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Abstract: In this study, we look at the wavelet basis for the nonparametric estimation of density
and regression functions for continuous functional stationary processes in Hilbert space. The mean
integrated squared error for a small subset is established. We employ a martingale approach to obtain
the asymptotic properties of these wavelet estimators. These findings are established under rather
broad assumptions. All we assume about the data is that they are ergodic, but beyond that, we make
no assumptions. In this paper, the mean integrated squared error findings in the independence or
mixing setting were generalized to the ergodic setting. The theoretical results presented in this study
are (or will be) valuable resources for various cutting-edge functional data analysis applications.
Applications include conditional distribution, conditional quantile, entropy, and curve discrimination.

Keywords: multivariate regression estimation; multivariate density estimation; stationarity; ergod-
icity; rates of strong convergence; wavelet-based estimators; martingale differences; continuous
time series

MSC: 62G07; 62G08; 62G05; 62G20; 62HO05; 60G42; 60G46

1. Introduction and Motivations

In recent years, the statistical literature has become increasingly interested in statistical
issues pertaining to the study of functional random variables or variables with values
in an infinite-dimensional space. The availability of data measured on ever-finer tempo-
ral/spatial grids, such as in meteorology, medicine, and satellite images, is driving the
expansion of this research topic; statistical modeling of these data as random functions un-
covered numerous complex theoretical and numerical research challenges. The reader may
consult the monographs to summarize functional data analysis’s theoretical and practical
aspects [1] for linear models for random variables with values in a Hilbert space, [2] for
scalar-on-function and function-on-function linear models, functional principal component
analysis, and parametric discriminant analysis [3], on the other hand, concentrated on non-
parametric methods, particularly kernel-type estimation for scalar-on-function nonlinear
regression models. Such tools were extended to classification and discrimination analysis
[4] discussed the application of several interesting statistical concepts to the functional
data framework, including goodness-of-fit tests, portmanteau tests, and change point prob-
lems [5] was interested in analyzing variance for functional data, whereas [6] was more
concerned with regression analysis for gaussian processes. Recent studies and surveys on
functional data modeling and analysis can be found in [7-22].

The subject of estimating conditional models has been extensively studied in the
statistical literature, utilizing several estimation techniques, the most prevalent of which is
the conventional kernel method. This is because these methods have broad applications and
play an important role in statistical inference. However, such methods may have certain
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drawbacks when predicting compactly supported or discontinuous curves at boundary
locations. The prevalence of alternative wavelet approaches can be attributed to the
adaptability of these methods to discontinuities in the curve that is to be approximated.
In application, the wavelet method offers a straightforward estimating algorithm to both
implement and compute. Refs. [23-26] provided more information on wavelet theory.
We quote the work of [27], which discusses the properties of wavelet approximation and
analyzes the application of wavelets in various curve estimation issues in depth. In [28],
numerous applications of wavelet theory are described for the independent unidimensional
case, with an emphasis on calculating the integrated squared derivative density function.
The findings of [28] were later extended by [29] to estimate the density derivatives for
negatively and positively related sequences, respectively. In [30], wavelet estimators for
partial derivatives of a multivariate probability density function were constructed, and
convergence rates for an independence scenario could be determined. In detail, [31]
discusses the estimation of partial derivatives of a multivariate probability density function
in the presence of additive noise. We could consult [32,33] for the most recent information
on this subject. Using the independent and identically distributed paradigm, [34] examined
density and regression estimation issues unique to functional data. Ref. [34] proposed a
novel adaptive method based on the term-by-term selection of wavelet coefficient estimators
and wavelet bases for Hilbert spaces of functions.

The primary purpose of this paper is to provide further context for the earlier dis-
cussion of stationary ergodic processes. The lack of research on the general dependence
framework for wavelet analysis prompted us to conduct the present study. Several argu-
ments for contemplating an ergodic dependency structure in that data as opposed to a
mixing structure are presented in [35-42], where further information on the notion of the
ergodic property of processes and examples of such processes are provided. In [43], one of
the arguments used to justify the ergodic setting is that establishing ergodic characteristics
rather than the mixing condition can be significantly simpler for some classes of processes.
Therefore, the ergodicity hypothesis provides the ideal framework for examining data
series created by chaotic noise.

In the body of statistical research that has been published, estimation issues based
on discretely sampled observations as well as continuous time have been investigated. In
finance, even if the underlying process is continuous across time, only its values at a finite
number of points are known. The first one is more important from the standpoint of finan-
cial econometrics (see [44,45]). On the other hand, the technical development of statistical
inference using a continuous time record of observations is far easier to accomplish than an
inference based on discretely observed data. It makes it possible to advance further in the
model’s statistical analysis and find solutions to various concerns concerning discretely
observed diffusions that had not been resolved until this point. Further, remember that
the discrete-time model hits its limits when the discretization step equals zero, which is
when the continuous-time model becomes the limit (see [46]). As a result, the asymptotic
behavior of estimate processes in actuality may be close to the asymptotic behavior es-
tablished theoretically for continuous-time observations if the available data are “dense
enough” relative to the observation period. The knowledge of the most accurate estimate
derived from continuous-time data is also of practical significance. Ref. [47] investigated
the challenge of estimating an invariant density function for a continuous-time Markov
process and established the mean-square consistency of kernel-type estimators. Ref. [48]
demonstrated the homogeneity and consistency of these estimators. Ref. [48] showed that a
family of smoothed estimators, including kernel-type estimators, are asymptotically normal
with a rate of convergence T'/2 for continuous-time processes. This finding is unexpected
because the invariant density estimators operate differently in this instance than in discrete-
time processes, where the convergence rate is often smaller than 1/2. Numerous physical
phenomena, such as seismic waves, the Earth’s magnetic field, and isotherms and isobars
in meteorology, are functional variables observable in continuous time, as is evident.
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In [49], we have considered the wavelet basis for the nonparametric estimation of
density and regression functions for continuous functional stationary processes in Hilbert
space. We have characterized the mean integrated square errors. This research aims to
provide the first complete theoretical rationale for wavelet-based functional density and
regression function estimation for continuous stationary processes by extending our earlier
work [49] to the continuous setting. The employment of wavelet estimators in functional
ergodic data frames and the resulting difficulty of establishing the mean integrated square
error over suitable decomposition spaces is, to the best of our knowledge, still an unresolved
topic in the literature. By merging different martingale theory techniques utilized in the
mathematical construction of the proofs, we aim to contribute to the literature by addressing
this gap. In the independent or mixing setting, the tools employed for regression estimation
change significantly in the ergodic setting. Nevertheless, we shall see that more than merely
mixing preexisting ideas and outcomes is needed to address the issue. In order to deal
with wavelet estimators in an ergodic setting, one must resort to complex mathematical
derivations.

The paper’s structure is as follows: The multiresolution analysis is described in
Section 2. The principal density estimate results are presented in Section 3. Section 4
summarizes the principal outcomes for regression estimation. Section 5 provides some
examples of potential applications. There are some concluding observations in Section 6.
All proof is compiled in Section 7.

2. Multiresolution Analysis

Following [34,49,50], we will now introduce some basic notations for defining wavelet
bases for Hilbert spaces of functions with a few modifications to accommodate our context.
In this study, nonlinear, thresholded, wavelet-based estimators are examined. Beginning
with a description of the fundamental theory of wavelet approaches, we then introduce
nonlinear wavelet-based estimators. The interested reader should consult [23,24], see
also [51,52] and the references therein, despite the fact that the wavelet is based on a
separable Hilbert space H of real or complex-valued functions on a complete separable
metric space. Let H represent the separable Hilbert space of real-valued functions de-
fined on a separable complete metric space S. Given that H is separable; it possesses an
orthonormal basis

&= {6] ] € A},
where A is a countable index set. The space H is equipped with an inner product (-, -) and
anorm || - ||. Consider the sequence of subsets {Z; k > 0} an increasing sequence of finite

subsets of A such that

UZ = A
k>0

The subset J; denotes the orthogonal complement of 7 in 7, 4, i.e.,
Tk = L1/ Iy
Choose, forany k > 0, (xp € S, ¢ € Iy and 15 € S, £ € Ji, such that the follow-
ing matrices
Ax = (€(k0) i pezezy B = (€G00) e zx g 1)
fulfill one of the two following conditions, for instance, see [34,50] and the references therein.

