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1. Introduction

In recent decades, there has been a burgeoning interest in statistical issues related to the analysis
of functional random variables, particularly those taking values in infinite-dimensional spaces. This
surge is driven by the increasing availability of data collected on ever more refined temporal and
spatial grids, common in fields such as meteorology, medicine, satellite imagery, and various other
research domains. Consequently, the statistical modeling of these data, conceptualized as random
functions, has engendered numerous challenging theoretical and computational research questions.
Several monographs can be consulted for a comprehensive understanding of both theoretical and
practical aspects of functional data analysis. Specifically, the researchers in [14] examined linear
models for random variables within a Hilbert space, while the researchers in [75] provide insights into
scalar-on-function and function-on-function linear models, functional principal component analysis,
and parametric discriminant analysis. For those interested in nonparametric methods, particularly
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kernel-type estimation for scalar-on-function nonlinear regression models, [43] offers an extensive
exploration, extending these methodologies to classification and discrimination analysis. Additionally,
the researchers in [55] discuss extending several pivotal statistical concepts—such as goodness-of-fit
tests, portmanteau tests, and change detection—to the functional data framework. The researchers
in [85] focus on the analysis of variance for functional data, and the researcher in [77] delves into
regression analysis for Gaussian processes. The literature also encompasses semiparametric models,
including but not limited to projection pursuit models [31], partial linear models [3], and functional
sliced inverse regression [45]. The authors of [40] investigated functional expectile regression as a
framework for modeling spatial financial risk, proposing a nonparametric estimator tailored to the
FSIR structure. In [15], the researchers addressed the intricate task of estimating the regression
function operator and its partial derivatives for stationary mixing random processes using local
higher-order polynomial fitting, achieving a key result in establishing the joint asymptotic normality
of the estimators. Moreover, [26] focused on the weak convergence of the conditional empirical
process indexed by a suitable function class and the k-NN conditional U-processes in the context
of functional explanatory variables, that is extented in [18]. A notable contribution of this work
was the establishment of sharp, almost uniform consistency in the number of neighbors for the
proposed estimator. Finally, estimators for the single-index conditional U-statistics operator, designed
to accommodate the nonstationary nature of the data-generating process, were analyzed in the time
series framework in [19] and extended to spatial data in [17], building on the foundational work

of [27]. For more recent insights and surveys on functional data modeling and analysis, readers can
refer to [2,4,23,25,28-30,33,47,67].

Literature strongly advocates for regression models that incorporate dimension reduction
techniques. Single-index models, widely employed for this purpose, assume that the influence of
predictors on the response can be simplified to a single index. This index, representing a projection
in a specified direction, is combined with a nonparametric link function. By doing so, these models
reduce the predictors to a single-variable index while retaining crucial characteristics. Notably, the
nonparametric link function operates solely on a one-dimensional index, mitigating issues associated
with high dimensionality, often referred to as the curse of dimensionality. The single-index model
extends the concept of linear regression by incorporating a link function equivalent to the identity
function (see [12, 50, 54, 59, 80]). Advances in functional data analysis underscore the need for
models addressing dimensionality effects (see [33, 48, 61] for recent surveys, and [2, 24] for related
studies). Semiparametric approaches naturally emerge as suitable candidates for such models. In
this context, [44] and [1] investigated the functional single-index model (FSIM). The researchers
in [56] introduced functional single-index composite quantile regression, estimating the unknown
slope function and link function using B-spline basis functions. The researchers in [70] proposed a
compact functional single-index model with a coefficient function that is nonzero only in a subregion.
The researchers in [86] focused on estimating a general functional single-index model, where the
conditional distribution of the response depends on the functional predictor through a functional
single-index structure. The researchers in [81] developed a new estimation procedure that combines
functional principal component analysis of the functional predictors, B-spline modeling for parameters,
and profile estimation of unknown parameters and functions in the model.

Additionally, [62, 63] investigated the estimation of the functional single-index regression
model with missing responses at random for strongly mixing time series data. The researchers
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in [42] introduced a functional single-index varying coeflicient model, with the functional predictor
forming the single-index part. Utilizing functional principal component analysis and basis function
approximation, they obtained estimators for the slope function and coefficient functions, proposing
an iterative estimation procedure. [71] developed an automatic and location-adaptive procedure for
estimating regression in an FSIM based on k-Nearest Neighbors (KNN) ideas. Motivated by the
analysis of imaging data, [58] proposed a novel functional varying-coefficient single-index model for
regression analysis of functional response data on a set of covariates of interest. The researchers in [5]
and [7] investigated a functional Hilbertian regressor for nonparametric estimation of the conditional
cumulative distribution with a scalar response variable in the single-index structure. In particular,
the authors of the last reference tackled the challenge of nonparametric estimation for the regression
function within the FSIM under a random censoring framework for the i.i.d. data. In an alternative
approach, [31] extended their methodology to the multi-index case, avoiding anchoring the true
parameter to a prespecified sieve. They provided a detailed theoretical analysis of a direct kernel-
based estimation scheme, establishing a polynomial convergence rate. For references on the subject,
we refer to [6,28,30,68,74].

The common assumption of stationarity in time series modeling has led to the development of
numerous models, techniques, and methodologies. However, this assumption is often inappropriate
for spatio-temporal data, even after applying detrending and deseasonalization methods. Many key
time series models exhibit nonstationarity, as observed in various physical phenomena and economic
data, rendering traditional stationary approaches inadequate. To address this issue, [79] introduced
the concept of the locally stationary random process, which approximates a nonstationary process by
treating it as stationary over short time intervals. This notion of local stationarity has been further
explored in the works of [35,36,69,72,76], among others. Notably, the seminal work by [35] provides
a strong theoretical foundation for inference on locally stationary processes.

1.1. Paper contribution

In [64], the author examined the asymptotic properties of nonparametric regression for dependent
functional data, focusing on stationary processes. Building on this foundation, our work extends
the framework to accommodate nonstationary processes, leveraging more advanced techniques in a
more realistic setting. Specifically, we introduce the concept of local stationarity to model time-
dependent functional data in the single index setting. While [64] established the convergence rate
for a Nadaraya-Watson-type estimator, we broaden the scope by deriving this rate not only for that
estimator but also for a wider class of kernel estimators. Both studies consider semi-metric spaces for
strongly mixing data; however, the approaches differ significantly: The researcher in [64] employed
the norm, whereas we utilize the inner product. This distinction enhances the adaptability of our
results, making them applicable to a broader range of scenarios, particularly in the single-index setting.
Additionally, [57] explored nonstationary functional time series within a semi-metric space defined by
a norm for mixing data, obtaining similar results. However, our use of an inner-product-based semi-
metric generalizes their findings, particularly as [57] did not address the single-index direction 6. Our
work further advances the field by providing detailed proofs of asymptotic normality, expanding upon
the methodology in [64], and reinforcing the theoretical foundations of our approach. Our primary aim
of this paper is to establish a comprehensive framework for the single-index model in a nonparametric
setting, with a focus on regression involving functional covariates and the challenges posed by the
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potential nonstationarity of functional time series. We conduct a rigorous theoretical analysis to
address the complexities of this setting, including the unbounded nature of the functional space, which
necessitates intricate and extensive proofs. Finally, the theoretical results are supported by a simulation
study, demonstrating the finite-sample performance of our proposed method and underscoring its
practical relevance and robustness.

1.2. Paper organization

The structure of the paper is as follows: In Section 2, we introduce the concept of local
stationarity for functional time series, which take values in a semi-metric space equipped with the
semi-metric dy(-,-), where 6 is a single index from a Hilbert space 7#. The novelty of this work
lies in the incorporation of a single-index 6 € 7, which serves as a filter and effectively represents
the explanatory variables X, 7 that influence the response variable Y, 7. This section also covers the
dependence structure of the functional time series considered in the study.

In Section 3, we present the derivation of uniform convergence rates for general kernel estimators,
along with results on uniform convergence and asymptotic normality for the Nadaraya-Watson
estimator of the regression function. In particular, we observe that the general kernel estimator

[ logT
converges uniformly to its mean at the rate % For the Nadaraya-Watson estimator, we
0

establish a convergence rate with two distinct components: One addressing the stochastic part and
the other addressing the bias part. Following a decomposition similar to [64] and [57], we obtain
our convergence result based on the proof structure of Theorem 3.1. However, we incorporate the
impact of the single-index 6, reflected in the dependence structure in the second part of the proof of
Proposition 3.1, which is essential for proving Theorem 3.1. The small-ball probability ¢4(h) provides
insight into the concentration of random variables as governed by the semi-metric dy(-, -), highlighting
the contribution of this work. This section concludes with the derivation of asymptotic normality
for the Nadaraya-Watson estimator. The proof begins by showing that the bias term converges
to zero, followed by establishing the asymptotic normality of the variance term. The argument is
completed using Bernstein’s blocking technique, along with key tools such as Davydov’s Lemma, the
Volkonski-Rosanov inequality, and the Lindeberg-Feller theorem for finite normality, supplemented
by appropriate truncation arguments. In Section 4, we present comprehensive simulation results to
evaluate the finite-sample properties of the proposed approach. Concluding remarks and discussions
on potential future research are provided in Section 5. For clarity and coherence, all proofs are collected
in Appendix-A, with relevant technical results included in the Appendix-B.

1.3. Notations

Let {a,} and {b,} be arbitrary sequences of positive numbers. Throughout this paper, we adopt the
notation a, < b, to signify that there exists a constant C > 0, independent of n, such that a, < Cb,
for all n. When a, < b, and b, < a, hold simultaneously, we write a, ~ b,, indicating that the two
sequences are asymptotically comparable. In cases where 7* — 0 as n — oo, we use the notation
a, < b,. For any real numbers a and b, the expressions a \/ b and a A b denote the maximum and
minimum of a and b, respectively, i.e., a V b = max{a, b} and a A b = min{a, b}. Furthermore, we

. .. . d . .
denote convergence in distribution by —. Finally, for any real number x, | x| represents the integer part
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of x, also known as the floor function.
2. Settings

In this section, we present an advanced framework for analyzing locally stationary functional time
series, incorporating the concept of a semi-metric dy(-,-) that depends on a single-index parameter
0 € 7, where J¢ denotes a Hilbert space. This approach broadens the original notion of local
stationarity as introduced by [35] while extending the developments on locally stationary functional
series by [17,19,27,57]. In this expanded framework, we examine not only the structural properties
of local stationarity but also delve into the dependence structures inherent in the functional time series,
providing a comprehensive view of the interplay between stationarity and dependence within this
context.

2.1. Model

The semi-metric dy(-, -) associated to the single-index 6 € ¢, a Hilbert space, defined by:
do(u,v) :=(6,u—v)|, Vu,ve .

Let {Y,,T,X,,T}IT:1 be random variables where Y, 7 is real-valued and X, takes values in some semi-
metric space .Z° with a semi-metric dy(-, -). In this study, we consider the following model:

t t
Yir = m(;,<9,xt,r>) n a(f,w, x,,T>)et, f=1,....T, @.1)

where {g},cz is a sequence of independent and identically distributed random variables that is
independent of {X, 7}’ ,, m(-,-) is the regression function allowed to change smoothly over time and
o(-,-) is the variance function. For notational convenience, we use &, 7 to denote cr(%, (0, X,,T)) &
For the identifiability issue, we assume that the regression function is differentiable and (6, ¢e;) = 1,
where ¢, is the first element of the orthonormal basis of .7#°. Observe that m (%, (6, x)) =m (%, (6, x))
implies that 8, = 6,. We also assume that {X, 7} is a locally stationary functional time series, and the

regression function m is allowed to change smoothly over time.

2.2. Local stationarity

A functional time series {X, 7}, where T — oo, is intuitively regarded as locally stationary if it
exhibits approximate stationarity within localized time intervals. This concept implies that while the
series may display non-stationary characteristics over its entirety, within any sufficiently small time
window, its behavior can be approximated as stationary. For an in-depth discussion on the theoretical
framework and broader applications of locally stationary time series, we refer to the works of [37]
and [38]. Furthermore, investigations into the concept of local stationarity for time series in a Hilbert
space setting are available in [82] and [8]. Local stationarity at each normalized time point u can be
characterized by stochastically approximating the original process {X;r} with a stationary functional
time series {X,(”)}. The following formal definition captures this idea rigorously.

Definition 2.1. [82] The .7#’-valued stochastic process {X,,T}tT:1 is locally stationary if for each rescaled
time point u € [0, 1], there exists an associated .7/-valued process {X,(”)}tez with the following
properties:
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(1) {X,(”)}tez is strictly stationary.

(1) It holds that

do (X7 X,") < (‘% T

1
+ —) Ut(”T) a.s., (2.2)
forall 1 <t < T, where {Ut(,”T)} is a process of positive variables satisfying E[(Ut(f‘T))”] < C for some
p > 0and C < oo that are independent of u, 7, and 7.

We extend the concept of local stationarity for real-valued time series introduced by [35] and for
local functional time series studied by [57] by introducing a new semi-metric dy(-, -) associated with a
single index 6 in a Hilbert space .7Z (see Definition 2.1). This semi-metric dy(-, ) is defined similarly
to that in [63], where § € ©, and O, is a compact subset of 7. In their work, they applied the
semi-metric to data exhibiting arithmetic strong mixing with identical distributions. Furthermore, our
Definition 2.1 corresponds to Definition 2.1 of [57], where they used the semi-metric d(u, v) = |[u — V||
in a Banach or Hilbert space .5 with norm || - ||. Moreover, when .7 is the Hilbert space LZR([O, §))
of all real-valued, square-integrable functions on the unit interval [0, 1], our definition aligns with
Definition 2.1 of [82]. In their study, they used the L,-norm for f, g € Lé([O, 1]), defined as

1
wm«mxmwﬁmmm

Observe that if we choose 6 € Lé([O, 1]) defined by

f(0g()
0t) = —————,
D= 50 -0
assuming f(¢) — g(t) > 0 almost everywhere, then
1
Jf(Dg()
0, f - - - d
OF=8) = | 5 qglf O - s

1
fo fg) dt = (f,8).

