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1. Introduction

Functional Data Analysis (FDA) proposes very good tools to handle data that
are functions of some covariate (e.g. time, when dealing with longitudinal data),
see Hsing and Eubank [11] or Horvath and Kokoszka [10]. These tools allow
for better modelling of complex relationships than classical multivariate data
analysis do, as noticed by Ramsay and Silverman [15, Ch. 1], Yao et al. [20, 19],
among others.

There are several models in FDA for studying the relationship between two
variables. In particular in this paper we are interested in the Functional Con-
current Model (FCM) which is defined as follows

Y(t) = Bo(t) + Br(t) X(t) + (), (1.1)

where t € R, Sy and By are the unknown functions to be estimated, X’,) are
random functions and € is a noise random function. All the functions considered
here are complex valued.

From a practical perspective all functional linear models can be reduced to a
functional concurrent model with several covariates (Ramsay and Silverman [15,
p. 220]). This model is also related to the functional varying coefficient model
(VCM) and has been studied for example by Wu et al. [18] or more recently by
Sentiirk and Miiller [16].
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Another practical advantage of model (1.1) is that it allows to simplify the
study of the following convolution model

+oo
W(s) = / O(u) Z(s — u)du + n(s), (1.2)

— 00

where u,s € R, through the Fourier transform F with Y = F(W), 8y = 0,
B1=F (), X =F(Z) and € = F(n).

Despite the abundant literature related to FCM or functional VCM, there is
hardly any paper providing estimators of the unknown functions in model (1.1)
along with their asymptotic properties which use the norm of the functional
space where they belong to.

As noticed by Ramsay and Silverman [15, p. 259], most of the current meth-
ods of estimation come from a multivariate data analysis approach rather than
from a functional one. For some applications, for example when the observa-
tions are highly auto-correlated, taking this functional nature into account may
be decisive. If not, multivariate approaches may cause a loss of information be-
cause, as noticed by Sentiirk and Miller [16, p. 1257], they “do not take full
advantage of the functional nature of the underlying data”. In practice this loss
of information may reduce the accuracy of estimation and prediction. To cir-
cumvent this problem, Sentiirk and Miiller [16] propose a three-step functional
approach based on smoothing and least square estimation. However, the con-
vergence results obtained on compact sets do not allow to study specific models
like (1.2), for which convergence on the whole real line is required.

Besides, Ramsay et al. [14, Ch 10] propose a practical estimation method by
projecting all the random functions to an adequate finite dimensional subspace
and then use a penalization to chose the estimator. They do not provide a
theoretical study of its asymptotic properties.

The objective of the present paper is to propose estimators of the functions
Bo and B; in the FCM (1.1) for which the asymptotic properties are obtained.
Our estimation approach is based on the Ridge Regression method developed
in the classical linear case, see Hoerl [8]. We extend this to the functional data
framework of model (1.1).

To ease the notations and the presentation of the results, we introduce in
section 2 a simplified centered model. The functional ridge regression estimator
of the functional coefficient is then defined with a constant regularization pa-
rameter. In section 3 we establish the consistency of this estimator and get a
rate of convergence. Section 4 addresses the practical choice of the regularization
parameter through cross-validation criteria. We also introduce a more flexible
estimator with a functional regularization parameter. Some simulation trials are
presented in section 5, and show the comparison of the two penalized estimators
together with that of Ramsay et al. [14, Ch 10], in a very low signal-to-noise
ratio (SNR) setting. Finally an application on a real data set is presented in
section 6. All the proofs are postponed to Section 8.
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2. Estimator and hypotheses

Let (X;,Yi)i=1,... » be an i.i.d sample of FCM (1.1). To remove the functional
intercept Sy, we center the model (1.1) and get

Y(t) —EYI(t) = Bu(t) (X(t) — E[X](2)) + €(t).-

The estimator of 5y depends on the estimator of 5; obtained from the centered
model. Given that the natural estimators of E[X] and E[Y] are the empirical
means (X, := 1/n> 0 X and Y, = 1/n) ., Vi), the estimator of Sy is
defined as

BO = J_)n_/él ‘X_‘n (21)
The convergence results on Bl immediately transpose to BO. Now, to focus on

the estimation of 1, we define the elements of the centered model as follows,
X =X —-E[X],Y :=)Y —E[)] and 8 := 1 and the centered FCM writes

Y(t) = B(t) X(t) + e(t). (2.2)

In what follows we discuss the estimation of 3.

2.1. Functional ridge regression estimator (FRRE)

The definition of the estimator of 8 in the centered model (2.2) is inspired by
the estimator introduced by Hoerl [8] in the Ridge Regularization method that
deal with ill-posed problems in the classical linear regression. Let A, > 0 be a
regularization parameter, we define the Functional Ridge Regression Estimator
(FRRE) of § as follows

5 LYY X
n b)
T X+ 2

n

(2.3)

where the exponent * stands for the complex conjugate. In the classical linear
regression case, Hoerl and Kennard [9, p. 62] proved that there is always a reg-
ularization parameter for which the ridge estimator is better than the Ordinary
Linear Squares (OLS) estimator. Huh and Olkin [12] made a study of some
asymptotic properties of the ridge estimator in this case. In the context of the
functional linear regression with scalar output, Hall et al. [6, p. 73] have also
used a ridge regularization method to invert the whole covariance operator of
X. Their approach has two main differences with the one used to define the
FRRE: we use i) functional outputs (Y;) and ii) inversion of the diagonal terms
of the covariance matrix of X.

In our case, the use of A\, in the denominator prevents from dividing by
zero because E[X] = 0 (centered model) and, therefore, it helps to control the
instability of the estimator. The simulation studies in Section 5 show that in
practice a better estimator is obtained with the regularization parameter.
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2.2. Notations and general hypotheses of the FCM

Before studying the FCM, let us define some useful notations. We define
L?(R,C) = L? the set of square integrable complex valued functions, with the

L?-norm ||f||p2 == [ [g | f(z)[*dz] 1/2, with its associated inner product (-, ). Be-

sides, given a subset K C R, ||flr2(x) == [[x |f(x)|2dx]1/2, where | - | denotes
the complex modulus.

The theoretical results given in the next sections are proved on the whole real
line. For this reason, we need to restrict the study to the set of functions that
vanish at infinity. Let Cy(R, C) = Cj be the space of complex valued continuous
functions, which satisfies: for all ¢ > 0 there exists a R > 0 such that for all
[t| > R, |f(t)] < ¢. We use the supremum norm || f|/¢, := sup,cp |f(z)|. In
particular for a subset K C R, || f]lc, (k) := sup,ex | f(2)]-

Finally, throughout this paper, the support of a continuous function f : R —
C is the set supp(f) := {t € R : |f(¢)] # 0}. This set is open because f is
continuous. Besides we define the boundary of a set S, as 9(S) := S\ int(S),
where S is the closure of S and int(S) is its interior.

The space Cy is too large. For instance, its geometry does not allow for the
application of the Central Limit Theorem (CLT) under the general hypothesis
of the existence of the covariance operator, that is E(|| X |3, ) < oo (see Ledoux
and Talagrand [13, Ch 10]). To circumvent this difficulty, we consider functions
that belong to the space Cy N L?. Here are general hypotheses that will be used
all along the paper:

(HAlpcy) X, e are independent Cy N L? valued random functions,
such that E(e) =0,

(HA2pcm)  Bo, B € CoN L2,

(HA3pcnm)  E(llell2,), E(IXIZ,), E(lel72) and E([|X]|7.) are all finite.

We do not assume that E[X] = 0 in model (2.2). Therefore, we deal with
a more general case than the one derived after centering model (1.1), and our
results will be valid also for the centered case.

