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Functional data often arise from measurements on fine time grids and are
obtained by separating an almost continuous time record into natural consec-
utive intervals, for example, days. The functions thus obtained form a func-
tional time series, and the central issue in the analysis of such data consists in
taking into account the temporal dependence of these functional observations.
Examples include daily curves of financial transaction data and daily patterns
of geophysical and environmental data. For scalar and vector valued stochas-
tic processes, a large number of dependence notions have been proposed,
mostly involving mixing type distances between o -algebras. In time series
analysis, measures of dependence based on moments have proven most use-
ful (autocovariances and cumulants). We introduce a moment-based notion
of dependence for functional time series which involves m-dependence. We
show that it is applicable to linear as well as nonlinear functional time series.
Then we investigate the impact of dependence thus quantified on several im-
portant statistical procedures for functional data. We study the estimation of
the functional principal components, the long-run covariance matrix, change
point detection and the functional linear model. We explain when temporal
dependence affects the results obtained for i.i.d. functional observations and
when these results are robust to weak dependence.

1. Introduction. The assumption of independence is often too strong to be
realistic in many applications, especially if data are collected sequentially over
time. It is then natural to expect that the current observation depends to some de-
gree on the previous observations. This remains true for functional data and has
motivated the development of appropriate functional time series models. The most
popular model is the autoregressive model of Bosq [14]. This model and its vari-
ous extensions are particularly useful for prediction (see, e.g., Besse, Cardot and
Stephenson [11] Damon and Guillas [23], Antoniadis and Sapatinas [4]). For many
functional time series it is, however, not clear what specific model they follow, and
for many statistical procedures it is not necessary to assume a specific model. In
such cases, it is important to know what the effect of the dependence on a given
procedure is. Is it robust to temporal dependence, or does this type of dependence
introduce a serious bias? To answer questions of this type, it is essential to quantify
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the notion of temporal dependence. For scalar and vector time series, this question
has been approached from a number of angles, but, except for the linear model of
Bosq [14], for functional time series data no general framework is available. Our
goal in this paper is to propose such a framework, which applies to both linear and
nonlinear dependence, develop the requisite theory and apply it to selected prob-
lems in the analysis of functional time series. Our examples are chosen to show
that some statistical procedures for functional data are robust to temporal depen-
dence as quantified in this paper, while other require modifications that take this
dependence into account.

While we focus here on a general theoretical framework, this research has been
motivated by our work with functional data arising in space physics and envi-
ronmental science. For such data, especially for the space physics data, no vali-
dated time series models are currently available, so to justify any inference drawn
from them, they must fit into a general, one might say, nonparametric, dependence
scheme. An example of space physics data is shown in Figure 1. Temporal depen-
dence from day to day can be discerned, but has not been modeled.

The paper is organized as follows. In Section 2 we introduce our dependence
condition and illustrate it with several examples. In particular, we show that the
linear functional processes fall into our framework, and present some nonlinear
models that also do. It is now recognized that the functional principal compo-
nents (FPCs) play a far greater role than their multivariate counterparts (Yao and
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FIG. 1. Ten consecutive functional observations of a component of the magnetic field recorded at
College, Alaska. The vertical lines separate days. Long negative spikes lasting a few hours corre-
spond to the aurora borealis.



DEPENDENT FUNCTIONAL DATA 1847

Lee [64], Hall and Hosseini-Nasab [33], Reiss and Ogden [51], Benko, Hirdle
and Kneip [6], Miiller and Yao [45]). To develop theoretical justification for pro-
cedures involving the FPCs, it is necessary to use the convergence of the esti-
mated FPCs to their population counterparts. Results of this type are available
only for independent observations (Dauxois, Pousse and Romain [24], and lin-
ear processes, Bosq [14], Bosq and Blanke [15]). We show in Section 3 how the
consistency of the estimators for the eigenvalues and eigenfunctions of the covari-
ance operator extends to dependent functional data. Next, in Section 4, we turn to
the estimation of an appropriately defined long-run variance matrix for functional
data. For most time series procedures, the long-run variance plays a role analogous
to the variance—covariance matrix for independent observations. Its estimation is
therefore of fundamental importance, and has been a subject of research for many
decades (Anderson [1], Andrews [3] and Hamilton [34] provide the background
and numerous references). In Sections 5 and 6, we illustrate the application of the
results of Sections 3 and 4 on two problems of recent interest: change point detec-
tion for functional data and the estimation of kernel in the functional linear model.
We show that the detection procedure of Berkes et al. [7] must be modified if the
data exhibit dependence, but the estimation procedure of Yao, Miiller and Wang
[65] is robust to mild dependence. Section 5 also contains a small simulation study
and a data example. The proofs are collected in the Appendix.

2. Approximable functional time series. The notion of weak dependence
has, over the past decades, been formalized in many ways. Perhaps the most pop-
ular are various mixing conditions (see Doukhan [25], Bradley [16]), but in re-
cent years several other approaches have also been introduced (see Doukhan and
Louhichi [26] and Wu [62], [63], among others). In time series analysis, moment
based measures of dependence, most notably autocorrelations and cumulants, have
gained a universal acceptance. The measure we consider below is a moment-type
quantity, but it is also related to the mixing conditions as it considers o -algebras
m time units apart, with m tending to infinity.

A most direct relaxation of independence is the m-dependence. Suppose {X,} is
a sequence of random elements taking values in a measurable space S. Denote by
Fr =of..., Xk—2, X—1, Xy} and ]—",:r = o {Xk, Xi+1, Xk+2, ...} the o-algebras
generated by the observations up to time k and after time k, respectively. Then
the sequence {X,} is said to be m-dependent if for any k, the o -algebras F, and
Fi . are independent.

Most time series models are not m-dependent. Rather, various measures of de-
pendence decay sufficiently fast, as the distance m between the o-algebras F,
and F, ,:“ . increases. However, m-dependence can be used as a tool to study prop-
erties of many nonlinear sequences (see, e.g., Hormann [35] and Berkes, Hor-
mann and Schauer [8] for recent applications). The general idea is to approximate
{Xn,n € Z} by m-dependent processes {X,(,m), n € Z}, m > 1. The goal is to estab-

lish that for every n the sequence {X ,(lm), m > 1} converges in some sense to X, if
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we let m — oo. If the convergence is fast enough, then one can obtain the limiting
behavior of the original process from corresponding results for m-dependent se-
quences. Definition 2.1 formalizes this idea and sets up the necessary framework
for the construction of such m-dependent approximation sequences. The idea of
approximating scalar sequences by m-dependent nonlinear moving averages ap-
pears already in Section 21 of Billingsley [12], and it was developed in several
directions by Potscher and Prucha [48].

In the sequel we let H = Lz([O, 1], Bjo,1], A) be the Hilbert space of square
integrable functions defined on [0, 1]. For f € H we set || f||*> = fol | £()|?dt.
All our random elements are assumed to be defined on some common probability
space (€2, A, P). For p > 1 we denote by L” = LP (L2, A, P) the space of (classes
of) real valued random variables such that || X||, = (E|X|? YI/P < 0. Further we
let L, = LY (22, A, P) be the space of H valued random variables X such that
vp(X) = (B X|I")/? < co.

DEFINITION 2.1. A sequence {X,} € LZ is called LP-m-approximable if
each X, admits the representation,

2.1 Xn=f(en,€n-1,...),

where the ¢; are i.i.d. elements taking values in a measurable space S, and f is a
measurable function f: 5% — H.Moreover we assume that if {g/} is an indepen-
dent copy of {¢;} defined on the same probability space, then letting

(2.2) Xy(lm) = f(en,&n—1, -+ En—m+1, 8;17,71, r9,/17,1171 R
we have
00
(2.3) Z Vp (X — XMy < o0,
m=1

For our applications, choosing p = 4 will be convenient, but any p > 1 can be
used, depending on what is needed. (Our definition makes even sense if p < 1, but
then v, is no longer a norm.) Definition 2.1 implies that { X} is strictly stationary.
It is clear from the representation of X, and X,S’"’ that E|| X,,, — X,(nm) 1P =E|X|—
X Y") I?, so that condition (2.3) could be formulated solely in terms of X and the
approximations X im) . Obviously the sequence {X m e Z} as defined in (2.2) is
not m-dependent. To this end we need to define for each n an independent copy
{8,(6”)} of {e;} (this can always be achieved by enlarging the probability space)
which is then used instead of {g} to construct X flm); that is, we set

(2.4) XU = f (e €ntseeor Enomets €0 6™ 100,
We will call this method the coupling construction. Since this modification leaves
condition (2.3) unchanged, we will assume from now on that the X ,(lm) are defined
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by (2.4). Then, for each m > 1, the sequences {X ,(,m), n € 7} are strictly stationary
and m-dependent, and each X y(,m) is equal in distribution to X,.

The coupling construction is only one of a variety of possible m-dependent
approximations. In most applications, the measurable space S coincides with H,
and the ¢, represent model errors. In this case, we can set

(2.5) XU = fen, &nt1s-.rEn-ms1,0,0,...).

