||g|lxn <1, for —oo <a <0
andn>1

t
a/ ™) £(5)U) 4(s)ds
0

sup
0<t<n

<80°w}, +03/2.

Proof. The function Uj 4(f) can be represented as

20? 2
Urg(n) = Tg(t)eg(t) + 0387 ().

From here one obtains
t
a / 1) f()U) ¢(s)ds = 2a0* 11 (1) + 030> Ir(1),
0

where

t Ky
Ii(1) = / e““”f(s)( / e2“<“>g<r)eg<r>dr)ds,
0 0

t K
L(t) = / e?t=) f(s)( / e2“<f—’>g2(r)dr)ds.
0 0

Denoting Iy (t,v) = fot e?(=9) f(s + v)g(s)eg(s)ds, one has

t
L(1) = / eIy (t — v, v) dv.
0
Since [e ()| <2[Igll«,n <2 and
éo(t) = asg(t) +af (1)(1 +e*),
Lemma A.3 one can apply to estimate the function I'f¢(z, x) as

sup sup ]Ff,g(t -, U)’ =8wy,.

0<t<nO0<v<t

Therefore, ||alills,, < 4w}k’g and a2||12||*‘n < ||f||*,n||g||i/2 < 1/2. Hence Lemma A.7. (Il
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Lemma A.8. For any mesurable [0, +00) — R functions f and g with || fllxn <1 and | g|l«n <1, for —oo <a <0
and n > 1

1Usgllen <8 (o}, + @7 ,) +03/2. (A.11)
Proof. This result follows from the estimate

”ﬁf,g”*,n = ”Uf,g”*,n/z = Ez(uff,g”*,n + ”tl,g”*,n) +03/2,

and Lemma A.1. U
A.2. Property of the Fourier coefficients

Lemma A.9. Suppose that the function S in (1.1) is differentiable and satisfies the condition (3.21). Then the Fourier
coefficients (3.2) satisfy the inequality

o
suplZ@} < 4($3.
1>2 =l

Proof. In view of (3.1), one has

1 .
by =——— / S(t)sin(2mt pt) dt
P «/znp 0

and

1 L,
Orpy1 = \/_2—7Tp/(~) S(t)(cos@mpr) — 1) dt

ﬁ 1

=—22| S@)sii’(npr)dr, p>1.
np Jo

From here, it follows that 9? < 2|$' |% /j 2 for any j > 2. Therefore, taking into account that Sup;>» 1y >l j‘2 <2, we
arrive at the desired result. O
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