Therefore,
do(f,8) = KO, f — @) = Kf, 8-

This demonstrates that, in this particular case, the semi-metric dy(:, -) reduces to the absolute value of
the inner product of f and g, thereby generalizing the L,-norm.

Remark 2.1. [82] generalizes the definition of local stationary processes, initially proposed by [34],
to the functional setting in the frequency domain. This extension is made under the following
assumptions:

(A1) (i) {&}jcz i1s a weakly stationary white noise process taking values in .7 with a spectral

representation given by
T
g = f e“"dew,
-

where Z, is a 2r-periodic orthogonal increment process taking values in Hc = LZ([0, 1]);
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(1) the functional process X;, withi =1,...,n and n € N is given by

T
Xin = f e"“’ﬂ&"j)dzw a.e. in H,

s
with the transfer operator ﬂy’:} € 8, and an orthogonal increment process Z,,.

(A2) There exists A : [0, 1] X [-m, 7] = S, (Hc) with A,. € B, and A, , being continuous in u such
that for all n € N .
()
- A: =0|-]|.
supllt2 - ., = o
They have proved in [82, Proposition 2.2] that:

Proposition 2.1. Suppose that Assumptions (Al) and (A2) hold. Then, {X;,} is a locally stationary
process in .

2.3. Mixing condition
Let (Q2, F, P) be a probability space, and let A and B be subfields of ¥ . Define

a(A,B) = sup |P[AN B]-P[A]P[B]l.
AeA,BeB

Moreover, for an array {Z, 7 : 1 <t < T}, define the coeflicients

ak)y= sup a(cZr:1<s<t),0Zy:t+k<s<T)),
1T 1<1<T—k
where o(Z) is the o-field generated by Z. The array {Z, 1} is said to be @-mixing (or strongly mixing)
if a(k) - 0as k — .

Among the various mixing conditions explored in the literature, @-mixing is a relatively weak but
widely applicable property, satisfied by a broad range of stochastic processes, including numerous
time series models. The researchers in [49] and [84] established the conditions required for a
linear process to exhibit @-mixing. Under minimal assumptions, the linear autoregressive and more
general bilinear time series models demonstrate strong mixing properties with exponentially decaying
mixing coefficients. Furthermore, the researchers in [9] provided valuable insights into the role of a-
mixing (including geometric ergodicity) in identifying nonlinear time series models (see also [20-22]).
Similarly, the researchers in [32] showed that functional autoregressive processes attain geometric
ergodicity under specific conditions. Additionally, [65,66] demonstrated that, with mild assumptions,
both autoregressive conditional heteroscedastic processes and nonlinear additive autoregressive models
with exogenous variables are stationary and a-mixing.

3. Main results

We provide the main results of this paper in this section by first considering general kernel
estimators as represented in Section 3.1. Correspondingly, we derived the uniform convergence rate
as seen in Proposition 3.1. Furthermore, some results on uniform convergence rate and asymptotic
normality of the Nadaraya-Watson estimator for the regression function in Model (2.1) are provided in
the succeeding subsections (see Theorems 3.1 and 3.2, respectively).
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3.1. Kernel estimation for regression functions

As mentioned, we consider the following kernel estimator for m(u, {0, x)) = mg(u, x) in Model (2.1):

T
t
§ Kl,h (M - ?) Kz,h(da(X, Xt,T))Yt,T
=1

A 1=
(U, x) =

3.1

T b

t
> Ku (= ) Kanlot X,
t=1

where K;(-) and K,(-) denote one-dimensional kernel functions. Here, for j = 1,2, we used the
notations K;,(v) = K;(v/h). Moreover, h = hy is a bandwidth satisfying 4 — 0 as T — oo. The
estimator defined in (3.1) differs from the traditional NW estimator, typically used in strictly stationary
settings, by incorporating an additional kernel along the time dimension. Consequently, smoothing is
applied not only in the direction of the covariates X, r but also across time, accounting for variations in
the regression function over time.

Remark 3.1. In the finite-dimensional framework, the researcher in [83] provided a detailed study of

the following model:

t
Y,r = m(f,x,j) teq, fori=1,....T, (3.2)

where Y, r and X, are random variables of dimensions 1 and d, respectively, and the noise satisfies
E[e.r | Xi.r] = 0. The NW estimator for the regression function in model (3.2) is expressed as:

T d
D K=t/ | | Ku(¥ = X/p) Yor
_ =1 Jj=1

T d
D K-y | | k(v - X;)
=1 j=1

Furthermore, the researchers in [83] explored structured models where the regression function
decomposes into time-varying additive components. In [83], it is demonstrated that a locally stationary
sequence can be effectively approximated by decomposing it into a stationary time series component
and a time-varying trend function. Specifically, this representation is expressed as:

m(u, x)

" t N t
Yt,T = Yt +l91 (?), Xt,T = X, +1.92 (?),

where (%), % (%), are unknown time-varying functions and (X}, Y;) are assumed to be strictly
stationary. In contrast, the present paper focuses on a different framework: The functional single-
index model. This setting introduces new challenges and requires distinct conditions to derive the

asymptotic properties.

We first enumerate the model and kernel assumptions which are important in deriving our main
results. Mentioned assumptions are made for Model (2.1) and the kernel functions therein. These
assumptions are standard, and similar assumptions are made among others by [57,63, 64, 82].
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Assumption 3.1. (Model assumptions)
(M1) The process {X; 7} is locally stationary, that is, {X, 7} satisfies Definition 2.1.

(M2) Let By(x,h) = {y € F : d¢(x,y) < h} denote the ball of radius & centered in x € 7. We assume
that there exist positive constants c¢,, and C, where c¢; < Cy, such that for all u € [0, 1], all x € JZ,
and all 4 > 0,

0 < cadpo(h) f1(x) < P(X{" € By(x, b)) =: Fy(; x,6) < Cagpo(h) fi(x),

where ¢g (h) = P (X,(”) € By(x, h)) > 0, ¢pg(h) = 0as h — 0, and f;(x) is a nonnegative functional
in x € JZ. Moreover, there exist constants Cy4 > 0 and &y > 0 such that for any 0 < £ < &,

f do(u)du > Cyepy(e). (3.3)
0

(M3) supsup P(X;.7,X:.1) € By(x, h) X By(x, h)) < y(h)fa(x), where yy(h) — 0 as h — 0, and f>(x) is

s, T s#t
a nonnegative functional in x € 7. We assume that the ratio y4(h)/ ¢§(h) is bounded.

(M4) my(u, x) is twice continuously partially differentiable with respect to u. We also assume that

Sup mg(u1, x) = mo(uz, Y)| < ¢ (do(x, yY + Iy = ual’),
uel0,1]

for all x,y € 7 for some c,, > 0 and 8 > 0.

Assumption 3.1 formalizes the local stationarity property of the process {X, r} as seen in condition
(M1), while the distributional behavior of the rescaled random variable X,(”) is described in the second
condition (M2). Also, condition (M2) ensures that through the function ¢y(h), the behavior of the
small-ball probability is controlled around zero. Furthermore, condition (M2) is consistent with the
ones made by [64] and [46]. The former used this assumption for strongly mixing processes while
the latter in the context of density estimation for functional data. For strongly mixing processes in the
locally functional time series setting, one may see [57].

Observe that similar to what [64] employed in their paper, we can satisfy the Condition (3.3) for
fractal-type processes by defining ¢y(g) ~ £" as € — 0 for some 7 > 0, with some change of notation but
of similar meaning. Considering a separable Hilbert space .77, it can be expected that as 7 — 0, ¢g(h)
diminishes to 0 as in [46]. Since ¢y(h) is defined similarly as ¢(h) by previously mentioned authors
and more specifically by [64], we exemplify its form by ¢,(¢) = £° exp(—C/&) with 6,a > 0. The case
when ¢g(g) = exp(—C/&?) refers to the Ornstein-Uhlenbeck and general diffusion processes. Also,
po(e) = £°exp(—C) with § > 0 corresponds to the fractal processes. Excellent references detailing
fractal-type processes and on concepts relating to the small ball probability F,(h; x) include those
of [13] and [43]. Extending condition (M2) gives us (dy(X; 1, x), do(X, 1, x)) that describes the behavior
of the joint distribution near the origin. Thus, condition (M3). Consistent with the assumptions made
by [43,57,64], we have included (M3) and (M4) in this study. To deal with the regression function
mg(u, x) with respect to u and x, we have condition (M4) to handle the smoothness and continuity
properties, respectively.

We impose the following conditions on o (Assumption 3.2) and for kernel functions
(Assumption 3.3). These conditions are similar to those made and assumed by [19,43,57,63, 64, 83].
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Assumption 3.2. (Conditions on o)

(Z1) o : [0,1] X 2Z — R is bounded by some constant C, < oo from above and by some constant
¢, > 0 from below, that is, 0 < ¢, < o(u, (0, x)) < C, < oo for all u and x.

(X£2) o is Lipschitz continuous with respect to u.

(X3) sup sup |0'(bt, 0, x)) — o (u, 0, y))| =o(l)ash — 0.
u€l0,1] y:dg(x,y)<h

Assumption 3.3. (Kernel assumptions)

(KB1) The kernel K;(-) is symmetric around zero, bounded, and has a compact support, that is, K;(v) = 0
for all |v| > C; for some C; < oo. Moreover, f K (z)dz = 1 and K, (-) is Lipschitz continuous, that
18, |[K1(vi) = Ki(»)| £ Cy|vy — v,| for some C, < oo and all vi, v, € R.

(KB2) The kernel K,(-) is nonnegative, bounded, and has support in [0, 1] such that 0 < K,(0) and
K>(1) = 0. Moreover, Kj(v) = dK,(v)/dv exists on [0, 1] and satisfies C; < K}(v) < C for
two real constants —co < C] < C) < 0. Moreover, suppose that K,(-) is a Lipschitz continuous
function.

In line with the assumptions made by [57,83], we define conditions (X1) and (X£2). Along with the
notational convention o (u, (6, x)), we employ condition (X3) to investigate the asymptotic properties
of the variance of 71(u, x) and establish its asymptotic normality. Evaluating T h¢(h) Var (g(gl)(u, x)) in
Eq (A.9) is essential to demonstrate the existence of the variance Vy(u, x) > 0.

Moreover, the assumptions on the kernel functions K;(-) and K,(-) are standard in the literature and
are satisfied by popular kernels such as the (asymmetric) triangle and quadratic kernels. Condition
(KB1) ensures that K;(-) is bounded and has compact support. Additionally, its symmetry property
implies that K;(-) can be any symmetric kernel, such as the box, triangle, quadratic, or Gaussian
kernel. Condition (KB2) indicates that K,(-) is a Type II kernel function as defined in [43]. For a
comprehensive introduction and detailed discussion of these assumptions, please refer to [43]. In our
study, Assumption 3.3 aids in determining the upper bounds of the kernel functions, as demonstrated
in the initial steps of the proof of Proposition 3.1 and in certain parts of the proof of Theorem 3.2.

3.2. Uniform convergence rates for kernel estimators

Our goal here is to establish the asymptotic properties of the estimator given in (3.1). We first
investigate the mentioned properties for the general kernel estimator provided below. For an array of
one-dimensional random variables {W, r}, we define

1
Thepe(h)

T
Jolue, x) = > K= ) Ko (o, X)) Wi (3.4)
=1 r

Several representations of (3.4) can be made using kernel estimators including the Nadaraya-Watson
(NW) estimator. For the purposes of this study, we use the results with W, = 1 and W, = &, 7.

To show the desired claim, we will derive the uniform convergence rate of 1/79(u, X) — E[lﬁg(u, x)].
We assume the following (Assumptions 3.4 and 3.5) for the components of zﬁg(u, x) in Eq (3.4).
Assumption 3.4 relates to the mixing assumptions attributed to the array of random variables {X, 7, W, r}
while Assumption 3.5 concerns the regularity conditions on 4 and ¢g(h).
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Assumption 3.4. (Mixing assumptions)

(E1) It holds that sup sup E[IW,’Tlngt,T = x] < C for some ¢ > 2 and C < oo.
t,T xeH
(E2) The a-mixing coefficients of the array {X, 7, W, r} satisfy a(k) < Ak for some A > 0 and y > 3.
We also assume that 6 + 1 < y(1 — %) forsomev>2and 6 > 1— % and

PP goir + ) K @®)' ™ [ =0, (35)

k=Ar
as T — oo, where A7 = [(¢o(h)~" =],

To prove Theorem 3.2, which establishes the asymptotic normality of 71(u, x), we need to apply
condition (3.5) specified in (E2) of Assumption 3.4. This condition also aids in demonstrating the
asymptotic negligibility of the bias of 7,(u, x). Similar assumptions for conditions (E1) and (E2)
were made by [57]; however, we employ a slightly different version of condition (E2) in our work.
Comparable conditions to Assumption 3.4 have also been utilized in other studies, such as [64, 83].

In the following section, we present the regularity conditions concerning /# and ¢4(h), specified in
Assumption 3.5.