(A.l) AZAk = diag(ak,g)gezk and B;Bk = diag(bk,é)é’ejk where g0 and bk,g for ¢ € Ik
and /' € J are positive constants.

(A2)  AyA; = diag(cxe)iez, and ByB = diag(dy¢) e g, where ci ¢ and dy ¢ for £ € Ty and
0" € J are positive constants.
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Condition (A.1) implies that

ae =Y lej(Cie)?, L€y, and b= Y lej(ne)|* L € Iy, 2)
JETk jE€ Tk

which means that all the columns of Ay and By are not zero vectors. As for (A.2), it gives

o= Y. lej(Cke)l> jET, and diy= Y lej(ne)*j € Lk, 3)
(€T, =X

saying that all the rows of Ay and By are not zero vectors. For any x € S, we set

1

O (-5 Qi e) = ej(Trelei(-),
jezzk VEikt !
1 4)
k(o) = ) ———=¢j(mo)ei(-),
€Tk \/ ik
where
(Y] if (A.l), bk’g if (A.l),
ikt = hike = @)
Ck,[ if (A.Z), dk,é if (A.Z),

The following collection serves as the orthonormal basis for H (see Theorem 2 of [50]):

B = {¢o(x,0,), ¢ € To; pr(x, mic0), k > 0,0 € Ti}. 6)

For further details, see [34,50,53]. Hence, we infer that for any f € H, we have

f) =Y aoepo(x:Coe) + Y. Y. et (i), )
LeTy k>0 Ty
where
woe = (f,0(C0,0)) Bre= (f x(me))- ®)

Adding two additional assumptions to the orthonormal basis &:
(E.1) There exists a constant C; > 0 such that, for any integer k > 0, we have

) 1
Y — el <cu,

jez; Sikt
(i)

1 2
—lej(m,e)|” < Ci.
jeZIk hj,k,e’ ] |

(E.2) There exists a constant C, > 0 such that, for any integer k > 0, we have

sup Y Jei(x)|* < Co| .
xESjejk

Remark 1. Clearly, the assumption (E.1) is satisfied under assumption (A.1) whenever C; = 1;
we may also consult [50], Example 2 and its applications for further details. [50,53] have provided
three examples satisfying condition (E.2) taking
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see also [53] Theorem 3.2. Moreover, [34] has used both assumptions in the independent and
identically distributed functional data.

Besov Space

Over the years, numerous statisticians have pondered the following question: given
an estimating method and a required estimation rate for a certain loss function, what is the
largest space over which this rate can be accomplished, for example, see [27,54] and the
references therein. We are interested in estimating methods based on thresholding methods
given by wavelet bases in a natural situation. It is common knowledge that wavelet bases
serve to characterize the smoothness of spaces such as the Holder spaces C°, Sobolev
spaces W*(Lp), and Besov spaces B (L)) for a range of indices s that depend on both the
smoothness properties that are dependent on both the smoothness of ¢ and its dual function
1, for instance, see [54] for more detail and examples, at this point, we may consult [55]. The
following statistical definition is used in approximation theory for the study of nonlinear
procedures, such as thresholding and greedy algorithms; see [27,52,54,56].

Definition 1 (Besov space). Let s > 0. We say that the function f € H, defined by statement (7),
belongs to the Besov space B3, (H) if and only if:

sup| T |® Y Y |Brsl? < oo )

m=>0 k>m (€T,

Definition 2 (Weak Besov space). Let r > 0. We say that the function f € H, defined by
statement (7), belongs to the weak Besov space W' (H) if and only if:

supA” 1 < oo. (10)
150 ]E)Zg]{ {IBiel=A}

3. The Density Estimation

Let {X, Y} }+>0 denote a sequence of strictly stationary ergodic pairs of random el-
ements, where X; takes values in a complete separable metric space of Hilbert space S
associated with the corresponding Borel o-algebra B and Y; is a real or complex-valued
variable. Let Px denote the probability measure induced by X, on (S, B). Assume that
there exists o-finite measure v on the measurable space (S, B) in such a way that Py is
dominated by v. The Radon-Nikodym theorem guarantees the existence of a measurable
function that is nonnegative f(-) in such a way that

Py(B) = /Bf(x)v(dx),B € B. (11)

In this framework, we intend to estimate f(-) on the basis of n observed functional
data (X¢){o<t<T}- We assume that f € H, where H is a separable Hilbert space of real or
complex-valued functions defined on S and square integrable with respect to the o-finite
measure v. In this research, we are especially interested in the wavelet estimation processes
created in the 1990s, see Meyer’s work for the functional data of a Hilbert space and, more
specifically, the nonlinear estimators. The majority of this model’s approaches involve
introducing kernel estimator techniques to estimate the functional component of the model,
see [57]. Let f(-) be the sample’s common density function (X;)o<;<}, Which is assumed
to be

(E1) 3Cf > 0is a known constant such that

supf(x) < Cy. 12)

xeS
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Density Function Estimator

From now, suppose that the density function f(-) € H is a separable Hilbert space.
Then f(-) satisfies the wavelet representation (7). Assume that we observe a sequence
{(Xt,Yt) }g<;<7 of copies of (X, Y) that is supposed to be functional stationary and ergodic
with X with the density function f(-). We examine density estimation utilizing wavelet
bases for Hilbert spaces of functions of [50]. We consider the estimated coefficients {ay ,}
and {By ¢} given, respectively, by (14) and (15), for any j, < m. Here the resolution level
m = m(T) — oo at the rate specified below. Since we assume that ¢(-) and ¥;(-) have a
compact support so that the summations in (7) are finite for each fixed x (note that in this
case, the support of ¢(-) and ¥;(-) is a monotonically increasing function of their degree
of differentiability [24]). We focus our attention on the nonlinear estimators (13), which
will be studied in the mean integrated squared error over adapted decomposition spaces,
in a similar way as in [34] in the setting of the independent and identically distributed
functional processes, in particular, we refer to [49]. The density wavelet hard thresholding

~

estimator f(-) is defined for all x € S, by

fr(x) = Y Roedo(x o) + ZT: )3 Bk,ﬂl{m“l%\/ﬁ}#)k(x;Uk;e)/ (13)

= k=0 L€ T,
where
~ 1 /7
W = 7 ) eXed, (14
~ 1 /T
Boe = 7 [ wXumat (15)

Here x denotes a large-enough constant, and my is the integer satisfying

1T T

< < .
2InT — | Tnr| < InT (16)

See [36,38] for further details on the multivariate case.

Comments on the Method of Estimation
Our estimation method is divided into three steps:

1. Estimation of the wavelet coefficients ay o and By ¢, see statement (8), @y y and B\k,g
given by Equations (14) and (15);

2. The greatest Ek’g is selected by applying hard thresholding;

3. Reconstruction of the selected elements of the initial wavelet basis.

1/2
It is essential to highlight that our choice is the universal threshold x (h‘%) and the

definition of my is based on theoretical considerations. The estimator under consideration
is not dependent on the smoothness of f(-); see [53] for more details in the case of the linear
wavelet estimator of f(-). Moreover, for additional information on the case of H = LL([a, b])
and more standard nonparametric models, refer to [27,58]. Notation is necessary for stating
the results. Throughout the paper, we shall denote by B € B, the open set of the Borel
o—algebra B. Forany 0 <t < T and J > 0 small real, we define

Fx, =P(X; € B) =Px(B), seestatement (11),

and
F]:ffé
t

x, = P(Xi € B|Fi-s)
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as the distribution function and the conditional distribution function, given the o—field
Fi_s, respectively. Before presenting our results, we present supplementary notation and
our hypotheses. For the remainder of the paper, for a positive real J, we will denote by

n= % €N, and T;=j5, for j=1,...,n
Let F;_; be the c—field generated by
{(Xs,Ys):0<s<t—0}
Let 7; be the o —field generated by
{(X:,Y5):0<s < Tj}

and
S =0{(Xs,Ys); (X)) : 0<s < t,t<r<t+6}

The following assumptions are required for the entire paper.

(C.0) There is a nonnegative measurable function ftf =% such that
P (B /ff” ),B € B. (17)

We may refer to [3,35,59] for further details.
(C1)Foranyx € S

lim — / F‘ ’(x) = f(x), inthe as. and L? sense.
n—oo T

At this point, we may refer to [60] for further details.