3. Asymptotic properties of the FRRE

From the definition (2.3), it is easy to show that the FRRE 3, has the following
bias-variance decomposition:

A >\n B
ﬁnzﬂ_z 15 X2 4 An
nzi:1| Z| + n

% Z?:l fi)(;k
- -
EDDRP. LR

(3.1)

In this equation, we can see that the penalization introduces a bias but helps
to control the variance (last term in (3.1)). Thus, the penalization should not
be too big nor too small. Note also that, when E[X] = 0, the part of the denom-
inator £ 3> | |X;(¢)|? might be close to zero at some values of t. Therefore, the

n
penalization (A, > 0) is necessary to prevent the denominator to be too small.
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Clearly, 37" | |X;(t)|* is an estimator of E[|X|?]. Then from the equation
(3.1) we deduce that the ill-posed degree of this estimation problem depends
on the intervals where these two conditions are satisfied: i) E[|X|?] is close to
zero and ii) ﬁ is not close to zero. The latter condition implies a big bias
because 8 will be significantly bigger than the denominator.

The main results of this paper are the probability convergence of the FRRE

with rate N
. . m

Hﬁn - BHL2 =0p (max {—, _]) ,
n’ Ay

and the mean square error rate

. A2
(15, - 813 =0 (max |22, 55|

n

under large conditions.

3.1. Consistency of the estimator

Theorem 3.1. Let us consider the FCM with the general hypotheses (HAlpcnr ),
(HA2pcn ) and (HA3pcn ). Let (X, Y5)i>1 be i.4.d. realizations. We suppose
moreover that

(A1) supp(|B]) S supp(E[|X]]),
(A2) (Ap)n>1 C RY s such that 2= — 0 and ‘){—f — 0 as n — 4o0.

Then

lim ||Bn — Bz = 0 in probability. (3.2)
n——+00

Remark 3.2. The geometry of L? helps in the proof of Theorem 3.1 to use
the Central Limit Theorem (CLT) (see Bosq [1, p. 53]). In this sense by paying
attention to the geometry of LP spaces, for some p > 1, it is also possible to
generalize this result for those spaces.

Remark 3.3. Hypothesis (A2) 1is classic in the context of ridge regression.
Hypothesis (A1) specifies that it is not possible to estimate 8 outside the support
of the modulus of X. From model (2.2), it is clear that 8 cannot be estimated
in the intervals where the function X is zero. We show this in Proposition 3.4,
where Hypothesis (nAl) is stronger than the negation of (Al). This hypothesis
provides that there exists some to in supp(|B|), such that X is zero almost surely
in a neighborhood of tg.

Proposition 3.4. Let (X;,Yi)i=1,.. n be an i.i.d. sample of FCM in Cy N L?
which satisfies hypothesis (A2) and

(nA1) There exists to € supp(|B]) and 6 > 0 such that E[|| X|| ¢, ((to—s,t0+5))] = 0-

Then there exists a constant C > 0 such that almost surely

1Bn = B2 > C. (3.3)
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In what follows we obtain some rates of convergence over the whole real line
and over compact subsets.

3.2. Rate of convergence

To obtain a rate of convergence, we need to control the shapes of the functions
B and E[|X|] on the points at the border of the support of E[|X|]. Theorem 3.5
handles the general case where |3|/E[| X |?] goes to infinity over the points of the
set Cg ox := supp(|B]) N O(supp(E[| X]])).

Theorem 3.5. Let us consider the FCM with the general hypotheses (HAlpcar),
(HA2pca ) and (HA3pca ). We assume additionally that (A1) holds, together
with:

(A3) B[ X[*[|3.] < oo

(A4) H% 1supp<6>\6(suppaa[|xn>>‘ L2 < Foo

(A5) There exist positive real numbers a > 0, My, My, Mo, Ly > 0 such that for
every p € Cgox, there exists an open neighborhood J, C supp(|8]) with
length m(J,) < Ly for which the following hold

(a) For everyt € Jp,, E[|X|*(t)] > |t — p|*, and

|evem

< My,
E[lX?]

L2(Jp\{p})

(b) Epecﬁ,ax H’B”%O(Jp) <M,

[l —
(C) EX[7] 1supp(|5|)\J < My, where J = UpGCﬁ,ax Jp.
(A6) Forn >1,
1

1
Ap 1= nlm T,

where a > 0 comes from the hypothesis (A5).
Then .
18n = Bz = Op (n77), (3.4)
] and n~7 = max [)‘—" \/ﬂ

n’ Ap

where v := min

1 1 1
22a+1)’ 2~ 2(2a+1)

The following corollary specifies the rate of convergence for o« = 1/2.

Corollary 3.6. Under the hypotheses of Theorem 3.5 if « = 1/2 we have
180 = Bllzz = Op (n71/4).

Remark 3.7. Hypothesis (A3) is classic and allows to apply the CLT on the
denominator of B,,. Hypothesis (A4) is needed because {W} in (3.1)

n

can naturally be L?-bounded under this condition.
Neat (A5a) requires that around the points p € Cgox, the function E[|X|?]
goes to zero slower than a polynomial of degree o, which tmplies that the term
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m} in (3.1) behaves like E[Iff\Q] and determines the rate of con-
vérgence.

The degree of ill-posedness of the problem depends on how close to zero E[| X|?]
is. The hypothesis (Aba) measures this through the polynomial degree . In this
way the rate of convergence, which directly depends on «, is related to the ill-
posed nature of the problem.

Parts (b) and (c) of (A5) help us controlling the tails of 8 and |X| around
infinity. They are useful only when card(Cs ox) = +o0o. Note that the set Cg ox
is always countable (see the proof of Theorem 3.5).

Finally hypothesis (A6) replaces (A2) in Theorem 3.1, as the rate of conver-
gence strongly depends on the behaviour of ﬁ around the points of C3 ax,

which depends on a.. We can see that (A6) always implies (A2).

Remark 3.8. [t is natural to ask whether the convergence rate obtained in
Theorem 3.5 is optimal or not. Stone [17] obtained an optimal convergence rate
in a multivariate nonparametric regression setting. Transposition for statistical
models with functional variables is still an open problem. In our case, the con-
vergence rate in Theorem 3.5 can be written under the form n~%/(atl) yith
a < 1/2, which leads to a rate slower than n=/*. The condition o < 1/2 pre-
vents from getting convergence rates of the same form than those given in Stone
[17]. This constraint enables to bound the quantity W, which is crucial to
control the bias term. Indeed, the convergence rate is stated in a large setting
(i) for the L? norm over the whole real line, (ii) without any assumption on the
reqularity of the curve X, and (iii) without any assumption on the distribution
of X.

Under stronger but more intuitive hypotheses, we can also obtain similar
convergence results to that of Theorem 3.5. Corollary 3.9 is an example.

Corollary 3.9. If additionally to hypotheses (Al), (A2) and (A3), we assume
(A4bz's) % 15upp(‘ﬁ‘) cL?’n L,
then

A”,@D. (3.5)

Hﬁn — BHLZ = Op (max |:—
n’ A,
Hypothesis (A4bis) is a reformulation of (A4) and part (¢) of (A5). It is
required to control the second term of (3.1) and the decreasing rate of § with
respect to E[|X|?] around infinity (tails control). Besides, note that (A4bis)
implies that C 9x = 0.
Theorem 3.10 presents a simpler convergence result on compact subsets of
the support of E[|X|]. This theorem assumes general hypotheses and ensures
convergence in a wide variety of cases.

Theorem 3.10. Under hypotheses (Al), (A2) and (A3), for every compact
subset K C supp(E[|X|]), we have

I = Bl = On (max |22, 52 ). (36)
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3.3. Further results

In the previous subsection, we presented some convergence theorems that use
convergence in probability (consistency). By adapting the arguments in the
proof, we can also obtain convergence of the mean square error. We proved the
following theorem.

Theorem 3.11. Under hypotheses (Al), (A2), (A3) and (A4bis) we obtain

Elldn - 8131 = [ BB - 5P =0 (max |2 2]). 1

Moreover, the confidence bands of 5 are computed in Proposition 3.12 under
suitable noise conditions. We first compute the expectation and the variance of
Bn conditionally to the sample Xi,---, X,,. Then we define an unbiased esti-
mator of the variance of the noise for each value t € R, with which we compute
the confidence interval of 3 for this value t.

