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ABSTRACT

We propose adaptive mean and autocovariance function estimators for stationary functional time series under [L? —

m-approximability assumptions. These estimators are designed to adapt to the regularity of the curves and to accommodate both

sparse and dense data designs. The sample paths are observed with error at possibly random design points. Data-driven local band-

widths are selected by minimizing explicit quadratic risk bounds that exploit the local regularity of the process. As a first step, we

introduce a local regularity estimator and derive a nonasymptotic concentration bound for it. We also derive the asymptotic nor-

mality of the mean estimator, which allows honest inference for irregular mean functions. Simulations and a real data application

illustrate the performance of the new estimators.

MSC2020 Classification: Primary 62R10, 62G05, secondary 62M10

1 | Introduction

Functional data analysis (FDA) refers to the case where the
observation units are the whole curves (also called trajecto-
ries or sample paths). The data set then consists of a collec-
tion of N trajectories, modeled by a same stochastic process
defined over some domain. Dependent functional data arise
in fields such as environment (Aue et al. 2015), energy (Chen
et al. 2021), biology (Stoehr et al. 2021), or clinical research
(Martinez-Hernandez and Genton 2021; Li and Yang 2023).
They are often collected sequentially at regular time intervals
(e.g., days and weeks) and exhibit a serial dependence. Func-
tional time series (FTS) analysis aims to understand the serial
dependence between curves and their dynamics over time. Sev-
eral types of dependence for functional data have been stud-
ied, such as cumulant mixing conditions, strong mixing, physical
dependence, L.? — m-approximability. See, for example, Hormann

and Kokoszka (2012); Panaretos and Tavakoli (2013); Chen and
Song (2015); Rubin and Panaretos (2020) and their references.
We consider FTS that are L.? — m-approximable, that is, satisfying
a general moment-based notion of weak dependence involving
m-dependence (see Hormann and Kokoszka 2012).

Most of the textbooks and many FDA articles consider the sam-
ple paths observed without error at each point in the domain.
In this case, the FDA permits straightforward nonparametric
approaches (such as the empirical mean and covariance func-
tion estimators), for which an elegant theory is derived based
on limit theorems for Hilbert space variables. See, for example,
Horvath and Kokoszka (2012). In real data problems, the curves
are only observed by a finite number of noisy measurements,
at observation design (or domain) points that are not necessar-
ily regular or identical from one curve to another. Two cases are
usually studied: the points of the domain where the curves are
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observed are the same for all the curves (common design) and
they are completely different (independent design). The two sit-
uations are different in nature and usually lead to different the-
oretical results. With a common design, there is no information
about the stochastic process between the design points.

A common practice in FDA is to first create smoothed curves
(usually called functional data objects) from the data points on
each curve separately, and then proceed as when the sample paths
were observed without error everywhere in the domain. For each
curve separately, smoothed curves can be constructed by non-
parametric smoothing (splines, kernel smoothing, etc.), or simple
linear interpolation. There is no reason however why construct-
ing smoothed curves ignoring the other curves generated by the
same stochastic process, should always be an appropriate way to
proceed with the FDA. Alternatively, for example, for the mean
and covariance function estimation, one can pool all the data
points and proceed with nonparametric procedures. See Zhang
and Wang (2016) for independent functional data and Rubin and
Panaretos (2020) for the dependent sample paths. However, while
pooling the data points of all the curves appears to be effective
for independent curves, in a time series context it removes the
information about the stochastic dependence between the sam-
ple paths.

Nonparametric methods with separately smoothed curves, some-
times called “smooth first, then estimate” approaches, are usually
recommended for curves observed over a dense set of domain
points, while pooling is preferred for sparse functional data (see
Yao et al. 2005; Zhang and Wang 2016). It is worth noting that the
definition of sparse and dense regimes depend on the regularity
of the sample paths (see Zhang and Wang 2016). Furthermore,
the minimax convergence rates for the nonparametric methods
are expected to depend on the regularity of the sample paths (see
Cai and Yuan 2011, for the mean function estimation). While the
regularity of the sample paths, an intrinsic property of the pro-
cess generating the functional data, has a major impact on non-
parametric methods in FDA, it appears that little effort has been
devoted so far to estimating this regularity and to constructing
adaptive methods. In most cases, the sample paths are assumed to
have a certain regularity, for example, twice continuously differ-
entiable. However, many applications produce irregular curves,
such as photovoltaic or wind power generation which depend on
natural phenomena.

The objective of this paper is to propose adaptive mean and
autocovariance function estimators. The local bandwidths are
data-driven and chosen by minimizing explicit quadratic risk
bounds. As far as we are aware, these risk bounds represent a
novel contribution to the field of FTS. They rely on the knowl-
edge of the local regularity of the process generating the weakly
dependent sequence of curves. Therefore, we first study a method
to estimate the local regularity of the process. In the case of differ-
entiable sample paths, the increments of the highest order deriva-
tive of the sample paths are considered instead. Our results on the
local regularity estimation extend those of Golovkine et al. (2022),
who have studied independent and identically distributed func-
tional data. The definition of local regularity considered below is
closely related to the notion of local intrinsic stationarity intro-
duced by (Hsing et al. 2016, 2060). Similar concepts of local
regularity are common in continuous-time processes, (see, for

example, Bibinger et al. 2017, Section 5, and its references), where
the regularity estimation is usually based on a single sample path.

The paper is organized as follows. Section 2 first presents the sta-
tistical model associated with the observation of FTS at discrete
points in the domain, in the presence of additive heteroscedastic
noise. It then introduces the notion of local regularity for pro-
cesses with nondifferentiable trajectories. The notion involves
two parameters, the local Holder exponent and the local Holder
constant, both of which are allowed to vary over the domain. Sev-
eral examples of processes and their local regularity parameters
are presented. In particular, we show that the local regularity
exponent is related to the Hurst function of a multifractional
Brownian motion. Given suitable estimates of the local regularity
parameters, in Section 2.2 we propose adaptive kernel estima-
tors for the mean function and the autocovariance functions.
After the formal definition of the local regularity and the type
of L? — m-approximability we consider as weak dependence,
Section 3 presents the theory on the pointwise convergence rates
for our kernel estimators. They adapt to the regularity of the
sample paths and the design which can be independent or com-
mon, sparse or dense. We also prove the asymptotic normality
of the adaptive mean function estimator. Our estimators are
new in the context of FTS. In Section 4, we present a few results
from an extensive simulation study and a real data analysis,
and in Section 5 we make some final remarks. The Supporting
Information presents the estimators of the local regularity param-
eters, and also contains the proofs of the main results, additional
technical statements, and some further empirical results.