T
Comments on hypotheses. Approximating the integral / ft]r =% (x)dt by its Riemann’s
0

sum, we have

nF
/ £ (x)dt = TZ/ im0 dt:%ZfTT*
i=1

By the fact that process (XTj )j>1 is stationary and ergodic, in a similar way as in [61]
(see, Lemma 4 and Corollary 1 together with their proofs), one may establish that the
sequence

(s <x>)i21 = (i r1yp ()i

of random functions is stationary and ergodic. Indeed, it suffices to substitute the condi-
tional densities in the work of Delecroix with f;; ;_1); and the density by function f(-).
Refer to [35,62] and the references therein.

Theorem 1. Under the assumptions (C.0), (C.1), (E1), (E.1), and (E.2), and Equation (16) for any
6 € (0,1),
f e BY2(H)n W29 (H),

there is a constant C1 > 0 such that

([0 - r) < (57)’ a9

for a large-enough T.
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The following upper bound finding is an immediate consequence: if f € B (2s+1) (H)N
W2/ (25+1)(H) for s > 0, then there is a constant C, > 0 in such a way that

R In T\ 2/ 25+1)
E(HfT—fHZ) §C2<T> :

This convergence rate is close to optimal in the “standard” minimax configuration
(see, [27]). Moreover, on the application of [52] (Theorem 3.2), one obtains that BY 2(H)N
W2(1-9) (H) is the “maxiset” associated with f(-) at the convergence rate of (InT/T)?, i.e.,

lim (mTT)GE(HfT _sz) < o0& f e BY2H)NWA1-9(H).

T—o0

4. The Regression Estimation

Let p : R7 — R be a measurable function. The regression function m(-, p) is defined by
p(Y) =m(X,p) +¢, (19)

where € is a random variable independent of X with A/(0,1). We assume that m(-,p) € H,
where H is a separable Hilbert space of real or complex-valued functions defined on S and
a square-integrable with respect to the o-finite measure v. We shall assume that there is a
known constant and Cyy > 0 in such a way that

sup m(x,p) < Cp. (20)
xES

In this framework, we redefine the probability measure Px in (11) and assume that f(-) is a
nonnegative measurable known function.

(M.1) We shall assume that there is a known constant Cyy, > 0 in such a way that

supm(x;p) < Cp.
x€S

(M.2) We shall suppose that there is a known constant ¢y > 0 in such a way that

inf f(x) > cf.

x€S

Regression Function Estimator

In this framework, our goal is to estimate m(-, p) based on observed functional data
(Xt, Yt) j0<t<7)- The kernel estimator for the regression function of functional data has been

suggested by [59]
T d(X, Xt)
Y;)K dt
/0 p(Yi) < W >

T
/TK<axxg>ﬂ
0 h

T

fﬁn;hT (X/ p) =

This estimator is similar to the one proposed by [59] in the discrete framework. By
using the idea of [58], we propose the hard wavelet thresholding estimator m(-, p), for all
x € S, by

= k=0(eT;

m(xp) = 3 ospo(iGor) + 1 Y Ol o) kS ee),  (21)
{|9k,z| > K\ }
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where
e = ;AT%Qywmxuwn (22)
Ore = % /OT })82)) Pic(Xe; 77y )it (23)
where m7 is the integer satisfying
% (lnTT)2 < N Tr| < (1nTT)2' @4

and « is a large-enough constant. The multivariate case for discrete- and continuous-time
linear wavelet estimators was examined by [36,38].

Theorem 2. Under the assumptions (E.1), (E.2) (M.1), (M.2), (C.0), and (C.1), combined with
condition (24), for any 6 € (0,1), m(-,p) € BY2(H) N W2(1=0)(H), there is a constant C3 > 0
such that

~ . 2 InT 0
B () - mCip)*) < (M) @)
for T large enough.
Assume that m(-,p) and f(-) fulfill (M.1) and, for any 6 € (0,1),
m(-,p) € BL*(H)n W (H),

where BY/2(H) is in (Definition 1) with s = 6/2 and W2(1-9) (H) is in (Definition 2) with
r =2(1 — @), then there is a constant C3 > 0 in such a way that

Emﬁum—mumﬁ)sa(mfyf

for T large enough. Again, note that for s > 0, if

m(,p) c B(s)o/(2s+1) (H) N W2/(25+1) (H),

then there is a constant C4 > 0 in such a way that

s/(2s+1)
(e - mip)l?) <y S00) 7

This convergence rate is close to optimal in the “standard” minimax framework
(see, [27]) up to an extra logarithmic term. According to our knowledge, Theorem 2 is the
first one to examine an adaptive wavelet-based estimator for functional data in the context
of nonparametric regression for an ergodic process. Ref. [49] studied the same estimator in
a discrete time setting.

From the fact that the coefficients defined in Equations (22) and (23) depend on the
unknown function f(-), it is possible to use

. 1
Tt = 7 i (Xt; T 0 )dt, (26)

1 T
e = 7 GOk @)
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The wavelet hard thresholding estimator is defined by m(-, p), for all x € S, by

m(x,0) = ) foepo(xCoe) + Y, ) gk,fz]l{‘gum\/@}'#k(x;ﬂk;z)- (28)

(€T, k=0 (€

Keep in mind the following elementary observation

11 (O-F6)
(

OO OO

We can infer, from the last equation, the following

-~

~ 1T (f(Xe) = f(Xe))

Mo = fie+ 7 0 X)) o (V)i (Xt; Qi e )dt,

= 1T (f(Xe) = F(Xp)

0 = 0 — ~ = -~ 22 o(Y; X¢; dt.

% o + T./o AT ) o (Y)Y (Xe; g 0)
Notice that

=
2
=
2z

~ 2

(ke — 7o) = {; /OT MP(Yt)‘Pk(Xt; Ck,(%)df}
1
T

IN

X%/OT{P(Yth(Xt;Ck,z)}zdt-
This gives
~ 2
P g — T )2 1 X - f(X)
E(fke = Tke)™ < E{T./O{ AR }dt

T
X% A ]E(P(Yt)z|Xt)¢k(xt}§k,£)2df}-

Under the conditions of Theorems 1 and 2, one can find a positive ¢ constant such that
~ . InT\?
E(Uk,@ - 77k,€)2 < Q(T) .

A combination of Theorem 1 with Theorem 2 gives the following corollary.

Corollary 1. Under the hypotheses of Theorems 1 and 2, there exists a constant Cs > 0 in such a

way that

B(Im(x;p) ~m(xp)[?) < cs(h‘TT)e, (29)

for T large enough.

Remark 2. Let {Xy,, n € Z} be a stationary sequence. Consider the backward field <7, = o (X :
k < n) and the forward field B, = c(Xi : k > n). The sequence is strongly mixing if

sup |P(ANB)—-P(A)P(B)|=a(n) -0 asn— oo,
A€oty BE A,
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The sequence is ergodic if

lim © E’P(A NT*B) —P(A)P(B)| =0,
k=0

n—oo 1

where T is the shift transformation or time-evolution. The labeling of strong mixing in the pre-
ceding definition is more rigorous than what is commonly referred to as strong mixing (when
using the terminology of measure-preserving dynamical systems), meaning that it satisfies the
following conditions
. —npy _
,}E)IJOP(A Nt "B) =P(A)P(B)

for any two measurable sets A, B, see, for instance, [63]. Therefore, substantial mixing requires
ergodicity, although the opposite is not necessarily true (see, for instance, Remark 2.6 on page 50
about Proposition 2.8 on page 51 in [64]).

Remark 3. Ref. [43] provided an example of an ergodic but non-mixing process in their discussion,
which can be summarized as follows: Let (T;, A;) : i € Z be a strictly stationary process such
that T; | T;_q is a Poisson process with parameter Ai, where T; is the sigma-field generated by
(T;, Ai, Tiq, .. .). Assume

Ai = f(Aic1, Tica),

and f : [0,00] x N — (0, 00) is a given function. This process is not mixing in general (see Remark
3 of [65]). It is known that any sequence (&;);cz of independent and identically distributed random
variables is ergodic. Hence, according to Proposition 2.10 in [64], it is easy to see that (Y;);cz with

Yi = 19(( .. /si—]/‘gi)/ (Si+1l €it2,-- ))/

for some Borel-measurable function 0(-). Ref. [66] has constructed an example of a non-mixing
ergodic continuous-time process. It is well known that the fractional Brownian motion {WH :
t > 0} with parameter H € (0,1) has strictly stationary increments. Otherwise, the fractional
Gaussian noise, defined for every s > 0 by

{G:t>0} .= {(WH, —W[I:t >0},

is a strictly stationary-centered, long memory process when H € (3,1) (for instance, see [67]
p. 55, [68] p. 17), hence the condition of strong mixing is not satisfied. Let {G¢ : t > 0} be a strictly

stationary-centered Gaussian process with correlation function

R(t) = E[GoGt].
Relying on the work of [69], Lemma 4.2, it follows that the process {Gy : t > 0} is ergodic
whenever
lim R(t) =0,
t—o0

which is the case for the process {G{! : t > 0}.