Proposition 3.12. The expectation and variance of Bn conditional to a sample
Xy, , X, are

. R E[le|?
E[ﬁn|X177Xn]:BDX a'nd Var[ﬁnXla"'7Xn]:%D§(7
i=1 ?

where Dx is a function defined for all t € R as follows Dx(t) :=
1 n 2
w2 iey [ Xi ()]
T XA
Additionally, if for a given value t € R, we suppose that B(t) € R, X (t) € R,
€(t) ~ N(0,02) and (€;(t))iz1,... n is a i.i.d sample, then

Ba(t) — B(t)Dx (1)
GeDx (35, | Xi?) 71/

~ T(n - 1)7

where
6= ) D2 Z|DX 5n( )X ()

is a unbiased estimator of o.(t) and T (n—1) is the Student’s t-distribution with
n — 1 degrees of freedom.
Consequently a confidence interval of 5(t) at the level 1 — « is the following

Bn(t) 6.6
[Dx(t) —tp1(1— 04/2)—2?21 XOF
Ba(t) N

with critical value t,—1(1 — a/2).
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4. Selection of the regularization parameter
4.1. Predictive and generalized cross-validation

This section is devoted to developing a selection procedure of the regularization
parameter \, for a given sample (X;,Y;)ic(1,... n}. To solve this problem we
chose the Predictive Cross-Validation (PCV) criterion. Its definition, see for
instance Febrero-Bande and Oviedo de la Fuente [4, p. 17] or Hall and Hosseini-
Nasab [7, p. 117], is the following

PCV(X Z 1Y; — B0 X2,

i=1

where Bffz) is computed with the sample (X;,Y})jeq1,... i=1,i41,-,n}- Lhe se-
lection method consists in choosing the value A,, which minimizes the function
PCV(.).

Proposition 4.3 shows how to compute faster the PCV by only processing
one regression, instead of m. This result is based on similar ideas as those in
Green and Silverman [5, pp. 31-33] about the smoothing parameter selection for
smoothing splines.

Proposition 4.1. We have

~ 2

4.1
e I (4.1)

1 n
PCV(\,) ==
(An) =~ ;
where A;; € L? is defined as follows A; ;= |Xi? /(3271 | X51* + An).-
Next we introduce the following Generalized Cross-Validation (GCV), which
is computationally faster than the PCV:

L2

~ 2
}/i_/@nXi
1-A4

)

GCV(\n) == %Z

i=1

L2
where A€ L? is A= (= 30 [Xil*) /(20— 1 X517 + An)-

Remark 4.2. From the definition of A, we have that, for every t € R, 0 <
A(t) < 1/n, then 1 < %A(t) < g, which yields that the GCV criterion is
bounded as follows:

Xli < GOV(A —ZHY B X

This last inequality quickly gives an idea about the GCV values.

4.2. Functional regularization parameter

Given that we are working with functional data, another possibility for the
estimator defined in (2.3) is to use a time-dependent function A, (¢) instead of
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a constant number )\,,. We shall optimize, for each time ¢, the choice of A, ().
To that aim, we have to compute the PCV for each time ¢ € R,

n

POV(AL(1) 1=+ 3 Vilt) = B0(0) Xu(o) P,

i=1

where 857 (t) is computed with the sample (X;(t), Y;(t)) (1, ,n}\{i}-
As above, we obtain a simpler formula for PCV (A, (t)) (see next proposition
bellow), which yields a faster computation.

Proposition 4.3. We have

Yi(t) — Bn(t) Xi(t)
1—

POV(AL(0) = -3 4040

R 01
where Aii(t) := s mEELm -

This criterion is discussed in the next section dedicated to simulation studies.
Tts performance is evaluated and compared to that of GCV(\,).

Theoretical results can be obtained on the asymptotic properties of the es-
timator associated to the functional regularization parameter. For instance we
proved the following theorem.

Theorem 4.4. If additionally to the hypotheses (Al), (A3) and (A4bis) we
assume

(A2bis) There exists a constant b > 0 and a set of continuous functions A, :
R — RT such that for each n € N, My, < bmp, and

ma,, n
— =0 and L — 0,
n ma

n

where my, = min(A,) and My, := max(A,).

180 = Bllz2 = Op <max [m—A ﬂ]) : (4.3)

n ' mg,

Then

where By, is obtained with A, (t) minimizing (4.2).

5. Simulation study

We divide the simulation study into two parts. Firstly, we present in settings
1 and 2, a comparative numerical analysis of different estimators used for esti-
mation in model (1.1). Then, in the second part, a third setting simulation is
introduced to numerical study the dependence of the convergence rate (n~7) on
@, where « is a bound for the decreasing rate of E[| X |?] towards 0, as described
in Theorem 3.5. In this case we use the model without intercept (2.2).
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5.1. Comparison of estimation methods

For settings 1 and 2, we evaluate our estimation procedures when the Signal-to-
Noise-Ratio (SNR) is low, that is, under noisy conditions. Both approaches for
computing the FRRE (using A, and A, (t)) are compared along with the non
penalized case (A, = 0). Furthermore, we also compare them to the estimator
defined by Ramsay et al. ([14, Ch 10]). In this approach, the random functions
are projected onto an adequate finite-dimensional subspace generated by the
Fourier basis. The estimator is obtained as a solution of a penalized least square
criterion and is implemented in the R package fda.

We use the estimator (2.1) of Sy and the FRRE estimator of (5 after center-
ing, that is

B - Z:'L:1(yi - jn) (X — ')En)*
b Z?:l‘Xi_XHP + A ’

(5.1)

BO = j}n _Bl 'X_‘n

For each setting we computed 500 Monte Carlo runs to evaluate the mean ab-
solute deviation error (MADE) and the weighted average squared error (WASE),
defined in the same way as in Sentiirk and Miiller [16, p. 1261],

1 [ T1Be) = Be)ldt [T 1B1(8) — Bu(t)] dt
MADE = ﬁ ; range(ﬁo + = mnge(ﬁl) ’

1 [ 1B = Bo)Pdt [ 1B1(t) — Bu(t)|Pdt
WASE = 27 0 range?(Bo) 5 range?(f1) ’

where [0, T] is the domain of Sy and 51 and range(,) is the range of the function
B for r =0, 1.

In the first setting, we analyze how the estimators behave when E[X] > 0.
Then, in the second one, we study a case where the penalization (A > 0) is
clearly needed, that is, when E[X] =0 and 8y = 0.

For both settings, we simulated random functions (Xj,Y;)i=1,... n over the
interval [0, 1], discretized in p = 100 equispaced observation times t; := j/101
for j =1,---,100. Additionally, to measure the level of noise, we use the signal-
to-noise ratio (SNR), defined by SNR := (tr(Cov(X)))/(tr(Cov(e)), where
Cov(X) :=E(< X, - >X- <E(X), - >E(X)), Cov(e) :=E(<e¢,->e€) and tr
is the trace of an operator.

The general hypotheses (HAlpcar) - (HA3pcn) are satisfied for both set-
tings. The regularization parameter )\, and the function A,, were optimized over
the interval [0, 100].

5.1.1. Setting 1

We simulated samples with size n = 70. The input curves &;, for ¢« = 1,... n,
were generated with mean function py(t) = t + sin(¢) and covariance function
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constructed from the 10 first eigenfunctions of the Wiener Process with its cor-
respondent eigenvalues. That is, for 0 < ¢ < 1, X;(t) = px(t) + 2;11 p;&iid;(t),
where for j > 1, ¢;(t) = V2sin((j — 1/2)7t), p; = 1/((j — 1/2)7) and the &;
were generated from N (0, 1).

The function £y is defined as Sy(t) = (¢ — 0.25)> 1j9.25,1] and B; as

jgg (t—0.45)2+2 ift € [0.3,0.6],
Bi(t) =4 5= (t—0.85)>+1 ifte[0.7,1],
0 otherwise.

[=}

The noise ¢; is defined as follows, €;(t) = c. Z?in pi&ijd;(t), where ¢, is a
constant such that SNR = 2.