Assumption 3.5. (Regularity assumptions)

AsT — oo,
Lhisotren)
logT) = °
R —; ( - ) - — — 0 for some ¢, > 0, and
TR ()

(R2) TH, Thee(h) — oo,
where  and y are positive constants that appear in Assumption 3.4.

To obtain the convergence rate of the general estimator J/,(u, x), we use an exponential inequality
for a-mixing sequence in Lemma B.3, and impose the regularity assumption (R1). Consequently, the
same is done for the Nadaraya-Watson estimator 71y(u, x). Considering the same values for y and { in

2+3 2+3
Assumption 3.4, condition (R1) holds since y > 24 and that the lim —; = 3. Moreover, we use

the second regularity condition (R2) in dealing with the bias and in éompﬂting the convergence rate of
the general estimator. Also, it can be noted that (R2) holds by considering &7 < CT¢ (see [83]), and
dg(h) ~ h", T > 0.

The succeeding result (Proposition 3.1) suggests a generalization of the work of [83] on the
uniform convergence results to a functional time series. Comparably, we provide a more general result
than those obtained by [63], wherein the convergence is obtained for identically distributed random
variables, and extended the work of [57] that uses the measure d(u,v) = ||u — v||. As a recall, we use
the measure dy(u, v) = {6, u — v)|.

Proposition 3.1. Assume that Assumptions 3.1 (M1), (M2), 3.3, 3.4, and 3.5 are satisfied. Then, the
following result holds for any x € F:

N n logT
sup sup sup |[We(u, x) — E[ye(u, x)]| = O .
ae@)gp xesgp ue[og] Vo Ve 3 T hepg(h)
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Using Proposition 3.1, we established that our general estimator y(u,x) achieves a uniform

[ logT
convergence rate of T;z)cf 7% This result is comparable to the convergence rates for general
0

estimators in nonstationary functional data settings reported by [57] (see Proposition 3.1 therein). The
key distinction in our approach is the use of ¢4(h) instead of ¢(h), which enables us to incorporate the
single index 6 into the semi-metric dy(:, -) utilized in our study.

Moreover, in the context of strictly stationary functional time series, [43] derived a pointwise
convergence rate for the nonparametric regression function that aligns with the rate we obtained in
Proposition 3.1.

Building on these results, we will now determine the uniform convergence rate of the kernel
estimator 771y(u, x) using Theorem 3.1 below.

Theorem 3.1. Suppose that Assumptions 3.1-3.3, and 3.5 are satisfied and that Assumption 3.4 is
satisfied with Wy = 1 and W, r = &,r. Then, the following result holds for any x € ¢ :

logT 5
sup su su fg(u, x) — my(u, x)| = O ,/—+h’\ﬁ.
66@5@0 xesga ue[Clh,IIiCMz] Vgl ) olit, 1) i ( Thee(h) )

| logT
In our proof, the stochastic component is of order OP( T/Zf (h))’ which relies heavily on the
(%

results obtained in Proposition 3.1. The bias component is shown to be of order Op (hz’\ﬁ). Similar
to the convergence results obtained by [57], and in contrast to [83] (see Theorem 4.2 therein), we do
not encounter a bias term arising from the approximation error of X; 7 by Xt(”). Under our assumptions,
this approximation error is O (T‘lh(“ﬁ)‘lgbgl(h)), which is negligible compared to h*"?. Furthermore,
by introducing a single-index 6 in our framework, we generalized the pointwise convergence results
from [43] and extended the findings for strictly stationary functional time series in [64]. This
generalization is achieved through Theorem 3.1 presented above. To illustrate our result, refer to

logT

B
26+7+1
Remark 3.2 below. While [57] derived a convergence rate of order Op (( ) ) for fractal-type

processes {Xt(”)} with 5 < 2, we have obtained a comparable convergence rate in our setting. According
to [43] (see page 208), the bandwidth selection scheme corresponding to regression estimation is

logT e ) . .
h ~ T . This observation leads to the following remark.

Remark 3.2. For a fractal-type process {Xl(”)}, the right-hand side of (3.1) with 8 < 2 is optimized by
1

choosing i ~ (IO%T)@, and the optimized rate is

B
log T\ %=
sup sup  sup |ﬁ19(u,x)—mg(u,x)|:0p(( 0 ) )

XES 60 p uelCih1-Cyh] T

3.3. Asymptotic normality for kernel estimators

We provide the central limit theorem for our Nadaraya-Watson estimator 71,(u, x) in this section.
We need Assumption 3.6 to establish the asymptotic normality of the NW estimator 74(u, x). We are
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aided by the Bernstein’s big-block and small-block procedure to accomplish the proof of Theorem 3.2
along with the assumptions considered therein. To simplify the proof, we set K,(-) as the asymmetrical
triangle kernel. That is, K>(x) = (1 — x)1xejo.1))-

Assumption 3.6. There exists a sequence of positive integers {vy} satisfying vi — oo, vy =
o( yThee(h)) and ma(vr) = 0as T — o,

Observe that

. L, , .
g (ut, x) = my(ut, %) = —5—— (25", %) + 87 (1, %) = mo(u, X)) (1, %))
iy, (u, x

1
A1) ~B

=~ (8 X)) + 8y (u, x)),

mg”(u,x)( ’ 7

where
1 a4 t
~ (1)
,X) = K ( - —)K dy (x, X, ,
my (u, x) Theo(h) ; La\U T 2,h( 0 (x t,T))
| t
(1) _ _r
8y (u,x) = Thaa(h) ; K (M T)Kz,h (do (x, X:.7)) €175
1 d t t
~(2) _ _r r
8y (u,x) = Thaa(h) ; Ky (U T) Ko (dg (x, Xi.7)) mg (TaXt,T) :
Under the same assumption in Theorem 3.1, we can show that
Var(g5(u, x)) = 0( ! ) and = 0p(1)
" Theem)) ™ #P,x)

See the proof of Theorem 3.2 for details. Then, we have

Q) , 1
ﬁ’lg(u, X) _ mg(u, x) = % + BT,@(M’ X) top [ W ’

E[88(u, x oW (u, x
—[:g’(glf )] is the “bias” term and —‘?9(1)( )
El7, " (u, x)] my, " (u, X)

where Brg(u, x) = is the “variance” term.

Theorem 3.2. Assume that Assumptions 3.1-3.3, 3.5, and 3.6 are satisfied and that Assumption 3.4 is
satisfied for both Wy = 1 and W, = &,7. Then as T — oo, the following result holds for any x € F:

VT hgo(h)(1ng(u, x) — my(u, x) — Bro(u, X)) 5 N(O, Vo(u, x)),
where Br(u, x) = O (hz’\ﬁ) and

Var (20" (u, x))

> 0.
ElmS (u, x)]

Vo(u, x) = lim They(h)

AIMS Mathematics Volume 9, Issue 12, 36202-36258.



36215

Remark 3.3. Theorem 3.2 is an extension of the results in [64, 83], and [57] to a locally stationary
functional time series with a semi metric dy(:, -) associated with a single index 6 from a Hilbert space
. It is noteworthy that we use a decomposition containing the expressions Br(u, x) and Vy(u, x) that
are very similar to those in [S7]. Moreover, we use a similar proof procedure to that of [64] and of [57]
and obtain very similar results. It is important to note that the asymptotic negligibility of the bias part
is achieved by requiring

Th'*2"¥gah) - 0 asT — co.

This is satisfied whenever we have h = T~ and ¢y(h) = h¢ for

1 1
0 l—=- and
SesiTE: M AT 202 A

&< 1-c¢

Remark 3.4. The single functional index § € JZ is typically unknown and must be estimated
in practical applications. This challenge has been addressed in the literature on single functional
regression models, where estimation approaches using cross-validation or maximum-likelihood
methods have been explored, as in [1] and references therein. An alternative approach, adopted
in this section, involves selecting 6(f) among the eigenfunctions of the covariance operator
E[(X'—EX") (X', )], where X(¢) is a diffusion-type process on a real interval [a,b] and
X'(t) denotes its first derivative (see [5, 7, 40], for example). Given a training sample £, the
covariance operator can be estimated using its empirical version (1/|L]) > icr (Xl.’ - EX’)Z (le - EX’).
Subsequently, a discretized version of the eigenfunctions 6;(¢) can be obtained via principal component
analysis.

3.4. The bandwidth selection criterion

Several methods have been established in the literature for bandwidth selection criteria. For
instance, [78] lists various approaches for choosing the smoothing parameter s, which is crucially
important in kernel density estimation for both univariate and multivariate data. In the univariate case,
a natural method is the researcher’s subjective choice, involving the plotting of multiple curves and
selecting an estimate that aligns with prior beliefs about the density. Other methods involve referencing
a particular standard distribution. Specifically, when using a Gaussian kernel, the optimal bandwidth
is given by hoy = 1.060n7', where o can be the sample standard deviation or a more robust
estimator. To avoid oversmoothing in multimodal populations, one may use the interquartile range
R and set hyy = 0.79Rn~'>. Corresponding suggested optimal values of the smoothing parameter
for multivariate data can also be found in Chapter 4 of [78]. Additionally, we refer to [51,53,73] for
bandwidth selection rules concerning nonparametric kernel estimators, including the Nadaraya-Watson
regression estimators. A suitable selection of the smoothing parameter / that works for both finite and
infinite-dimensional cases must be chosen. We define our local cross-validation criterion as follows:

T

1 NETA 2 -
CVaathn) = 2 2| Vor = (2. Xz )| 7 X, (3.6)
s=1

where rhgq](~) represents the leave-one-out estimator of (1), based on the sample
Xir. Y1), .., (X7, Yr7r) excluding the pair (X7, Y 7). Our goal is to minimize the criterion (3.6)
by selecting a bandwidth sz € lar, br] among h € [ar, br].
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Following the idea introduced by [10] and used by [16], we replace the global weights W(XS,T) with
local weights W(x, X; r), which are independent of 7. Thus, CVj_.(hr) in (3.6) becomes

T

1 1S 2
CVy(hr) = 7 Z [YS,T - mL] (TaXS,T):I W(x, X;,7).

s=1

In practice, for i € {1, ..., T}, one may utilize uniform global weights W(X,;T) = 1 and define the local
weights as
1 ifdy(x,X;7) < h,
W(x, Xir) =

0 otherwise.
4. Numerical experiment

In this section, we present the results of a numerical simulation study designed to illustrate the
finite-sample behavior of the proposed estimator within the context of a single-index regression model
for functional time series. The estimator for mg(u, x) is defined as

T
t
E K (u - ?) K> (do(x, Xi7)) Yir
=1

me(u, x) = — )

T
1t
Z K (M - ?) Ko (do(x, X, 7))
=1

where K ;(-) and K ;(-) are kernel functions with bandwidth 4, and dy(-, -) is the semi-metric associated
with the single index 6. We consider the Hilbert space .% of square-integrable functions on [0, 1]:

1
ﬁ:{f: [0,1] — R‘ f fz(t)dt<oo},
0
equipped with the inner product
1
0= [ rogwar
0

for all f,g € .%, and the associated L?>-norm

1 1/2
nm{ﬁﬁmﬂ.

Let £ : .% — % be a linear operator. An operator L is said to be compact if it maps bounded sets
to relatively compact sets. Since .% is a separable Hilbert space, any compact operator £ admits a
singular value decomposition with a sequence of nonnegative singular values {s,(£)},en decreasing to
zero. The operator L can thus be represented as

Lf = s O f: ), forall f € 7,
n=1
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where {¢,} and {¢,} are orthonormal sequences in .%. For p € [1, o], the Schatten p-class S (%)
consists of compact operators L for which the Schatten p-norm ||.L]|, is finite:

) 1/p
[Z s,,(L)"] , if1<p< oo,

n=1

1Ll = 4.1)

sup || Lx]], if p = oo,

lIxll<1

Simulation steps:

Step 1: Generating the functional sample X,;. We generate the functional time series X, as a
functional autoregressive process of order 1 (FAR(1)), following the method outlined in [82]:

Xr(t) =Byr Ximi7)(0) + (), 7e€l0,1], t=1,...,T, 4.2)

where B, r is a time-varying linear operator, and €(7) are innovation functions. The innovations ¢
are constructed using Fourier basis functions {¢/;}en, specifically sine and cosine functions, with
coeflicients (g, ;) that are independent Gaussian random variables with mean zero and variance
o’? = [n(j—1.5)]>%

&= ) (&, with(e,y;) ~N(0,03).
=1

In practice, we truncate the infinite series at a finite number J to obtain an approximate representation:

J
Xir = ) (Xer Y.
j=1

Substituting into Eq (4.2) and exploiting the linearity of By, we derive the finite-dimensional

recursion:
X" =B,X"+e, t=1,...T,

where X\ = ((X.r, 1), .o (KXot 0))', € = (€ 01), ..., (€. ¥,))T, and B,/r is a J x J matrix with
entries b;;j = (Byryi, ;). To construct B, we generate a J X J matrix A, with entries a;; being
independent Gaussian random variables with variance

0',-21- = ui >+ (1 —u)e ",

where u = t/T, c = 3,and i,j = 1,...,J. The operator B;r is then represented by normalizing A,
using the operator norm:
B,, = 14
T A

where n = 0.4. In this step, we have adopted the parameter values for  and ¢ as proposed by [82].
The parameter c¢ plays a crucial role in modulating the decay rate of the variance for the entries a;;,
thereby significantly influencing the overall structure of the functional data, as illustrated in Figure 1.
Moreover, the parameter 7 primarily affects the scale of X, 7, allowing us to adjust the influence of B, 1
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on the updates to X, at each time step. By tuning 7, we can regulate the extent of each update to
X, r, with smaller values of 7 serving to mitigate potential over-amplification in these updates. For our
simulations, we have adopted these parameter values, not only to align with the cited work, but also
to enhance computational efficiency. Readers interested in further analysis might consider examining
how variations in n and ¢ impact the dynamics of the model. Additionally, we utilize the following
Fourier basis functions for the terms X, 7(7) and €(7) foreacht=1,...,7T and 7 € [0, 1]:

Y(t) = V2sin(nkt), forodd k < J,

Ui(T) = V2 cos(rkt), foreven k < J.