2 | Adaptive Estimation Methodology

A functional time series (FTS) is a sequence of random func-
tions {X,} ={X,w), uel,ne Z} CH, which are temporal
dependent, that is, stochastically dependent with respect to the
index n. Here, I is a bounded domain over the real line, for
instance, I = (0,1]. Moreover, H = L.>(I) is the Hilbert space
of real-valued, square integrable functions defined over I. In
applications, the index n can represent the day, while u can be
the daily clock time rescaled to 1. We assume that, almost surely,
the paths X, belong to the Banach space C = C(I) of continuous
functions, equipped with the sup-norm || - || .

2.1 | Observation Scheme

Foreach 1 < n < N, the trajectory (or curve) X, is observed at the
domain points {7, ;,1 <i < M,} C I, with additive noise. The
data points associated with X, consist of the pairs (Y, ;,T, ;) €
R x I, where

Y, = X,(T,)+o(T,)e,;, 1<n<N, 1<i<M, (1)

The data generating process described in (1) satisfies the follow-
ing assumptions.

H1. The series {X,} is a (strictly) stationary H-valued series,
and E(J|X,,|12) < .

H2. The M, ..., M, are random draws of an integer variable
M > 2, with expectation A.
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H3. Either all the T, ; are independent copies of a variable T' €
I which admits a strictly positive density g over I (inde-
pendent design case), or the 7,,;,, 1 <i < A= M,, are the
points of the same equidistant grid of A points in I (com-
mon design case).

H4. Thee,; are independent copies of a centered error variable
€ with unit variance, and ¢2(-) is a Lipschitz continuous
function.

H5. Theseries { X, } and the copies of M, T, and ¢ are mutually
independent.

The domain points {7, ;} are either obtained as random copies
of T € I or they are the elements of a grid of length 4, which
we consider to be equidistant for simplicity. Assumption (H4)
allows for heteroscedastic errors. In addition to the stationarity
(H1), we assume weak dependence, the [.? — m-approximability,
see Section 3.2. In the following, X denotes a generic random
function having the stationary distribution of { X, }. Assumption
(H1) also implies that the mean function y and the lag-# autoco-
variance function I,

u(@) = E[X, (D], tel,
Lp(s.0) = 7,(5.1) = u()u(t) 1= E[X,(5)X,,, (O] — u(s)u(2),
s,tel, ¢te”Z

are well defined. Our goal is to provide estimators of the mean y
and the lag-# cross-product y, designed to adapt to the regularity
of the curves.

The local regularity of X, and thus that of the stationary distribu-
tion of { X, }, is first discussed in the case where the sample paths
of X, are not differentiable. Assume that a constant § > 0 exists
andforanyt € I, H, € (0,1] and L, € (0, o) exist such that

E[{Xw) - X(0)}’]
= L} u— ol {1+ O(lu - v|")} @)

when u <t <v lie in a small neighborhood of ¢. H, is then
the local Holder exponent while L, is the local Holder con-
stant. They are both allowed to depend on ¢ to allow for curves
with general patterns. See Section 3.1 for the formal definition
of the local regularity. Examples of processes satisfying (2)
include, but are not limited to stationary or stationary increment
processes (Golovkine et al. 2022). The class of multifractional
Brownian motion processes with domain deformation is another
example (Wang et al. 2025). By Kolmogorov’s criterion (Revuz
and Yor 1999, Theorem 2.1), the local regularity of X is linked
to the regularity of the sample paths. We next present examples
of FTS and their regularity parameters.

Example 1. Let {&,} be a sequence of i.i.d. multifractional
Brownian motion (MfBm) of Hurst exponent function H, :
R, — (0,1). That means &, are independent copies of &, a cen-
tered Gaussian process with covariance function

E[E@)E(v)]

= D(H.f,u’ Hg,v) [qu,u‘*'H;u + UHg.u‘*'Hg,u — |U — uIH;u"'Hg,,;]

where u, v > 0, and

b _ V/TQx + DIy + 1) sin(zx) sin(xy)
&) = Ty A DS £ /D)

D(x,x)=1/2,

x,y>0

See, for example, Balanca (2015) for the formal definition of the
MfBm. The fractional Brownian motion is an MfBm with con-
stant Hurst index function. For any bounded interval I C R,
it can be shown that ¢ satisfies (2) provided H, is twice con-
tinuously differentiable (Wang et al. 2025). Note that defining
n(t) = A’é(u)du, t > 0, for some a > 0, the trajectories of  are dif-
ferentiable and their derivatives satisfy (2). Repeated application
of the integral operator gives examples of processes with any reg-
ularity exponent greater than 1. See the Supporting Information
for the formal definition of the local regularity for processes with
smooth paths.

Example 2 (FAR(1) model). Let {X,} be the zero-mean,
stationary Functional AutoRegressive (FAR) time series that is
the stationary solution of the equation

X, =Y(X,_)@) + &), telcR,, neZ (3)

where {£,} is an MfBm functional white noise as in Example 1,
with the twice continuously differentiable Hurst index function
H; € (0,1). We next assume that ¥ is the integral operator

with // wi(s,)dsdt < 1
IxI

The stationary solution for (3) then exists (see, for instance,
Kokoszka and Reimherr 2017, section 8.8). Assume further that
constants C > 0, H,, € (0, 1] exist such that

Vx €C, W(X))

= /W(S, Dx(s)ds,
1

supH;, < H, <1

uel

and |w(s,u) —yw(s,0)|> < Clu—ov/*v, Vs,u,vel
Then, the local regularity parameters (H,, L,) of { X, } are (H,, 1)
(see Supporting Information).

2.2 | Adaptive Mean and Autocovariance
Functions Estimators

‘We propose nonparametric estimates of x(f) and y,(s, t). Our esti-
mates adapt to the regularity of X and, to the best of our knowl-
edge, are the first of their kind in the context of weakly dependent
FTS. For simplicity, we restrict the study to the case where the
trajectories X, are not differentiable. Our estimators depend on
(H,, Ltz), and for now we assume that suitable estimators (fI o ff)
of the local regularity parameters are given. Such local regular-
ity estimators are constructed and studied in Section A in the
Appendix.

Let 62(t) be a consistent estimator of errors’ variance ¢2(f) at . A
simple choice is

N
~ 1 1 2
621 1= ﬁzﬁ ity — Yoyl
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where, for each n, i(7),i(t) + 1 are the indices of the two closest
domain points T, ; to t. For each 1 <n < N, we consider a local
linear smoother of the curve X, atr € I,

Mn
X, () = YW, (60, O]
i=1

where (W, ;(t; M}izi, M, are local weights, and & is a local
smoothing parameter which we let depending on ¢. For simplic-
ity, we consider the Nadaraya—Watson (NW) estimator with a
non-negative kernel supported on [—1,1], see (H8). Given the
X .(t; h), we follow the smooth first, then estimate approach and
define the estimators for the mean and the lag-# cross-products
as the empirical estimators with the true curves replaced by the
smoothed ones.