Results: The simulation results are presented in Figures 1, 2, and Table 1.
The performance of the four estimators are illustrated.

Bo B4
v o
T | — Bo @ — B
A A
— fzwo 2 = — E'law
=18 B o — bew
— Baayn o \ — Baayn
A A
w N T
= 12 - \
g e = \ 7\
/\ J \ f \
A 4;,/,’/./5 v 0 | \ / \
= 2~ e vV o lk f \\
S - o
bt ] v
o 7 o
' T T T T T T ! T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
time time

Fic 1. An example of the estimation of Bo and B1 (solid black line) with a sample size
n = 70. In green, the estimator without penalization (A = 0); in red, the FREE with optimized
parameter A > 0; in blue, the FREE with the functional optimized parameter A; and in orange,
Ramsay’s estimator.

We can see that, even under rather noisy conditions (SNR = 2), the es-
timators perform well. This shows their robustness. Furthermore, 31 is better
estimated than Sy (see Figure 1) because of two reasons: (i) it is estimated before
Bo in (5.1) and (ii) since X, ~ px has some periodicity, it introduces cycles on
the estimators of By, which is monotone.

Lastly, let us remark that the FRRE computed with a functional regulariza-
tion A,, gives in average better estimations. To understand better this fact, in
Figure 3 we compare the mean of the 500 calibrated functional regularization

parameters (A,) with the mean of the correspondent calibrated regularization
parameters (), which is equal to 0.5289 (sd = 0.1096).
The FRRE computed with a functional regularization A,, can reduce, if nec-

essary, either the bias or the variance of the estimator in (3.1). This adaptability
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F1G 2. Distribution of the evaluation criteria MADE (left panel) and WASE (right panel) for
the four estimators over 500 simulated samples.

TABLE 1

Means (and standard deviations) of the evaluation criteria MADE and WASE over 500
stmulated samples.

MADE

WASE

A=0
An >0
An
Ramsay

0.09171 (0.0252)
0.08973 (0.0238)
0.07521 (0.0232)
0.10938 (0.0255)

0.01985 (0.01129)
0.01873 (0.01047)
0.01499 (0.0097)
0.02784 (0.01386)

property makes it more efficient. An illustration is given in Figure 3. On the
one hand, A, penalizes much more in the intervals where £; is equal to zero
to reduce the variance in (3.1). On the other hand, A, is close to zero where
B1 > 0 to reduce the bias.

80
1

20

_A"
_}\'n

T
0.0

T T
0.2 0.4

T T
0.6 0.8

T
1.0

F1c 3. The mean of the 500 calibrated functional regularization parameters (M) and the
mean of the correspondent calibrated regularization parameters An, = 0.5289.
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5.1.2. Setting 2

We simulated samples with size n = 100. The input curves X;, for i =1,... n,
were generated with two white Gaussian noises. The first one over the subinterval
0,0.5] with a variance 0% ; = 0.5, and the second one over [0.5,1] with a
variance 0% ;, = 0.5 x 1/10. Accordingly, we have E[X] = 0 and the function
E[|X|?] is constant over each of these subintervals.

Function By is null and $; is defined as follows: 81 = 4(1—21)1/2 1 5. The
noise ¢; is defined in a similar way to X, with a variance over [0, 0.5] 0627 =03
and over [0.5,1] o2, = 20 * 0.3. Consequently, SNR = 0.0873 (very noisy
situation).

Results: The simulation results are presented in Figures 4 and 5, and Table
2. The performance of the four estimators are illustrated.

B+

N Ba-o

N ElaAyn
N Bram

e i

e o-‘Q: N

W
NS . a
W7 .

0.0 0.2 04 0.6 0.8 1.0

time

Fic 4. An example of the estimation of B1 (black solid line) with a sample size n = 100. In
green, the estimator without penalization (A = 0); in red, the FREE with optimized parameter
A > 0 optimal; in blue, the FREE with the functional optimized parameter A, and Ramsay’s
estimator in orange.

Here, we see that under very noisy conditions (SNR = 0.0873), all the es-
timators perform well over the interval [0, 0.5]. Estimation performances differ
over [0.5,1]. The FRRE computed with a functional regularization A, gives a
more stable estimation.

Let us explain why the FRRE with a functional parameter performs better
than the other estimators. First of all, in this setting we have E[X] = 0, then
penalizing is needed to avoid dividing by zero when computing the FRRE. Thus,
the estimator without penalization (A = 0) is more unstable.

Secondly, the denominator of the FRRE (1/n Y-, |X;|?) behaves like E[| X |?],
which is equal to 0.5 over [0,0.5] and to 0.05 over [0.5,1]. Therefore, different
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F1G 5. Distribution of the evaluation criteria MADE (left panel) and WASE (right panel) for
the four estimators over 500 simulated samples.

TABLE 2
Means (and standard deviations) of the evaluation criteria MADE and WASE over 500
stmulated samples.

MADE WASE
X=0 0.04049 (0.01324) 0.00404 (0.00342)
An >0 | 0.04258 (0.00836) 0.00274 (0.00151)
An 0.02581 (0.00721) | 0.00173 (0.00147)
Ramsay 0.116 (0.02122) 0.03787 (0.01299)

penalization values are needed over each interval. A functional penalization like
A is more flexible and consequently, it performs better than a constant penal-
ization one.

Thirdly, given that the noise is 20 times bigger over [0.5, 1] than over [0, 0.5],
a bigger penalization is needed over [0.5, 1] to bound the variance in the bias-
variance decomposition (3.1). This is better handled by the flexible functional
penalization. Similarly, the bias is also better handled by a flexible penalization.

Finally, the FRRE estimators are more suitable than the estimator intro-
duced by Ramsay et al (Ramsay et al. [14]). The main reason is that the FRRE
estimators are pointwise defined, which avoids projecting the random functions
onto a finite dimensional subspace that may be composed by too regular func-
tions (Fourier basis). Thus, the approach we propose can better handle complex
datasets of random functions such as realizations of the white Gaussian noise.

5.2. Dependence of the convergence rate and «

As stated in Theorem 3.5, the convergence rate of the estimator (||3, — 3||.2) is

bounded by Op (n™7), where v := min [2(2;+1)’ % - 2(2;“)}- Therefore, this

rate depends on «. In this way, the rate is directly related to the behavior of
E[| X|?(t)] around border points (p € Cg,ox ). This behavior is explained through
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the polynomial lower bound function |t — p|%, according to hypothesis A5 (part
a).
We present in setting 3 a case that explicitly shows the dependence of the
convergence rate and a. In particular, we are interested in the behavior of || 5, —
B2 and of its upper bound, i.e.,

An
C, = —
n

B
LS X

n

NG

Dy ~—
+ O)\na

L2

(5.2)

where Dy = 10 has been empirically chosen in order that (5.2) can be a bound
of ||3, — Bl|z2. From the proof of Theorem 3.5 (see section 8), we can see that
C), has a rate equal to Op (n™7).

To illustrate Theorem 3.5, we chose p = 0 € Cg9x (see Assumption A5).
The random functions X; and Y; are defined in a neighbourhood of p.

Setting 3

For each alpha value o € {0.001,0.1,0.25,0.5,1, 3,9}, samples (X;, Yi)i=1.... s
with sizes n € {10%,10%,10%,5 - 10%,10%}, were simulated. More precisely, for
each couple (n,a), N = 50 Monte Carlo runs were computed to obtain means
of |8 — Bl 2 and C,,.

The random functions X and Y are defined over the interval [—1,1]. We

considered the equispaced observation times, [tg,t1,- - ,t199], With ¢, = =1 +
2k/199 and k= 0,--- ,199.
The input functions X, for i = 1,--- ,n, are realizations of

10
1
X(t) = [t]*? + 0 Y pi&ii¢i(|t)).
=1

where ¢ € [~1,1], and for j > 1, ¢;(|t|]) = V2sin((j — 1/2)7|t]), p; = 1/((j —
1/2)m) and the &;; were generated from N (0, 1). In this definition we use the ten
first eigenfunctions of the Wiener Process with its corresponding eigenvalues.
Similarly, the noise is defined as realizations of €(t) = c. Z?in p;&ij®;(t), where
ce is a scalar, such that SNR =5 (20 % of noise).