These basis functions help define the structural form of each functional term, enhancing the
representational fidelity of the model.

Step 2: Generating the single index 6(7). We generate the single index function 6(7) as a linear
combination of basis functions, following [63]:

1 1 1 1
0(t) = —3¢1(T) + —¢(7) + —=¢3(1) + —=d4(7), 7T€[0,1],

T T Ve

where the basis functions are defined as

é1(1) = V2sin(rr),
$2(7) = V2 cos(nr),
¢3(1) = V2sin(377),
¢4(t) = V2 cos(3r7).

Step 3: Generating the scalar response variable Y, 7. We generate the scalar response variable Y, 7
according to the model

t
Yl‘,T = m(7’<e’Xt,T>) + gl‘,T’ r= 19- .. ,T’

where g, are independent standard normal random variables. The regression function my(u, x) is
specified as

my(u, x) = m(u, {6, x)) = 2.5 sin(2ru) - cos (m{0, x)) .

Step 4: Selecting the Bandwidth . We select the bandwidth 4 using the cross-validation criterion,
minimizing the cross-validation score

T

1 1S 2
CVy.(h) = T Z [Ys,T - mé] (TaXs,T)] >

s=1

where ﬁzg”(-) is the leave-one-out estimator of 774(-), computed without the s-th observation.

AIMS Mathematics Volume 9, Issue 12, 36202-36258.



36219

Visualization. Figure 1 displays samples of 100 curves X,r over the interval [0, 1] for different
numbers of basis functions J = 5, 15, 25, and 45. Each panel illustrates realizations of the time-varying

functional process X; 7 forr =1,...,100

2.5 E

-7.5

J=45

Figure 1. Realizations of the curves X, 10o(7), 7 € (0,1) and # = 1, ..., 100 for FAR(1).

4.1. Point-wise mean square convergence

To demonstrate the pointwise convergence of the estimator 71g(u, x) to the true regression function
mg(u, x), we conducted simulations with 7 = 1000 observations and evaluated the estimator at various
rescaled time points u# = 0.25,0.50, and 0.95. We selected x = X3 7 as the covariate point of interest.

Volume 9, Issue 12, 36202-36258.
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Recall that the Nadaraya-Watson estimator is defined as

d u—+ do(x, X, )
T O\ Ny AT
e e

A t=1

my(u, x) = - — T x
ZKI (“ _ T)Kz( H(X,h t,T))

=1

where i > 0 is the bandwidth parameter, dy(:, ) is the semi-metric associated with the single index 6,
and K () and K,(-) are kernel functions. In our simulations, we employed the uniform kernel for K;(-)
and the Gaussian kernel for K,(-). Specifically, the uniform kernel K(-) is defined as

1, ifwl <1,
Ki(w) =

0, otherwise,

which provides equal weighting to observations within the bandwidth and zero weight outside. The
Gaussian kernel K,(+) is given by

Ka(w) = —— ex ( WZ)

2 or p 5 |
as described in [43]. Notably, we utilized an asymmetric version of K,(-) by considering only non-
negative values of w, reflecting the non-negativity of the semi-metric dy(x, X; 7). It is worth noting that
while our simulation study employed the uniform and gaussian kernels for K;(-) and K;(-), respectively,
one may also explore utilizing other kernel functions satisfying Assumption 3.3. A comparison with
regards to the estimator’s mean squared errors (MSEs) across various choices of kernel functions may
be investigated. The MSE values computed from the simulations using the uniform and gaussian
kernels are summarized in Table 1, illustrating the estimator’s performance at the specified time points.
These results confirm the theoretical convergence properties of 7izg(u, x) as established in our asymptotic
analysis.

Table 1. Mean squared error of the regression estimator 7s(u, x) where X, r is simulated
using the FAR(1) model across values of J and u (figures in parentheses indicate the
computed best value of the bandwidth / using the cross-validation criterion).

Number of basis functions J
J=5 J=15 J=25 J =45
u=0.25 3.252051 (0.434172) 3.072263 (0.485943) 3.133377 (0.456048) 3.345938 (0.428430)
u=0.50 0.003168 (0.426549) 0.003110 (0.427440) 0.003141 (0.462879) 0.003114 (0.416057)
u=0.95 0.309052 (0.454069) 0.303020 (0.426549) 0.273662 (0.464067) 0.283947 (0.477826)

The analysis explores the impact of varying the number of basis functions, J = 5, 15,25, and 45,
along with the various rescaled time points. For each of the results obtained (for both the MSEs and
the optimal bandwidths), we set T = 1000, 100 replications, and 100 candidate optimal bandwidths
to choose from, ranging between 0.01 to 0.99. The MSE values observed at each rescaled time u
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display minimal variation across the different values of J, suggesting that the choice of basis functions
within this range has negligible influence on the results. The table further suggests that for the
rescaled time points u = 0.25, and u = 0.95, we obtain relatively higher MSEs compared to that
at u = 0.50. These findings suggest that for the subsequent analysis of the estimator 7y(u, x)’s
performance as 7" increases, we focus on # = 0.50, using a bandwidth of & = 0.426549 and J = 5 basis
functions. We have demonstrated the performance of the mentioned estimator at varying values of
T =100, 500, 1000, and 1500. Although not displayed in Figure 2, we have computed the mean values
of the MSEs which are 0.0260923,0.00506145, 0.00264353, and 0.00182452 for T = 100, 500, 1000,
and 1500, respectively. Hence, our assertion concerning decreasing approximation errors induced by
our estimator as 7" increases. As is common in inferential contexts, larger sample sizes generally yield
better performance. Simple inspection of the results in Figure 2 shows that larger sample sizes T
lead to smaller MSEs. More precisely, Figure 2 shows a steady decrease in approximation error as T
grows, supporting the inference that as 7" becomes larger and larger, the MSE values become smaller
and smaller. These empirical findings are thus in alignment with the theoretical results outlined in
Theorem 3.1.

T=1500 - Iﬁ»
T=1000 A I-pm
T=500 I—{@o 00
T=100 )-—I amOo ® @

0.00 0.05 0.10 0.15 0.20
Mean Squared Errors (MSE)

T Values

Figure 2. Mean squared error for the regression estimator /7,(u, x) where X, 7 is simulated
using the FAR(1) model.

4.2. Asymptotic normality

As imposed in the previous subsection, we also consider the rescaled time point ¥ = 0.50, with
a bandwidth of h = 0.426549, T = 1500, and J = 5 basis functions to illustrate the asymptotic
normality of our estimator. In this setting, we employ a quadratic kernel for K;(-) and an asymptotic
uniform kernel for K;(-). The uniform kernel is defined analogously to that introduced in the previous
subsection, but with support on the interval [0, 1]. The quadratic kernel is defined as %(1 —u?)1 iy qy(u)
(see [43]). While selecting a bandwidth £ tailored to these kernels would be preferable, for the purpose
of our simulations—specifically, to illustrate asymptotic normality—we consider an approximate
optimal bandwidth of &2 = 0.426549. Our results suggest that this choice yields similar conclusions,
provided that the assumptions on K (-) and K(+) stated in Assumption 3.3 hold. Therefore, our primary
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aim here is to demonstrate that the theoretical results remain valid irrespective of the particular choices
of K(-) and K5(-), as long as they satisfy Assumption 3.3 and the other required conditions. Thus, we
proceed with the simulation by first recalling the following quantities 7zg(u, x), mq(u, x), Br¢(u, x), and
85(u, x) in Assumption 3.6 and suppose that

S o, x) =2 \Th(h)(inlu, x) = my(u, x) = Bro(u, X)),

where

E[g5(u, x)]

B X)) = —————.
T PYCTY

Here, with Brg(u,x) = O(h“ﬁ) as per results obtained, we will demonstrate that S4(u, x) can be
approximated by the normal distribution. That is,

S ol1t, ) > N(O, Vg(u, 1)),

where

Var (24" (u, x))

Vo(u, x) = lim Thy(h) EL (u, x)]

To estimate Var (g;”(u, x)) and ¢y(h) by 6(u, x) and gAbH(h), respectively, please see [63]. That is, we
have

1
T

T
Z Lio.a—x.rr<n (Xi.1),

t=1

a u-—* do(x, X
Z YK, (TT) K, (%)

t=1

T _t
Z K, (“ _ T ) K (da(x’hxz,r))

t=1

do(h)

and J(u, x)

— (o, )

We confirm our theoretical results by taking 100 copies of the random variable S 4(u, x) and creating
the corresponding histogram and Q-Q plot. See Figure 3 for an illustration. The histogram illustrates
that our data can be approximated by a normal distribution (the distribution we theorized) with its
shape forming like a bell. The presented Q-Q plot supports our claim since the points closely align
with the diagonal line. This indicates that our simulated statistics approximate a normal distribution.
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0.5 1
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Density
Ordered Values
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Figure 3. Histogram and Q-Q plot of S4(u, x) when the explanatory variable is the FAR(1)
model.

5. Concluding remarks

In this paper, we develop an asymptotic theory for single-index nonparametric regression models
applied to locally stationary functional time series under @-mixing dependent observations. We begin
by defining a semi-metric dy(-,-) associated with a single index # in a Hilbert space ., where
do(u,v) := (0, u — v)| for all u,v € 7. We consider and investigate the model

t t
Y. = m(f, (o, XZ,T>) n a(f, ®, X,,T>)st, t=1,...,T,

where {Y;r, XI,T}tT:1 are random variables, Y;7 is real-valued, and X,r takes values in the semi-
metric space .7 equipped with the semi-metric dy(-,-). Moreover, we construct an estimator for the
nonparametric regression operator within this model and derive its asymptotic properties under mild
conditions. Specifically, we obtain uniform convergence rates for both the general kernel estimator and
the NW estimator of the regression function. Our results demonstrate that, under sufficient conditions,
the general kernel estimator @H(u, X) converges to its mean E[t,/A/g(u, x)] at the rate

logT
Op| |22 |
Thee(h)
and the NW estimator 71g(u, x) converges to my(u, x) at the rate

log T 2
Op | | == + I*"*].
P[ Thoo(h) ]

The convergence rate of the NW estimator comprises two components: The first term relates to
the variability of the estimate and depends on the concentration of the random variables X, as
characterized by the small-ball probability ¢4(4), while the second term pertains to the bias of
the estimate, which is influenced by the smoothness condition imposed on the operator my(u, x).
Specifically, the bias term depends on the parameter S and results from the application of the Lipschitz
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assumption. To achieve a more efficient estimator for my(u, x), it is crucial to minimize the dispersion
of the functional data, thereby increasing the concentration of the random variables and maximizing
the small-ball probability ¢4(h). A higher value of ¢4(h) leads to a faster convergence rate.

Consistent with the approaches of [57] and [83], one may explore the uniform convergence rate of
fig(u, x) over the domain (1 - C,h, 1] X {x} for forecasting purposes. This can be achieved by employing
boundary-corrected kernels or one-sided kernels, assuming they are compactly supported and Lipschitz
continuous to satisfy the present theoretical framework. It is important to note that achieving a
high concentration value ¢y(h) is directly linked to the structure of the underlying space, which can
be optimized by defining an appropriate semi-metric, such as the dy(-,-) introduced above. This
optimization is further enhanced by selecting k() = arg mingc( ..., [l — 6kl for 6, as demonstrated
in the proof of Proposition 3.1. Consequently, the choice of 8 plays a pivotal role in controlling ¢y(h).
Additionally, employing an estimator 6(f) € 7 may provide more effective estimates and yield more
reliable forecasting results. A pertinent reference for such an estimator is found in [63] (page 672).

Finally, we refer to Section 4 to illustrate the finite-sample behavior of the estimator. Our simulation
study supports the pointwise convergence of 7ig(u, x) to my(u, x), as demonstrated using a first-order
functional autoregressive process X,r. The asymptotic tightness of the estimator is evidenced by
Figure 2, where the box plots shrink as 7" increases, indicating that the mean squared error (MSE)
becomes asymptotically negligible for large 7', which is consistent with our theoretical findings.
Additionally, Figure 3 corroborates Theorem 3.2 by demonstrating the asymptotic normality of the
estimator. To provide methodological recommendations for using the proposed estimators, it would
be beneficial to conduct extensive Monte Carlo experiments comparing our procedures with other
alternatives in the literature. However, this is beyond the scope of the present paper.
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Appendix-A

In this section, we present detailed proofs of the conjectures under investigation. We begin by

proving Proposition 3.1. The proof starts by decomposing (u, x) into two terms: %I)(u, x) and

w(Z)(M’ X).

Proof of Proposition 3.1. We first define B = [0,1], a7 = ﬂ/%, and 77 = py TV with pp =
(log T)* for some ¢, > 0. Now, define

T
lﬁ(l)( Z Kz h(de(x Xz T))Wt T]-(IWrT\<TT)’
=1

Th¢9<h

0 (u, x) =

Th¢ (h) Z K T)Kz’h(d‘?(x’ X)W Lgw,riser)-

Clearly,

o, x) = (5w, x) = E[B e, )]) + (057, %) — B[P (u, 0)]).