The rule 0/0 =0 applies in (4), meaning that the estimator
fn(t; h) is set to 0 if there are no domain points 7, ; in [t — A, +
h]. Similar situations occur with any smoothing-based method,
and is more likely when the curves are sparsely sampled. When
a curve is not observed in the neighborhood of ¢, it does not
carry any useful information about X, (¢), and should therefore
be removed from the data set when estimating u(f) or y,(s,?).
The neighborhood of 7 is defined by . A trade-off must be found
between the large bias induced by large 4 and the large variance
resulting from dropping curves when 4 is small. Let

Mrl

m(t;h)y =1 if Y I{|T,; 1| <h} >1, and
i=1

7,(t; h) = 0 otherwise

where 1{-} denotes the indicator function. The number of curves
X, with at least one observation in the interval [t — h,t+ h]
is then

N
Py(t:h) = ) 7, ()
n=1

We finally denote the conditional expectation given the { M, } and
the realizations of T' by:

Epr()=E(| M, (T,

n,i»

1<i<M,},1<n<N)

2.2.1 | Adaptive Mean Function Estimator

There are several contributions to the problem of estimating
the mean function in the context of stationary FTS. First,
if the curves are fully observed without error, under the
L%{ — m-approximation assumption, the empirical mean is a

\/ﬁ -consistent estimator as per Hormann and Kokoszka (2012).
A central limit theorem for the empirical mean is also
established under cumulant mixing dependence. Sabzikar and
Kokoszka (2023) have defined a broad class of models for FTS
that can be used to quantify near long-range dependence. They
established rates of consistency for the empirical mean func-
tion assuming error-free, fully observed sample paths. Recently,
authors have been focusing on the case where FTS are discretely
sampled with an additive noise. Chen and Song (2015) and Li and
Yang (2023) propose a method, based on B-splines, for construct-
ing simultaneous confidence bands for the mean function under

physical-dependence and infinite average FTS models, respec-
tively. Their procedures assume an equidistant common design
and the mean function is at least continuously differentiable.
Rubin and Panaretos (2020) propose a local linear estimator of the
mean function when the design is random and when the curves
are sparsely observed. They derive asymptotic results assuming a
mean function that is twice differentiable and two types of depen-
dence conditions, namely cumulant mixing and strong mixing
conditions. We here propose an adaptive nonparametric mean
function estimator for irregular mean functions, and derive its
asymptotic normality.

Lett € I be fixed. Our adaptive mean function pointwise estima-
tor is
Jiy (1) = jiy(t; 1) with

1

Hn(t h) = m

N
> 76 WX, (85 ) )
n=1

where h: is an adaptive, optimal bandwidth. To define the selec-
tion rule for A, we derive a bound 2R Lt h) of the local quadratic
risk [, - [(f1y (: ) — pu(1))?]. More precisely, let

R, (t;h, H,, L}, 6%(1))
= LI*"B(1; h, 2H)) + 6>V, (1; h) + D, (t: h)/ Py (t: ) (6)

and set R, (t;h) := R, (t;h, H,, L?%,6%(1)), where

N
1
V, (1 h) = an nz:;n,,(t, h)lxsr’%”|u/m,(z, |,
1 N
B(t; h,a) = t;h)b, (t; h, a),
(t; h, @) PN(z;h);m )b, (15 b, @)

D, (t; h) = E[{Xo() — u(0))?]

N-1
+2 ) pe(5 E({Xo() = WO HX (1) = p(0)})
=1
with
M, L
b,(t: h,) = ; 7| (Wb,
& 7t Wy (8 h)

The three terms on the right-hand side of (6) can be inter-
preted as a bias, a stochastic and a penalty term, respectively.
Regarding the latter, which is specific to the FDA framework,
D, h) /Py (t; h) increases as h decreases because more curves
are excluded from the mean estimation. The weak dependence
of {X,} will be defined such that the autocovariances of the
time series {X,(f),n > 1} are absolutely summable. This means
that, without using any additional information on the FTS model,
we can simply take absolute values and bound D,(#; h) by a
constant equal to the limit of the series of the absolute val-
ues of the autocovariances. For now, we suppose that D, (t; k)
is given.
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The local bandwidth h: is selected to minimize an estimate of
R, (t; h). More precisely,

h € arg min R Lt h)  with

heHy

R,(t:h) = R,(t:h, H,, 12.5%(1)) @)
where ﬁ,,itz are local regularity estimators, and 62(1) is an
estimate of ¢2(f). We will show that, under mild conditions,
ﬁﬂ(t; h)/R,(t; h) = 1 + op(1), uniformly with respect to h € H .
As a consequence, the rate of n, will coincide with that of the
minimizer of R (t; h).

2.2.2 | Adaptive Autocovariance Function Estimator

The nonparametric estimation of the lag-¢ autocovariance func-
tion I'y, £ > 1, seems less explored in the literature. Kokoszka
et al. (2017) consider the case of fully observed, error-free sample
paths and derive asymptotic results for the empirical autoco-
variance functions. Zhong and Yang (2023) consider M A(c0)
FTS observed with error over a fixed grid of design points, and
use splines to estimate the sample paths. Their grid size cor-
responds to a dense regime and allows then to show that the
empirical lag-# autocovariance function constructed from the
smoothed curves is asymptotically equivalent to the infeasible
one obtained from the true sample paths. We propose here a
nonparametric estimator of the lag-# cross-product function
v.(8,1) = [E[X,,(s)XH/(t)], s,t € I, with independent or com-
mon design, in a sparse or dense regime, and which adapts to the
regularity of the process generating the FTS. The estimator of I',
is constructed from the estimators of y, and p.

Let s,t € I, and £ be an integer greater than or equal to 1. Let

N-¢

Py (s.t:h) = Y 7,(ss ), (1 h)
n=1

be the number of pairs (X,,X,,,) with at least one pair
(T,;»T,py) in the rectangle [s —h,s+h] X[t —h,t+ h]. The
adaptive estimator of y, (s, 1) is

Pre(s:0) =Ty o(s,1:17) with

Z w,(s; ), (1 h) A

Py, (5:13 h) X, (s X, () (8)

?Nf(sa t;h) =

n=1

with )/(\n(s; h) and f,mﬂ(t; h) as in (4). The local bandwidth h; is
data-driven, defined as

h* € arg min R ,(s, 15 h) 9)
heH

where I’Q\y(s, t; h) is the estimate of

R,(s,1;h) = 3v3 (X1, () L>h*"™B(s|t; h, 2H , 0)
+3v2(X,(s)) L n*™B(t|s; h, 2H,, €)
+3{c* (V3 (X1, (DY, o(s, 1 h)
+ 2OV (X (), 4(s, 1 h) }
+36%(s)0” (1), (s, 1: h) + D(s,1: h)/ Py 4(s.1; h)

where for any 4 > 0, « > 0, and any integer ¢’ > 0,

N-¢
shr, ,(th
B(t|s; h,a, ') = Z M

Py (.11 )

n=1

byyo(t:h, ),

M,

n

b,(t;ha) = ) Lo

i=1

o

W,

n,i

(t; h),

NS 7, (53 ), (15 )