Remark 4. In continuous time, sampling is frequently used to obtain data. Several discretization
strategies, including deterministic and random sampling, have been proposed in the literature. The
interested reader is referred to [70—74]. To simplify the concept, we consider the density estimator
of f(-) based on {X; : t € [0, T|} and its sampled discrete sequence {X(t) :k =1,...,n}. The
estimator of the sampled density f(-) is

fuld) = s iK(x;nth).

n j=1

As stated in [70], we can only recollect two designs: irregular sampling and random sampling.
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*  Deterministic sampling. Consider the situation where (t;)1 <<y is deterministically irreg-

ularly spaced with
. 1
15{‘; [t — | = ot
for some T > 0. Gy := o(X(ty)) the o-field generated by {Xs : 0 < s < t;}. Clearly,
(Gk)1<k<n in a family of increasing o-fields.
*  Random sampling. Assume that the instants (t;)1<k<, in the interval [0, T| form a sequence
of uniform random variables independent of the process {X; : t € [0, T|}. Define

0<t<---<1p<T,

as the corresponding order statistics. Observe that (Ty)1<k<y are the observation points for
the procedure. Clearly, all of the distances between these sites are positive. As a consequence,
taking Gy := o (X(t)) the o-field generated by {Xs : 0 <'s < 7}, it follows that (Gy)1<k<n
is a sequence of increasing o-fields.

As established in [75], the penalization approach for the choice of the mesh & of the observations
provides an optimal rate of convergence; we leave this subject open for future investigation within
the context of ergodic processes.

Remark 5. In a previous publication [36], we tackled the nonparametric estimation of the density
and regression function in a finite-dimensional setting using an orthonormal wavelet basis. Our
findings differ significantly from those presented in this publication. In [36], we demonstrated the
strong uniform consistency characteristics of these estimators over compact subsets of R under a
general ergodic condition on the underlying processes. In addition, we demonstrate the asymptotic
normality of wavelet-based estimators. The Burkholder—Rosenthal inequality, a more complex
technique than the exponential inequality used in the previous publication, was the central concept
of this study. Significantly, the current study studies the mean integrated square error over compact
subsets, which is fundamentally different from the conclusions of the prior publication.

5. Applications
5.1. The Conditional Distribution
Our findings can be utilized to examine the conditional distribution F(y | x) fory € R4

To be more precise, let p(y) = 1{y < z}. The wavelet’s hard thresholding estimator of
F(y | x), is defined, for all x € S, by

lely k=0 Zejk

Fiy %)= Y fforpo(xZor) + Y. Y bl ) T (%), (30)
{|9k,£| > K/ T}

where
T1{Y
e = T/ ot t<y}¢k(XtICke) (31)
o T4y
O e = T/ ]l{ t<y}1/)k(xtr77ké) t. (32)

A direct consequence of Theorem 2 is

5[ 10— ror o) < () o
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5.2. The Conditional Quantile

Remark that whenever F(- | x) is strictly increasing and continuous in a neighborhood
of g4 (x), the function F(- | x) has a unique quantile of order « at a point g,(x), which is
F(ga(x) | x) = a. In this situation

ga(x) = F'(a| x) = inf{y € R: F(y [ x) > a},
which can be estimated by §7,(x) = F~!(a | x). Consequently, the fact
F(ga(x) | %) = & = F(@ra(x) | x)
and F(- | x) is continuous and strictly increasing, we then have
ve >0,3y(e) > 0%, |F(y|x) —Flaa(x) || < n(e) = |y —qa(0)| <&,
implying that, Ve > 0,35(e) > 0

P(ra(x) — a(x)| = 7(e))
< P(|P@ra) | %) = Fga(0 | %)| = 1(e))

P(| F(ga(x) | %) = F(gu(x) | x) = 5(e) )

In addition, suppose that, for fixed xg € C C S, F(y | x¢) is differentiable at g, (xo) with

P)
@F(y | x0) = 8(qa(x0) | x0) >v >0,

y=qx(xo)

where v is a real number, and g(- | x) is uniformly continuous for all x € C. From Taylor’s
expansion of the function F(g7,(x) | x) in the neighborhood of g,(x), we have

F(ra(x) | x) = F(qu(x) | X) = (@1.(x) = 72(x))8 (774 (X) | X)

where g7, (x) is a point between gq(x) and g7, (x). Using the fact that g7, (x) converges
a.s. toward g,(x) as T goes to infinity, combined with the uniform continuity of g(- | x),
allows us to write that

sup|7r.a (%) — 4a(x)| sup|g (9 (x) | )| = Ous. <sup sup|Fr(y | x) = F(y | x>|>.
xeC xeC yeS xeC

By the fact that ¢(g.(x) | x) is uniformly bounded from below, we can then claim that

(a9~ 1) < (3T ) en

Remark 6. (Expectile regression). For p € (0,1), the choice given by (T —0) = (p — 1{T —
0 < 0})|T — 6| leads to quantities called expectiles by [76]. Expectiles, as defined by [76], may be
introduced either as a generalization of the mean or as an alternative to quantiles. Indeed, classical
regression provides us with a high sensitivity to extreme values, allowing for more reactive risk
management. Quantile regression, on the other hand, provides the ability to acquire exhaustive
information on the effect of the explanatory variable on the response variable by examining its
conditional distribution; refer to [77-79] for further details on expectiles in functional data settings.

Remark 7. (Conditional winsorized mean). As in [80], if we consider (T — 0) = —k, T — 0,k
ifT—60 < —k, |T—0| <k orT—0 > k, then m(x; ) will be the conditional winsorized
mean. Notably, this parameter was not considered in the literature on nonparametric functional
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data analysis involving wavelet estimators. Our paper offers asymptotic results for the conditional
winsorized mean when the covariates are functions.

5.3. Shannon’s Entropy
The differential (or Shannon) entropy of f(+) is defined to be

H(F) = = [ ) log(fx(0)v(dx), )

whenever this integral is meaningful. We will apply the convention 0log(0) = 0 since
ulog(u) — 0 as u — 0. The notion of differential entropy was originally introduced in [81].
Since this epoch, the concept of entropy has been the topic of extensive theoretical and
applied research. We are referencing [82] (Chapter 8) for a thorough overview of differential
entropy and its applications and mathematical characteristics. Entropy concepts and
principles play a fundamental role in many applications, such as quantization theory [83],
statistical decision theory [84], and contingency table analysis [85]. Ref. [86] introduced the
concept of convergence in entropy and showed that the latter convergence concept implies
convergence in £1. This property indicates that entropy is a useful concept for measuring
“closeness in distribution”, and also heuristically justifies the usage of sample entropy as a
test statistic when designing entropy-based tests of goodness-of-fit. This line of research
has been pursued by [87-89] (including the references therein). The idea here is that many
families of distributions are characterized by maximization of entropy subject to constraints
(see [90,91]). Given ]?T() in Equation (13), we estimate H(f) using representation (35),
by setting

Hr(f) = = [ fr(1og (Fr(x)v(ax), (36)

where R
A, ={xe8: fr(x) >y},

and 7, | 0 is a sequence of positive constants. To prove the strong consistency of Hr(f),
we shall consider another, but more appropriate and more computationally convenient,
centering factor than the expectation EHr(f), which is delicate to handle. This is given by

EHr(f) =~ [, Efr(x)10g (Efr()v(dv).