From this, we outline the proof of Proposition 3.1 into two steps as follows:

() sup sup sup |7, x) ~ E[§w x| | = Op(ar), and

060 s xSy uel0,1]

(i) sup sup sup [, )~ E[§w, )] | = Op(ar).

0@ 4 x€S e uel0,1]
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Step (i): We first tackle §/”(u, x) — E[” (u, x)]. Observe that

P( sup sup sup ‘@éz)(u, x)‘ > aT)

€0 » x€S 4 ucl0,1]

:P({ sup sup sup ‘%2)(”’ x)‘ > ar}

€0 5 x€S ¢ ucl0,1]

Ul s (=l s Ot )

€O o x€S 4 =1 0€0 4 x€S 4 =1

T
SP({ sup sup sup ‘%2)(”, x)’ > aT} ﬂ{ sup sup sup U W, r| > TT})

0€0 s x€S 4 ucl0,1] 0€0 z x€S 4 ucl0,1] —1

T c
+ P({ sup sup sup ’A(Hz)(u, x)' > aT} ﬂ {{ sup sup sup U W, 7| > TT} })

0€@ s x€S z ucl0,1] €0 4 x€S s ucl0,1] =1

SP( sup sup sup ‘WI’TI > TT) + P@) forsomet=1,2,...,T

€0 s x€S 4 ucl0,1]

T
57’#2 E[ sup sup sup |W,r[¥| <7°T =p;* > 0asT — co.
=1

0€0 4 x€S 7 ucl0,1]

Now, using Assumptions 3.1 (M1) and (M4), and Assumption 3.3 (KB2), we obtain

Ko n(do(x, X 1)) K> p(do(x, X, 7)) + (KZ,h(dH(x’ X,%T))) — K> p(dy(x, X%T))))

| Kon(do(x, X,.7)) = Kan(d(x, X{77))| + Kaa(da(x, X;7))

h! |d9(x, Xir) — do(x, X%T))| + Ky j(dy(x, X%T)))

h! |d6(Xz,T,X,(%T))| + Ky j(dy(x, X%T)))

(Thy ' UYS" + Ko(do(x, X5)), (A.1)

IANIAN N

IA

where by using the elementary properties of summations and by the definition of dy(:, -), we get
do(x, X, 1) — do(X, X%T))
|6, x = X, = (6, x = X727

b
f 0(s)(x — X(")(5)ds
b
f 0(s)(x(s) = X" (s))ds
’ b b
f 0(s)x(s)ds — f o)X (s)ds

b b
f 0(s)x(s)ds f ()X (s)ds

b
_ f 6(s)(x — X, 7)(s)ds

b
= f 0(s)(x(s) — X, 7(s))ds

b b
= f@(s)x(s)ds—f 0(s)X: r(s)ds

b
f 0(s)x(s)ds

b
= f ()X, r(s)ds

IA

+

b
f ()X, r(s)ds

b
f o)X (s)ds
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b
f (6()X,r(s)ds — 6()X}"(5))ds

b

f 0(s)( Xz — X" (s))ds
a

= 6. x.r - X5")]

_ de(Xt,T,Xf}”).

Hence, combining the above results, we have

E [Kz,h(de(X, Xz,T))|Wr,T|1(|W,,T|>TT)] < T}@_I)E[Kz,h(de(% X)W, rlF]
s 1 VE[Kou(do(x, X))
s T VE[@RT U + Koaldolx, X(5D))]
1 @/T) 1 @/T)
< ThT§_1 E I:U[’T ] + gE [Kz,h(dg(x, Xt,T ))]
1 1
s Thes! ' ?E[l(de(%xiff’)%)]
1 1
< Py + ?Fz/T(h; x,0)
Thr, T
<

1
?fﬁe(h)-

Consequently, we obtain

1 ¢
X Thea(h) Z Kiafue - 7)

1
=Ll

T

1 (1 a
SEATS )
1\ Th

1
Theo(h) £ Z Kiafe - ?) | Kan(do(x, XD Worl Lgw, oo | S

By Lemma B.2, we have

1 1 1
lﬁ(z)(u x) — (0( ) + O(h)) S—=x5a
[| ” 4; Th2 ? 1 T

Inferring from the last result, we get

sup sup sup [ (u, x) — E[ 3w, 0)] | = Os(ar).

0e® 5 x€S s ucl0,1]

Step (ii): We are left to show that

sup sup sup [, (u, x) ~ E[d) (u, 0)]| = Op(ar).

0@ 4 x€S e uel0,1]
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To achieve the desired result, assume that S ,» and ® - are compact subsets of .7”. Suppose also that
Ns 7, and N,z are the minimal number of balls in .77 with radius /& necessary to cover S and O
with centers xi, ..., Xy, ,, and 0y, ..., Oy,,, respectively such that Ny 7 - Ng7 < C - i balls

By(x,h) = {y € 7 : do(x,y) < h}.

More discussion on the covering numbers may be found in [11]. We further suppose that with Np, . <
Cﬁ balls B; 7, B is covered. Here,

Bi,T = {M eR: |M - l/lil < Q’Th},
where u; is the midpoint of B; 7. Now, assume that for (w, v) € R?,
K*(w,v) = Clg<coc) Ko ().

With a sufficiently large T and for u € B; 7, we obtain

t

(u—=)—(u - %)‘ K> j(do(x, X, 7))

t t
Ky p(u - ?) — Ky p(u; - ?) Ky py(do(x, X, 7)) < Cy T

t t

< C |(u; - T) + (u; — 7) K> j(do(x, X, 7))
1t

<2C |u; - T Ky p(do(x, X, 7))

< Cl( ui—%|g2C1)K2’h(d9(x’ X.71))

t
< arK; (1= 2, dol X))
where K;(v) = K*(v/h). We now define Jrél)(u,-, X) as

_ 1 < t
)] — o — —
I = s ;:1 K (1= o o X)) WarlL,

Now, we write #(x) = arg mine(; 5, v ;) ||x — x|, and k() = arg minge(; 5. v, 160 — 6], and use a similar
decomposition in [63] which is given as follows

sup sup sup |5 (u, x) — E[¢} (. 0)]| < sup sup sup |0 (u, x) — 55w, x|

0€0O s XE€S 3 UEB; T 0cO s XES s UEB;T

~(1 (1
+ sup sup sup [y (u, X)) = Gy (s X))
0€O s Xx€S zp UEB;T

2 (1 2 (1
+ sup sup sup i) (u, xiw) — E[ 040 (1, x|

0c0O s XE€S z UEB; T

+ sup sup sup |40 (u, xi) — E[05 (s x|

0€0O s X€S yp UEB; T

+ sup sup sup [74"(u, xio) — E[ 7w, 0

0€®3f XES MGB,',T

=:Q19+ Qag+ Q39+ Qug+ Osp.
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We first deal with the term Q3. Since for sufficiently large M, and
E (194", x)l] < M < o,

for any x € J7, we get

e (1
sup Ssup Sup wz(é)(u’ xt(x)) - E[lﬂz(é)(u, xt(x))”

0€O 5 x€S sy UEB; T

7.(1) 7(1)
wk(g)(ui, xt(x)) - E[’J/k(g)(uia x(t(x)))]‘

< sup sup
0€0 5 x€S 4

)

-1 (1
+ sup sup ar ('wj(((;)(”i,xt(x)) + E[‘wli(;)(ui’xt(x))

0€0 s XES

21 21
< sup sup |¢§((2))(ui, xt(x)) - E[W;(c(é)(ui, xt(x))]‘

<0 s XE€S

+ Sllp Sup ‘J’;&tg})(un xt(x)) - E[&]&é)(un xt(x))]| + 2Ada’T-

0€0O 5 x€S 4

Thus, we have

P( sup sup sup |&,(€i;)(u, Xi) — E[&ﬁz})(u, x,(x))]' > 4MaT]

969% xe§ R4 uEB,-VT

< P(NS,TNG,TNB,-T max max
" k(0)e(1.2,....Nor} t(x)€{1,2,....Ns T}
max ‘&(1) (Mi, xt(x)) - E[lz(l) (ui,xt(x))” > 4MQ’T
1<i<Np, k(®) k(6)
A 1 A 1
< NsrNorNp,, 1<II<1%X P (‘;l/,(c(é)(u,-, Xi(x) — E[t//,({(;)(ui, xt(x))]‘ > 4Ma’T)
SISNB;
< Osir9+ Q32710
where
A 1 A 1
Q3110 = NsrNorNp,,  Inax P ("J’;(((é)(ui, Xi(x) — E[l//;E(;)(Mi, xt(x))]' > MCYT) ,
=t=0B; 1
and

_ 7(1) 7 (1)
03279 = Ns7NorNp,, 1g12%§T P ("v[’k(e)(“i’ Xe(x) — E[‘/’k(e)(”i’ x,(x))]' > Ma/T).

Before proceeding with the further parts of the proof, we first lay down some important notations. For
t=1,2,...,T,and 14(-) is an indicator function of a set A, we write

t
Au, x;0) = K],h(u - T)Kz,h(da(x, X)),
1
V[ = ml{Be(X’h)UBﬂ(xr(x),h)}(x[), and
1

r, = —1 o
t oo(h) {B"(xfu%h)UBk(e)(xtm,h)}( 1)
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We now go back to showing the bound of Qs 14, and Qs 7. Observe that they can be analyzed in an
almost similar manner. Thus, we focus our attention to Qs ;4. Now, forr=1,...,T,

At X3 KOIW,r Lgw, ey — B [ Aty Xy KO)IWor Lw,pi<e |

t
:Kl,h(ui - ?)KZ,h(dk(B)(xt(x), X))WerLow, 1<)

t
-E [Kl,h(ui - T)Kz,h(dk(a)(xt(x), Xt))Wt,T1(|W,,TsTT)]

t
:Kl,h(ui - f){Kz,h(dk(e)(xz(x), xt)))WI,T1(|W1,T|STT)

-E [Kz,h(dk(e)(xz(x), x))Wir 1(|Wt,T|STT)] }

=:Z;71,0(Ui5 Xi(x))-

Note that for each (u, x,)), the array {Z, 11 o(u;, X))} 1s @-mixing with mixing coefficients a7 ) (k)
satisfying

azrio)(k) < a(k).

1
We set € = MarThey(h), by = Ctr for a sufficiently large constant C > 0, and S = , and apply
T

7T
Lemma B.3. Moreover, with a constant C’ independent of (u, x), Theorem 2 of [64] can be extended to
show that

o5, 7 < C'Sthge(h).

Therefore, for any (u, x,,)) and sufficiently large 7', we obtain

T 2
£ T
P Z U, Xip)| = €| <dexp|— +4—a(S
(; . 7.1.k(6) (Uis Xe(x)) ] p 64U§T’T%+§8bTST] S, (S1)
MZQ,Z T2h2¢2(h) T
<dexp|-—— lT 5 s +45—a(Sy)
64C STh¢9(h)ST + 3MC¥TTh¢9(h)bTST T
Thoe(h)(M?a2They(h T
<dexp - po(h)( r 8¢9( )))+4—a/(ST)
Thee(h)(64C" + SCM) St
2
M ( Tl;:)i;(Tm) Théo(h)
<dexp|-— - +4—a(S7)
64< + 5C S

M
<exp [log T (_640'—8]] + TS,
i + §C

M

T8 +1_y+l
=T “ws3 +Tay T,

M

T4t 8 +1_y+1
<T 3¢+ Ta) 1.

The last inequality holds by picking a very large M > C'. We can then show that

_ p (2)
Osiro =R 79+ Ry 1 75— 0.
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That is,
M
(1) “eardc
R3,1,T,9 NS,T . NH,T . NBi,T T 04+3
__ M
= £ . L LT e+iC
ar ha/T
1 __M
< —.T 64+§c
~ 2
haz.
__ M
— ; .T 64+%C

2
log T
h ( Thm(h))

_ Te)

log(T)

_ bo(h) .T_64£4§C+1
log(T)

= o(l),

for sufficiently large M > 0 (i.e., M > 64 + %C), and the fact that ¢y(h) — Oas h — 0, and log(T) — oo
as T — oo. On the other hand, we have

Rg,Tﬁ = Nsr-Nor-Ng,; - Ta/;ﬂT?l
c 1
= —.——.T y+1_y+1
ar h(IT a/T TT
S lTa;”—QT;H
h
y—1
= e T T
h\ \ Thee(h)
y—1
1 logT el o
T h log T')* T -T°7
i\ Thom)  (02D°)
y-1
= l . (log T) 2 - (log T)gO(Y-FI)T%—I-H
BT () T

(log T)%*+§o(y+1>

-1

vy ]
T h= " (ge(h) ?
= o(l),

using the first regularity condition (R1) in Assumption 3.5. The desired result is achieved by imposing

-1 +1
Yo rt g

2 ¢

That is, ¥ > 3 just as Assumption 3.5 requires. This means that

sup. sup sup [0 5) — E[FI 0 x00)]| = 0

96@% X€S'5f MEB,',T
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We now treat the term Q4. Let

i(u) =arg min |u—u.
14

€l1,2,.Ns, 7}

We observe that asymptotically

EQH (u, x) = § (, x,)) = 0

Observe that

sup sup sup [0 (e, 008 (1, X)) — W, %) = 9157 (1, x0)))

0c0 s XES z¢ UEB; T

Q1

IA

1
sup sup su
eeegf xesgp ueB,PT Thee(h)

Z W Lgwiser) (B(ut, X5 0) = A(ut, x003 0)) = QD (at, %) = P, X))

=1

IA

sup sup Ssup —
0€O s XES s UEB;T Th

T
X Z Kin (M - %) : {Wz,T1(|W,.T|sTT) -V, —-E [WZ,T1(|Wt,T|STT) : Vt]}

=1
We now deal Iy, ,. Then, we infer that

T
P( sup sup sup Zzt,T,l,e >8]

06@% XGS% MEB,"T =1

< P NS,TNH,TNB,-T max max max Z Zt,T,1,9 > &
" k(O)€{1.2,....Nor} 1(x)€{1.2,....Ns 1} 1<I<Np, 1 p
< NSTNHTNBT max P(ZZZTIH >8),

l<NB T

where

t [ t
Zitio = Kip (M - T) Wirlow, <oy - Vi — E| Ky (M - T) WorLow,ri<er) - Vz] .