PNf(S, t; h)

V, (s, t;h
re (S, 1) = PN/;(sth)

n=1

X max W L (th
1<i<M,, wera s ),

N 7, (55 )7,y 0 (15 )

PNYK(SJ;h)

VV,H.f,k(t; h),

V (s, t;h
(s, 1, h) = PN/(s e Z

X max W, ;(s;h) max
1<ism, ™ 1<k<M,,,,
D(s,t;h) = E(X, ® X, —

N-£-1
+2 ) pls EEX ® X, —7,)(X, ® Xy = 1,)(5.1)

k=1

7o) (s, 1)

where

NZ CE(S T, (5T T (6 )T g (8 )

PNf(s, t;h)

pi(s,t;h) =

i=1

Here, for any f and g real-valued functions, (f ® g)(s,?) =
S($)g(@).

We show that 2R (.15 h) is a bound of the quadratic risk
[EMT{yf(s t,h) — yf(s 1)}2. Like for the mean function estima-
tion, R ,(s,1; h) is obtained by replacing the values of H, L? and

c? by the estimates introduced above. Moreover, the moments
v2(X,(s)) and vZ(X,, (1)) are simply ObNtained as empirical vari-
ances of the presmoothing estimator {X,}, see Section A in the
Appendix. Assuming a stronger weak dependence assumption on
{X,}, the autocovariances of the series {X, ® X,,,(s,7),n > 1}
are absolutely summable. Similar to mean estimation, this means
that we can simply take absolute values and bound D(s, t; h) by a
constant. The details are given in Lemma E.8 in the Appendix.
For now, we assume that D(s, #; h) is given.

3 | Asymptotic Results

We develop asymptotic theory as the number of curves N is
growing to infinity. The expectation 4 of the variable M depends
on N, namely it has to increase to infinity with N. Thus, the
domain points 7,;,, 1<i<M,, 1<n< N form a triangular
array. Before presenting the results, we formally present two
important hypotheses: the local regularity of X and the weak
dependence of {X,}. Then we prove the asymptotic behavior
of our estimators under the independent design. The common

design case will be discussed in Section 3.5.

3.1 | The Local Regularity Assumption

For simplicity, we focus on the case where the sample paths
of X are almost surely nondifferentiable. Functional data in
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fields such as energy, environmental science, chemistry, physics,
medicine, and meteorology are often highly irregular, making the
consideration of nondifferentiable curves X, realistic. The notion
of local regularity is extended to cases where the sample paths of
X have derivatives, with detailed proofs and results provided in
the Supporting Information. Let J C I be an open interval.

H6. The stationary distribution of {X,} satisfies the follow-
ing conditions: Lipschitz functions H : J — (0,1],L : J —
(0, ), and constants f,, S, > 0 exist such that:

a. the paths of X belongs a.s. to the Banach space C(7) and

0<a, :=,ilrel§[E[X2(”)] Silelg)[E[Xz(u)] =13y <0

b. there exists A, > 0 such that V¢,u,v € J witht — A;/2 <
ut<v<t+A4,/2,

)[E[{X(u) — X))} = L2 |u - u|2Hv) < S2|u — o2

Definition 3.1. Let X(H, L;J) denote the class of stochastic
processes X with continuous paths satisfying (H6) and

0<inf H,<max H,<1 and O0<inf L, <supL, <o
ueJ uelJ ueJ uelJ
The local regularity of X at ¢, an interior point of 7, is defined by
the parameters H, and L?.

3.2 | Weak Dependence Assumption

We consider a general notion of weak dependence which allows
for a refined study of the local regularity of FTS. More precisely,
we reconsider the concept of IL’]’{ — m-approximability in the con-
text of (C, || - ||, )-valued (instead of H-valued) random processes.
This is slightly more restrictive than the setup considered by Hor-
mann and Kokoszka (2010), but in this way the type of weak
dependence between the curves X, is inherited by the sequences
{X,(},forallt € I. The general idea with the weak dependence
type considered by Hormann and Kokoszka is to approximate
{X,} by an m-dependent sequence {X,m > 1} such that, for
every n € Z, the sequence { X fl’"), m > 1} converges in some sense
to X, asm — oo. The limiting behavior of the original process can
then be obtained from that of its coupled m-dependent sequences
provided they are sufficiently close to the original process.

Some more notations are needed: (-, -);, and || - ||;, are the inner
product of the Hilbert space H and the associated norm, respec-
tively. For p > 1, L? is the space of real-valued variables Z with
v,(Z) = (E[|Z|"]))"/? < c0. Moreover, L%, and L, are the spaces of
H-valued and C-valued random functions X with v, (|| X||;,) < oo
and v, (|| X||,) < oo, respectively.

Definition 3.2. The stationary FTS ({X,} is L7 —
m-approximable with p > 1 if:

1. {X,} C L{. admits a moving average (MA) representation,
that is,
X, =FCnéia o)

with {£,} independent copies of £ € S, .S a measurable
space and f a measurable function from S to C.

2. Foreveryn € Z, let {éf,(c"), k € Z} be a sequence of indepen-
dent copies of ¢ defined over the same probability space. The
coupled version of X, is defined by

X = Eats - Enmrts & s G s )

3. The sequence {X",m > 1} converges to X, as m — oo in
the sense that

D v, (X, = X|l,) < oo

m>0

As in Hormann and Kokoszka (2010), having p > 4 will be conve-
nient for our applications. Moreover, in Assumption (H7) below
we impose stronger restrictions on the rate of convergence of the
coupled sequences, see also Rice and Shum (2019).

H7. The stationary FTS {X,} is [I_’é — m-approximable with
some p > 4 such that constants C > 0 and « > 3/2 exist
and v,(|[X,, — Xr(n'")”oo) <Cm™“* m2>1.

The basic properties of I]_f{ — m-approximability established
by Hormann and Kokoszka (2010, Lemma 2.1) remain true
with Definition 3.2 (see our Lemma B.1 in the Appendix).
Moreover, Lemma B.2 in the Appendix shows that I]_’é -
m-approximability entails the pointwise L? — m-approximability
of {X,(r)}, for all t € I. The condition p > 4 guarantees that the
long-run variances D(z; k) and D(s, t; h), of {X,} and {X, X, .},
are summable. Note also that I]_’Z, — m-approximability implies
[I_;J{ — m-approximability, because the || - ||;; is bounded by the
sup-norm. Definition 3.2 can also be considered with other
Banach spaces C than (C(1), || - ||, ). For instance, when C is the
real line, our definition of I]_‘Z, — m-approximability becomes the
.» — m-approximability for scalar times series, see Wu (2005).