The sequence (X ,Q””, n € 7} is strictly stationary and m-dependent, but X ,(1"1) is no
longer equal in distribution to X,,. This is not a big problem but requires additional
lines in the proofs. For the truncation construction (2.5), condition (2.3) is replaced
by

o
(2.6) D vp(Xm — XWV) < 00,
m=1

Since E[| X — xU|1P = E| X% — X,, 17, (2.6) implies (2.3), but not vice versa.
Thus the coupling construction allows to study a slightly broader class of time
series.

An important question that needs to be addressed at this point is how our
notion of weak dependence compares to other existing ones. The closest rel-
ative of LP-m-approximability is the notion of L7”-approximability studied by
Potscher and Prucha [48] for scalar and vector-valued processes. Since our de-
finition applies with an obvious modification to sequences with values in any
normed vector spaces H (especially R or R"), it can been seen as a generaliza-
tion of LP-approximability. There are, however, important differences. By defin-
ition, L?-approximability only allows for approximations that are, like the trun-
cation construction, measurable with respect to a finite selection of basis vectors,
&n,s ..., En—m, Whereas the coupling construction does not impose this condition.
On the other hand, L?-approximability is not based on independence of the in-
novation process. Instead independence is relaxed to certain mixing conditions.
Clearly, m-dependence implies the CLT, and so our L”-m-approximability im-
plies central limit theorems for practically all important time series models. As we
have shown in previous papers [5, 8, 35, 36], a scalar version of this notion has
much more potential than solely giving central limit theorems.

The concept of weak dependence introduced in Doukhan and Louhichi [26] is
defined for scalar variables in a very general framework and has been successfully
used to prove (empirical) FCLTs. Like our approach, it does not require smooth-
ness conditions. Its extensions to problems of functional data analysis have not
been studied yet.

Another approach to weak dependence is a martingale approximation, as de-
veloped in Gordin [31] and Philipp and Stout [47]. In the context of sequences
{Xr} of the form (2.1), particularly complete results have been proved by Wu [62,
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63]. Again, LP—m-approximability cannot be directly compared to approximating
martingale conditions; the latter hold for a very large class of processes, but, unlike
LP—m-approximability, they apply only in the context of partial sums.

The classical approach to weak dependence, developed in the seminal papers
of Rosenblatt [54] and Ibragimov [37], uses the strong mixing property and its
variants like 8, ¢, p and ¥ mixing. The general idea is to measure the maximal
dependence between two events lying in the “past” F;~ and in the “future” .7:; ms
respectively. The fading memory is described by this maximal dependence decay-
ing to zero for m growing to co. For example, the «-mixing coefficient is given
by

tm = sup{|P(AN B) — P(A)P(B)|A € F; , B € Fit,,,. k € Z}.

A sequence is called o-mixing (strong mixing) if o, — 0 for m — oo.

This method yields very sharp results (for a complete account of the classical
theory (see Bradley [16]), but verifying mixing conditions of the above type is not
easy, whereas the verification of L”—m-approximability is almost immediate as
our examples below show. This is because the L?”-m-approximability condition
uses directly the model specification X, = f (e, &,—1, ...). Another problem is
that even when mixing applies (e.g., for Markov processes), it typically requires
strong smoothness conditions. For example, for the AR(1) process

Y= %Yk—1 + &k

with Bernoulli innovations, strong mixing fails to hold (cf. Andrews [2]). Since
c-mixing, where c is either of i, ¢, B or p, implies a-mixing, {¥Y;} above satis-
fies none of these mixing conditions, whereas Example 2.1 shows that the AR(1)
process is LP—m-approximable without requiring any smoothness properties for
the innovations process. Consequently our condition does not imply strong mix-
ing. On the other hand, L”—m-approximability is restricted to a more limited class
of processes, namely processes allowing the representation X,, = f (e, e4—1,...).
We emphasize, however, that all time series models used in practice (scalar, vector
or functional) have this representation (cf. [49, 59, 60]), as an immediate conse-
quence of their “forward” dynamics, for example, their definitions by a stochastic
recurrence equations. See the papers of Rosenblatt [55-57] for sufficient criteria.

We conclude that L?—m-approximability is not directly comparable with clas-
sical mixing coefficients.

The following lemma shows how L?”-m-approximability is unaffected by linear
transformations, whereas independence assumptions are needed for product type
operations.

LEMMA 2.1. Let {X,} and {Y,} be two LP—m-approximability sequences in
LIZI. Define:

° Z,(ll) = A(X,), where A € L;
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Zr(lZ) =X, + Y
Z,(f) = X,, o Y, (point-wise multiplication);
Zr(14) = (Xn, Yn);
70 =X, ®Y,.

Then {Z,gl)} and {Z,(f)} are LP—m-approximable sequences in LZ. If X,, and Y,
are independent, then {Z,(,4)} and {Z,(f)} are LP—m-approximable sequences in the
respective spaces. If E sup,co 171 Xn ()| + E sup,¢o 17 |Yn (£)|P < 00, then {Z,(,3)}
is LP—m-approximable in LZ.

PROOF. The first two relations are immediate. We exemplify the rest of the
simple proofs for Z, = Z. For this we set Z0” = X™ ® Y™™ and note that
Zy and Z,§1m) are (random) kernel operators, and thus Hilbert—Schmidt operators.
Since

1Zn = 23" < 12w = 237 s
5 1/2

= ( f f (X (1) Y (5) — XS (1) Y1 (5))" dt ds>
),

< V2(1 X Yo = Y |+ Y5 1 X — X537

the proof follows from the independence of X, and ¥,,. U

The proof shows that our assumption can be modified and independence is not
required. However, if X, Y are not independent, then E|XY| # E|X|E|Y|. We
have then to use the Cauchy—Schwarz inequality and obviously need 2 p moments.

We want to point out that only a straightforward modification is necessary
in order to generalize the theory of this paper to noncausal processes X, =
f(..,en+1,8nsEn—1,...). Our framework can be also extended to nonstationary
sequences, for example, those of the form (2.1) where {¢;} is a sequence of inde-
pendent, but not necessarily identically distributed, or random variables where

Xn = fn(gnv En—1, )

The m-dependent coupled process can be defined in the exact same way as in the
stationary case

X,gm) = f}’l (Env 8}'1—17 L} 8}’[—]’]’1-‘1—1’ Sfln—)ma 82”_)}"_1’ .. ')'

A generalization of our method to nonstationarity would be useful, especially when
the goal is to develop methodology for locally stationary data. Such work is, how-
ever, beyond the intended scope of this paper.

We now illustrate the applicability of Definition 2.1 with several examples. Let
L = L(H, H) be the set of bounded linear operators from H to H. For A € L
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we define the operator norm ||A] .z = SUP||y <1 ||[Ax||. If the operator is Hilbert—
Schmidt, then we denote with ||A||s its Hilbert—Schmidt norm. Recall that for any
Hilbert—Schmidt operator A € L, ||Allz < ||A]ls.

EXAMPLE 2.1 (Functional autoregressive process). Suppose W € L satisfies
Wiz <1.Lete, € L%I be i.i.d. with mean zero. Then there is a unique stationary
sequence of random elements X,, € L%I such that

(2.7 Xn(1) = W(Xp—1)(1) + &n(2).

For details see Chapter.3 of Bosq [14]. The AR(1) sequence (2.7) admits the ex-
pansion X, = Z?O:o W/ (gn—j) where W/ is the jth iterate of the operator W. We
thus set X = Z;f:()l W (gp—j) + Z?’;m \lfj(si(ln_)j). It is easy to verify that for
every A in £, vy(A(Y)) < |Allvp(Y). Since Xy — X31" = Y52, (97 () —
Wiey ), it follows that v, (X, — Xg"”) < 2352, [[I%v,(e0) = O(1) x

vp(€0) W |7. By assumption v (gg) < oo and therefore > 0> va(X,, — X,(nm)) <
00, so condition (2.6) holds with p > 2, as long as v, (gp) < oc.

The argument in the above example shows that a sufficient condition to obtain
LP—m-approximability is

”f(am’"'7a13x07~x—19"')_f(an’lv'--7a1’y09y—17"')”

<cmll f(xo, x=1,...) = fFo, y—1,-- ),

where ) ,,~1 cm < 00. This holds for a functional AR(1) process and offers an at-
tractive sufficient and distribution-free condition for L”—m-approximability. The
interesting question, whether one can impose some other, more general condi-
tions on the function f that would imply L”-m-approximability remains open.
For example, the simple criterion above does not apply to general linear processes.
We recall that a sequence {X,} is said to be a linear process in H if X, =

;?OZO W (¢, ;) where the errors ¢, € L%I are i.i.d. and zero mean, and each W¥; is

a bounded operator. If Z?‘;l W ||% < 00, then the series defining X,, converges

a.s. and in L%{ (see Section 7.1 of Bosq [14]).
A direct verification, following the lines of Example 2.1, yields sufficient con-
ditions for a general linear process to be L”—m-approximable.