The functional coefficient is defined as 3(t) = 1.5 — t2. Lastly, the output
functions Y; are generated according to model (2.2).

From these definitions, E[| X (¢)|*] = [¢|* and p := 0 € Cj 9x.

Results: In Tables 3 and 4 we show the mean values of ||, — 8]|.> and of its
upper bound C,,, respectively.

Clearly, as the value of « increases, the convergence rate deteriorates due to
the increasing bias. Specifically, when o >> 0, E[|X|] = 0 and then, the bias
behaves like § in Equation (3.1) slowing down its rate.

The upper bound C),, behaves as expected for n large enough. That is, its
convergence rate is very low when a & 0, improves to reach its maximum value
for o =1/2.

We can also see that ||3, — ]| 2 tends to 0 faster when « tends to 0. Indeed,
for o ~ 0, the function E[| X (¢)|?] = [¢|* ~ 1 over [~1, -] U[J, 1], where § €]0,1]
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o n=10%2 [ n=10° [ n=10T [ n=5-10% | n=10°
0.001 | 0.1557 | 0.0526 | 0.0170 0.0076 0.0054
0.1 0.2466 0.1039 0.0414 0.0214 0.0161
0.25 0.4085 0.2210 0.1114 0.0673 0.0539
0.5 0.6882 0.4928 0.3351 0.2491 0.2179
1.0 1.0749 0.9538 0.8337 0.7529 0.7193
3.0 1.5200 1.4998 1.4788 1.4634 1.4566
9.0 1.6636 1.6618 1.6601 1.6589 1.6583
TABLE 3

Mean values of ||Bn — B2

e n=10° [ n=10° [ n=10 [ n=5-10% [ n=10°
0.001 | 10.1098 9.9839 9.9255 9.9002 9.8911
0.1 7.0595 5.7273 4.6830 4.0804 3.8472
0.25 5.0501 3.3832 2.2658 1.7148 1.5217
0.5 3.8505 2.2710 1.3351 0.9179 0.7802
1.0 3.2293 1.9538 1.2979 1.0244 0.9347
3.0 2.9095 2.0177 1.6718 1.5602 1.5286
9.0 2.7924 2.0411 1.7875 1.7183 1.7012
TABLE 4

Mean values of Ch,.

is small. Using an equispaced grid around zero, we can assume that for all
these observation times tg, | X (t)|? > 0.5. Therefore, in Equation (3.1), we can
bound the variance with 2| Y1 | € X7||;2 = Op(1/y/n), and get an optimal
rate for the variance. Similarly, we can show that the convergence rate of the bias
((O(A\,/n)) is high because when a = 0, \,,/n ~ n~'/2 which is the parametric
convergence rate.

In this way, we can see that when « tends to 0, both the variance and the bias
have better convergence rates than C,, = Op (n~7). Thus the convergence rate
of || Bn — Bz reveals to be better than that of C,,, which is the upper bound
obtained in Theorem 3.5. This bound is not optimal. The additional Proposition
8.5 in section 8 is stated to show how to improve the upper bound on compact
sets.

6. Application

We illustrate the use of the estimators in (5.1) with the “gait data”. These data
have been processed by Ramsay et al. [14, p. 158] as an example of estimation in
the FCM and can be found in the R package fda. The data “are measurements
of angle at the hip and knee of 39 children as they walk through a single gait
cycle. The cycle begins at the point where the child’s heel under the leg being
observed strikes the ground. For plotting simplicity we run time here over the
interval [0, 20], since there are 20 times at which the two angles are observed.”

The main question the authors wanted to study was: “How much control does
the hip angle have over the knee angle?”. Accordingly, the hip angle curves are
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the covariate A; and the knee angle curves the response );. They model this
interaction through the FCM with intercept (1.1).

The estimators of Sy and S; (5.1) with optimized constant and functional
parameters are presented in Figure 6. These estimators gave similar results as
those obtained with fda, with a better computation time. Additionally, the
empirical mean Y, is also compared to 8y to see what happens if 51 = 0, that
is when the hip angle (X') does not influence the knee angle ()’). From Figure 6
(left panel) we see that a functional coefficient 8 is required.
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Fic 6. The FRRE estimators of Bo and 1 (5.1) with optimized constant (in red) and func-
tional (in blue) parameters compared to Ramsay’s estimator (in black). The empirical mean
Yn (in orange) is plotted in the first panel.

7. Conclusions

In this paper we generalized the Ridge Regression method to define the FRRE
estimator of the functional coefficient £; in the FCM (1.1). We proved its con-
sistency for the L2-norm, and obtained its rate of convergence over the whole
real line, not only on compact sets.

From a practical point of view, we introduced two penalized estimators, one
with a constant regularization parameter and the other with a functional one.
The functional regularization is more flexible in case where the noise variance
is changing over the estimation interval, or when the functional parameter 5
is close to 0. For both estimators, we provided a selection procedure through
PCV.

In addition we compared this estimation method with that of Ramsay et al.
[14, Ch. 10] in a simulation study and in an application. Both perform well
under noisy conditions and in some cases the former is more robust, may better
handle complex datasets of random functions and is faster to compute.
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All these results open new perspectives for studying the FCM with several
covariates and related models such as the convolution model (1.2), for which the
properties of the Fourier transform allow to transpose the convergence results
to an estimator based on the FRRE.

8. Proofs

8.1. Proof of Theorem 3.1

Let us first introduce a useful technical lemma. Here we will denote ¢ :=
E[‘Xlz] e (.

Lemma 8.1. Under hypotheses (A1) and (A2) of Theorem 3.1, if there exists a
sequence of functions (fn)n>1 C Co such that ||fn, — ¢llc, — 0, then there exist

1. a sequence (Cj);j>1 of subsets of R such that
m <limsup C]> =m (mJ>1[Uj:10j]) = O7
j—~+oo -

where m is the Lebesgue measure,
2. a strictly increasing sequence of natural numbers (N;)j>1 C N and a se-
quence of real numbers (dy)n>1 C R, with lim, 4+ dy, =0,

such that for every j > 1 andn € {N;, -+, N;y1},

An

n

s

ot 2

n

< dy. (8.1)

Co(R\Cj)

Proof of Lemma 8.1. To start the proof, we notice that supp(p) = supp(E[| X|]),
hence supp(|8]) C supp(p) by hypothesis (A1).

We define the sequence «,. := ,/% which is decreasing to 0, and the sets

K¢ := ¢ ([ay, +o0[) and K := |B|7([1/q, +00]) for r,q € NT. All these sets
are compacts and cover the supports of ¢ and [ respectively, that is U2, 1
K¢ = supp(p) and Uz, t K = supp(f).
Without loss of generality, we can suppose that there exists some Q1 € N such
that Kgl # () (otherwise 8 = 0). Then we redefine for all ¢ € N, Kg = Kgl+q.
Let us take a sequence s decreasing to 0 and define for all s € N,

DS = Bés (88Upp(§0)) = Uaeasupp(ga)B5s (CL) and C'S = KSB n DS»
with Bjs_(a) :=]a — s, a + d4[. Clearly
K7\ C1 Cint(supp(p)) = supp(yp) = U2 K¥.

since the supports of continuous functions are open.
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Thus, from the definition of K¥ and the fact that o, goes to zero, there exists
r1 € N such that for all » > rq, Kf \C1 C K?.
Moreover, from (A2) there exists 71 > 7 such that, for all r > 7y,
max — <

Ay

r>ry T T1

Considering K f \ C1, from the definition of K? and the uniform convergence
of (fn)n>1 towards ¢, we deduce that there exists N3 > 7, such that for all
n > Np andteK;"l,