Observe that Z, 1) ¢ is an alpha-mixing sequence. Therefore, by selecting the same parameter values for
&g, br,St,and Ggﬂ as those used for Z; 7 x), and utilizing the corresponding constants C, C’, and M
defined therein, we can apply a similar proof strategy as employed for Qs 4. Specifically, by invoking
Lemma B.3, we have

sup sup sup |zﬁél)(u, X) — lﬁél)(u, xt(x))| - 0.

0€0O s XS y UEB; T
It can also be shown that

sup Sup sup
0€O s XES s UEB; T

(1 (1
Pyt Xi9) = Wy (s Xiy)| = O
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by employing proof techniques analogous to those used for Q; 4 and Qs 4, we obtain the desired result
for the a-mixing variable

t t
Ziroo = Kip (u - T) Wir Lyw,pi<ery - I — E [Kl,h (u - ?) WeirLow,ri<er) - T -

The parameters are chosen as € = Ma;Thpe(h) (for a sufficiently large M > C’), by = Cty (with

C > 0O sufficiently large), and
1

a'TTT.

ST =
Here, C’ 1s a constant independent of (u, x), and the variance satisfies
05,1 < C'Sthey(h).

It remains to establish the convergence of Q44 and Qsy. Note that Q44 can be addressed similarly to
0, since

E [12’(91)(% xt(x))] -E [l/A/,((l(g(M, xt(x))”

E[Qy¢] = sup sup sup EH@(HI)(M, xt(x))—lﬁ,(i;)(u,xt(x))

0c0O s X€S zp UEB; T

> sup sup sup
0€O 5 x€S e UEB; T

= Ssup Sup Sup
0€O yp XE€S 3 UEB; T

{E [@22))(14, xt(x))] - 12’561(2;)('/!, xt(x))} + {J/ﬁé)(u, Xix) — E [l%l)(u, xt(x))]} '

\%

Sup sup sup '@,ﬁiﬁ))(u, X)) — E[%”(u,xz(x))]' = Quy.

96@3@0 X€ES s ueB,-’T

Thus, we have
Q49 = sup sup sup ‘W/il(z)(u, Xix) — E [l/’él)(u, xt(x))” — 0.

96@)3? xES% MEB,"T
Finally,
Qs = sup sup sup |3 (. 1) — E[ 3w, 0)]| - 0.

0€0 s x€S s UEB; T

since Osgy < E[Q;4] by proving in a similar fashion as Q4. The preceding results together with the
result in step (i) complete the proof of Proposition 3.1. O

Proof of Theorem 3.1. To prove Theorem 3.1, we use a similar decomposition used by [57]. That is,
we have

g, x) = mg(u, x) = (88", x) + 857, x) = mg(u, xyin (u, )

n%él)(u, X

where
1 d t
~ (1)
, = E K — — | Ko u(do(x, X,.7)),
m, (u, x) Thee(h) L 1,h (u T) 2,h( p(x t,T))
| t
A1)
, = K — — | Ky (do(x, X, ,
8y (u,x) 0 ;:1 Lh (M T) 20 (do(x, X,7)) €01
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and g(z)(u,x) =

1 L p t
Thoe(h) ; K (” - ?) Ky (do(x, X, 7)) mg (?, X[,T) .

The proof is completed by showing the following four results:

(i) sup sup sup |g(1)(u x)| = 0Op IOLT
€@ y x€S 5 uel0,1] ’ Thee(h) |’

(i) with g5(u, x) = 8 (u, x) — mg(u, x)m"(u, %),

logT
sup sup su U, x Bau, )|l =0 —,
sup sup sup [g50) ~E[g. 0] = 0e |\

(iii) using g, B(u, x) in (ii),

sup sup sup ‘E [gg(u, x)]' = sup sup sup ‘ [ )(u x) — my(u, x)m(l)(u,x)”
9€®9f )CES% ue[C1h,1-Ch] 969% XES% ue[C1h,1-Ch]
=0(h*) + O(P),
. 1
iv) and = Op(1).
) and e in D (u, x) P

0€0 4 x€S e ue[Ci1h,1-C1h]

Using Proposition 3.1, the first two can be shown by picking &, 7, and my (%, Xt,T) — mg(u, x) for W, r,
respectively. We now prove (iv). Thus, we have

X | t
)00 = K (1= 2) Ko (e, X,0)

T
Thqbg(h Z ( ) Ko (do(x, X, 7)) — K2h<d0(x X(I/T)))}
=1

+ Th(pe(h) Z K],h (u - %) Kg’h (dg(.x, XZ(Z/T)))

= me)(u X) + él)(u X). (A.2)

Putting W, = 1, we get

(1 A (1
sup sup sup |mé (u, x) — E[m(g (u, x)]| = op(1),
0€0 o X€S yp uelC1h1-Cih]

uniformly in u using Proposition 3.1. Furthermore, since K(-) is Lipschitz, and by using Definition 2.1
and Lemma B.2, we have

E ||y . )|

1 < y |
] Theo(h) ; K (u - 7) (Ko (o X,:0)) = Ko (do(x, X))}

AIMS Mathematics Volume 9, Issue 12, 36202-36258.



36240

| 1
e ' Ng (y- D Leryem
> Th¢9(h); 1”’(" T)Th v
1 a4 t
< — MK _ -
s T2h2¢9(h); ”’(” T)

1 t
- Th¢9(h)'ﬁ;Kl’h (”_T)
= o(D),

1
Thee(h)

where, by the regularity assumption (R2) in Assumption 3.5, we have — 0as T — oo.

Consequently, using (A.2), we have

g, x) = g (u, x) + {E[(u, x)] - E[ng (u, 1)1
= {im(u, x) = E[n (u, )]} + {E[g (u, )] + E[in) (u, )]}
= op(1) + E[m"(u, x)] + o(1), (A-3)

uniformly in u. Now, using Assumption 3.1,

I t
~ (1) _ t/T)
Eln, (u,x)] = T ool Z K (u - ?) E I:Kz’h(dg(.x, X, ))]
T h
= K dF 0 X, 0
o 2 (= 7) [ KesHE 350
T
2 h ~ 0,
Wa(h Zl = 2 )8 ~ i) >
uniformly in u. Therefore,
I B 1
. . . ~ (1) - . . . ~ (1)
xé?io 6618; uelcllhr,llf—ahj ity (4, %) xé?; 6618; ue[cllhr,llf—clh] {OP(D + Bl G, 0]+ 0(1)}

=0p(1).

Hence, the assertion. For the proof of (iii), with support [0, g] for some ¢ > 1, we suppose that
Ky : [0, 1] — Ris a Lipschitz continuous function such that Ky(x) = 1 for all x € [0, 1]. Notice that

4
E [é’éz)(u, x) — mo(u, )i, (u, X)] = Z Pig(u, x),
i=1

where

1 a t
Pig(u,x) = Tha(h) ; K (u - 7) Dio(u, X),
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such that
Pro, X) = E[Ko,h (do(x, X,:0)) (Ko (dof(x, X, 7)) = Ko (dox X))}
X {I’I’lg (%, Xt,T) — my(u, X)} ],
prole, ) = E[Ko,h (3 X,)) Ko (o, X)) {2, X ) = (o, X7 ) ]
Pt ) = E| (Ko (@t ) Ko (s X017)) Ko X017

X {me (% Xftm) — my(u, X)} ]

t
and  pye(u,x) = E[Kz,h (de(x, XI(Z/T))) {me (T’ X,(t/T)) — my(u, x)} ]

Now, observe that

T
Pio(u,x) = Th¢19(h) Z K, (M - %) E[Ko,h (do(x, X,.7))
=1
X {KZ,h (dg(x, XI,T)) — KZ,h (dg(X, XI(Z/T)))} {mg (%, Xt,T) - mE)(U, X)} ]
T
< g 2 Koo (1 7 [ e X0 — s (e X))
=1

t
XK (daf. X)) [mo . Xer) = moCa, x))].
Now, we obtain the bound 4'"*# using Assumption 3.1. That is,
t t B
Ko (de(x’ Xz,T)) ’me(f, Xt,T) — mg(u, X)‘ <Ko (de(X, Xz,T)) (de(X, Xt,T) + ‘f - M‘)
Sl’ll/\'g.
Furthermore, since K(+) is Lipschitz continuous from Assumption 3.3 and that

L om

do(X,7. X"") < —UT",

as previously shown, we have

><hl/\ﬂ

Ko (do(x, X,7)) = Ko (do(x. X))

1 d t
Pl,é)(u’ x) < Th¢g(h) ; Kl,h (u — T) E[

1 a t 1
< ——— N'Kkulu-=)E||=—U"D
< g 2o 7 )E|l7 v
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1
< —
S Th-0gy(h)’

uniformly in u. The cases for P;4(u, x) and P;4(u, x) can be proved in a similar fashion as P y(u, x).
Hence, we have

1
sup sup  sup  |Prg(u, X)| S s
0€0 s x€S p ue[Cih,1-Cyh] Thi=(U"B)gg(h)
and
1

sup sup  sup  |P3e(u,x)| < — .
0€0 o x€S e uelCih,1-Cyh] Th'=1"Bgy(h)

Finally, leveraging Assumption 3.1 and Lemma B.1, we derive

1 4 t P
|Pyy(u, x)| = Thoulh) Z Ky, (u - 7) x E| K>, (de(x, Xt(z/T))) {mg (T, X,,T) — my(u, x)} ]

oY) 3
Ly ! /7 t )

< Th¢9(h) ; Kl,h (l/l - T)' x E [‘KZ,h (dg(x, Xt )) H 'm9 (T’Xt ) — mH(u’ )C)
! ; 4 t/T) /T) t ’

S Theo(h) IZ; Ky (u - ?)' E “Kz,h (de(x, X, )) H (dg(x, X, ) + '7 —-u )
! ; ! l 1 @/T)

S Thoc ; Ki (=72 fo K =) dv| X E | |Ka (dux, X)) |

1 SES | t
W+ Than) ;f; EKl’h (u—v)dvx EHKM (dg(x,Xt( /T))) H x W

1
B

However, we have

1 1 ) 2 2
We then infer that

sup sup sup  |Qap(u, x)| < W+ WP,
XES zp €0 4 uc[Ci1h,1-Cih]

Hence, we obtain

sup sup  sup E[gg(u,x)]|:0(h2)+0(hﬁ). (A4)

0€0 4 x€S e ue[Ci1h,1-Ch]

Finally, given our assumptions, our proof is complete with an approximation error of

1 2AB

Hence the proof is complete. O
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Proof of Theorem 3.2. We begin our proof for this theorem by showing

A " 1
R e

that is, from

1

itg(u, X) — mg(u, X) = —5
1y (u,

(26", ) + 857 (ut, %) = mgu, 2y, ),

we define
85(u, x) = 85 (u, x) — mo(u, ) (u, x).

Now, we infer

Bu,x) = &Pw,x) - m9<u 0 (u, x)

- T Z K (1= ) Ko (Gl Xer)) m (. Xor)

T

1
" They(h) 2, K (” B %) Ko, (do(x, X)) mg (u, x)

=1

- Th(f}e(h) i i (1= 1) Koo X)) o 5. X ) = ms 0

1 T ;
Thee(h) ; 1h (u T) 1 1.0(Us X),

where

t
At,T,H(Ma x) = K2,h (de(X, Xt,T)) {me (—,

T XI,T) — my (u, x)} .

Then, we readily obtain

T
Var(ge(u X)) [Th¢9(h Z 111( ) Asrou, X))

T

(Th¢9(h)) (Zl o= 7)ot x)]

T
i 2l ) V()

t=1

1 151 153
R — Kzz( - —)K2 (u— —)COV As 1o(u, x), Ay, 70(1t, X)
(Th¢9(h))2 ﬁ;] Y T) b T ( 1n,T.0 0.T.0 )

1 #ty

_.yB B
=Viret Vare
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We now discuss VE.. by first noting that

h
E[K3) (do(x. X7))] fo K3 ,()P(dy)

2 (" ,
— _E f KZ,hO})KZ,h(y)FI/T(y; -x$ e)dy
0

2 [ :
-2 fo Koy K, () @6()dy

- fo h(l—%)%(y)dy

2 ("
= 2 . (L ¢6(3)d8)dy

h
7, Yooy ~ ¢o(h), (A.5)

using integration by parts, change of variables, and the model and kernel assumptions in
Assumptions 3.1 and 3.3, respectively, and using the fact that K, ,(x) = (1—x)1,¢,1) 1s an asymmetrical
triangle kernel. On the other hand, since K;(-) is Lipschitz and by Definition 2.2, we have

B[ K3, (dolx, Xer)) = K3, (dole, X77)) | SE [Ka (o, X,) = Ko (o, X,77)]

c
<Eldu(x. X,ir) - do(x, X7

1 1
(t/T)
s7E|UE"] s 77 (A.6)
Moreover, by the smoothness of m, in Assumption 3.1, we get
¢ 2
my (T,Xt,T) —mg (u, x)| < h*.