PROPOSITION 2.1. Suppose {X,} € L%I is a linear process whose errors sat-
isfy vp(e0) < 00, p > 2. The operator coefficients satisfy

(2.8) DO I < oo

m=1 j=m

Then {X,} is LP—m-approximable.
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We note that condition (2.8) is comparable to the usual assumptions made in
the scalar case. For a scalar linear process the weakest possible condition for weak
dependence is

(2.9) D Wl < oo.
j=0

If it is violated, the resulting time series are referred to as strongly dependent, long
memory, long-range dependent or persistent. Recall that (2.9) merely ensures the
existence of fundamental population objects like an absolutely summable autoco-
variance sequence or a bounded spectral density. It is, however, too weak to estab-
lish any statistical results. For example, for the asymptotic normality of the sample
autocorrelations we need ) jlﬁjz. < 00, for the convergence of the periodogram

ordinates ) /j|¥ ;| < co. Many authors assume Y_ j|y;| < oo to be able to use
all these basic results. The condition ) j[v;| < o0 is equivalent to (2.8).

We next give a simple example of a nonlinear L”—m-approximable sequence.
It is based on the model used by Maslova et al. [44] to simulate the so-called so-
lar quiet (Sq) variation in magnetometer records (see also Maslova et al. [43]).
In that model, X, (t) = U, (S(¢) + Z,(¢)) represents the part of the magnetome-
ter record on day n which reflects the magnetic field generated by ionospheric
winds of charged particles driven by solar heating. These winds flow in two el-
liptic cells, one on each day-side of the equator. Their position changes from day
to day, causing a different appearance of the curves, X, (¢), with changes in the
amplitude being most pronounced. To simulate this behavior, S(¢) is introduced
as the typical pattern for a specific magnetic observatory, Z,(¢), as the change in
shape on day n and the scalar random variable U, as the amplitude on day n. With
this motivation, we formulate the following example.

EXAMPLE 2.2 (Product model). Suppose {¥,} € LZ and {U,} € L? are both
LP-m-approximable sequences, independent of each other. The respective rep-
resentations are Y, = g(n1,n2,...) and U, = h(yy, y2,...). Each of these se-
quences could be a linear sequence satisfying the assumptions of Proposition 2.1,
but they need not be. The sequence X, () = U, Y;,(¢) is then a nonlinear L”—m-
approximable sequence with the underlying i.i.d. variables &, = (9, ¥,). This fol-
lows by after a slight modification from Lemma 2.1.

Example 2.2 illustrates the principle that in order for products of L?P-m-
approximable sequences to be L”-m-approximable, independence must be as-
sumed. It does not have to be assumed as directly as in Example 2.2; the important
point being that appropriately-defined functional Volterra expansions should not
contain diagonal terms so that moments do not pile up. Such expansions exist (see,
e.g., Giraitis, Kokoszka and Leipus [28], for all nonlinear scalar processes used
to model financial data). The model X, (¢) = Y,(¢)U, is similar to the popular
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scalar stochastic volatility model r,, = v, &, used to model returns r;,, on a specula-
tive asset. The dependent sequence {v, } models volatility, and the i.i.d. errors &,
independent of the v,, generate unpredictability in returns.

Our next examples focus on functional extensions of popular nonlinear models,
namely the bilinear model of [32] and the celebrated ARCH model of Engle [27].
Both models will be treated in more detail in forthcoming papers. Proofs of Propo-
sitions 2.2 and 2.3 are available upon request.

EXAMPLE 2.3 (Functional bilinear process). Let (¢,) be an H-valued i.i.d.
sequence and let v € H ® H and ¢ € H ® H ® H. Then the process defined as
the recurrence equation,

X1 (1) = / Wt ) Xn(s) ds + / / (0.5, 1) X (5)en 1) ds dit + 41 (1),

is called functional bilinear process.

A neater notation can be achieved by defining ¢ : H — H, the kernel operator
with the kernel function ¢ (¢, s), and ¢, : H — H, the random kernel operator with
kernel

on(t,5) = [ 9(t,5,wen ) du.
In this notation, we have

(2.10) Xnt1 = W + o) (Xpn) + En+1

with the usual convention that (A 4+ B)(x) = A(x) + B(x) for operators A, B. The
product of two operators A B(x) is interpreted as successive application A(B(x)).
A formal solution to (2.10) is
oo k—1
(2.11) Xor1 =) [TW +bup(ent1-0)

k=0 j=0

and the approximating sequence is defined by

m k—1
XM = ST W + ¢u— ) Ens1-0)-
k=0 j=0

The following proposition establishes sufficient conditions for the L?—m-
approximability.

PROPOSITION 2.2. Let {X,} be the functional bilinear process defined in
(2.10). If Elog ||leo|| < 0o and Elog ||V + ¢oll < O, then a unique strictly station-
ary solution for this equation exists. The solution has (L*-)representation (2.11). If
v, (Y + o) (g0)) < 00 and E |y + <I50||§ < 1, the process is L?—m-approximable.
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EXAMPLE 2.4 (Functional ARCH). Let§ € H be a positive function and let
{ex} an i.i.d. sequence in L‘}L,. Further, let B (s, ) be a nonnegative kernel function
in L2([0, 1]2, B[zo’l], kz). Then we call the process

(2.12) Yi(t) = ex(t)ox (1), t€[0,1],
where

2 ! 2
(2.13) o; (1) =6(1) +/(; B(t,$)yi_1(s)ds,

the functional ARCH(1) process.
Proposition 2.3 establishes conditions for the existence of a strictly stationary
solution to (2.12) and (2.13) and its L”—m-approximability.

PROPOSITION 2.3. Define K(e}) = (ff B>(t,5)e}(s)dsdt)'/2. If there is
some p > 0 such that E{K(slz)}p < 1 then (2.12) and (2.13) have a unique strictly
stationary and causal solution and the sequence {yy} is LP—m-approximable.

3. Convergence of eigenvalues and eigenfunctions. Denote by C = E[(X,
-)X] the covariance operator of some X € L%I. The eigenvalues and eigenfunc-
tions of C are a fundamental ingredient for principal component analysis which
is a key technique in functional data analysis. In practice, C and its eigenval-
ues/eigenfunctions are unknown and must be estimated. The purpose of this sec-
tion is to prove consistency of the corresponding estimates for L*-m-approximable
sequences. The results derived below will be applied in the following sections. We
start with some preliminary results.

Consider two compact operators C, K € £ with singular value decompositions

3.1 Cx)=Y rjlx,v))f), Kx)=) yjix,uj)g;.

j=1 j=1

The following lemma is proven in Section VI.1 of (see Gohberg, Golberg and
Kaashoek [30], Corollary 1.6, page 99).

LEMMA 3.1. Suppose C,K € L are two compact operators with singular
value decompositions (3.1). Then, for each j > 1, |y; — A;| < [|[K — Cl|.

We now tighten the conditions on the operator C by assuming that it is Hilbert—
Schmidt, symmetric and positive definite. These conditions imply that f; = v;
in (3.1), C(vj) = Ajv; and Zj )»? < 00. Consequently A ; are eigenvalues of C
and v; the corresponding eigenfunctions. We also define

v =¢jvj, ¢; =sign((uj, v;j)).

Using Lemma 3.1, the next lemma can be established by following the lines of the
proof of Lemma 4.3 of Bosq [14].
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LEMMA 3.2. Suppose C,K € L are two compact operators with singular
value decompositions (3.1). If C is Hilbert—Schmidt, symmetric and positive defi-
nite, and its eigenvalues satisfy

3.2) Al > A2 > o> Ag > Ag+1,
then
23 |
||Mj—U}||§T||K—C||£, l<j=d,

J
where o) = A1 — A2 and(xj :min(kj_l —)\.]‘,)\.j —)»j+1),2§j§d.

Let {X,} € L%{ be a stationary sequence with covariance operator C. In prin-
ciple we could now develop a general theory for H valued sequences, where
H is an arbitrary separable Hilbert space. In practice, however, the case H =
L2([0, 11, Bio,1], A) is most important. In order to be able to fully use the struc-
ture of H and and not to deal with technical assumptions, we need the two basic
regularity conditions below, which will be assumed throughout the paper without
further notice.

ASSUMPTION 3.1. (i) Each X, is measurable (B9 1] x A)/Br.
(ii) sup, cgo.17 EI1X (1)[* < 00,

Assumption 3.1(i) is necessary in order that the sample paths of X, are mea-
surable. Together with (ii) it also implies that C is an integral operator with kernel
c(t,s) =Cov(Xi(t), X1(s)) whose estimator is

N
(3.3) &t s)=N""Y " (Xu(t) — Xn())(Xa(s) — Xn(5)).

n=1

Then natural estimators of the eigenvalues A; and eigenfunctions v; of C are the
eigenvalues b ; and eigenfunctions 9; of C, the operator with the kernel (3.3). By
Lemmas 3.1 and 3.2 we can bound the estimation errors for eigenvalues and eigen-
functions by ||C — C ||%. Mas and Mennetau [42] show that transferring asymptotic
results from the operators to the eigenelements holds quite generally, including a.s.
convergence, weak convergence or large deviation principles. This motivates the
next result.

THEOREM 3.1. Suppose {X,} € L‘}, is an L*~m-approximable sequence with
covariance operator C. Then there is some constant Ux < 0o, which does not
depend on N, such that

(3.4) NE|C —C|% < Uy.
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If the X,, have zero mean, then we can choose
o0

(3.5) Ux = vi(X) +4v203(X) Y va(X, — X7).
r=1

The proof of Theorem 3.1 is given in Section A.1. Let us note that by Lemma 3.1
and Theorem 3.1,

NE[A; —Aj1<NE|C —C||%2 < NE||C — C|% < Ux.
Assuming (3.2), by Lemma 3.2 and Theorem 3.1, [¢; = sign({(D;, v;))],

o 2/2\2 . 8 . 8Uy
NE[]éj0; —vil*1 < (—) NE|C ~Cllz = 5NEIC-Clg = —5
J ¢ o

with the «; defined in Lemma 3.2.
These inequalities establish the following result.