3
1 Ay < fn(t) + Zn

Thus for all n such that n > Ny,

: <2yt < (ma20)

ot 2
In particular we can deduce, for all n > Ny > rq,

5 Ay, 4 o4
< < n - .
Fot A <|— |30¢r 1Bl com) < o 3||5||CO(R)

|2An
n

Co(K%)

>\n

Co(KJ\C1)

because of the definition of a,.
Similarly
K3\ Cy C int(supp(p)).

and there exists ro > 71 such that for all r > ro, Kg \ C5, C K¥. From (A2)
)

there exists 75 > r such that max, >, % <2

Again, given the definition of K and the “uniform convergence of (fp)n>1
towards ¢, we deduce that there ex1bts N5y > 75 such that for all n > Ny and
te K7,

An
047‘2 S fn(t) + 7

This yields that, for all n such that n > Ny > ro,

B N 4
r; gHﬂHco(R)

fot2n
We continue this way to build three strictly increasing sequences r; 1 oo,
7; 1 00 and N; 1 oo such that for all j € N,

)\n

Co <Kﬁ\ca>

1. Nj>7:j>7“j,
SVr>r, K7\ CjC KY,

T

2
3. maxr>;j[%] < b
4

—_ )
T]

. vn>NJ,\An|

Co(kBNGy) = <y 7—”5”00(11@)

s \
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Let n be an integer greater than N;. Then there exists an integer j such that
n belongs to the set {N;, N; +1,---,N;11 — 1}. The following sequence (d,,) is
then defined as follows:

d,, = meux{é
3

It is easy to see that this sequence goes to zero and from (8.2) we conclude that
for allnE{Nj,Nj—&—l, J+1 1}

Ar 1
2 -0 2
1Bl j} (52)

<d,, (8.3)
Co(R\Cj)

because of the definition of K Jﬁ (outside K f , B is bounded by 1/j) and the fact
that R\ Cs, = [K7 \ Cs5,] N [(K7)°\ Cs,]. O

Proof of Theorem 3.1. From the decomposition (3.1), we obtain

%Z:‘L:I €X
LY X2+ e

B
LY X2+ 3

Let us start by showing that

%Z?:l 6X;
An
%Z?:l |Xi|2 + 5

. Ay
1 = Blle < ‘—

L2 L2

o () o

L

First we have
E[lle X*[172] < E[llel|2,] B[ X[72] < +oo,

because of (HAlpca) and (HA3pcow)-

Now due to the moment monotonicity E[|le X||z2] < +oo, € X is strongly
integrable with the L?-norm, so the function E[e X| exists and belongs to L2.
From (HAlpca), Ele X] is the zero function. We conclude that

Ele X] =0 and E[lle X||32] < 400,

which, from the CLT in L? (see Theorem 2.7 in Bosq [1, p. 51] and Ledoux and
Talagrand [13, p. 276] for the rate of convergence), yields to

1
=0p|—]-
. (ﬁ )
Finally (8.4) is obtained from the fact that

1
n Z?:l 66X Z X7
Ly Wi + 2=

n

=1

L

< |
An An

-0 (Y").

L2 L2
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As /\—‘/E — 0 by (A43), we obtain the probability convergence of this part.
To conclude the proof, it is enough to show that

A’I’L ﬂ a.s.
— m —=0. (8.5)
| e
To that purpose, we use the fact that
1 = 2 2 a.s.
SN IXGP -BIXP| o,
i=1 Co

which can be obtained by applying the Strong Law of Large Numbers (SLLN)
(see Bosq [1, p. 47]) to the random function | X|?. Notice here that E[| X|?] € Cp.

Now for 8 := {w € Q: |2 37 [X(w)|* — ¢llc, — 0}, P(S) = 1. Let us take
an arbitrary and fixed value w € S. Then for n > 1 we define the sequence
of functions f, := L 3"  |X;(w)[%. Clearly this sequence belongs to Cyy and
Il fn — ¢llco, = 0. Thus we can use Lemma 8.1 which implies that there exists
a sequence of subsets of R, (C;);>1, a strictly increasing sequence of natural
numbers (N;);>1 C N and a sequence of real numbers (dy)n>1 C R converging
to zero, such that inequality (8.1) holds.

At this point we define for n > Ny, R, := é — oo and the intervals I, :=
[-Rn,+R,). For n € {N;,N; +1,---,N;41 — 1}, by the triangular inequality
and inequality (8.1),

B
foti2

BA
fnt52 L2(1,NCy)
+  IBllL2rey
< Bllzao + 1201 |

B

An
frt22

n

+
L2 (fn,nc;)

<13 |

|

L2(R)

B
fntin

) V2 R, + ||B“L2(f;)-

Co(R\Cj

In this way we obtain for every n € {N,;,N; +1,--- ,Nj;1 — 1},

An B [2
|7| ‘f 4 < Bllzzcy) + dn d_+ ||5HL2(T5)~
n n |l22(R) n
Thus
. A B .
L:= lim |7‘ | * < lim [[5-1c; |2 w)-
It S llem

Finally the sequence of functions |3 - 1¢,| is bounded by 3 and is pointwise
convergent to zero almost everywhere because {t € R : - 1¢;(t) — 0} C
NXy Us>1 Cs C N2y Us>i Dy € N2 Dy C Osupp(y) which is countable then
with measure zero.

By the dominated convergence theorem, lim; , [|3-1¢, | > = 0. Thus L = 0

and so (8.5) is proved because w is an arbitrary element of S and P(S) =1. O
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Proof of Proposition 3.4. For all independent realizations of X, we have

E[l[ Xnllco(to—s.t0+s))] = 0. Then for all n € N, the function X, restricted to
the interval [tg — J, to + d] is equal to zero almost surely. Thus over this interval

B =0 (as.). If we define C := ||| 2((to 5,10 +5]) We obtain

1Bn = Bllrz > 118 — Bllr2(tto—s.t0+5) = C (a.s.). O

8.2. Proof of Theorem 3.5

We use (3.1) and the triangle inequality to obtain

3 _ < |Aaffl___ B M‘ )
Hﬂn ﬁ”L2 = | n | iy, |X1.|2+>\TZL L2(supp(])) Lyn |X1.|2+>\Tn L2
The proof of
T |, (i)
n An -
%Zi:l |Xz'|2 + n ||t An
is the same as in Theorem 3.1.
Hence, to finish the proof of Theorem 3.5, we have to show that
8 i 8 i
= Op(1)
15 1 x 2 4 A 1S 1x 24 An ’
n Ez:ll 1‘ + n L2 (supp(|B))\J) n Ez:ll 1‘ + n llL2(g)
(8.6)

which will lead to

Op(1) + Op (@) — 0p (n).

||/Bn_ﬂ||L2 = >\n

An
n

The proof of (8.6) is based on the two following lemmas.
Lemma 8.2. Under the assumptions of Theorem 3.5, we have

2

B
Ly X+ 2

n
n n

= Op(1).
L2 (supp(|8])\J)

Proof of Lemma 8.2. Throughout the proof, we use the following notations to
simplify the writing. For alln > 1, A,, 1= 22, G, :=S"" | [X;[2, S, == 22 A, =
|8]/(Sn + An). The support of function ¢ := E[|X|?] is supp(¢) = supp(E[|X]]),
so that Cgox = supp(|B]) \ O(supp(v)). Finally, the set C = supp(|8]) \ J
satisfies C' C supp(yp).