Common FTS models, such as the FAR(1) model, functional
linear process, product model, and Functional ARCH(1), are
[I_’é — m-approximable in the sense of Definition 3.2. We con-
sider these examples under slightly stronger assumptions than
those in Héormann and Kokoszka (2010), corresponding to our
choice of the space C in Definition 3.2. The full justification for
these examples is provided in the Supporting Information. Let
L = L(C,C) denote the space of bounded linear operators on
(C, || * ll)- For any operator ¥ € L, let |||Al||,, = sup{||Ax|,, :
lIxllo <1}

Example 3 (FAR(1) model revisited). Consider the
model in Example 2, with ¥ € £ such that |||?]||, <1, and a
zero-mean i.i.d. sequence {&,} C I]_g. By Bosq (2000, Theorem
3.1), there exists then, a unique mean zero, stationary solution
{X,} C Cofthe FAR(1) equation (3), provided p > 2. Then, {X,,}
is L\, — m-approximable.

3.3 | Asymptotic Results on the Adaptive Mean
Function Estimator

To establish the consistency and the convergence rate of the esti-
mators in the independent design case, we make use of the fol-
lowing further assumptions.
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HS. The estimator X ,(t; h) is the NW estimator with

M,

-1
Tn,i_t \ Tn,k_z
wion- (52 [Ba(59)]

i=1...M,

n

where the convention 0/0 = 0 applies. The kernel K is
a nonnegative, symmetric and bounded kernel K, sup-
ported in [~1,1] such that inf, ; K(u) > 0.

H9. The bandwidth set H, is a grid with at most
(N A)¢ points, for some ¢ >0, such that maxHy —
0 and Nimin Hy /log(N 1) — oo. Moreover,
log(N)/log?(A) — 0.

H10. Constants ¢, ¢ > 0 exist such that, forany N,c < M /A =
M/E(M)<cT.

H11. The density g of the observation points T,; is Holder
continuous, and constants gg,Eg exist such that 0 < <, <
gty <c, Viel.

< ¢y

H12. The estimators of (H,,Lf) € (0,1) X (0, 0) admit con-
centration bounds as in Theorem A.1 and Theorem A.2
in the Appendix with ¢ = (log ﬂ)_z and y = (log A)_l,
respectively.

The condition on a kernel bounded from below (e.g., the uni-
form kernel) in (HS8), and the condition (H10) can be relaxed at
the cost of more involved technical arguments. Regarding (H11),
if the design density g vanishes at ¢, the pointwise convergence
rate at ¢ of any nonparametric estimator would be degraded, and
our assumption prevents this. We conjecture that by construc-
tion our risk bound (6) adapts to low design, but we leave the
study of this aspect for future work. Finally, since we necessarily
have h > (N A)~! for every h € H, and, by the last part of (H9),
(N 4)~1/108°() _, 1 the assumption (H12) guarantees that replac-
ing the exponent H, by its estimate does not change the rate of the
risk bound. For itz, which appears as a factor in the risk bound,
a slower concentration rate is sufficient.

Theorem 3.3. Lett € I and assume that (H1) to (H12) hold
true. Then, we have h* = Op{(N A)~/0+2H)} " and the estimator
@) = Hy hf‘) defined in (5) and (7) satisfies

fin @) = u() = OP{(NA)'%}* + N‘“Z}

The rate of the optimal bandwidth A} and the rate of convergence
of ﬁ}*v(t) coincide with those obtained by Golovkine et al. (2025)
in the i.i.d. case. Our mean function estimator achieves the min-
imax rate derived by Cai and Yuan (2011) for the mean function
estimation. This convergence rate is slower than the parametric
rate Op(N~1/2) in the sparse regime (1> < N), and achieves the
parametric rate in the dense regime (A*f > N). See Zhang and
Wang (2016) for the terminology.

‘We next derive the pointwise asymptotic distribution of our adap-
tive mean function estimation. Usually, the rate of convergence in
distribution for a nonparametric curve estimator is given by the
power —1/2 of the effective sample, and the limit has the mean

corrected by a bias term. In our context, the effective sample size
is expected to be given by N 4 times the bandwidth. Meanwhile,
the rate of convergence of the mean function estimator cannot be
faster than the parametric rate N /2 which corresponds to the
ideal situation where all N curves are observed without error at
t. In the following, we show that the effective sample size is given
by Py (t; hy) which, by construction, adaptively accounts for the
two aspects.

In a functional data context, the regularity of the mean function
is necessarily equal to or larger than that of the sample paths. As
a consequence, the minimax optimal rates for the mean function
estimation are given by the sample path regularity, see Cai and
Yuan (2011). Hence, from the minimax optimality perspective,
the rate of convergence in distribution for a mean function esti-
mator has to depend on H,. Assuming a higher regularity than
the true one makes the convergence in distribution break down,
as the bias term will tend to infinity.

Theorem 3.4. Lett € I and assume that (H1) to (H12) hold
true, and the error variable € has a finite moment of order (2 + 6),
forsome s > 0.Let hy € Hy, N > 1, such that

(NAHYCHADR 50 (10)

Moreover, assume that

(1) N T MHWZ " P s 0 "
PN(t;hN_)nZI,ﬂn(f, N) ; i(thy) p — E(1) € [0,00) (11)

and

N
1
Var a——— K AP HOENT0)
aM’T(\/PN(ﬁhN)r;” ! g }>

28,0 € (0,00) (12)

Then /Py (t; hy){ iy (t; hy) — u(0)} < N(0,S,() +Z(@)).

To prove the pointwise asymptotic normality of 7y (t;hy),
we first write the sequence /Py (1;hy){fiy(t:hy) — u(@)} as
the sum of the sequences 4/ Py (t; h){ﬁN(I; h) —ﬁN(t;h)} and
\/Py(t; h){jiy(t;h) = u(1)}, that are conditionally indepen-
dent given {M,.T,,,1<i< M, 1<n<N}. Here, jiy(t:h)
denotes the infeasible mean estimator obtained after replacing
)?,,(t; h) by X,(7) in the definition of fiy (7; h). Then, it suffices
to study separately the convergence in distribution of these two
sequences conditionally given the M,’s and the domain points
T,,;. For the former, after centering it, we use the Lyapounov’s
Central Limit Theorem (CLT) for independent variables, and
the condition (11) requires that its conditional variance has a
limit. Condition (10) makes the bias term negligible and thus
avoids the usual mean correction used in the nonparametric
regression. For the second, we use a suitable CLT for dependent
variables, and the condition (12) requires that its conditional
variance also has a limit. In the dense regime case, if in addition
Ahy — oo, then X(f) = 0 and S, (¢) is the long-run variance from
the CLT for the infeasible empirical mean estimator (Horvath
and Kokoszka 2012, Theorem 16.3). As expected, in the sparse
regime case, the rate of convergence in distribution, given by
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E[Py(t; hy)]~'/2, is slower than N~%/2. Moreover, in this case
>(¢) = 6(t) and S, () = Var(X(#)). Finally, let us notice that
Theorem 3.4 can be extended to a vector of values of the mean
function. For brevity, we omit this extension.