THEOREM 3.2. Suppose {X,} € L‘;I is an L*~m-approximable sequence and
assumption (3.2) holds. Then, for 1 < j <d,

(3.6)  limsupNE[|A; —ij|*1<oo,  limsupNE[|éjD; —vj]*] < oc.

N—o0 N—o0

Relations (3.6) have become a fundamental tool for establishing asymptotic
properties of procedures for functional simple random samples which are based on
the functional principal components. Theorem 3.2 shows that in many cases one
can expect that these properties will remain the same under weak dependence; an
important example is discussed in Section 6. The empirical covariance kernel (3.3)
is, however, clearly designed for simple random samples, and may not be optimal
for representing dependent data in the most “useful” way. The term “useful” de-
pends on the application. Kargin and Onatski [38] show that a basis different than
the eigenfunctions vy is optimal for prediction with a functional AR(1) model. An
interesting open problem is how to construct a basis optimal in some general sense
for dependent data. In Section 4 we focus on a related, but different, problem of
constructing a matrix which “soaks up” the dependence in a manner that allows
the extension of many multivariate time series procedures to a functional setting.
The construction of this matrix involves arbitrary basis vectors vy estimated by vy
in such a way that (3.6) holds.

4. Estimation of the long-run variance. The main results of this section are
Corollary 4.1 and Proposition 4.1 which state that the long-run variance matrix ob-
tained by projecting the data on the functional principal components can be consis-
tently estimated. The concept of the long-run variance, while fundamental in time
series analysis, has not been studied for functional data, and not even for scalar
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approximable sequences. It is therefore necessary to start with some preliminaries
which lead to our main results and illustrate the role of the L”-m-approximability.

Let {X,} be a scalar (weakly) stationary sequence. Its long-run variance is
defined as 0% = > jezVj, where y; = Cov(Xo, X ), provided this series is ab-
solutely convergent. Our first lemma shows that this is the case for L?-m-
approximable sequences.

LEMMA 4.1. Suppose {X,} is a scalar L*>~m-approximable sequence. Then
its autocovariance function y; = Cov(Xo, X;) is absolutely summable, that is,

22 o lyjl <00

PROOF. Observe that for j > 0,
Cov(Xo, X;) = Cov(Xo, X — X;f)) + Cov(Xo, X;j))_
Since

Xo= f(e0,€-1,-..), Xﬁ.f) = fD(ej,ej-1,..., 81, 8(()1), 891) ),
the random variables Xo and X ;j ) are independent, so Cov(Xo, X E'j)) =0, and
)\271/2
lyil <[EX31V?[E(X; _X;./)) 172, o

The summability of the autocovariances is the fundamental property of weak
dependence because then N Var[Xy] — Z‘/’-OZ_OO yj: that is, the variance of the

sample mean converges to zero at the rate N !, the same as for i.i.d. observations.
A popular approach to the estimation of the long-run variance is to use the kernel
estimator

N-1jl

A o\ A A 1 Y %

67= 2 wg(DPj, D= D0 Xi= Xn)(Xigyj = Xn)-
ljl<q i=1

Various weights w, (j) have been proposed and their optimality properties studied
(see Anderson [1] and Andrews [3], among others). In theoretical work, it is typ-
ically assumed that the bandwith ¢ is a deterministic function of the sample size
such that ¢ = g(N) — oo and ¢ = o(N"), for some 0 < r < 1. We will use the
following assumption:

ASSUMPTION 4.1. The bandwidth ¢ = g(N) satisfies ¢ — 00, g%>/N — 0,
and the weights satisfy w, (j) = w,(—j) and
4.1) lwg ()l <b
and, for every fixed j,

4.2) wy(j)— 1.



DEPENDENT FUNCTIONAL DATA 1859

All kernels used in practice have symmetric weights and satisfy conditions (4.1)
and (4.2).

The absolute summability of the autocovariances is not enough to establish the
consistency of the kernel estimator & 2. Traditionally, summability of the cumulants
has been assumed to control the fourth order structure of the data. Denoting p =
E Xy, the fourth order cumulant of a stationary sequence is defined by

k(h,r,s) = Cov((Xo — 1) (Xp — 1), (Xr — )(Xs — ) = ¥rVi—s — VsVh—r-

The ususal sufficient condition for the consistency of & is

(4.3) Y0 D k(h,rs)| < 0.

h=—00Tr=—005=—00

Recently, Giraitis et al. [29] showed that condition (4.3) can be replaced by a
weaker condition,

(4.4) sup Z Z |k (h,r,s)| < oo.

F=—00 5§=—00
A technical condition we need is

q(N) N—1
(4.5) N7 ST Cov(Xo(Xk — X)), x DX UE0) | - 0.
k,1=0 r=1

By analogy to condition (4.4), it can be replaced by a much stronger, but a more
transparent condition,

o

(4.6) sup 3 [Cov(Xo(Xi — X;7), X[V X[ < co.
k1>0,—1

To explain the intuition behind conditions (4.5) and (4.6), consider the linear
process Xy = Z?io cjXi—j.Fork >0,

X(k) chek] chel(ck)J

Thus Xo (X — X,gk)) depends on

“4.7) £0,6-1,€-2,... and 8(()](),8(]?,8(12,...

and X 5” X fﬂz) depends on

Erats ... 81,8(()')8(’;,8(2,... and e(()rM)s(_rlM),e(_r;E),....

Consequently, the covariances in (4.6) vanish except when r =k or r + £ =k, so
condition (4.6) always holds for linear processes.
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For general nonlinear sequences, the difference

k 0 (k
Xk—XIE):f(Sk,...,Sl,E(),S_l,...)—f(Sk,...,Sl,S(()),8(_1),...),

cannot be expressed only in terms of the errors (4.7), but the errors &g, ..., €]
should approximately cancel, so that the difference X; — X ,((k) is small and very
weakly correlated with X ﬁr)X fr_:f').

With this background, we now formulate the following result.

THEOREM 4.1. Suppose {X,} € L* is an L*-m-approximable and assume
condition (4.5) holds. If Assumption 4.1 holds, then 6> £ Z?‘;_Oo V.

Theorem 4.1 is proven in Section A.1. The general plan of the proof is the same
as that of the proof of Theorem 3.1 of Giraitis et al. [29], but the verification of
the crucial relation (A.5) uses a new approach based on L*—m-approximability.
The arguments preceding (A.5) show that replacing Xy by u = EX( does not
change the limit. We note that the condition ¢2>/N — 0 we assume is stronger than
the condition ¢g/N — 0 assumed by Giraitis et al. [29]. This difference is of little
practical consequence, as the optimal bandwidths for the kernels used in practice
are typically of the order O (N'!'/°). Finally, we notice that by further strengthening
conditions on the behavior of the bandwidth function ¢ = ¢(N), the convergence
in probability in Theorem 4.1 could be replaced by the almost sure convergence,
but we do not pursue this research here. The corresponding result under condition
(4.4) was established by Berkes et al. [9]; it is also stated without proof as part of
Theorem A.1 of Berkes et al. [10].

We now turn to the vector case in which the data are of the form

X, = [X1n, Xons oo Xanl”, n=1,2,...,N.

Just as in the scalar case, the estimation of the mean by the sample mean does
not affect the limit of the kernel long-run variance estimators, so we assume that
E X;, = 0 and define the autocovariances as

vr(Q, J) = E[XioXjr], l<i,j=d.
Ifr >0, y,(i, j) is estimated by N ! fo
by N -1 erl\/z—llrl Xin+r| X j,n- We therefore define the autocovariance matrices

| XinXjnqr,butif r <0, itis estimated

N—r
Ny XX if r >0,
=1
I, = N-ir
NS X XP, ifr <.

n=1
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The variance Var[ N _1)_(,1] has (i, j)-entry

N
N7 EXimXjul=N""> (1—%')%(:',1),

m,n=1 |r|<N

so the long-run variance is

00
Y= Z r,, L=y, ), 1=<i,j=d],

r=—00

and its kernel estimator is

(4.8) =Y o,mr,.

Irl<q

The consistency of % can be established by following the lines of the proof
of Theorem 4.1 for every fixed entry of the matrix . Conditition (4.5) must be
replaced by

q(N) N—1
@9 NTHY Y 1gz}£d1Cov(xi0(Xjk — X)) XXV = o.
k=0 r=1 —"7=
Condition (4.9) is analogous to cumulant conditions for vector processes which
require summability of fourth order cross-cumulants of all scalar components (see,
e.g., Andrews [3], Assumption A, page 823).
For ease of reference we state these results as a theorem.