Let us define for j > 1, r; := |l¢llcy /27, 70 := ||¢llc, + 1, the compact sets
Ky = @, Kj = (pil([Tj,OOD, and Dj = Kj \ Kj—l- So we have Uj21 1T Kj =
supp(y) and we can cover C = U;>1(C' N D;).
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We obtain

||An||2L2(c) = Ej21 HAn 1§n,e[o,rj/2]‘|%2(cmpj) + 2121 HAn 1§n>rj/2||2L2(Cij)

< 55 Lo 1813y e,y m(Sa € [0,75/210C N Dy) +
2 2
+ 1 ﬁ—? e 181172 (cp,)-

Now for each j > 1, TJT—’l < :—(1’ and in the set C'N Dy, TL < g < £ Then
J j—1 T
18]y < Marj—1 because of part (c) of (A5). Thus
MalBaey S ME(E2 Y0072 m(S, € [0.15/2 N C N D))+
+ 4(:_?)2 2321 ||g||2L2(Cij)'
Moreover

2 _
2321 e m(Sn € [0,7“]’/2} ncn Dj) < 2321 ||(90 - Sn) 1§n€[0,7‘j/2] ||%2(Cij)

< o = SnllZz(c)-
Now we can bound A4,
14al2) < 3 MF(2)2 x 4lle = Sal3a iy + 40221 21320
(8.7)
= AMZ(2)20p((¥2)?) +4(2)?|1 2|2, ) = Op(D).
O

Lemma 8.3. Under the assumptions of Theorem 3.5, we have

2

B
LY X+ 2

= 0p(1).
L2())

Proof of Lemma 8.3. We start the proof by considering the set Cg ox. Since
supp(p) is an open set in R, it is a union of open intervals and 9(supp(p)) is
countable. Besides, by hypothesis (A45), for every p € Cg gx, there is an open
neighborhood Jj,, in which (a) holds. Thus for all p € Cg ax, Jp, NO(supp(p)) =
{p}. These intervals J, are countable and pairwise disjoint.

Now we suppose that card(Cg sx) = +0o (the case where this set is finite is
similar). We denote its elements as p,, with v > 1. So J is the union of disjoint
intervals J = U,>1Jy, where J, := J, , and part (b) of (A5) can be written as
Zv21 H/BHQCO(J,U) < M;.

Let us define &, := max{||¢|lc,, L$, A\3*+1} and for n > 1, &, := A\2%. Clearly
from (A6), &, | 0. We define for [ > 0, the compact sets Klf = o 1([&, o0[), and
Df = Klf \Kffl. So we have U 1 Kf = supp(yp) and we can cover J, \ {p,} =

Uj>1(Jy N D§) for each fixed v > 1. Moreover in Df, &171 < % < é
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Let us take a fixed v > 1. Given the fact that & is strictly decreasing to zero,
by hypothesis (A6), there exists a unique number N, > 1 such that

{n, < max \t—pvl <éN,-1-
ted(Jy)

Then for every n > N,,

HATLH%Z(JU) = Zl 1||A ||L2 JﬂDE +||A ||L2 T \Kﬁ)
= Z?:l ||A'ﬂ 1S"€[0’§L/2]||i2(J'uﬂDlg) +

+Z?:1 ||A71 lganl/ZHiZ(Jvalﬁ) + ||AnHiz(Jv\Ki)

IN

18125,y [ 32 iy m(Sn € 0,61/2] 1J, 0 Df)]

B30 | Sy Em (N D)+ AP m(, \ K|
Using the inequality

&N~ G :
sz(sn € [0,&/21NJy N DF) < [l — SnllL2(s.)s

=1
we obtain

N & 3 JuND,
A2y < 182 0 [M2 &l = Sl +4 57, S mned o

+ A2m(J, \ K§)] .

Because of (A6), there exists M3 > 0 such that for > 1, |£gl | < Mj3. Thus for
n > Ny,

5 —(2+4a a
MalZagry < 11 [435 5o = Sullzaan+

+ 4M2|| [ + A 2m(J, \ KS)| .

e llL2(7,nKS)

Now for t € J, \ K§ we have 0 < ¢(t) < &,, then [t — p,|* < ¢(t) < &,. In
particular J, \ K§ C [p, — Tl/a,pv + fl/a] Thus for n > N, m(J, \ K§) <
268/ < 222,

Using these inequalities we can prove that for every n < N,,

||An||2L2(J,U) < THBHLQ(JW)?

and for n > N,,

1AnlZ205,) < 4Bl cs) [P0 = @122, + M3 = HL2(J y+1/2].
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To finish the proof of this lemma, we bound the sequence ||An||2LQ( 5 =
D1 HAnH%z(JU). In order to do this we define for each n > 1, the set C), :=
{v>1:n< N,}. We obtain

IN

X181 o,y
+ (4801 1812, ) [P0 = Pl3 () + MEME +1/2]

1AnllZ2 )

A

N2IBIZ 2 (e, gy T 4AML [OP (L) + MEMG +1/2] .

For each n > 1, v € C,, then n < N,, hence &, > maxieay, (t — py)®, from

what we deduce that m(.J,) < 2&/. We obtain for n > 1

181720 co, 1) < 2607 D 1By < 268 | D 1By | = 260/ (M /4],

vEC v>1

and thus for n > 1,

[Anl220 < 25226/ M0 4+ 4AM, [Op(1) + MEME +1/2]

< M4 4, [Op(1) + M3ME +1/2] = Op(1). O
Proof of Corollary 3.6. Direct computation using o < 1/2 in Theorem 3.5. O

Proof of Corollary 3.9. As in the proof of Theorem 3.5, we only need to prove

that
2

B
i X2 4 2

n

= Op(1).
L2 (supp(|B]))
To achieve this we use a similar method to that of Lemma 8.2. First note
that hypothesis (A4bis) implies that, for all ¢ € supp(8), |8(t)|/¢(t) is finite.

Consequently, supp(8) C supp(p).
Secondly we define C' := supp(8), Ms := ||ﬁ||po, ro := |l¢llc, + 1 and,

for j > 1, rj :== [|¢|lc, /2. Then we apply the same method as in Lemma 8.2.
This leads to the inequality (8.7) which implies what we wanted. O

Proof of Theorem 3.10. We start with the decomposition

B %E:’L:l 6X7
m i [Xil? + 52 LY X2+ 2

n n n

+
L2(K)

. Ao
=Bl = |

L*(K)
1xn oy

%i?j—;{sl;i%” L) = Op(\/\/—j) is the same as in Theorem

3.1. We finish the proof of the theorem by showing that

B
%22;1 | X;]2 + 2=

n

The proof of

= 0p(1). (8.8)
L2(K)
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Given that K C supp(p), there exists a positive number s; > 0 such that
K C K¢, where K¢ = ¢ !([s1,00[) is a compact in R. We define s := s1/2.
We have for every n € N,

Hﬂ B

el B
S+ Al paiey = 1150 + X

+ H S’ + Xn 15'n€[s,oo[

15'716[0,5}

L2(K) L2(K) '

Clearly, the first part above is bounded by

_ 57 1z
Sn+)\n Sy E[s,00]

1
<3 181l 2y = Or (1)

L2 (K)

The second part is bounded as follows

B 1 1Bllc, g
—1s& < = g < —
‘ T L5, ef0,s] L) ||ﬂ ]-S”E[O,S]HLQ(K) =75, \/m(KﬂSn €0, g]).
Moreover, thanks to hypothesis (A3), we have ||S,, — ¢||12(x) = Op(ﬁ). This
inequality, together with the fact that |S,, — ¢| > s whenever S,, € [0, 5], allows

to obtain

1Sn —@llz2xy = 11(Sn — 015, cp0,5llL2x) = \/fK |s[*13, c[0,s)dm

> s v/m(K NS, €][0,s]).

In this way, /m(K NS, € [0,s]) = Op(ﬁ) and as a consequence

B < 1Blleq 1 vn
g <P op )= 0n(XD),
H St S| L0 ST, NG A
which finishes the proof of (8.8). O

8.3. Further results on the convergence rates

Corollary 8.4. Under the hypotheses (A2), (A3) and
(A1bis) supp(B) is compact and supp(|8]) C supp(E[|X]]),
R An VN
1Bn — Bll2 = Op (max [—, £D .
n’ A
Proof of Corollary 8.4. Take K = supp(f) in Theorem 3.10 to upper bound

18, — Bl L2 (k- Finally, we have 18, — Bllr2 (ke < Op( ) because, first 3 =0
over K¢, which implies that the bias is null outside K (see (3.1)), and secondly,

we obtain

Op(/\—") is the natural upper bound of the variance over K¢. Thus, using the

bias-variance decomposition we upper bound || B, — B |l L2(r) as we wanted. [J
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Under more restricted hypotheses we can obtain the optimal rate of conver-
gence. This is shown in Proposition 8.5 for the model (2.2).