Therefore, it follows that

T
|VF,T,0| = W Zl Klzh (u - %) - Var (AI’T’Q(M, x))
T
- W ; K3, (” - %) : {E [(AtZ,T,H(I/l, x))] - (E [Ar7o(u, x)] )2}
1 T
< s 2 K= 1) E[ (W p000)
T
< W Zl K12,h (u - %) x E Kih (do(x, X;7)) - (mg (%, X;,T) — mg (u, x))z]
h2/5 T ) p
< Gnar 2"l 7)
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x{E [Kih (do(x, X,:1)) = K3, (dox, X41)) | + E| K3, (dox, X47)) | }

T
1
< w(w-2): (— ¥ ¢9(h>)
(Th¢9(h)) Z T/ \Th
2B
< _hPgy(h) Z ( )
(Thee(h))’ S
1
. (A7)
Theg(h)
We now consider ng and write
V£T,9 = Vgl,r,e + Vzl?,z,T,e’ (A.8)
where
1 a t t
VB, = —— K (1= 22 ) Ko (1= 2) x Cov (A, 0, Avy s ),
(Thee(h))’ Z T T ( )
1<l ~1pl<A7
1 a t t
and V2B’2’T’9 = — K, (u - —1) K (u - —2) X Cov (A, 1.0(u, X), Ay, 1.0(U, X)).
(Th¢9(h))2 :;. T T ( ’ )
1<t 1> A

Observe that from our previous calculations, we can deduce

E[AII,T,H(M’ x)] : E[Azz,T,e(u, x)] =E [Kz,h (de(X, th,T)) {me (i,

T X’“T) ~ e (, x)} ]
x E [Kz,h (do(x, X, 7)) {mg (

o |
< h? - g(h),

and that by Assumption 3.1,

E[A:, 10, x) - Ay, 70(u, x)| < o(h) fo(x).
Therefore, V2 176 becomes

T

B 1 f t,
|V2,1,T,9| < m I;I th(l/t— T)Km(u— 7)
1|ty ~tp <A
X{E[AII,T,H(M, x) - Ayy1o(t, X)] + E[Ay, 76(u, X)] - E[Ayy 16(u,s x)]}
R2(1AB) T "
W ,;1 K (u - T) Ky (” - _) {l//e(h) + ¢e(h)}
1|ty -t |t
R20AB)
s — TAr - h 2 h
S Thop T (o) + g5()
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h2(1/\,8)—1/lT . l//g(l’l) N hz(lAﬁ)_l/lT
Th ¢2(h) Th

1
< _h2(1/\ﬂ)—l mna ,
S Thooh) do(M) A7
where by Assumption 3.1, ‘;’gxg < o0, and
6
1 1 n
RRANB-14 0~ p20me-1g 0 -
" Th "Th
1
21AB)+1
L

since Th® — oo by Assumption 3.5. Here, the goal is to pick A7 such that |V£]’T’6| — 0as T — oo.
Thus, using Lemma B.4, and the fact that K,(-) is bounded as in Assumption 3.1, we have

Cov (A“ 100, ), Aoy, 10U x))
E[As 1.0(, x) - Ay ro(u, X)) = E[Ay, 1.6(u, X)] - E[Ay, 1.0(u, )]
1As ratu ), - [Anrote, 0, - @ =)=
v 2
E[ (An,T,@(’/l, _X'))V ] E[ (A[z’T’g(M, x))v ] v o (ll‘l _ l2|)1—;

= E [{Kz,h (do(x, X, 7)) - (m9 (lfl X’I’T) — mg (i, x))}v]

IA

A

v

1
v

=I=

XE | { K (o, X)) - 0 (2 X ) = o x))}v]l ca(ln - n)

PN E[KZJ: (do(x, X1, 7)) ];E[Kz,h (do(x,X,,7))" ]; ca(n —nh'

N

R E[Kz,h (dy(x, Xt1,T))2 ];E[Kz,h (dy(x, th,T))2 ]; ~a (|t - l2|)1_%
S R (@) - (ah)'

IA

For VB we use the preceding calculations and obtain

22.7.60°
1 ZT: t !
ngre = T K (M - —I)Kl h (M - —2) x Cov (A,] 7.0(U, X), Ay, 191, x))
T Thgumy AT T) T T g
( ¢0( )) 15\1:32|>AT
< — gt S aln-m
(They(h))’
1<ty =ty |> A7
1 H2(1AB)-1 T
: Y, aln-n)'
2
Thee(h)  (g(h))' =)
Islty =ty >Ag
1 J2AB)-1 [ © )
. k‘sa(k)l‘v]
Theo(h) 3 (pe(h))'~ k;m
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1 HRAAB)-1 T .
Thee(h) . ((]5.9(]’1))17% rél a (|t — tl)
1<ty —tp[>Ap
1 J20A8)-1
Ka(o'™
Thoo) 35 (' [k;H ) ]

As previously mentioned, we pick Ay that makes our expression approach to zero. That happens if we

choose o
AT:{(czsg(h))_ ' |

and hence the use of Assumption 3.4. Therefore, the results from (A.7) and (A.8) suggest that

1
Var (QQB(M, x)) < [Virgl + |Vizal = O(Th(bg(h))‘

_1
Theoh |’

as we desired. Thus, the above results together with (A.3), (A.4), and the fact that hm E [ 1)(u x)] >0
give us

Consequently,

24, %) — E| 85, )| = o

A(1)

8y (u, x) 1
—— + Bry(u,x) +o .
D x) P[ They(h)

We now work with They(h) Var (g(l) (u, x)) which concerns the first part of the previous equation. In
this part of the proof, we will show that

my(u, x) — mg(u, x) =

2 2
T hepy(h) Var (8 (u, x)) ~ E[S’]”T(Z’ (0,%) f K2 (w)dw. (A.9)

Here, we utilize the Assumption 3.2, and the result in (A.5). Also, consider a sequence of independent
random variables {&,},cz, independent of {X,, T} . Thus, we have

i (1= ) Keal Xm)sﬂ)

They(h) Var (25" (u, x)) The(h) Var (

; [ Ky, de(x XzT))8tT}2

Th¢9(h

T

2K

T

B Th%(h Z
T

2K

Theo(h

(o= 7)E

o el e )
(-7)

T e [K%h dy(x, XtT)) ( t {0, Xt,T>) '912]

Th¢0(h
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Ele/]
Theo(h) <

T
>
T
e 2 K= e s )] o 00|
T
2.5

( )E[th(dg(x X))o ( ,(G,Xt,ﬂ)]

Thepo(h) <

_Ele1

Thee(h) ( )E 2h(d9(x X T)) 5 h(de(x X(ff)))]

T
x{o(u. (0, x)) + o(1)} + Th(/:(]h) Z Ki) (u - %)
t=1

XE [ K3 ,(do(x. X7))| - {0 (. (6. x)) + o(1)

Els]] < :
Thq;c;(h) Z Ky, (” - _) -0 (gg(h)) - {O'z(u, 0, x)) + 0(1)}

Thc%(h)Z 1h( ) | K3 (dox. X2)| - {0 .40, %) + o(1)

Els210 ($6(h)) (02(u, (6, X)) + o(1)) ==, t
The(h) Z K (” - ‘)

El£21(0(u, (6, x)) + o(1)) Z K2 (

Thgo(h) ) | Kot X57))]

E[£21(0(u, {0, x)) + 0(1)) — Z K h( -7 th(da(x X(tm))] +o(l)

Thea(h) T
El&]1ga(h)(0*(u, 0, x)) + 0(1))
Thay(h) ( ) o)

E[s 2(u (6, x)) ZK ( )

El&?] 2(u, (6, x)
Th

K f(w)dw.

The final part of the proof covers the asymptotic normality of gél)(u, x) which is derived from

That is, we want to show that

AIMS Mathematics

Thee(h)gS (u, x) = Thee(h)g) (u, x),

80, x) = \[Thee(h)g (u, x).

7", x) 5 N, Vi, x)) as T — oo,
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To demonstrate the distributional convergence of gél)(u, x), we will employ Bernstein’s big-block and
small-block method. We begin by partitioning the index set {1,..., T} into 2k; + 1 subsets, consisting
of large blocks of size a; and small blocks of size v, such that

T
kT::\‘

ar + vr

T
,ﬁ—wﬁgaamn—mWywx (A.10)

ar ar

Using Assumption 3.6, there exists a sequence of positive integers {gr}, gr — oo, such that

qrvr = o(\Thee(h)). qr

a(vy) - 0as T — oo.

T
heo(h)

\/Th¢g<h>|
, we have
qr

Consequently, setting ar = {

T
ar — 0, —a(vr) > 0as T — oo.

JTheo(h) — ar

Thus, the decomposition of g(l)(u, x) would be

~(1)
g (I/t, X) 77] ’ 7 g](u x 6) + g(u x 9)
’ \/Th¢e(h Z \/Th¢e(h Z
=: ﬁ%m@+£%m@+£%mm, (A.11)
where
Jar+(j=Dvr P
N x0) = K (1= =) Kaldotx X e,
t=(j—1)(ar+vr)+1
Jlar+vr) t
fj(u, x;0) = K, (M - T) Kz,h(de(X, Xt,T))St,Ta
t:jaT+(j—1)vT+1
a4 t
and {(u, x;0) = Z K (u - 7) Kz’h(dg(.x, XI,T))S,,T.

t:kT(aT+vT)+l
First, we show that the summation over the small-blocks (g;‘ 2)(u, x)), and over the remainder-blocks
(gg})(u, x)) are asymptotically negligible. That is, as T — oo,
2
VmW@]HOaMEVmM@]HQ

We first prove
[ (12)(u x)]
We have

[ (12)(u x)]z \/Wzé( , X 0)
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1
= Thea "

kr
Z &i(u, x; 9)]
J=1

kT kT
1 1
= Theh ; Var (¢(u, x; 6)) + Than(h) Z; Cov (&, x;0),&,(u, x;0))
= F|+ F>,.
Dealing F, we have
Jlar+vr) ‘
Var (fj(u, X; 0)) = Var Ky, (u - T) Kz’h(dg(x, X,,T))st,r]
t=jar+(—1vr+1

Jlar+vr) ¢
= Z Klz’h (M - 7) Var (Kz,h(de(xa Xt,T))St,T)

t:jaT+(j—1)vT+1

< VT( K12(W)dw)-Var(Kz,h(dg(x,Xt,T))gt’T),
[0,h]
We have
1 &
Fro= Var (&(u, x; 0
1 Thfﬁe(h); (&)u.x:0))

T

< K2 d .V K d ’X

- Th%(h);w (\f[:),h] 1) W) ar( 2,h( o(x z,r))sz,r)
1

s g K3 (w)dw | - Var (Ky(do(x, X

S (o, K o Var (e X,

Ele?10*(u, x)
~ kpvy - {—‘9 ;h 4% ( f[o } Kf(w)dw)}

T TVT
~ . vT AN —
ar + vr ar
= OD(T)a

using the results in (A.9) and (A.10). We next handle F,. That is, with A;(u, x;0) = Kl,h(u -
£)Kaa(de(x, X,.7)).

ilar+vr) Jlar+vr)

Cov (&(u, x:0), £;(u, x; 0)) Cov (A, x; )17, Ay (u, X; )&y 1)
k=iar +G=1)vp+1 K'=jap+(j—1)vr+1
VI vr

Z E COV (A/lk+[1 (u’ X5 9)8/1k+1| T A/lk, +lz(u’ X3 9)8/lk/ +12,T) >

=1 h=1

where Ay = jar + (j— D)vr. Since i # j,|4; — A; + I} — | > vy, we have

1

Fal = — W);Cov(fl-(u,x;e),fj(u,x;e))

k
J:
i#]
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1
Thee(h)

Z Cov A (u, x; H)SIT,A (U, x; e)ng)

li— A>vT
Using Davydov’s lemma (see Lemma B.4), Assumption 3.3, and the results in (A.5) and (A.6), we get
Cov (A;(u, x;0e;r, A'j(u, x; 0)e j,T)
= E[(A;(u, x;0)e;ir) - (A;(u, X; 9)81-])] - E[A;(u, X; Q)Si’T]E[A,j(u, x; 0)8];7]
< 8| x 08| A5 02| - @i )

1

_ 8(E‘A;(u, X 0)sir ) (E'A’j(u, %081 )7 (i - )"
< (E K (M - %)Kz,h(de(% Xir)) ) Elleir!" ]%
Jj v Il . anl-2
X(E K (M - ?)Kz,h(de(x i) ) Ellejrl']" - (ali=jh)
< (Elk D k(o X)) %E 2
= 1,h (M - ?) 2,h( o (X, i,T)) [lsi,Tl ]
j 2 % 1 1-2
X (E ’Kl,h (u - T)Kz,h(de()@ Xj,T)) ) E[lsj,T|2]; : (CV(V - j|)) o
N
< (E K (u - %) ) (E‘th(de(x XIT))‘ ) |81T| ]
NE % 1 2
x@lgAu—%))(Qmewx TM) llejr]" - (el = )"
< ) - (alli— )"

Therefore, with
1-(2/v)