THEOREM 4.2. (a) If {X,,} € L]%d is an L>—-m-approximable sequence, then

the series Y .°° T, converges absolutely. (b) Suppose {X,} € L%, an L*-m-
r o0 g y pp R4

approximable sequence such that condition (4.9) holds. If Assumption 4.1 holds,
then $ 5 %,

We are now able to turn to functional data. Suppose {X,} € L%, is a zero mean
sequence, and vy, va, ...,V is any set of orthonormal functions in H. Define
Xin = [ X (®)vi(t)dt, Xy = [X 10, X2, - .., Xan]! and T, = Cov(Xo, X,). A di-
rect verification shows that if {X,,} is L?—m-approximable, then so is the vector
sequence {X;}. We thus obtain the following corollary.

COROLLARY 4.1. (a)If{X,} € L%_, is an L?>—m-approximable sequence, then
the series Y 22 T, converges absolutely. (b) If, in addition, {X,} is L*~m-

r=—00

approximable and Assumption 4.1 and condition (4.9) hold, then I >

In Corollary 4.1, the functions v1, vy, ..., vy form an arbitrary orthonormal de-
terministic basis. In many applications, a random basis consisting of the estimated
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principal components 01, 92, ..., U4 is used. The scores with respect to this basis
are defined by

i = [ (X0 - Xn@)idr,  1=e=d.

To use the results established so far, it is convenient to decompose the stationary
sequence {X,} into its mean and a zero mean process; that is, we set X, (t) =
wu(t) + Y,(t), where EY, (t) = 0. We introduce the unobservable quantities

4.10) e = / Vv dr, o= / Y,oenydr,  1<e<d.

We then have the following proposition which will be useful in most statistical
procedures for functional time series. An application to change point detection is
developed in Section 5.

PROPOSITION 4.1. Let C = diag(cy, ..., Cq), with ¢; = sign({v;, 0;)). Sup-
pose {X,} € L‘;I is L*~m-approximable and that (3.2) holds. Assume further that
Assumption 4.1 holds with a stronger condition g* /N — 0. Then

1Z2(B) — Z(CP)=0p(1) and |E(@H) — E(B)|=o0p(1).

The proof of Proposition 4.1 is delicate and is presented in Section A.1. We note
that condition (4.9) does not appear in the statement of Proposition 4.1. Its point is
that if & (B) is consistent under some conditions, then so is ) @).

5. Change point detection. Functional time series are obtained from data
collected sequentially over time, and it is natural to expect that conditions under
which observations are made may change. If this is the case, procedures devel-
oped for stationary series will produce spurious results. In this section, we develop
a procedure for the detection of a change in the mean function of a functional time
series, the most important possible change. In addition to its practical relevance,
the requisite theory illustrates the application of the results developed in Sections 3
and 4. The main results of this Section, Theorems 5.1 and 5.2, are proven in Sec-
tion A.2.

We thus consider testing the null hypothesis,

Hy:EX1(t)=EX2(t)=---=EXN(), te[0,1].

Note that under Hpy, we do not specify the value of the common mean.

Under the alternative, Hy does not hold. The test we construct has a particularly
good power against the alternative in which the data can be divided into several
consecutive segments, and the mean is constant within each segment but changes
from segment to segment. The simplest case of only two segments (one change
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point) is specified in Assumption 5.2. First we note that under the null hypothesis,
we can represent each functional observation as

(3.1 Xi(t) = () +Yi(@), EYi(1) =0.

The following assumption specifies conditions on £ (-) and the errors Y; (-) needed
to establish the convergence of the test statistic under Hp.

ASSUMPTION 5.1. The mean p in (5.1) is in H. The error functions Y; € L‘;I
are L*—m-approximable mean zero random elements such that the eigenvalues of
their covariance operator satisfy (3.2).

Recall that the L*—m-approximability implies that the ¥; are identically distrib-
uted with v4(Y;) < oo. In particular, their covariance function,

c(t,s) = E[Y;()Yi(s)], O<t,s=<1,

is square integrable, that is, is in L2([O, 1] x [0, 1]).

We develop the theory under the alternative of exactly one change point, but the
procedure is applicable to multiple change points by using a segmentation algo-
rithm described in Berkes et al. [7] and dating back at least to Vostrikova [61].

ASSUMPTION 5.2. The observations follow the model

ni(t) +Yi(1), 1 <i<k*,

Xi() = {mm LY, K <i<N,

in which the Y; satisfy Assumption 5.1, the mean functions w1 and pu; are in L?
and

k* =[nb] for some 0 <6 < 1.

The general idea of testing is similar to that developed in Berkes et al. [7] for in-
dependent observations, the central difficulty is in accommodating the dependence.
To define the test statistic, recall that bold symbols denote d-dimensional vec-
tors, for example, §; = [A1;, N2, - .., Aai]’ . To lighten the notation, define the par-
tial sums process, Sy (x, &) = Z,L,ZTJ &,. x €[0, 1], and the process, Ly (x, §) =
Sn(x,&) —xSy(1, &), where {£,} is a generic R“-valued sequence. Denote by
¥ (&) the long-run variance of the sequence {&,}, and by )3 (&) its kernel estimator
(see Section 4). The proposed test statistic is then

1! e )
(5.2) v =~ /0 Ly, )7 £G) 'Ly x, i) dx.

Our first theorem establishes its asymptotic null distribution.
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THEOREM 5.1. Suppose Hy and Assumption 5.1 hold. If the estimator )i(f])
is consistent, then

d r1
(5.3) Ty(d) S T(d) ::Z/ B (x)dx,
=170

where {B¢(x), x €0, 1]}, 1 <€ <d are independent Brownian bridges.

The distribution of the random variable 7' (d) was derived by Kiefer [39]. The
limit distribution is the same as in the case of independent observations; this is
possible because the long-run variance estimator ¥ (#) soaks up the dependence.
Sufficient conditions for its consistency are stated in Section 4, and, in addition to
the assumptions of Theorem 5.1, they are: Assumption 4.1 with ¢g*/N — 0, and
condition (4.9).

The next result shows that our test has asymptotic power 1. Our proof requires
the following condition:

5.4) )A:(ﬁ) e where €2 is some positive definite matrix.

Condition (5.4) could be replaced by weaker technical conditions, but we prefer
it, as it leads to a transparent, short proof. Essentially, it states that the matrix ) €))
does not become degenerate in the limit, and the matrix 2 has only positive eigen-
values. A condition like (5.4) is not needed for independent Y; because that case
does not require normalization with the long-run covariance matrix. To formulate
our result, introduce vectors i, , € R? with coordinates

/Ml(t)vg(t)dt and /m(z)w(z)dz, 1<t<d.

THEOREM 5.2. Suppose Assumption 5.2 and condition (5.4) hold. If the vec-
tors g and p, are not equal, then Ty (d) £ .

We conclude this section with two numerical examples which illustrate the ef-
fect of dependence on our change point detection procedure. Example 5.1 uses
synthetic data while Example 5.2 focuses on particulate pollution data. Both show
that using statistic (5.2) with i(ﬁ) being the estimate for just the covariance, not
the long-run covariance matrix, leads to spurious rejections of Hp, a nonexistent
change point can be detected with a large probability.

EXAMPLE 5.1. We simulate 200 observations of the functional AR(1) process
of Example 2.1, when W has the parabolic integral kernel ¢ (¢,s) =y - (2 — (2x —
1?2 — 2y — 1)%). We chose the constant y such that [|[V]||s = 0.6 (the Hilbert—
Schmidt norm). The innovations {¢,} are standard Brownian bridges. The first
3 principal components explain approximately 85% of the total variance, so we
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compute the test statistic T>00(3) given in (5.2). For the estimation of the long-run
covariance matrix X we use the Bartlett kernel
O 1=11/A+9,  ifljl=q;
wg " () = { 0, otherwise.
We first let ¢ = 0 which corresponds to using just the sample covariance of {#),,}
in the normalization for the test statistic (5.2) (dependence is ignored). We use
1000 replications and the 5% confidence level. The rejection rate is 23.9%, much
higher than the nominal level of 5%. In contrast, using an appropriate estimate for
the long-run variance, the reliability of the test improves dramatically. Choosing
an optimal bandwidth ¢ is a separate problem which we do not pursue here. Here

we adapt the formula ¢ ~ 1.1447(aN)'/3, a = (1?1;)4 valid for a a scalar AR(1)

process with the autoregressive coefficient i (Andrews [3]). Using this formula
with ¥ = | ¥||s = 0.6 results in ¢ = 4. This choice gives the empirical rejection
rate of 3.7%, much closer to the nominal rate of 5%.

EXAMPLE 5.2. This example, which uses pm10 (particulate matter with di-
ameter < 10 um, measured in pug/ m?>) data, illustrates a similar phenomenon as
Example 5.1. For the analysis we use pm10 concentration data measured in the
Austrian city of Graz during the winter of 2008/2009 (N=151). The data are given
in 30 minutes resolution, yielding an intraday frequency of 48 observations. As in
Stadtlober, Hormann and Pfeiler [58] we use a square root transformation to re-
duce heavy tails. Next we remove possible weekly periodicity by subtracting the
corresponding mean vectors obtained from the different weekdays. A time series
plot of this new sequence is given in Figure 2. The data look relatively stable, al-
though a shift appears to be possible in the center of the time series. It should be
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FIG. 2.  Seasonally detrended /pm10, Nov 1, 2008-Mar 31, 2009.
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FI1G. 3. Left panel: sample autocorrelation function of the first empirical PC scores. Right panel:
sample partial autocorrelation function of the first empirical PC scores.

emphasized, however, that pm10 data, like many geophysical time series, exhibit
a strong, persistent, positive autocorrelation structure. These series are stationary
over long periods of time with an appearance of local trends or shifts at various
time scales (random self-similar or fractal structure).