We first decompose Hr(f) — EH( f), as in [92-95], into the sum of two components,
by writing

HT(f> - EI_IT(f)
= [ o8 (vl

+ /A Efr(x) log (Efr(x))v(dx)
— f/;n{logfr(x) flogEfT(x)}EfAT(x)y(dx)
_ ./An {J?T(X) - EfT(x)} log fir (x)v(dx). -
We remark that for all z > 0,

1
[logz| < ‘Z—l‘ + |z —1].
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Thus, for any x € A;;, we obtain

7 _ 7 (x| = ]?T(X)
|log fr(x) —log Efr(x)| = logEfT(x)
< Eﬁﬁ—1+ fro
fr(x) Efr(x)

- ’Eﬁ(x)—fT(X) +‘]?T(X)_EJ?T(X)‘
- fr(x) Efr(x)

Making use of Theorem 1, gives

B((Hr(f) — EHr(f)?) < c(“‘TT)G, (39)

for positive constant C. Note that this is the first estimation result for the entropy of
functional continuous time series processes. A similar idea can be used to estimate other
density functions, such as the extropy; refer to [96] for a definition.

5.4. The Curve Discrimination

The curve discrimination problem can be stated as follows. Let {X; },-,~ denote a
sample of curves, and each of them is known to pertain to one among G group_s t=1,...,G.
We denote the group of the curve X; by 7;. Suppose that each pair of variables (X;, 7¢) has
the same distribution as the pair (X, 7). Given a new curve x, the question is to determine
its class membership. To do so, we will estimate the conditional probability for every
t=1,...,G, as follows:

p(x) =P(T =1 | X=x).
Following the proposal made in [97,98] permitting the estimation of these probabilities by

pux) =Y Toeo(x: Qo) + Y. Y B, o1 ) T Ye(X; ke, (39)
{51@5 > K }

= k=0 (€T -
where
Mo = % /o ! Wﬁbk(xﬁ Ci,e)dt, (40)
b = %/OT ]IECT(tXt_)L}l/Jk(Xt; M,e)dt. (41)

As remarked by [97,98], for each 1 we make use of the notation

Y:{1 if T =1

0 otherwise,

then we can write
p(x) =E(Y | X =x).

An application of Theorem 2 is

(170 - i) < (7).
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6. Concluding Remarks

In this study, we investigated the nonparametric estimation of density and regression
function using continuous functional stationary processes and wavelet bases for Hilbert
spaces of functions. We described the mean square error integrated over compact subsets.
The martingale method was used to determine the asymptotic properties of these estimators,
which differs significantly from the mixing and independent settings. Ergodicity is the
assumption of the process’s dependence. Extending nonparametric functional concepts
to local stationary processes is a relatively new area of research. It would be interesting
to extend our work to the case of the functional local stationary process, but this would
require nontrivial mathematics and is well outside the scope of this paper. The exact
logarithm rates of convergence depend on the smoothness parameters 6 of functions
f(-) and m(-,p) defined in the space H. These results are typical of all nonparametric
estimations and are consistent with the vast majority of academic references. Although 0 is
unknown, the smoothness metrics assumed here are more nuanced than the differentiability
criterion of integer orders required for convolution kernel methods. To make the estimator
more practical, techniques have been developed to select the optimal adaptive value of 7,
such that the most commonly used methods of “Stein,” the “rule of thumb,” and “cross-
validation”, we refer to [99] and [27] for details on an asymptotically optimal empirical
bandwidth selection rule. It would be worthwhile to investigate this subject in the future.

7. Proofs

This section is dedicated to proving our findings. The previously presented notations
are used again in the sequel. In this research, we need an upper bound inequality for
partial sums of unbounded martingale differences to derive the asymptotic results for the
estimations of the density and regression functions based on strictly stationary and ergodic
functional data. Here and in the following, “C” denotes a positive constant that may vary
from line to line. The following lemmas express this inequality.

Lemma 1. (Burkholder-Rosenthal inequality) Following Notation 1 in [100].

Let (X;)i>1 be a stationary martingale adapted to the filtration (F;);>1, define (d;);>1 as the
sequence of martingale differences adapted to (F;);>1 and

n
Sn = Z di/
i=1

then for any positive integer n,

1/2
n
I max |Si)llp < n'/Pldillp+ || Y B/ Fer)|| , foramy p>2 (42)
1=y=n k=1 p/2
where, as usual, the norm || - ||, = (E[| - PP,

Lemma 2 ([101]). Let {Z;,i > 1} denote a sequence of martingale differences in such a way that
|Zi| <B, as,

then, for all € > 0 and all n large enough, we obtain

&2
P > € <2exp{—2nBz}.

The subsequent lemmas characterize the asymptotic behavior of estimators aj , and ‘B\k, ‘-

n

Y. Zi

i=1
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Lemma 3. For each k € {0, ..., mr} and each { € Ty, under conditions (C.0), (C.1), (F.1), and
(E.1)(i), there is a constant C > 0 in such a way that

A 1
E(‘Dck,(—ﬂck,/glz) < C(r;_,T) (43)

Lemma 4. Foreachk € {0,...,mr} and each £ € Jy, and under conditions (C.0), (C.1), (F1),
(E.1), and (E.2), and condition (16), there is a constant C > 0 in such a way that

E(‘Eu - ﬁuf) - c(lnTT>Z, a.s. (44)

Lemma 5. For each k € {0,...,mr} and each ¢ € Jy, for k > 0 sufficiently large and under
conditions (C.0), (C.1), (E1), (E.1), and (E.2), and assumption (16) there is a constant C > 0 in

such a way that
~ x [InT InT)?
P(‘ﬁk,é _,Bkl’ > 2 T) < C(T) . (45)

Proof of Theorem 1. Keep in mind that the proof of Theorem 1 is a straightforward
application is a direct application of [52] (Theorem 3.1), using Lemmas 3-5 alongside
c(n) = (InT/T)Y2,0; = 1,r = 2. We modified and expanded the approach used to prove
Theorem 3.1 of [34], and to include the stationary ergodic process. [J

Proof of Theorem 3. Consider the subsequent decomposition

Rip— Qe = Wpp— Bgp+ Agp — Ay
= A1+ Ao (46)

where T
~ 1/
Xy p = f/o E[¢r (xt; Ci )| Fi—sldt.

Under the assumptions (C.0) and (C.2), we have
T
B = 7 [ [etstof " coviaxar
/S<Pk(x;Ck,z)<71~ /OTftf”(X)dt>v(dx)
[ #6620 (Fx) +0(1)v(dx)
= [ oo fx)v(dx) +o(1)

= ape+ 0(1).
We readily obtain
Ek,g = &g, as, T — oo, (47)
implying that
Ak,Z,Z = 0(1), a.s. (48)

Therefore, we infer that

Ay —age = Aggr+o(l), as.
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We now consider the term Ay ;. We infer
Apeg = Qg — Hiy

1 /T
— ?/0 (P (xt; Qo) — Bl (xt; Qo) | Frs])dt
= % ; D (Cke)s

where

T
Dije(Cre) = %./T, (&k(xt; k) — Elr(xt; Cr ) [ Fr—s] )t

Notice that, with respect to the sequence of o —fields (F;)o<k<n, (Pix(Ckr¢))o<k<n is a
sequence of martingale differences. It is evident, by Lemma 1, to infer that

2
E[\Ak,e,ﬂz} = %E ;‘Di,k(?k,e) ]
where
(E“Z?:lq’i,k@k,e)\z])% < nl/ZHq)l,k(gk,é)Hz_"HZ?:lE[q)iz,k(gk,é”]:ifl}Hi/z (49)
= q)(l)-l-(l)(z).