A = |(go) |,

and using Assumption 3.4, we obtain

kr
2 . . 1—-%
WMTWM;MMMAD
li-jlzvy
kr 2
2 . -
S T H® 2, @i i)

ij=1
li=jlzvy

1
. 4h Ka(k)' ™
Thee(h) dolh): A (¢9(h))1_7 [k;rl *© ]
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1 h2(1/\,3)—1 o )
- Koa(k)'™
Theo(h) - 25 (¢9<h>>1—3[2 0 ]

k=ﬂT+1

1
O(Th¢e(h)) |
Hence,
E[20?w 0] - 0.
We next show that
E [g;”)(u, x)]2 — 0.

We again use A, (u, x; 6) for simplicity of notations to denote K 1,h(14 - %)Kz,h(dg(x, X, 1)). Thus,

2
E [g;”)(u, x)] = Var({(u, x; 60))
T
= Var Z A (u, x;0)&, 1
t=kp(ar+vy)+1
T
= Var (A;(u, X; 9)8,-,7)
i:kT(aT+VT)+1
T T
+ Z Z Cov (A;(u, x;0e;ir, A;.(u, x; e j,T)
i:kr(ar+vr)+l ~j:.kT(aT+vT)+l
1#]
= G+ G,
Note that
L i
G = Z Var (Kl,h (u - —) K> p(dy(x, Xi,T))8i,T)
) T
l:kT(aT+VT)+l
T .
2 l
= Z K7, (M - 7) Var (Kz,h(de()f, Xi,T))Si,T)
i:kT(aT+vT)+1

A

(T - kr(ar +vr)) ( f K%(w)dw) - Var (Ko(do(x. Xo7) )&17)
[0.7]

2 2
(T —ketay 4 vr)- {E[s,]O' (u, 6, x)) (f Kf(w)dw)},
[0.4]

Th
implies that

1
T

Ele?]0(u, (0, x))
Th

1
G < ?(T — kr(ar +vy)) - { ( Klz(w)dw)} —0asT — oo.
[0,/]

We are left to show the bound of G,. Now, setting A; = kr(ar + vr), we have

T T
G, = Z Z Cov (A;(u, x;0e;r, A'j(u, x; 0)e j,T)
i:kr(ar +V7‘)+1 Vj:_kT(aT +VT)+1

1#]
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T
Z COV (A/I,'+l1 (u7 X5 0)8/1,'+l] T Aﬂj+lz(u’ X5 0)8ﬂj+lz,T)

1.p=1
I1#ly

T
= ) Cov (A x;0)ei7r, Aj(u, x;0)8;7)
ij=1
li=j1>0

T
D 5 - (eli— )"

<
|ii;j/T>10
O [ RS )
< k°ak)
A5 (¢9(h))1_7 k= ;1
B2AB)-1 [ © ]
~ —_— Kak) |- 0as T — oo.
A5 (po(h))' 7+ 5

The third equality follows from the fact that since i # j,
|/1i_/1j+ll —lzl > 0.

Moreover, the preceding proof procedure follows similarly as that in |F,| making use of Davydov’s
lemma, Assumptions 3.3 and 3.4, the results in (A.5) and (A.6), and picking again

1-2/v)
A =|(eam) 7|

We then infer that )
E[2) 0] — 0.

as T — co. Finally, we will prove the last part of the decomposition (A.11). First, we will show that
the summation in gél D(u, x) are asymptotically independent. This ensures us the use of the conditions
of Lindeberg-Feller for finite normality. To establish this, we first note that the processes (Y;7, X, r)
are strongly mixing and apply the Volkonskii and Rosanov inequality in Lemma B.5. Then, for a
Zﬁ"—measurable 1, where

=(j-D(ar+vr)+1, and j, = jar + (j — vy,

we have

kr

[exp (@T~ 2g(“)(u, x))] - l—[ E [exp (itT_%nj(u, X; 9))]

J=1

< 16kTQ’(VT)

T
~ 16_(1’(\/']"),
ar

which tends to zero using (A.10) implying that the asymptotic independence is achieved. We now find
the variance of g(“)(u, x). We obtain

Var (g(“)(u, x)) =

Var 0
[ '—Th¢9(h Z’h( X5 )]
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[WZ"’(” " 9))

1 1
The(h) & Zva 1, 6) + They(h) ZCOV i, x; 0),1,(u, %3 0)).

t#]

Now, we can see that

Jar+(j=Dvr "
Var (n)(u, x:6)) = Var K (1= 2 ) Koa(dtx, XI,T))a,,T]
t=(j—1)(ar+vr)+1
Jar+(j=Dvr {
= > KL, (u - —)Var (Kaa(do(x. X,1))e17)
. T
t=j—1)(ar+vr)+1
2
< ar ( f Kl(w)dw)-Var(Kzgh(dg(x,X,,T))s,,T).
[0,4]

This means that

1 kra
Th¢e(h)zva 7i(0.3:0) % ho(h) I ( f[o B K?(w)dw).Var(Kz,h(dg(x, X,0))eur)
1
20 (f[o,h] Kf(w)dw) Var (Ka(d(e, Xo) Jeur).

since ]% — 1. On the other hand, similar to our previous calculations, we can deduce with A;(u, x;0) =
Ky (1 = £)Ko(d(x, X,7) that

1
0 ZCOV ni(u, x;0),n;(u, x; 9))
0 lj l
1 i [ jarJr(Zj—:l)vT jaTJr(ijl)vT
= Cov A,(u, x; 0)e, 7, A (u, x; )&y 1
T/’L¢9(h) i}fjl t=(j=1)(ar+vr)+1 v=(j—-1)(ar+vr)+1
S W) Z%(h) (alli = D)
B20AB-1
~ 1 (Zk‘sa(k) }—>0aST—>oo
A (¢o(h)) v T+

where A7 is as defined in Assumption 3.4. Therefore, we conclude that

Var( (11>(u X)) pS (f[o y Klz(w)dw) - Var (Kg’h(dg(x, X,,T))g,’T) = Vy(u, x).

hepo(h)
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To complete the proof for the finite-dimensional convergence, we need to show that for sufficiently

large 7,
kr

1
— E |12 -9)1 A.12
T J:Z] [nj(u’ x;0) {lnj(u,x;(i) >eVy(u,x) \/T}:| —0 ( )
Observe that using A.10,
(1, x2 0 1 Jar+(j—vr P
max M = —= max Kl,h (Ll - 7) Kz,h(dg(x, X,,T))stj
tsiskr T T 1S | et s
1 Jar+(j—vr t ( )
< —= max K (u - —)Kz,h de(X, Xt,T) T
VT 1=isks t=(j-1)(ar+vr)+1 r

ar
—— max

\T 1<iskr

Hence, when T is large enough, the set

— 0.

t
K (M - T) Kz,h(da(X, Xt,T))gt,T

{|17j(u, X, 9)| > &Vy(u, x) \/T}

is empty proving (A.12). This further implies that
157 = N0, Vitu, ),
T

where
T

S1= 3 ((Yur = Eur)Kun (1 = =) Ka(do(x, X))

=1

To prove the general case, we employ a truncation argument since the response variable Y, 7 is not
necessarily bounded. With L being the truncation point, we set

ke (y) = yLlyy<ry, and mgr(u, x) = E[KL(YZ,T)lxt,T = x].

Recall that ;
A(u, x;6) = Kl,h(u - T)Kz,h(df)(X, X:1))s

and define
Zl = (ku(Yir) = mo(u, X)) A (u, x;0) — i, (A.13)

where % is the mean of the first term on the right side, and

- 1
ZE = ———Z5 \[hgy(h),

"I hepe(h)

so that for each L > 0,
Var (ZfT) — Vi(u, x).
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We have
=1 Ztl:T Vh(b@(h)
Var (Zt,T) = Var W
hge(h)

= —2Var(ZfT)
(h¢> ()

= Var ((«.(Y, Mg (u, X))A(u, x; 0
h%(h) ((*e(Yir) = mo (e, x)) A, x:60) = i)

= VarYl <y — E\Yir Ly, < Xer = x
]’l¢g(l’l) ( 7Ly, 71<L) [ 1Ly, pi<ny Xer ])

t

XK1 (U - T)KZh do(x, X; T)))

. e (u—i)Var Ko n(de(x, X,.1))
) T 2,n\dol X, Xi 1
X (Yz,T1{|Y,,T|SL} -E [Yz,T1{|Y,,T|sL}|Xz,T = x]))

_ ( f Kz(w)dw) Var(KZh(dg(x X,7))
hepo(h) \Jio ' ’ T
X (Yt,Tl{lY,,rlsL} -E [Yz,T1{|Yt,T|sL}|Xz,T = x]))

= VEu, x) = Vy(u,x), as T — oo.

We also define

T

T
S%::ZZfT, and St ::Z(ZT Z,LT)

=1 t=1

(A.14)

Now, we can infer by (A.13), setting nL(u, x;6) as defined in (A.11), and the fact that A;(u,x; 0) is

bounded, we have by replacing Z, ; by Z tT,

I (u, x; 6)|

max ——— — 0, implying {|77JL-(u, X; 9)| > anL(u, X) \/7} = 0.

1< j<kr \T

This means that {
=% = N(0, Vi, x).

The final part of the proof intends to show that

1 _
?Var(Sﬂ — 0 as first 7 — oo, and then L — co.

Eleel ) -oe -5
\NT 2

We have

(A.15)

(A.16)
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tS L 2yL 2v/L 5
E [GXP (%)] —exp (—M) + exp (——t Ve;u’ x)) —exp (——t Vegu’ x))

itSt 2VE(u, x)
< |Elex —T)]—ex (_L)
[ p( VT P 2
itS L VL , 2
+ |E exp(%)] “1l + exP(—#)—exp (_t Vggu,x))
= I+11+111.

Note that by (A.15), ] — 0 as T — oo for every L > 0. Also, by (A.16), II — 0 as first T — oo and
then L — oo. Last, since as L — oo,
VGL(M9 X) - Va(u’ .X),

we have /11 — 0 using (A.14). Hence, we are left to prove (A.16). Observe that SL has the same
structure as S7 by replacing Y, with Y,1y,>.;. We can use similar proof procedure as in (A.14), and
obtain

S D B )
Th_r)lol0 — Var (S T) = Th_r,?o T hee(h) ( f[o y K; (w)dw) Var (Kz’h(dg(.x, X,,T))

X (Yz,T1{|Y,;|>L} -E [Yt,T1{|Y,J|>L}|Xt,T = x]) ),

which converges to 0. By dominated convergence, the right side converges to 0 as L tends to infinity.
This completes the proof for Theorem 3.2. O

B. Appendix-B

This section provides a detailed overview of the essential lemmas underpinning the primary results
of this study. Lemmas B.1 and B.2, both found in [57], play a crucial role in deriving the convergence
results outlined in Proposition 3.1. Specifically, [60] established Lemma B.3, which introduces an
exponential inequality for strongly mixing sequences, detailed in Theorem 2.1 of his paper. This
lemma is instrumental in demonstrating the convergence of the second term in the decomposition
of the general kernel estimator. Further, Lemma B.4, attributed to [39] (with the proof presented in
Corollary A.2 of [52]), is central to proving the asymptotic negligibility of covariance terms within
the decomposition of gél)(u, x), as specified in Eq (A.11). Last, Lemma B.5 is pivotal in establishing
the asymptotic independence of the term gg“’(u, x), which represents the first term in Eq (A.11). For a
comprehensive introduction, refer to Proposition 2.6 in [41].

Lemma B.1. Suppose that the kernel K,(-) satisfies Assumption 3.3 (KB1). Then, fork =0, 1,2,
1k
sup

1 < t\(u—7 " u— v\t 1
— > K - = - -K - dv|=0|l—=].
e | Th 2 “‘(” T)( h ) fo ppralu V)( h ) ’ (ThZ)
k =1
Lemma B.2. Suppose that the kernel K|(-) satisfies Assumption 3.3 (KBI) and let g : [0,1] X 7 — R
such that (u, x) — g(u, x) be continuously differentiable with respect to u. Then,

Tih IZT; K (u - %)g(%,x) - g(u, x)| = 0(#) +o(h).
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Lemma B.3. Let Z, 1 be a zero-mean triangular array such that |Z, 7| < by with a—mixing coefficient
a(k). Then, forany e > 0and St < T with & > 4S rbr,

T 2
& T
P Zir|ze|< 4exp(— )+4—01(ST),
(; i } 6402 L +3ebySy) St
where
(j+STIAT 2
0'§T’T = sup E [ Z Z,,T] .
0<j<T-1 S

Lemma B.4. (Corollary 2 in [52]) Suppose that X and Y are random variables which are G— and
J€—measurable, respectively, and that E|X|P < oo, E|Y|? < co, where p,q > 1, i + é < 1. Then

ELXY] - ELXIELY] < 8IXI 1Yl [a(, )] 775,

Lemma B.5. (Proposition 2.6 in [41]) Suppose that {X, : t = 0,x1,%2,...} Let 97 denote the
o—algebra generated by {X, : i <t < j} and

a(n)= sup |P(A)P(B) - P(AB)|.

AeFO  BeFX

Let &1, ....& be complex-valued random variables measurable with respect to the o—algebras
3{.’1', e 3{1’“, respectively. Suppose that i, — ji >nforl=1,....,k—1and j, > ijand P(|&| < 1) = 1

forl=1,...,k Then
[E - &) — E@E) - E@E)| < 16(k — Da(n).

, ©2024 the Author(s), licensee AIMS Press. This
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