The daily measurement vectors are transformed into smooth functional data us-
ing 15 B-splines functions of order 4. The functional principal component analysis
yields that the first three principal components explain &~ 84% of the total variabil-
ity, so we use statistic (5.2) with d = 3. A look at the acf and pacf of the first
empirical PC scores (Figure 3) suggests an AR(1), maybe AR(3) behavior. The
second and third empirical PC scores show no significant autocorrelation struc-
ture. We use the formula given in Example 5.1 with ¢ = 0.70 (acf at lag 1) and
N =151 and obtain g ~ 4. This gives T151(3) = 0.94 which is close to the critical
value 1.00 when testing at a 95% confidence level but does not support rejection
of the no-change hypothesis. In contrast, using only the sample covariance matrix
in (5.3) gives T151(3) = 1.89 and thus a clear and possibly wrongful rejection of
the null hypothesis.

6. Functional linear model with dependent regressors. The functional lin-
ear model is one of the most widely used tools of FDA. Its various forms are
introduced in Chapters 12—17 of Ramsay and Silverman [50]. To name a few re-
cent references we mention Cuevas, Febrero and Fraiman [22], Malfait and Ram-
say [41], Cardot et al. [18], Cardot, Ferraty and Sarda [19], Chiou, Miiller and
Wang [21], Miiller and Stadtmiiller [46], Yao, Miiller and Wang [65], Cai and
Hall [17], Chiou and Miiller [20], Li and Hsing [40], Reiss and Ogden [51], Reiss
and Ogden [52, 53].
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We focus on the fully functional model of the form

6.1) Yn(t):/w(t,s)Xn(s)+8n(t), n=12...,N,

in which both the regressors and the responses are functions. The results of this
section can be easily specialized to the case of scalar responses.

In (6.1), the regressors are random functions, assumed to be independent and
identically distributed. As explained in Section 1, for functional time series the
assumption of the independence of the X, is often questionable, so it is important
to investigate if procedures developed and theoretically justified for independent
regressors can still be used if the regressors are dependent.

We focus here on the estimation of the kernel ¢ (¢, s). Our result is motivated by
the work of Yao, Miiller and Wang [65] who considered functional regressors and
responses obtained from sparce independent data measured with error. The data
that motivates our work are measurements of physical quantities obtained with
negligible errors or financial transaction data obtained without error. In both cases
the data are available at fine time grids, and the main concern is the presence of
temporal dependence between the curves X,,. We therefore merely assume that the
sequence {X,} € L‘I‘{ is L*~m-approximable, which, as can be easily seen, implies
the L*-m-approximability of {¥,}. To formulate additional technical assumptions,
we need to introduce some notation.

We assume that the errors ¢, are i.i.d. and independent of the X,,, and denote by
X and Y random functions with the same distribution as X,, and Y,,, respectively.
We work with their expansions

o0 o
X() =) &vi(s), YO =) guj),
i=1 j=1
where the v; are the FPCs of X and the u; the FPCs of Y, and §; = (X, v;),¢; =
(Y,u;). Indicating with the “hat” the corresponding empirical quantities, an esti-
mator of (¢, s) proposed by Yao, Miiller and Wang [65] is

K L
YkL(t,s) =YY ay ' Guir(t)De(s),
k=1¢=1
where 6yy, is an estimator of E[£.¢;]. We will work with the simplest estimator,
1 N
(6.2) ex = NDx,-,ﬁM,-,ﬁk),
i=1
but any estimator for which Lemma A.1 holds can be used without affecting the
rates.
Let A; and y; be the eigenvalues corresponding to v; and u ;. Define «; as in

Lemma 3.2, and define a;. accordingly with y; instead of ;. Set

hp =min{o;, 1 < j <L}, p =min{e;, 1 <j <L}
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To establish the consistency of the estimator &K 1.(t,s) we assume that

E[
(6.3) U= Z Z ( %‘Egk

k=1£=1 Z

and that the following assumption holds:

ASSUMPTION 6.1. (i) Wehave Ay > Ay >---andy; > 2 > ---.

(if) We have K = K(N), L = L(N) — 00 and y—e—m = o(N'/?).

For model (6.1), condition (6.3) is equivalent to the assumption that ¥ (¢, s) is
a Hilbert-Schmidt kernel, that is, [ VW2(t,s)dtds < oo. It is formulated in the
same way as in Yao, Miiller and Wang [65] because this form is convenient in
the theoretical arguments. Assumption 6.1 is much shorter than the corresponding
assumptions of Yao, Miiller and Wang [65] which take up over two pages. This
is because we do not deal with smoothing and so can isolate the impact of the
magnitude of the eigenvalues on the bandwidths K and L.

THEOREM 6.1. Suppose {X,} € L‘}i is a zero mean L*—m-approximable se-
quence independent of the sequence of i.i.d. errors {e,}. If (6.3) and Assump-
tion 6.1 hold, then

(6.4) / WkL(t,s) — v, s)Pdtds 50, (N — 00).

The proposition of Theorem 6.1 is comparable to the first part of Theorem 1 in
Yao, Miiller and Wang [65]. Both theorems are established under (6.3) and finite
fourth moment conditions. Otherwise the settings are quite different. Yao, Miiller
and Wang [65] work under the assumption that the subject (¥;, X;),i =1,2,...
are independent and sparsely observed whereas the crucial point of our approach
is that we allow dependence. Thus Theorems 1 and 2 in the related paper Yao,
Miiller and Wang [66], which serve as the basic ingredients for their results, can-
not be used here and have to be replaced directly with the theory developed in
Section 3 of this paper. Furthermore, our proof goes without complicated assump-
tions on the resolvents of the covariance operator, in particular without the very
technical assumptions (B.5) of Yao, Miiller and Wang [65]. In this sense, our short
alternative proof might be of value even in the case of independent observations.

APPENDIX

We present the proofs of results stated in Sections 3-6. Throughout we
will agree on the following conventions. All X, € L%, satisfy Assumption 3.1.
A generic X, which is assumed to be equal in distribution to X1, will be used at
some places. Any constants occurring will be denoted by k1, k2, . ... The k; may
change their values from proof to proof.
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A.1. Proofs of the results of Sections 3 and 4.

PROOF OF THEOREM 3.1. We assume for simplicity that £X = 0 and set

N
ét,s)=N"" ZXn(t)Xn(s), c(t,s)=E[X(®)X(s)].

n=1

The proof with a general mean function w(¢) requires some additional but sim-
ilar arguments. The Cauchy—Schwarz inequality shows that ¢(-, -) and c(, -) are
Hilbert-Schmidt kernels, so C — C is a Hilbert—Schmidt operator with the kernel
¢(t,s) — c(t, s). Consequently,

N
NE|C—C|5=N || Var| N7" S (X0 () X () — E[X (1) X (5)]) | dt ds.
S
n=1

For fixed s and ¢, set Y, = X,, (1) X,,(s) — E[X,(t) X,,(s)]. Due the stationarity of
the sequence {Y,} we have

N
_ _ |r|
Var(N ) :Yn> =N (1 — N) Cov(Y1, Yiir)
n=1 [r|<N
and so

N 00
NVar(Nl > Yn> < Var(Y1) +2) _|Cov(Yy, Yi4,)].

n=1 r=1

Setting Y\"™ = X (1) X" (s) — E[X,(t) X, ()], we obtain

|Cov(Y1, Y1) =|Cov(Yy, Yigr — y"

)] < Var(Yp12[Var(Yig, — ¥72)]2,

Consequently, NE || c-cC ||‘29 is bounded from above by

/ / Var[ X (t) X (s)]dt ds
+2 3 [Var(X (1) X (s))]"/?
>/

x [Var(X 140 X 13- () — X\, 0 X V) (9))]Y* dr ds.

14r

For the first summand we have the upper bound vj(X ) because

(A.1) // E[X*(1)X*(s)1dtds = E/Xz(t)dt / X%(s)ds = v{(X).
To find upper bounds for the summands in the infinite sum, we use the inequality

(A.2) lab — cd|* < 2a*(b — d)? +2d*(a — ¢)?,
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which yields

[ [ tvarx X 601 2 [Var(X1 0 X1 0) = X{, 0X T, 9))] 2 dr ds
< [ [IECCOX N X 0O X 140 6)

- X%Qr

<f/f[E(X2(t)X2(s)) 12EX2,, ) (X14r() — X\, ()] de ds

V2 / f [E(X2(1)X2(5))]"/2

2
x [EXV2() (X140 (0) — X7,

0 x\7) ()’]'*drds

®))*]"* dt ds.

For the first term, using the Cauchy—Schwarz inequality and (A.1), we obtain

[ JIECCOXPENAEX L (X1 ) - X{L, )] dr ds

1/2
< v4(X){ U XH,(t)dt/(XHr(s) Xﬁ’_ﬁr(s))zds“
<VZOOEIX 14 MY HE | X140 () = XU ) [}

=v; (X)vg(X; — X\).