3.4 | Asymptotic Results on the Adaptive
Autocovariance Function Estimator

To derive the asymptotic rate of
on the bandwidth range.

75, (s, 1), we add an assumption

H13. N(AminHy)?/log(N 1) — co.
Theorem 3.5. Assume the conditions (H1) to (H6), (H7) for
p > 8,(H8)to(HII),(HI2)fors,t € I,and (H13)hold true. More-
over, assume that a constant € > 0 exists such that
EX@) - X@)* <C[EXwW) - X)),  Vuvel
Let H(s,t) =min{H, H,}. Then,
K =0p (max {(NAZ)_m, (N 3)" T })

and

__men __Hen
?;f f(S, 1) = 7e(s,1) = (9[@((]\]12) WG] 4 (N A) 2H600 4 N71/2>

Let us note that

1 1
(N/lz) 2{H(s0+) S>> (N,{)_ 2H (s,0)+1 — ),ZH(SJ) < N

and H(s,1)
(NA) eon <« N7Y?2 = J2HON 5 N
As a consequence, in the “sparse” regime (i.e., A7) <« N),

max {

Ay () = u)| Ay 0 = )]} = 0

P50 = 1,65,

Moreover, the convergence rates of ?;ﬁ]’ ,(s,), iy (s) and iy (1)
are all slower than the parametric rate Op(N~'/2). In the
“dense” regime (i.e., A7) > N), the three estimators attain
the parametric rate. As a consequence, the estimator qu;v’ A8, =
?j(,’ ,(8,1) = iy ()5, (1) of the autocovariance function estimator
I',(s,t) has the same convergence rate as 5/\;:], A(s,0).

The pointwise convergence rate for the lag — # autocovariance
function, obtained in Theorem 3.5, coincides with that for the
estimation of the covariance function in the i.i.d. case, see
Golovkine et al. (2025). This rate is given by the lowest regularity
exponent H at s and 7.

3.5 | Asymptotic Results for the Common
Design Case

As noted by Golovkine et al. (2025), the local bandwidth selec-
tion rules defined in (7) and (9) can be used for the mean and
covariance function estimation, with both independent and

common design. In the case of common design, where T, ; = T;,
1 <i < 4, the indicators z,(t; #) no longer depend on #, and they
are all equal either to 0 or 1. That means that 4} and A7 are auto-
matically chosen in the set of admissible bandwidths where the
x,(t; h) are all equal to 1. That also means that the penalty terms
D, (t; i)/ Py (t; h) and D(s, 1; h)/ Py (s, t; h) can be removed from
the risk bounds, because they are constant on the range of
admissible bandwidth values, and the risk bounds minimization
is constrained to the admissible set. If the common design is
equidistant, 4 cannot be smaller than 1/4. For both mean and
autocovariance functions, two cases can occur: the minimum
of the risk bound without the penalty term is attained in the
interior of the admissible set of /4 (dense regime case), or on the
left boundary where the bias term will be larger than the variance
term (sparse regime case). Thus, our kernel smoothing automat-
ically selects between linear interpolation and smoothing by
choosing the optimal bandwidth in a data-driven manner. This is
illustrated in our real data analysis for the mean function estima-
tion. As a consequence of these facts, we can deduce the following
result for which the justification is obvious and is thus omitted.

Theorem 3.6. Assume that T, ; belong to a common design as
in condition (H3).

1. Assume that the conditions of Theorem 3.3 are satisfied and
) = iyt h:‘l) with h: defined as in (7). Then, iy, (1) —
ut) = Op(A~H + N71/2),

2. Assume that the conditions of Theorem 3.5 are satisfied and
?;f(s, DENINPICHS hy*) with h; defined as in (9). Then,
Tr (8D =7,(5.1) = Op(A7HOD + N712),

4 | Numerical Study

This section presents a Monte-Carlo study and an application
to daily voltage curves from the Individual Household Elec-
tricity Consumption dataset (Hebrail and Berard 2012). The
results were obtained using an R package which is publicly avail-
able at https://github.com/hmaissoro. The Epanechnikov kernel
(K(u) = (3/4)(1 — u?) for |u| < 1, and 0 otherwise) was used in all
experiments.

41 | Simulation Setting

We consider three types of FTS {X,} and investigate the effec-
tiveness of our methods in the case of nondifferentiable sample
paths with different local regularity exponents. The three types of
FTS that are considered are versions of a FAR(1) process with an
associated innovation process {&,},

1
X, W) = p(u) + / w(u, $)(X,_1(5) = u(s)ds + L&, () (13)
0

where u(?) = 4sin(3xt/2), w(u,s) = k exp(—(u + 2s)?) and the
constant « is chosen so that the operator norm [||-|||, of the inte-
gral operator defined by y(u, s) is equal to 0.5, while L, = 2. A
series of 100 burn-in steps are used to initialize (13).

The simulation results we present here are obtained with the
series {X,} generated in what we call FTS Model 2: {X,} is
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FIGURE1 | Simulation parameters. Left: logistic local exponent function H, used in FTS Model 2 and 3. Middle: the mean function y used in FTS
Model 1 and 2. Right: the empirical approximation of the lag — 1 autocovariance function y, (s, t) obtained from a large sample in FTS Model 2 when

u=0.
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FIGURE2 | Boxplots of R =400 pointwise estimates of ﬁ, and if, for r € {0.2,0.4,0.7,0.8} and four pairs (N, 4), in FTS Model 2. The dashed

horizontal lines indicate the true values of H, and L2.

a FAR(1) as in (13), with {&,} independently generated from a
MfBm with a logistic Hurst index function (see Figure 1). FTS
Model 1 is a version of FTS Model 2 with a constant Hurst
index H, instead of the logistic one, while FTS Model 3 is
another version of FTS Model 2 with the mean function y(7) and
the function y(u, s) learned from the daily voltage of the Indi-
vidual Household Electricity Consumption dataset (Hebrail and
Berard 2012). The results obtained with FTS Model 1 and 3, as
well as details of the setups of these models, are presented in
Supporting Information.

To obtain the data points according to (1), the integers M, are
randomly generated uniformly between 0.84 and 1.24, while
the {7, ;} are uniformly distributed over (0,1]. The errors ¢,
are Gaussian with constant variance o2 = 0.25%. We consider

(N, 4) € {(150,40), (1000, 40), (400, 300), (1000, 1000)}. For each
setup, we generate R = 400 independent series.