Observe that for all 0 < ¢t < J, the o-field F;_5 = Fy represents the trivial one. On the
one hand, by using the classical decomposition in connection with the fact that 7 is the
trivial o —field, we have

~@% = [ @1l 113

= B[} e utih) ~ gt Rt |

< foéE{ij':o | i (xt; i) V(B[] dr(xt; Cre) |])2*J} dt

=l §ZJZ—0 CYE[| e (xt; Ck) 1]-(El| ge(x i) I])z_j>dt

= 5 J (G ¢e(xi:ie) 2] + CHEL 9elxi; Gie) 1) + COE] @ (xe; ) \2])”“'

Remark that, under the conditions (E.1) and (E.1)(i) and the fact that £ is an orthonor-
mal basis of H, we obtain

E||gutxiea)l’] = JsloxOo8eo) PFOov(dn)

< Crlslocxteolviax)
= G fs’zjeIk ﬁej(ék,z)ej(x)‘ v(dx) (50)
= Cf JsLjer, ﬁ}ej(gk,fﬂzv(dx)
< CrQy,
where C; is a positive constant,
E|l ¢exidee) | = 0(1), (51)

therefore,

@) =O(T'?). (52)
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Furthermore, we examine the second term of decomposition (49), and remark that

((Eetarnal))

(Ex(elotosmora]))
- (ZE{ 2 (ir) Dm,

using the notable identity combined with Jensen’s inequality, we obtain

E{‘D%k(ék,g)} — E[(‘;/TT,

D,

i—1

2
(fx(xt; Gk ) — E[ka(Xt;Ck,z)]:t—&])dtD ]

< & B0 - Biptuigen 7))o
< & Bl aite) P 428 ]| et 1] o
< w5/ " (B[] guls o) ] + 2 B[ gutxi i) P 1] |t

< ;2/ [| O (Xt; T ) | } ,

observe that, using (50), we have
o, = O(TV?). (53)

Therefore, combining Equations (52) and (53), we obtain

21\ 2
(el o

2
]E[|Ak,f,1|2} = ) ]

n

2 K (Cke)

=1

Hence,

ik(Cke

52

InT
< — .
< o(F)

Therefore, there exists a constant C = C C1>0, such that

_ 4C6 InT
E(\W —auyz) <—< 4(:( “T ) (54)

Hence the proof is complete. [

Proof of Lemma 4. Consider the following decomposition

Bie—Bre = Bre—Bre+PBre—Bre (55)
= Bie1+ Bieo



Mathematics 2022, 10, 4356 20 of 37

where .
1
Pre =1 /0 Ky (xi; 7,0 ) | Fi—s)dt

Remark that, under conditions (F.1) and (E.1)(i) and making use of the fact that £ is an
orthonormal basis of H, and reasoning in a similar way as in Equation (47), we infer that

Bie=Pre, as, n— oo (56)
This, in turn, implies that
Bk/glg = 0(1), a.s. (57)
Therefore, we obtain
Bii—PBre = Bieito(l), as.

Hence, we readily infer

Y Wike

; 4
E(‘Bk,é _.Bk,é’4> = 11141@( L ) (58)

1 (T
Yike = E/T (P (xts 11k,0) — Bl (xe; 111,0) | Fi—s] )t
i—1

where

Remark that, with respect to the sequence of c—fields (F;_1)o<k<n, (¥ikr)o<k<n is a
sequence of martingale differences, an application of the Burkholder-Rosenthal inequality

(see Lemma 1), gives
A\ 174

(%

Y Yike 112]a<xn Z‘I’lk ’ 4
. 172
< VY[ pells+ Z Y7o Fi2) (59)
i=1 42

1 2
- W

Consider the first term of Equation (59). We recall that for all 0 < t < §, the o-field
Fi_s = Jo represents the trivial one. Applying Jensen’s inequality, we have

1 )

S w= /O‘S]E[(Wk(xt} M) | + E[Wk(xl}ﬂk,f)u)ﬂ dt.

1 N
S(e]) = Il

E <‘(15 /()§(¢k(xt; M) — Bl (xe; x,0) | Fo) )t

Using the Minkowski inequality, we obtain

/(]6E[(|lpk(xt}77k,€)| B[y (i) []) ]t
[ E At ] + B4 Enouno)]) e @)

- 16 /O(SE“lpk(xt}’?k,ZHﬂ dt.
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This gives that

L (gmy?* * (R1/4 ENCAS
- (Tk,é) < 16/0 (E [’lpk(xt, ﬂk,g)‘ }) dt.

By reasoning in a similar way as in Equation (50) and making use of conditions (F.1)
and (E.1)(i), for all 0 < t < T, we infer that

E [Wk(xt; Mkt) ﬂ <C, (61)

where C denotes a positive constant. In addition, by the Cauchy-Schwarz inequality in
combination with conditions (E.1)(ii), (E.2) and condition (16), we infer

1
sup|Pr(X;7ke)| < sup Y ——=Ie;(17x0)llej(x)]
xeS XES je Ty 4 /hj,k,f
1 1/2 1/2
< (,2 h,|e]-<nk,z>|2> <sup )y |e,-<x>|2>
i€ ikl x€S je J;
< %G/ (62)
S C4 \/ |\7mn|
T
< —_—
Ca InT
We then obtain
4 T
E[Wk(xl;’?k,(e)l ] = O(M) (63)

Recall that T = 61, we deduce that

1 T1/2
‘Yk,f = O((lnT)l/4 . (64)

We now consider the upper bound of ‘I’,({zz) in Equation (59). Remark that

1/2
@ _
Yy, =

n
Y E(Yh, | Fia)
i=1

-

2

)\ 1/4
]E[‘Y%kﬂ]-“i_z})]) :

-



Mathematics 2022, 10, 4356

22 of 37

>

i=1

I8
Ti 1

Observe that forall T;_; <t < T;foralli =1,...,n;, we have F;_, C F;_s. Making
use of Jensen and Minkowski’s inequality, it follows that

z'iEhle'k'Z | }—iiz}
li( [( /TT] (¥ (xt; 17k,0) — Elpre (x5 7710 |]:t15])dt>2 | fizD
< 5172 / " (B2 g0 | Fioo] + BV B[4 00ims) | o] | Fia) ) at

\ I

= 22/ l/Jk (xt; 17k,0) | Fie z]
For all T; 1 <t < T;, using the stationarity of the process (X¢);>0, we have

F2 ) = fL 2 (%)

Remark, under conditions (E1), (E.1)(i), (C.0), and (C.1) and statement (61), that

E[(¢k(xt/’77k,€))2 | J'Ezez}df = /|lIJk k)| <711121 F( >V(dx)
< I CE Mz ) d
< n/|1le(x M) < nl;sz ; v(dx)
= [ JxOom) P F0) + o(1)v(d) 69)
< n(Cf+0 1 /S|llfk(x;€k,f)|21/(dx)
_ TCC
- )
It follows that
¥ = o(1'7). (66)

Combining statements (59), (64), and (66), we obtain

o([Evo) = ofar) votr)

Y Wik

We conclude that

— 4 1 1
E(‘;Bk,é_ﬁk,f‘ ) = O(T2lnT> +O(T2>. (67)
This implies that there exists a constant C > 0, such that
~ 4 InT\?
E ‘,Bk,é - ﬁk,(‘ < Cl—)- (68)

The proof is achieved. O
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Proof of Lemma 5. Consider the previous decomposition in Lemma 4, to write that
Pre—Bre = (,Bk,f - ﬁk,é) + (/3k,z - ﬁk,z)
= Brea + Biro,

where

1 & 1&/1 (T
Bren = = Z‘Yi,k,z =— 2<5/T (Y (x5 1710 —E[¢k(xt;ﬂk,f)|ft_5])df),

i=1 i—1

Biio = % Zn: ((15 /TTI (B[ (Xt 1i,0) [ Fe—s) — ,Bk,ﬂ)dt>‘

i=1 i1

Making use of Equation (57), we achieve the desired result for the term By ; ,

Bii—Bre = Brgi+o(l).

We now remark

1& x /[InT
: > E R <
P(’n;_lwl’u > T ) < ]P’(

The application of Lemma 2 implies that

w oK
Y Yike| > 5 VTIn T) )
i=1

2

kel = |wk(xiine) — Elpe(xismie) | Fial|
< 2sup, g |tk (% 7k0) |
< o 69)
< GV/T.