The exact same argument applies for the second term. The above bounds imply
34). O

PROOF OF THEOREM 4.1. As in Giraitis et al. [29], set u = E X¢ and

N—I|jl

Z (Xi = ) (Xitj) — ),

Sk,e = Z(Xi -
i=k
Observe that
A 1l 2 12 :
pi—7i=(1— )Xy =)+ =Xy — ) (St.n—1j| + Sjji1.8) =8
N N
We therefore have the decomposition

=Y (N + Y wg())8; =167 +67.
l/1=q lj1=q



DEPENDENT FUNCTIONAL DATA 1871

The proof will be complete once we have shown that

o0
A P
(A.3) 62 > Yy
j=—00
and
(A.4) 52 5 0.

We begin with the verification of the easier relation (A.4). By (4.1),
E|651<b Y El5;]
lil=q
<b ) EXy-w’
lil=q
b . 291/2
+ S EXy — w12 3 [E(Sun—j + Sjn) ]
lil<q
By Lemma 4.1,
- , FIAVE -1
EXy—p =+ ) (1= )ri=007h.

N lil<N
Similarly E(Sy, y—j| + S|j|+1,N)2 = O(N). Therefore,
E|63|=0@N '+ NINTV2gNY2) = 0(q/N).

We now turn to the verification of (A.3). We will show that E 812 — > ;vjand
Var[62] — 0.
By (4.2),

A2 N —j| -
Eof = Z a)q(J)T)/j — Z V-
li1=q Jj=—00

By (4.1), it remains to show that

(A.5) Y ICov(7k, 7)| = 0.
KL IE1<q

To lighten the notation, without any loss of generality, we assume from now on that
u =0, so that

1 N—|k| N—|¢]|
COV(fk,J;Z)ZmCOV< Y XiXiviw, ) XJX./+|€|>-
i=1 j=1
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Therefore, by stationarity,

N

o |
ICov(7i, 701 = 5 2 [COV(XiXip, X, X jje)|
ij=1

1 I
=5 2 (1 - ﬁ)|C0V(X0X|k|a Xy Xrie))]
[r|<N

The last sum can be split into three terms corresponding tor =0, 7 <0 and r > 0.
The contribution to the left-hand side of (A.5) of the term corresponding to
r=0is

N1 3" |Cov(XoX ). XoX o)) = O(q*/N).
Ikl [€<q

The terms corresponding to r < 0 and r > 0 are handled in the same way, so we
focus on the contribution of the summands with » > 0 which is

N-1
_ r
N Y <1 — N)y(:ov(xomm,x,x,ﬂg)].

|k|,1€]<q r=1

We now use the decompositions

4
Cov(XoX . X, Xr41a1) = Cov(XoXyu. XX, )

4
+ Cov(XoX k), X, Xr1e — XV XT3

and

£ k £
Cov(XoXu, XX, 131") = Cov(xox )", xV X, ")

+ Cov(Xo(Xpy — Xji"), XV X 1).

r+10]
By Definition 2.1, Xy depends on &p,e_1,... while the random variables
Xl(lfl)’ X" and X;C:‘Fl!fl) depend on &1, €2, ..., &kv(+e) and errors independent
of the &;. Therefore Cov(XoX ‘(,L]fl) XIx ﬁﬁ:lrl!f‘)) is equal to

(kD) (r-+1eD) (r+1€D
E[XoX " XX, 0] = E[XoXy ] E[X}7 X, 5]

) (12D (k1) (r+le)
= E[XolE[X" X" X, 15 "] = EIXol E[X i "1[X,7 X, V] = 0.

We thus obtain

COV(XOXIkla XrXr+|e|) = COV(Xo(XW — X|(/|(]|€|))’ Xﬁr)X}E:_JTc!fD)

l
+ COV(XOX|k|, X, Xryje) — X;r)X}E:_Jlrél l)).
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By Assumption (4.5), it remains to verify that

N—-1
> X ICov(XoX . X Xrii — X X,1) = 0.
KL[el<q r=1

This is done using the technique introduced in the proof of Theorem 3.1. By the
Cauchy—Schwarz inequality, the problem reduces to showing that

1 2 +12]) 1/2
Ly Z [X3X2 D HEN(X X g — XO XA} = 0.
[kl,[£]=q r=1

Using (A.2), this in turn is bounded by constant times

LY (AL - XOT)

lkl.|¢l<q r=1

which tends to zero by L*~m-approximability and the condition ¢g>/N — 0. [

PROOF OF PROPOSITION 4.1.  We only show the first part, the second is simi-
lar. Let w, (h) be the Bartlett estimates satisfying Assumption 4.1. Without loss of
generality we will assume below that the constant b in (4.1) is 1. Then the element

in the kth row and £th column of )A:(ﬂ) — f(éﬁ) is

wq (h) P
> — Y (BunBeotin — CkBrenleBenrin)
lhl<q 1<n<N—|h|
wq (h) A
=> = > Bun(Bentin) — CeBensin)
|hl<q 1<n<N—|h|
wq(h)

+ ) " CeBensin Ben — EkPrn)

|h|<q 1<n<N-—|h|
=F|(N,k, )+ F>(N,k, ).

For reasons of symmetry it is enough to estimate F|(N, k, £). We have for any
ty >0

P(|F1(N,k,£)| > ¢)

h A A
=< Z P(qu() Z ,Bkn(/gﬁ,n-i-\m - Cg,Bng_th) > %)

Ihl<q 1<n<N—|h| q+1
2 A 2 82N2
= Z P( Z Bicn Z (,Be,n-i-lhl —CIZ,BE,n+|h\) > m)
lh<g M<n<N—|h|  1<n<N—|h| g

5(2q+1)P( 3 ﬁ%,,>N<2q+1)zN)

1<n<N
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+(2q+1>P( S Ben— eePen)? >

1<n<N
=Q2q+ D(Pi(k, N) + P2 (¢, N)).

By the Markov inequality and the fact that the Bi,, 1 <n < N, are identically
distributed, we get for all k € {1, ..., d}

i +77)
tn(2q + 1)

(2g + 1D Pi(k,N) <

’

EBr) _ EINI?
tn Iy

which tends to zero as long as ¢ty — o0.
The estimation of P>(£, N) requires a little bit more effort. We notice first that

. 1
(A.6) hmsupNVar( > ||Yn||2) < > ICov(IY1 1%, 1Yall*)] < oo.
N—o00 l<n<N heZ

The summability of the latter series follows by now routine estimates from (2.3).
For any x, y > 0 we have

P< > (Ben — éeBen)* > x)

1<n<N

:p( > (f Y, (1) (ve(2) —agﬁg(t))dt)z >x>

1<n<N

sP( ) ||Yn||2||ve(f)—56913([)”2>X>

1<n<N

< P( Y IYal* > xy) + P(llve(t) — Eede()]* > x/y)
1<n<N

= Py1(N)+ Pn({,N).

If we require that y > NE||Y; 112 /x, then by the Markov inequality and (A.6) we
have

)
Po(N) <1 (% _INEIT, ||2)

for some constant k1 which does not depend on N. By Theorem 3.2 and again the
Markov inequality there exists a constant k2 such that for all £ € {1, ..., d}

y
Py, N) <Kky—.
22( )_szN

The x in the term P>(¢, N) is given by
e’N
X=——:.
tn(2q +1)3
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Set y = 2NE|Y;||/x. Then forall £ € {1, ..., d}

2
E|Y|l

(A7) Py(N)<«k and Pyl N) <k 2—N 1% (2q + 1)°.

P —

(E|Y1]1%)*N
Letting ty = (2g + 1)!/2 shows that under q4/N — Otheterm 2g+1)P>(¢, N) —
0. This finishes the proof of Proposition 4.1. [

A.2. Proofs of Theorems 5.1 and 5.2. The proof of Theorem 5.1 relies on
Theorem A.1 of Aue et al. [5], which we state here for ease of reference.

THEOREM A.2. Suppose {£,) is a d-dimensional L?>~m-approximable mean
zero sequence. Then

(A.8) NS5 (- 8) S WE) (),

where {W(&)(x), x € [0, 1]} is a mean zero Gaussian process with covariances,

Cov(W(§)(x), W(§)(y)) = min(x, y) X (§).
The convergence in (A.8) is in the d-dimensional Skorokhod space D;([0, 1]).

PROOF OF THEOREM 5.1. Let
1 N
GN<x,s>=NLn<x,s>T>:<s) 'L, (x, 67

We notice that replacing the Ly (x, ) with Ly (x, B) does not change the test sta-
tistic in (5.2). Furthermore, since by the second part of Proposition 4.1 |)A:(i]) —
)A:(ﬁ)| = op(1), it is enough to study the limiting behavior of the sequence
Gy (x, B). This is done by first deriving the asymptotics of Gy (x, 8) and then
analyzing the effect of replacing § with B.