4.2 | Local Regularity Estimation

Our approach for the estimation of H, and L?, detailed in Section
A in the Appendix, depends on the tuning parameter A in
(A.1), and the presmoothing used in (A.2). The presmoothing
bandwidth is selected by a standard cross-validation procedure
described in the Supporting Information. Our local regularity
estimation approach is sensitive to the choice of A. The Theorems
A.1 and A.2 propose the choice A = exp(—(log /1)7) for some y €
(0,1). On the basis of an extensive simulation study detailed in
the Supporting Information, we set y = 1/3. Figure 2 shows the
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FIGURE3 | Empirical average of the risk function ﬁﬂ(t; h)att € {0.2,0.4,0.7,0.8} over 400 independent functional series generated according to

FTS Model 2, with four setups (N, 1):

boxplots of ﬁ, and ff defined in (A.4) for the four pairs (N, 1)
at four points ¢t € I = (0, 1]. The bias of the regularity parameters
estimates decreases as A increases, and the boxplot are more con-
centrated as N increases. Overall, the local regularity estimators
show good finite sample performance.

4.3 | Mean Function Estimation

Our adaptive “smooth first, then estimate” estimator of the mean
function is constructed with the bandwidth h; defined in (7),
obtained by minimizing the estimated bound Zﬁ”(t; h) of the

pointwise quadratic risk. Instead of the dependence coefficient
D, (t; h), we simply consider

N
D0 == Y (%0 -nxw)
n=1

N-1

1
2y ——
N2

N-¢-1

{X,0-vxan}

n=1
x{&Mm—ﬂwmﬁ|

with {X, .} the presmoothed curves as defined in (A.2) and
V,(X (1)) their empirical mean at r. Figure 3 presents the average of

(1000, 1000), . . (1000,40), _ _ _ _ (150,40),........ (400, 300).

the risk function ﬁ”(t; h) over 400 independent time series gener-
ated according to FTS Model 2, with four setups (N, 4). The plots
provide evidence that 7 — R, (t; h) is a convex function which
converges to zero as N and 4 become larger.

Table 1 shows the bias and standard deviation of the estimates
of fiy, () = fiy(t; h:) obtained for functional time series gener-
ated according to the FTS Model 2. As expected the bias and the
variance decrease as N, A — oco. The estimated standard devia-
tions increase as ¢ increases, which may be surprising given that
the sample paths become smoother to the right of the domain
1. However, larger t also means larger Var(X,) (see Supporting
Information for the variance plot), and the consequence is less
precise estimates of the mean. Finally, we study the asymp-
totic distribution of i} (r). The O — Q plots in Figure 4 show
that the Gaussian limit, as stated in Theorem 3.4, is an accu-
rate approximation. Indeed, we notice that the distribution of
Pyt ) 2 (E0) + 8,0} 2 {fiy (t:hy) — u(0)} is close to the
standard normal distribution for all (IV, A) considered. The esti-
mates i(z) and § (1) are defined in the Supporting Information.

We conclude this section with a comparison with the procedure
of Rubin and Panaretos (2020), procedure referred to as RP20, in
the context of the FTS Model 2. A similar comparison in the con-
text of the FTS Model 3 can be found in Supporting Information.
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TABLE1 | Biasandstandard deviation (Sd) of the mean function estimates obtained from 400 independent time series generated in the FTS Model 2.
t=0.2 t=04 t=0.7 t=0.38
N A Bias Sd Bias Sd Bias Sd Bias Sd
150 40 0.0056 0.2079 0.0112 0.2692 0.0329 0.3259 0.0497 0.3417
1000 40 0.0005 0.0883 —0.0062 0.1139 0.0119 0.1353 0.0213 0.1425
400 300 0.0074 0.1283 0.0049 0.1626 0.0119 0.1944 0.0150 0.2044
1000 1000 —0.0020 0.0849 0.0004 0.1094 —0.0003 0.1301 0.0003 0.1369

t=0.2, N=150, A=40

t=0.2, N=400, A=300

-2 0 2

£t=0.2, N=1000, \=40

t=0.2, N=1000, A=1000

-2 0 2

FIGURE4 | Normal Q — Q plots of \/PN(t;hN)(ﬁN(t;hN) - ;4(1))/\/§M(t) + f(t) att =0.2, with hy = {h:}“. The results obtained with 400

independent series generated in the FTS Model 2.

Rubin and Panaretos (2020) proposed a locally linear estimator of
the mean function, which we denote by Jiyp, in sparsely observed
settings. Their bandwidth is selected by K-fold cross-validation
using the Bayesian optimization algorithm implemented in
MATLAB. The implemented procedure is such that the observa-
tions times {7;;} are randomly sampled over a regular discrete
grid of 241 points. In addition, since the implementation of
K-fold cross-validation is time consuming, a projection on
a B-spline basis is proposed for dimension reduction in the
Bayesian optimization. In Figure 5, we present the boxplots of
the selected bandwidths according to RP20’s global approach and
to our local approach. The selected bandwidths have comparable
sizes in almost all setups (N, 4). As expected from the increasing
shape of the function H, our local bandwidths are smaller for
t in the first half of I and increase as ¢ gets closer to 1. Table 2
shows the ratio of the Monte-Carlo estimates of the mean square
error (MSE) of our mean function estimator and the RP20’s local
linear estimator. Although the ratio is close to 1, our estimator
shows slightly better performance (ratio less than 1) in almost
all setups.

4.4 | Autocovariance Function Estimation

To focus on the specific aspects related to the estimation of the
lag-# autocovariance function, we consider series generated as in
FTS Model 2 but with the mean function set equal to zero. We set
¢ = 1. An accurate approximation of y, (s, ) = E[X,,(s)X,,,(1)] is
shown in Figure 1. In this case, f;yl(s, N =751 h), with
7n.1(s,1; h) defined in (8) and the bandwidth h;k obtained from (9).
Further details on the optimization in (9) are given in Supporting
Information. The results of the estimation of the lag — 1 autoco-
variance function for two setups (N, 1) are presented in Table 3.
Larger Sd values occur for smaller N and/or for points (s, #) with
larger values of y, (s, 7).

4.5 | Real Data Analysis

Predicting electrical energy consumption is essential for plan-
ning electricity production and significantly reduces the prob-
lems of storage and overproduction. A key step in this objective
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FIGURE5 | Bandwidths selected by RP20 (left boxplot) and by our local approach for the mean estimation at ¢ € {0.2,0.4,0.7, 0.8}; results from

400 independent series generated in the FTS Model 2.

TABLE 2 | MSE ratio for our mean estimator and RP20; results from 400 series generated in FTS Model 2.