Let B = C31/T. Then, for all e = ‘57"\/ T In T where n is sufficiently large, we have

P > 5/TIT) < 2 —i
=32 = SOPY Top

)
21/8) (GVT)’

_ exp{ & InT } 70)

n
Y Yike
i=1

where
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By choosing « such that w(T, k) = 2, we have

<‘,Bk€_:3k[‘ > 2\/?) < C%+o(1)

2
c(ar)’ -

IN

The proof of (45) is achieved. [
Recall that

mr N
X0) =Y Toepo(x:oe)+ Y, Y 9k,z11{‘§u‘zk\/@}¢k(x; st ),

(€T, k=0 L€ T,

where

e = T f O (Xe; C)dt, Oy T f (Xt 17x.,¢)dt

Lemma 6. Foreachk € {0,...,mr} and each ¢ € Iy and under conditions (E.1)(i), (M.1), (M.2),
(C.0), and (C.1), there is a constant C > 0 in such a way that

. InT
E(‘Wk,é - 77k,£|2) < C(nT> (72)

Lemma 7. Foreachk € {0,...,mr} and each { € [y, and under conditions (E.1), (E.2) (M.1),
(M.2), (C.0), and (C.1), in combination with condition (24), there is a constant C > 0 in such a

way that
~ 4 InT
E(‘eu—e,{,@( ) —c( - > , as. (73)

Lemma 8. Foreachk € {0,...,mr} and each { € Jy, for k > O sufficiently large, (E.1), (E.2)
(M.1), (M.2), (C.0), and (C.1), in combination with condition (24), there is a constant C > 0 in

such a way that
InT InT)?
(\er—(m] > 2\ ) gc(T > . (74)

Proof of Lemma 2. Remark that the proof of Theorem 2 is a consequence of [52] (Theorem
3.1) withc(n) = (InT/T)V/?,0; = 1, r = 2 in connection with Lemmas 6-8. We generalized
the method of the proof in [34] (Theorem 4.1). O

Proof of Lemma 6. Consider the subsequent decomposition

Tt —Me = Mo = Tie + e — Mk 75)
= Agen+ Arep,

where

o
o = 1 [ B G el F |

_ 1 /T _(m(xt,p) +€t) . —
B 7/0 E_w%(xtlék,z)Ift_o]dt

- 1/0TE_f<(th))(Pk(xt/€k€)ft (s}dt—i- T/ { )¢k(xt'€kf)|ff s
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Forall0 <t < T, we have F;_s C S;_s and from the independence between €; and
X;, we have

E[€t|5t—zﬂ = E[€t|xt}
Elef] (76)
= 0.

Observe that

: ' _ |EledSi—]
E T;t)%(xhﬁk,e)\ft,é _ Eﬁ
Eles|X¢]

L f(Xt)
[ Elet] .
_f(Xi) Or(Xt; Cr o) |]:t(5]

O (Xt T o) | Fi— 5]

or(Xe; Qi e) |-7'—t5]

This implies that

e = T/ [ Xt' ¢k(Xt,Cke)|]:t 5}

Using conditions (M.1), (M.2), (C.0), and (C.1), we obtain

e = 1 gt v

/mprPk ékf( /fjTM > x)

m(
(% Cke) (f (x) + 0(1))v(dx)
m(
(Pk X; Cke) f (x)v(dx) +o(1)
= ks +0( ).
We readily obtain that
ﬁk,f = Nk, AS, T — oo, (77)
implying that
Ak,Z,Z = 0(1), a.s. (78)
Therefore, we infer that
e —Me = Axgr+o(l), as.

Let us now concentrate on the term Aj ;1 in Equation (75), we infer

A1 = ﬁk/ — ke
T / ( (()l?t Xt;Cke) —E [;82)) Pe(Xe; gk,f)“:t—é] >dt
- % ; ((15 /TlTll (})(()XZ)) Pe(Xe; Ge) — Legtt)) P (X3 Gk ) |]:t5:| > dt)
= % i Dy (Ck,e),
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where

A _ 1T (V) p(Y:)
@it =5 f| <f(Xt) Xe)

Remark that, with respect to the sequence of o —fields (F;_1)o<k<my, (Pri(C0))o<k<ms
is a sequence of martingale differences. It is obvious, going with the proof of Equation (54),
to observe that
2]

2 2
n

D < 2 (@) N+ 1Y E[0F (k) 1 Fia] 112
i=1

= CD(l) + q)(z). (79)

O (Xt; G o) — E [ (Xt Cir) |]-"t_5} )dt.

E[\Ak,e,ﬂz} = %E

Y @ i(Cre)
i-1

where

(E

On the one hand, using Jensen and Minkowski’s inequalities combined, we obtain

A

Y @ik e)
i1

—0f) = | Prallio) I3
= =[[i f (Fdmowo -2[f s Jof |
< 5 ) Byt -2 mosatn o
< (512/05<E1/2 ;’E}Z))%(xt;gk,ﬂ)z +EVZ|E '%¢k(xt;ék,e) 2|ft—5H>2df
&[]l

It follows, from assumptions (M.1) and (M.2), that
lo(Yt)| < Cm + €], (80)

combined with the independence between X; and ¢, ]E[etz] = 1. Remark that, under
condition (E.1)(i) and using the fact that £ is an orthonormal basis of H, we infer

E ‘jﬁ’&))m(xt;ék,z) 2] < (c%n+1)égﬁ: ‘f(lxt)‘l’k(xtf'gk,é) 2]
< (Ch+1) [ lntogn Proovtan
= (c&+1) [, L @) W@ e
= (ca+1) ) PCLCRIRLG
< (ch+1)c=o0n).
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Therefore, we have

sn(cz +1¢ \"?
¢<1>=<"(‘“52+)1)> = O(T"?). (82)

Furthermore, we examine the second term of decomposition (79) and continue as per
the proof of (53) and considering (81), one obtains

@, = O(TY?). (83)

therefore, combining Equations (82) and (83), we obtain

5T\ 1/2
(E ]) = O(T"?).

Hence, there exists a positive constant C such that

1 n
' 2} - ”2E[i—1

2
Y Pr(xii Cre) ]
52

= 10(T) (84)

InT
< C{— |-
< (%)
Therefore, combining Equations (78) and (84) there exists a constant C such as

- 1
E ([ —ael*) < c( “TT> (85)

Thus, the proof of Lemma 6 is completed. [J

Y Pu(Xi; Ce)
i=1

E|lAs,

Proof of Lemma 7. Consider the subsequent decomposition

gk,zz Oy = §k,1f — O+ Ok — Ory
= Biy1 + Biro, (86)

=1 ), B[

Remark that, under conditions (M.1), (M.2), and (C.1), Equation (76), and using the
fact that £ is an orthonormal basis of H, by reasoning as in Equation (77), we obtain

where

l/Jk (Xt; g0 ) | Fi—g | dt.

ék,f = Gk,g, as, n — oo, (87)
giving that
Biip =0(1), as. (88)
Therefore, we have
Oue—6e = Broit+o(l), as.

Hence we obtain

E(‘ék,é — 9,{,514) - 71141@(

4
) , (89)
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where

T, .
Yike = ‘15*/Til <J((Y)ét)¢k(xt} Nie) — E{f(y);)lpk(xt} 77k,1z)|]:t5] )df-

Notice that (‘¥; 1 ¢)o<k<y is a sequence of martingale differences with respect to the
sequence of o—fields (F;_1)o<k<u, applying the Burkholder-Rosenthal inequality (see

Lemma 1), we obtain
A\ 174

(%

Y Wijs max ;‘Yi,k,e 4
" 1/2
< nYH ¥l + Z Y7, | Fi2) (90)
i=1 4/2

1 2
- W

Consider the first term of the Equation (90). Applying Jensen and Minkowski’s
inequalities, we have
4)

1 1\ 4
~(¥07) = I¥aeelld

= E(’;/O (Je(()lz)) P (Xt 77k,0) — E[;}gi)) Pi(Xe; ’7k,£)|-7:t6} )dt

p(Yt) 4
< 5y 2| (|| = fogoxoma|ia]) ] .
1 9 oY) o . oY) o . !
< 57/() (El/‘*l m%(xnéu) EY4|E ‘m¢k(xt/€k,€) IJ-'“;H> dt
<

4
e U X ) ] .

By proceeding as in Equation (81) and under the same conditions (M.1), (M.2), and
(E.1)(i), forall 0 < t < T, we obtain

‘ Je(()lz)) e (X6 k)

E

2
1 <C, (92)

where C is a positive constant. Moreover, by the Cauchy-Schwarz inequality in connection
with conditions (E.1)(ii) and (E.2) and assumption (24), we have

IN

sup [ (%; 7k ¢) sup lej(17k,0)|[e; (%)
xeS’ ’ xGS]erth]kg J J

1 1/2 1/2
< <Z e lej (17k,¢) | > (sup Y. Iej(X)|2>
jed Mikt XES jeJ
N CEVINA 93)
< C3\/|'-7WIT|

T
(InT)*
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From statements (92) and (93), we deduce that
1 1)\ 4 T
—(¥ < —s .
2(50) < G (InT)>
It follows that -
WGl T
Yy, < 5 ( nT . (94)

Let us now examine the upper bound of ‘I’,(czf) of Equation (59). Remark that

1/2
2) _
Yoo =

n
Z E(‘P%k,g/}—ifz)
i=1

2

- (E [(iéE{‘i’%MIE_zDT ) 1/4,

Observe that forall T;_; <t < T;foralli =1,...,n;, we have
Fip C Fi—s C Si—s.