Let 8 l§m) be the m-dependent approximations for §; which are obtained by re-
placing Y;(¢) in (4.10) by Yl.(m)(t). For a vector v in R? we let |v| be its Euclidian
norm. Then

QU

2
( (Y1 () — Yl(m)(t))vg(t)dt)

IA

Il
i e

f Yi(0) — Y™ (1)) di / v2(t)dt

Il
QL
<
N T

(1 =¥,
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Since by Lyapunov’s inequality we have vy (Y] — Yl(m)) <wY =Y l(m)), (2.3)
yields that } .~ (E|B; — ﬂ(m)|2)1/2 < 00. Thus Theorem A.2 implies that
/0,11

—S
NG N, B) —

The coordinatewise absolute convergence of tlAle series X (B) follows from part (a)
of Theorem 4.2. By assumption the estimator X (f) is consistent, and consequently

W(B)(x).

DIo.]|

d
/GN(x B)dx —> /Bg(x)dx
=1
follows from the continuous mapping theorem.
We turn now to the effect of changing Gy (x, 8) to Gy (x, ). Due to the
quadratic structure of Gy (x, &), we have Gy (x,8) = Gy(x,CB) when C =

diag(cy, Ca, ..., Cq). To finish the proof it is thus sufficient to show that
(A.9) sp ——[Sy(x. B) — Sy (x. €B)| = 0 (1)
xe[0,1] VN
and
(A.10) 12(B) — £(CB)| =o0p (D).

Relation (A.10) follows from Proposition 4.1. To show (A.9) we observe that by
the Cauchy—Schwarz inequality and Theorem 3.2

sup —|sN<x B) —Sn(x,CB)

x€[0, 1]
1 d [Nx] 2
= — Y, — d
vy / 3 o) (lt) = ebetn) d
1 [Nx]
< Nx:&)pl] (Z Y, (t)) dt x Z/ ve(t) — é¢0e(1))*d
1 2
< N 1I<I}ca<XN(ZY (t)) dt x Op(N~h.
Define
g =EYi(OP +2EYi O3 (E|Yi @) - Y o)

r>1

Then by similar arguments as in Section A.1 we have

N 2
E(Z Yn(t>) < Ng().
n=1
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Hence by Menshov’s inequality (see, e.g., Billingsley [13], Section 10) we infer
that

k 2
E LnanN(Zl Yn(t)> < (loglog4N)>Ng(1).
n=

Notice that (2.3) implies [ g(#) dt < co. In turn we obtain that

2
1 2
N/1r<r11<a<xN<ZY (t)) dt = Op((loglog N)?),
which proves (A.9). O

PROOF OF THEOREM 5.2. Notice that if the mean function changes from
wi(t) to wa(z) at time k* = | N6 |, then Ly (x, ) can be written as

x(1= Oy — fip], i x <6;

(A.11) LN(X’B)—FN{Q(I—X)[ITH_I%Z]» ifx >0,

where

iy = [/Ml(t)ﬁl(f)dfa/Ml(f)ﬁz(f)df,---,/Ml(f)ﬁd(t)df]T

and fi, is defined analogously.
It follows from (A.11) that T (d) can be expressed as the sum of three terms:

Tn(d)=Ti,n(d)+To,n(d) + T3,n(d),

where

1 1 A oA n
Tl,N<d)=N/O Ly, AT £G) 'Ly (x, f) dx;

N N A T =1 a N
Ton(d) =500 =0l — ol £@) i) - i)

1 ~ A
Tsn(d) = /0 g OLy (e, HTEG) [y — iy]do,

with g(x,0) =2{x(1 = 0)[(x<g) + (1 — x) I 1x>0)}.

Since £ in (5.4) is positive definite (p.d.), )f?(f]) is almost surely p.d. for large
enough N (N is random). Hence for large enough N the term T; y(d) is nonnega-
tive. We will show that N ! Tr n(d) > k1 + op(1), for a positive constant k1, and
N~ T3.n(d) = op(1). To this end we notice the following. Ultimately all eigen-
values of 3 (1) are positive. Let A*(N) and A, (N) denote the largest, respectively,
the smallest eigenvalue. By Lemma 3.1, A*(N) — A* a.s. and A.(N) — A, a.s.,
where A* and A, are the largest and smallest eigenvalue of €. Next we claim that

ity — ol =y — pal +op(1).
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To obtain this, we use the relation ||0; — ¢jv;|| = op (1) which can be proven sim-
ilarly as Lemma A.1 of Berkes et al. [7], but the law of large numbers in a Hilbert
space must be replaced by the ergodic theorem. The ergodicity of {Y,} follows
from the representation Y, = f(e,, €,—1, . ..). Notice that because of the presence
of a change point it cannot be claimed that [|0; — ¢jv; || = Op(N~1/?).
It follows that if N is large enough, then
1

20*
To verify N~ T3.n(d) = op(1), observe that

sup Ly G, B)TE@ ity — o]l

1
20*

iy — il = Iy — o> +op(1).

Lt — 17 2@ iy — ol >

x€[0,1]
< sup |Ly(x, B) x 2@ x it — i
x€[0,1]
=op(N)|py — 1ol

We used the matrix norm |A| = supj,;|Ax| and |)5(f1)‘1| 25 17 <oc0. O

A.3. Proof of Theorem 6.1. We first establish a technical bound which im-
plies the consistency of the estimator Gy given in (6.2). Let ¢¢ = sign({uvy, ¢))
and dy, = sign({uy, iy)).

LEMMA A.1. Under the assumptions of Theorem 6.1 we have
. A A A 1 1
limsup N E|oe — éediSux|* < 1 <—2 + ﬁ>
N—o0 aj, (ap)

where k1 is a constant independent of k and ¢.

PRrROOF. It follow from elementary inequalities that
oo — Eedkber|” < 2T7 + 275,

where

1 N
T = N.// (;(Xi(S)Yi(t) — E[X,-(S)Y,-(t)]))uk(s)vg(t) dtds;

j A
n= ﬁ;//E[Xi(S)Yi(t)][uk(t)ve(S) — difig (1) 0¢ ()1 dt ds.

By the Cauchy—Schwarz inequality and (A.2) we obtain

1 N 2
7 s = f / <; Xi()Yi (1) — E[X,-<s)Y,-(r)]) dt ds:

T3 = 203 (X)3(Y) (lug — didig|* + ||ve — Eede ).
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Hence by similar arguments as we used for the proof of Theorem 3.1 we get
NE T12 = O(1). The proof follows now immediately from Lemma 3.2 and The-
orem 3.1. [

Now we are ready to verify (6.4). We have

K L
UkL(t,s) =Y Y Ay ' Gerii(t)De(s).
k=1¢=1
The orthogonality of the sequences {uy} and {v¢} and (6.3) imply that

_//(Z . ’\Zl‘fﬁk”k(f)ve(S)>2dtds

k>K (>L
= Z Z// )\e_zogzku%(t)v%(s) dtds
k>K €>L
=3 Y 105 >0 (LK — o).
k>K ¢>L
Therefore, letting
K L
YLt ) =Y Ay louur(t)ve(s),
k=1¢=1

(6.4) will follow once we show that

//[wKL(t, ) — YLt )Pdtds 50 (N = o0).
Notice that by the Cauchy—Schwarz inequality the latter relation is implied by
KL i XL: [ [0 onnrve = 37 bwinies Pdeds 5 0
a1z
(N — 00).
A repeated application of (A.2) and some basic algebra yield
T tonun (Dyve(s) — Ay Gudie (1) e ()1
<A Plow — CodbuPaF (D07 () + 67 1ay " — A7 i ()07 (5)
+ o hg lug (1) — diiig (1707 (8) + 0 Ay " |ve(s) — Eede(9) Pz ().
Hence
[ [ ouantorwets) = 37 e (090501 dr ds
<Ay Plow — Cedbe|* + 6510y — A7

2,2 5oa 12 AA 12
+oprg “lug — diiag||” + llve — covell”).
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Thus in order to get (A.12) we will show that

K L
(A.13) KLY Y 3 %low — éedibul> 5 0;
k=14=1
K L
(A.14) KLY Y 6% =i, 1P S o;
k=1¢=1
K L
(A15) KLY Y 02y (lug — deel® + lve — édell®) 5 0.
k=14=1

We start with (A.13). By Lemma A.1 and Assumption 6.1 we have

K L
E(KLZZ)»ZZMM _éﬂ?k&lﬂz) —0 (N — 00).
k=1¢=1

Next we prove relation (A.14). In order to shorten the proof we replace i
by o¢i. Otherwise we would need a further intermediate step, requiring similar

arguments which follow. Now for any 0 < ¢ < 1 we have

K L
P(KL YN ohat =i > e>

k=1£=1

£ N
N|Ay — A A
> UKL e —Ael <& z)

L 2 2
Ao — Mg & ~ )
P = > N|Ae — Ag| = €A
+E ( % UKL |Ae — Ael > €l

VKL

- < KL? N 1 )
K - A |
=" eNaL T eNAZ

L
SZ[P<I5»4—M|2> ¢ M(l—€)>+P(|M—ie|2282)»%)}

by an application of the Markov inequality and Theorem 3.2. According to our

Assumption 6.1 this also goes to zero for N — co.
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Finally we prove (A.15). By Lemma 3.2 and Theorem 3.1 we infer that

K L
E(KL YN ofn lluk — didig* + llve — émnz))

k=1¢£=1
kL E L, L1 1
Sk 20D O <—z+7>
k=1¢=1 oy
KL
<2xk3W¥

Nmin{hp, h}*

Assumption 6.1(ii) assures that the last term goes to zero. The proof is now com-
plete.
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