N A t=0.2 t=04 t=0.7 t=0.8
150 40 0.9689 0.9321 0.9520 0.9537
1000 40 0.9710 0.9414 0.9228 0.9208
400 300 1.0131 0.9716 0.9959 0.9867
1000 1000 0.9914 1.0015 0.9917 0.9949

TABLE 3 | Biasand standard deviation (Sd) of the lag-1 cross-product function y, (s, ) estimation in FTS Model 2 when i = 0; results obtained from

400 independent series.

(s,1) = (0.2,0.4)

(s,t) = (0.4,0.7)

(s,1) = (0.7,0.8) (s,1) = (0.8,0.2)

N A Bias Sd Bias Sd Bias Sd Bias Sd
150 40 0.0019 0.3359 0.0307 0.5193 0.0371 0.6675 0.0102 0.4058
1000 40 0.0052 0.1303 —0.0004 0.1893 0.0026 0.2398 0.0126 0.1568

is to be able to accurately estimate the evolution of the electric-
ity production parameters (such as the voltage), and functional
time series are an effective approach for this purpose. To illus-
trate, we consider the data provided by the Individual Household
Electricity Consumption dataset from the UC Irvine Machine
Learning Repository (Hebrail and Berard 2012). It contains var-
ious measurements of electricity consumption in a household
near Paris, with a sampling rate of one minute from December
2006 to November 2010. The data of interest here are 1358 voltage

curves with a common design of 1440 points (corresponding to
minute-by-minute observations), normalized so that I = (0, 1].
There are about 5.8% daily curves missing from the dataset, but
we decided to neglect the missingness effect and consider the
series as complete.

Our model (1), assumes that the measurement errors €,; are
iid. To check their serial correlation within the real voltage
curves, we compute residuals from the smoothed curves and test
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(a) N=1358, A=96, common design

(b) N=50, A=1440, common design

N A [
2w\ W o~y {
\ VA i 242
-~ \
0 Noay” N 240
“«‘/p\l’ '
238 238
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
time time
(c) N=1358, A=96, random design (d) N=1358, A=1440, common design
242 242
240 240
238 238
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
time time
FIGURE 6 | Estimation of the daily mean function using our procedure ( A ), the empirical mean (_ _ _ _ X ), and RP20 (....... Hgp) for

the daily voltage curves. The settings are: (a) all the curves with common design each 15 min; (b) the last 50 curve with complete common design (1440
points); (c) all the curves with independent design, the integers M, are randomly generated between 77 and 115, the design points are selected randomly
among the complete design; and (d) all the curves with the complete common design.

their serial dependence using the Durbin—Watson test (Durbin
and Watson 1971), as implemented in the dwtest function
from the R package 1mtest (Hothorn et al. 2020). Using the
Benjamini-Yekutieli multiple testing procedure (Benjamini and
Yekutieli 2001), we reject the null hypothesis at the level 0.01 for
only 5.6% of the curves. The details are provided in the Supporting
Information.

We then compare the estimates of the daily mean voltage curve
obtained by our procedure, the RP20 procedure and the empir-
ical mean. In our procedure, we first estimate the local regular-
ity parameters, as described in Section A in the Appendix. For
the presmoothing and the choice of the tuning parameter A, we
follow the guidelines given in Section 4.2, which proved to be
satisfactory in our simulation study. Given the local regularity
estimates, we minimize the risk function in (6) over a grid of
bandwidths.

Figure 6 shows the estimates of the daily mean voltage curve with
our procedure, the procedure RP20, and the empirical mean
X constructed with the interpolated curves with common
design. The plot of YN in Figure 6c is the same as in Figure 6d.
The infeasible empirical mean of all the curves X, is the ideal
estimator for the mean function p. Given the large number of
curves and design points in the real data set, one can reasonably
consider that the estimator X, in Figure 6d is close to the
infeasible empirical mean and thus to the theoretical mean u.
In our application, the regularity exponent H, is mostly between
0.1 and 0.5 (see Supporting Information). Therefore, the case in

Figure 6a, more likely falls in the “sparse” regime (4*H+ < N).In
this case, our approach automatically selects the smallest admis-
sible bandwidth, leading to the interpolation. This explains why
our estimator and the empirical mean coincides in Figure 6a. Let
us point out that assuming twice differentiable curves, as it is
usually considered in the literature, would mean to consider this
case as belonging to the “dense” regime (because 96* > 1358).
When only a sub-series of N = 50 curves are selected, we are
more likely in the “dense” regime. This explains that our esti-
mator in Figure 6b is smoother than the empirical mean. The
plot in Figure 6c compared with that in Figure 6a illustrates
the difference between the common and independent designs.
The estimator X , exhibits irregular behavior in each plot. Our
estimates appear to capture this irregularity more effectively than
the procedure proposed by Rubin and Panaretos (2020), which
produces smoother results, as can be seen in 6¢,d. The case in
Figure 6d seems to fall at the frontier between the “sparse” and
“dense” regimes, and therefore our estimator balances between
local averaging and interpolation. To summarize, our adaptive
procedure automatically chooses between the interpolation and
smoothing in the common design setting. It is worth recalling
that in the common design with sparsely sampled curves (i.e.,
when A2 < N) interpolation is minimax rate optimal (see Cai
and Yuan 2011). In practice, however, the phase transition from
sparse to dense is unknown and an adaptive procedure is help-
ful. In the case of independent design, our adaptive estimator
accurately approximates the ideal infeasible mean estimator and
is able to capture its irregular patterns, which are likely to be
inherited from the theoretical mean.
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5 | Conclusions

We have studied a notion of local regularity for the process
generating the sample paths of a stationary, weakly dependent
functional time series (FTS). The paths are observed with het-
eroscedastic errors on discrete sets of design points, which may
be fixed or random. The weak dependence condition we con-
sider is satisfied by a large panel of FTS. Using a Nagaev-type
inequality, we derive bounds on the concentration of the regu-
larity estimators. Using the regularity estimators, adaptive mean
and autocovariance function nonparametric estimators are pro-
posed. The estimators adapt to the regularity of the process and
to the nature of the design (sparse versus dense, independent
versus common). They are simple “smooth first, then estimate”
procedures where the kernel estimates of the sample paths are
constructed with optimal plug-in local bandwidths. The band-
widths realize the minima of explicit pointwise risk bounds for
the mean and autocovariance functions estimators, respectively.
We also prove the pointwise asymptotic normality of the mean
estimator, a result which permits the construction of adaptive
confidence intervals for nondifferentiable mean functions. The
study can be extended to other types of dependence, can allow
for some serial correlation of the ¢, ; within the curves or for an
informative design (see Weaver et al. 2023). The uniform conver-
gence for the mean and (auto)covariance functions can also be
investigated. Such extensions are left for future work.
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