Making use of Jensen and Minkowski’s inequality in the same manner as in Equation (91),
it follows

: E [Tiz,k,éu:i—Z}

(<] G (Fgwtsoma =[S mixsmar ] Ja) 1]

4 M T o(Ys) ' 2 '
(SZE/THE (f(xt)ll)k(xtfﬂk,z)) |}'12] dt.

From the independence between €; and Xy, for all T;_; <t < T;, we have

1

I
1=

IN

E[eﬂSt,g} = E[Gﬂxt]

= E[e}] =1 %)

Under conditions (M.1), (M.2), (E.1)(i), and (C.1) and Equations (61) and (95), we
obtain

4 i/Tf E
e

4 n

2
(Je&)) i (X kaz)) |~Fzz] dt

_ 4 p(Yi)
- 2 LE (%)

) Ly r’ Tio2 (x)dt
< 4”(Cerl)/s|lPk(x;77k,e‘)|2<n S >V(dx)~

E

2
B”k(xi;ﬂk,z)) Stb‘} |fiz]

62Cs f(x)
For all T;_; <t < T;, using the stationarity of the process (X¢);>0, we have

F2 ) = fL 2 (%)
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We deduce
2
ol 2/ ( (Xtrﬂk£)> |-7:i—2‘| dt
46n(C3+1) Ty fr ()
S e Sl 10| <f(x)1>v(dx) (96)
C2+1
= (52c ) (1+0(1)) fo| (% 710)| v (d)
< GT,
where ( 5 )
C.,+1
Cs=-~—2_"/(1 1)).
5= e (o)
It follows
2
¥y = cr'2 97)
Combining Equations (59), (64), and (66), we obtain
n 4 2
T 2
E(;‘Pl,u O((M) >+O(T),
combining this with Equation (89), we conclude
]E’@—G‘LL—O&TZJrO PR (98)
ke Pkt - T4 )\InT T4 '
Hence there exists a constant C > 0, such that
- 4 1\? InT\?
_ < — < — ] .
E(‘Gu O ) < C(T> c< s ) (99)
The proof is achieved. O
Proof of Lemma 8. Consider decomposition (86) in Lemma 7, we have
Orr— 6o = <§k,€ - ék,é) + (60 — Okr)
= Bru1+ Biro
where
Bein = % Z? 1 Yike (100)
Y,
= ( fT, : (J’ﬁ Pe(Xe; e 0) — [?Exi)) Yie(Xt; g 0) |]:t75} ) df),
T; Y,
Biio = wYXiaslr, (]E [?Ex't)) Yi (Xt 77k, 0) IJ"H} - 9k,€)dt- (101)
Statement (88) achieves the desired result for the term By ;,
0o —Oke = Biga+o(l).
We consider the next decomposition
Yie = Vike+Wike (102)
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where

Vike = %/Tl (p(:?))lpk(xt)ﬂkl)ﬂ/lt Ujg ))lpk(xtrﬂké)]lAtLFt 5])

(
Wik = %/Ti <p(Yt) P (Xes 1) 1y, — E[fpgi)) e (Xe; Uk,e)ﬂleth—o‘] >dt

and

14 = {letl > e.vInT},

and c. represents a constant that will be selected later. Remark that

(’sz—(?kp‘ g lnTT> (kam’ > 2\/?) +o(1)
p( "

Y Wik
i=1

L+DL+o(1),

> g TlnT) +o(1)  (103)

where
n K\/i
L = - InT
1 Z% > 5VTInT |,
K
12 = ]P( izzlwi'k'f > E Tln T) .

First, we aim to bound the term [; of Equation (103). The Markov inequality and the
Cauchy-Schwarz inequality yield

L <
b= V/TInT (

n
104
ﬁl"lnT,; (|Vikel)- (104)

n

>V

Observe that

E(|Vikel)
= %/ E(‘;EY? Pe(Xe: 11k,0) LA E[})g)ﬂ (thﬂkﬁ)ﬂAt|Ft 5] )dt
< 27 () (e wcnanal o
< %/ E(’f(:z))lp" Xe; ke) 1, )dt (105)
) e
Using Equation (92) combined with an elementary Gaussian inequality and taking c,

to have
ci 1/2=2
o / .
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We obtain
2 | T AInT
< = _ Tk
= 5 lnTeXp{ 4 }
2
—(%-1/2
2CT (4 >
< == 7 106
< 5 T (106)

1
S CK(TQ)’

where C; = %. Now, we are going to look into determining an upper bound for I,
from decomposition (103). We begin by confirming Lemma’s 2 conditions. Assume that
conditions (M.1) and (M.2) are fulfilled in connection with Equation (93), we infer

c < *
\Yt]lAt| < Cp+cvVInT (107)
< C+vInT,
which implies
1T p(Yh) [P(Yt) ]
W; < f/ X¢; © —E| Sy (X 16 | Fi_s| |dt
Wike| < 5 )r f(Xt)lpk( 5 1k,0) 1Y, f(Xt)#’k( £ 1,0) 14, | Fi—s
2CvInT
< TSUPWk(X?’?k,E”
x€S
< £\/lnT Lz (108)
oCs (InT)
T
< -
< G InT
S CBﬁ/
where C3 = %, let B = C3V/T, then, for all ey = 5V TInT with a sufficiently large T, we
have
< i K €%
L =P Wike| > =VTInT < 2expq —
= ! 2 2TB2
2
(5VTInT)
= 2exp 5
2T(c3\/T)
2InT
= 2 - 109
exp{ 4C§T} (109)
_ 2
= 2exp{lnT 4C§T}
— ZT_w(K’T),
where
2
ZU(K, T) == 72
4C3T

Taking « such that w(n, x) = 2, we have

L < C(T2> (110)
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It follows from Equations (103), (106), and (110) that

~ ~ x /InT 1
P(‘ek,g—ek,g'zzw/,[> < Cmpto(l) (111)

2
C(M) . (112)

IN

T
The proof of Equation (74) is achieved. [J

8. Besov Spaces

In terms of wavelet coefficients, in [23], the Besov space was described as follows:
0 < s < ris a real-valued smoothness parameter of ¢ € L,(RY), then ¢ € B;Iq(Rd)
equivalent to

s g\ 1/9
(B1) Jspq(0) = IPyelle, + (Zi0(2I1Pwells, ) ') < oo,

; _ a\1/4
(B2) J2q(0) = llao- s, + (Ljmo (240200l |1, )7) " < o0

with
1/p
llao - ||l,, = ( Z |ﬂ0,kp>

kezd

and

bijx

N 1/p
|mw%:(z§: P)
i=1kezd

and classical sup-norm modification for ¢ = co. The Besov spaces are useful for describing
the smoothness properties of functional estimation and approximation theory. They contain

well-known statistical research spaces, such as the Hilbert-Sobolev space (H§ =53, (Rd)) ,

Holder space C° = fo,/oo(Rd) for 0 < s ¢ N, and others. We refer readers to [58] for
additional descriptions of Besov space and its merits in approximation theory and statistics.
Reasoning as in [102], suppose that 1 < p < c0,1 < g < 0. Let

(Szf)(x) = f(x = 7).

Hsrf_fHL,, T ar Y
Vspq(f) = </Rd< E3E ) ||T||d>

) 1S<f ~ flly,
o0 = SUP ———re——
R R P

For0 <s <1, set

Fors =1, set

ISef +8—<f =2fll, \" a4z "
%wm‘<A( &l >|ﬂJ ’

Hsrf"‘sfrf_szL,,
ko

V1,p,0 = SUP
TER

ForO0<s<land1l < p,g < oo, define

By g(RY) = {f € Ly : 7opq < o0}
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Fors > 1,puts = [s]” + {s}T with [s] ~ anintegerand 0 < {s} T < 1. Define B;,q(Rd)
to be the space of functions in Ly (Rd) such that D/ f € Bsy+ p,q forall |j| < [s]”. The norm
is defined by

Hf”Bqu(Rd) =flle, + Y Ysteg (D7f>.
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