Proposition 8.5. Under the hypotheses (Albis), (A2), (A3) and
(A4ter) There is mx >0 s.t. |X| > mx almost surely over supp(|3]),

we obtain \
W%—512—0p<")-
n

Furthermore, under the hypotheses (Albis), (A3), (Adter) and by replacing (A2)
with
(A2bis) (An)n>1 C RT is the constant sequence equal to A > 0,

we obtain )
n&mm—@(mﬁ.

Proof of Proposition 8.5. We start with the decomposition
1Bn = Bllzz < [18n — BllLz(xy + 1B — Bl L2 (ke

where K := supp(p).
First, we obtain the convergence rates over K considering the bias variance
decomposition

An

n

B
Ly X+ 22

n n

%Z?:l € X7
i X2+ 2

n n

+
L2(K)

18n =Bl L2(x) = ’

L*(K)
We deduce from Hypothesis (A4ter) that almost surely

1 n Cyek
w2 € XS
mx

182 = Bllzzaoy < 20|

L2(K) L2(K)’

which, under hypothesis (A2), implies
. A 1 A
n — =0p(—)+0p(—=) =0
18n = B2y = Op(= =) + P(\/ﬁ) p(
Likewise, given that the bias is null over K¢, we obtain from a similar bias-
variance decomposition over K¢ that

).

o
n

1 n *
n Zi:l €X;
mx

=0p(—).
v R

Thus, we get the convergence rate of ||, — f||z2 by adding the rates over K
and K¢, that is, Op(22), under hypothesis (A42).

n

1Bn = Bllra(rey <0 +

Finally, when hypothesis (A2bis) holds, the upper bound of HBn —Bllz2(k) is
Op(2)+ O}a(ﬁ)7 with A > 0 constant. This bound is equal to Op(ﬁ). The
bound of ||, — Bl L2 (ke is Op(ﬁ). Then, by adding both we get the optimal
convergence rate. O
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8.4. Proof of Theorem 3.11

From the decomposition (3.1) we obtain

A 2 Y2 ﬁ 2 - * (12
{15, ~ A1) < 2Bl I + B D) > il

2
where X, := 22 and §,, := 2=l
Thus to finish this proof we need to prove two things:

1« ’
— E EiX;
n -

=1

L2

2
=0(1) and
L2

E|—
xo

Let us prove the first equality. We know that hypothesis (A4bis) implies that
the set Cox := supp(|B])\O(supp(p)) is empty (see proof of the Corollary 3.9).
For this reason, by taking J := (} the hypotheses (A44) and (A5) in Theorem 3.5
will hold.

Now we can extend the inequality (8.7) of Lemma 8.2 to the whole real line
because C' = supp(f) in this inequality. Then we have

‘ B

Sh + A,
where M5 := 16( Hﬁlﬁocﬂ )2. The second term in the right side of this inequality
0

is non random. Then we need to prove that the expectation of the first term in
this side goes to zero, that is

2

1
< —
2 AR

G B
M22M3||<P - SHH%P + M3||Elsupp(ﬁ)”%2a

1 _
5z MEMSEll - S.13] - 0
To prove this, let us recall that ¥ — 0 by hypothesis (A42). So we only need to

show that there exists a constant d > 0 such that for all n € N, E[[l¢ — S,]|2.] <
d

From hypothesis (A43) we can prove that [¢ — S,|* is a random function
belonging to L'(R,R) and that E [, |¢ — S, |* < co. Thus by Fubini and Tonelli
Theorems (see Brezis [2, p. 91]) and thanks to the independence of the X; we

have - .
Elllp = Sulli] = JoElle — 5 Xim [Xil?7]
< & [REle =X

< Z{LElePI+ REIX|}

Now again by hypothesis (43) we get

. 2
Elllp = Sallzz] < = {ll¢llz: +EIIX*Z2}
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Thus by putting d := 2||¢||3. + 2E||| X |?||3. < co we obtain the first equality.
Next, to finish this proof we will prove the second equality, namely

1 & ’
— E erz*
n-

=1

L‘Z

:O(l)_

n

From the hypotheses (HAlpcpy) and (HA3pcp) it can be proved that the
random function |1 3" | ¢ X*|? belongs to L*(R,R) and that its expectation
is upper bounded. Thus thanks to the independence of the ¢; and X; we obtain
what we wanted

Ellly i aXi 7] = [REl; S e X7

= 3 JzEleX™ )

IA

SEIXNZ, Ellell7- = O).
Proof of Proposition 3.12. The conditional expectation comes directly from the
decomposition (3.1). To compute the variance let us define for i = 1,--- | n, the

random functions g; := —. Since the g; are independent of the ¢;

K3
S ¢ —
) T X2
we obtain

Var[B, | X1,--+, Xn] = E[l5 X €igil’]
= LS E(el)]]g?
= SE(le®)] X gl

_ EW)[ Lyr X }
T (RS ST e s

— E(|e?) 2
= sooxe Pxo
15 2
where Dy is a function defined as follows Dy = % Here we need
n Lei=1 11 n
Dx(t) > 0, otherwise X;(¢) = --- = X, (¢) = 0 and nothing can be inferred
about 5(t).

Next, let ¢t € R be fixed and such that €(t) ~ N(0,02) and (€;(¢))iz1,. n
is an i.i.d sample. To simplify the proof let us define for ¢ = 1,--- | n, x; :=
Xi(t) € R, y; :==Yi(t) € R, g ;761() € R and b; := B(t) GR.Thanksto
these conditions the set (x;,y;)i=1,... » is an 1.i.d sample of the linear regression

model, y; = byx; + ;. For this model the OLS estimator of by is b1 = %
The OLS estimator (see Cornillon and Matzner-Lober [3, p. 12]) is unbiased
~ ~ 2

(E[b1] = by), its variance is Var(b;) = ﬁ and it follows a normal law.

Furthermore (see Cornillon and Matzner-Lober [3, p. 49]),
b — b
Ge(Doimy |wsl?)~1/2

~ T(ni 1)’
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where 6. := L= 3" | |y; — biz;[? is an unbiased estimator of o2

From these properties and the fact that 131 — Bl o obtain: i) 6c = 0. is

Dx (t)
unbiased, ii)
3,(t) — B(t)Dx (t by — b
A0 -80Dx0)___ bibp
6eDx (3= 1 Xi(0)]?) Ge(Dimn lwil?)
and iii) the confidence interval of () = b;. O

8.5. Proofs of the results of Section 4

Proof of Proposition 4.1. We only need to prove that for every i =1,--- ,n,

—i sz - AnXi
Y- X, = T (8.9)

Let us take an arbitrary ¢ € {1,--- ,n}. We define for each j =1,--- ,n,

Yj:{ Y, ifj#i,

30X j  otherwise.

Because B,(I_i) = % by definition, we have
P 2. D DTS 7P ¢) BV X2
St - Sntin SptAn
= A5 [Z{;i XiPHAn I[P | (-0
- n Sn+An N
Then
R (s oy xr_Sn Yok A x,
BuXi = BVX; = RERDUIERLII X, = N R X,
from what we obtain
- p-Dy oy a4, Y
Y — ﬁn X; Y, - 571 X n n
which implies (8.9). O
Proof of Proposition 4.3. Tt is similar to that of Proposition 4.1. O

Proof of Theorem 4.4. We use (3.1), the triangle inequality and the hypothesis
(A2bis) to obtain

w2y e X
m
& T X2

B
A,
i X2

n

+
L2 (supp(|B]))

A b
1a = Bllza < |+

L2
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The proof of

%Z?:l €X'
w2 i [ X2+ e

n

. = Op <%)1

n

is the same as in Theorem 3.1.
Thus we only need to prove

B
i X+

= OP(l)v
L2 (supp(18]))

since b > 0 is constant and does not modify the rate of convergence. To prove
this equality we use the same techniques as in the proof of Corollary 3.9 with
)\n =ma,- O
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