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Abstract. We present the autoregressive Hilbertian with exogenous variables model (ARHX) which in-
tends to take into account the dependence structure of random curves viewed as H-valued random vari-
ables, where H is a Hilbert space of functions, under the influence of explanatory variables. Limit theorems
and consistent estimators are derived from an autoregressive representation. A simulation study illustrates
the accuracy of the estimation by making a comparison on forecasts with other functional models.
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1. Introduction

Autoregressive Hilbertian processes (ARH) and autoregressive Hilbertian
processes with exogenous variables (ARHX) can be viewed as extensions of
real valued discrete time standard autoregressive processes (AR) and auto-
regressive processes with exogenous variables (ARX). The popular ARX
model already showed better descriptive and forecasting properties for phe-
nomena influenced by explanatory variables than the classical AR model.
Several applications were carried out in various fields including pollution
assessment [2, 26] or engineering [32, 35]. ARX or autoregressive moving-
average with exogenous variables (ARMAX) models have been investigated
by [1, 6, 11, 15, 17, 18, 20, 25, 27, 33] among others. Bosq and Shen [10],
Chen and Shen [13], Cai and Masry [12] removed the linearity specifications,
using nonparametric techniques such as kernel estimation, method of sieves
or local polynomial fitting.

As noticed by Bondon [7], if one wants to forecast more than one step
ahead, the ‘plug-in’ method may show some defectiveness. Indeed, replacing
the first future values of a time series by predicted ones may affect badly the
forecasted ones afterwards because errors are made in the substitution.
Moreover, when discrete time series are made of observations of a continu-
ous-time process, it is appealing to use this feature. In that case, one
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approach is then to make a division of R into intervals of length 6, and view
our discrete time series (x;,i € Z) as observations of only a few values of
functions (X, k € Z) whose argument is in [0,¢], in the following sense:
Xk (t) = Xks4,. Predictions are then naturally 6-step ahead ones and a great
part of the dynamic is taken into consideration.

Bosq [8] was the first to propose to regard the link between those functions
as an autoregressive dependence whose autocorrelation is a linear operator —
allowing a possibly nonlinear behavior of the underlying discrete time series —
on an appropriate function space, making thus autoregressive Hilbert or
Banach valued time series. As a matter of fact, this theory belongs to
‘functional data analysis’, as presented in [31] or [30] except that indepen-
dence is not assumed. Nevertheless the estimation of the covariance structure
is also a efficient tool. Benyelles and Mourid [3], Mas [21], Merlevéde [22],
Mourid [23] and Pumo [28,29], worked on estimation procedures, asymptotic
normality, estimation of §, prediction and simulation as well as on extensions
of the ARH model. Bosq [9] is an up-to-date reference for a statement on
linear processes taking their values in function spaces. Note that Besse and
Cardot [4] and Besse et al. [5] introduced the use of smoothing splines in that
framework and illustrated the quality of their predictions in comparison with
the seasonal autoregressive integrated moving-average (SARIMA) para-
metric model on real data sets such as traffic or climatic variations. One of
their findings is that for some real life forecasting problems, functional time
series improves upon SARIMA models. Indeed, using the great bulk of
information entails better predictions, especially when the stochastic process
holds some functional properties such as some particular smoothness — a
Sobolev space is then a natural framework — or a typical variation. Bosq [9]
also points out that the aforementioned functional discretization of a con-
tinuous-time process with seasonality yields a stationary Hilbertian process,
when the discretization is carried out with respect to the period 6.

The simulation of such processes is really a hard task due to the infinite
dimensional distributions involved in the model. However, Besse and Cardot
[4] and Pumo [28] managed to make simulations by means of the Karhunen—
Loéve expansion or Brownian motion simulation.

The purpose of this paper is to present the ARHX model. Thus, we generalize
both parametric ARX models and nonparametric ARH models. In Section 2,
the law of large numbers and the central-limit theorem are discussed and the
estimation procedure is shown to be consistent. The key tool is the autore-
gressive representation of such processes, and the proofs are stated in Appendix
A. In Section 3, a general simulation method is provided. It extends [4] and [28§]
since we embrace the non-Gaussian case and we do not assume that the func-
tional correlation operator is diagonal. We illustrate the efficiency of the esti-
mation procedure by a Monte-Carlo study. A few examples are given, and
comparisons are made on forecasts with some other functional procedures
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(ARH, functional kernel). Our model presented the best predictive skills on
those simulations. Note that Damon and Guillas [14] applied the ARHX
modeling to forecast ground level ozone, and showed that on that particular
real data set, the ARHX predictions were more accurate than those given by the
ARH or the functional kernel.

2. Autoregressive Representation

Let H be a real and separable Hilbert space. Let p, ay, . . ., a, be bounded linear
operators on H. Let (¢,),., be a strong Hilbertian white noise (SWN) i.e. a
sequence of 1ii.d. H-valued random variables satisfying FEg, =0,
0 < Eljea||*= 0% < 00,n € Z. We consider the following autoregressive Hil-
bertian with exogenous variables of order one model, denoted by ARHX(1):

Xn :p(anl)+al(Zn,1)+"'+aq(Zn,q)+5n7 necz, (1)
where Z,1,...,Z,, are g autoregressive of order one exogenous variables
associated respectively with operators ui,...,u, and strong white noises

Mnt)s- - (77,,7(1), i.e. Z,; = ui(Zy_1;) + n.i. We suppose that the noises (g,),
1), - (1hg) are independent and that there is a n such that Hu;?H£< 1.
This way, for all i=1,...,q, the whole processes (¢,) and (Z,;) are inde-
pendent since Z,,; can be expressed as a infinite moving average of the 7,_, 1,
p=0,... 00.

Consider the Cartesian product HY"!'  separable Hilbert space equipped
with the scalar product (X150, xg41), (yl,...,yq+1)>q+1: S™(x;,yi). The
spaces of bounded linear operators and Hilbert-Schmidt operators on H?*!
will be denoted respectively by £,41 and S;41.

Let us denote

p al e e aq
X €n 0wy 0 --- 0
Zut1,1 , Mn,1 . )
T, = . y €, = and p=]0 0 w O
Zn+l,t] Mn.p 0

00 0 0 u,
When (X,) isan ARHX(1) defined by Equation (1), then (7},) is a H9*!-valued
ARH(1) process, as we see in the following autoregressive representation

Ty=p(Ty1)+¢e, neZ. 2)

Remark 2.1. A natural extension would be to consider a higher order of
autoregression. The model is then written

Xy =p1(Xu1) + 4 pp(Xuep) + at(Zy)) + -+ ay(Zng) + €0, neZ.
3)
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Accordingly, the representation is now built with

P1 pp ap aq

En
Xn7p+1 , : 0 1 0 0

= — 0 I
Tn Zl1+1‘l v En T > P 0 0 uy 0 0
: -’ 0 0 up 0

Z”+1~q ’I’] 0 0

n,
’ o -« -« .. 0 0 0 U,

Remark 2.2. We can also consider the case where there are some kind of
‘feedback’ properties, i.e. when there occurs causality in two directions. For
example with ¢ = 1, if Z, = b(X,,) + u(Z,—-1) + nn, with b a bounded operator
on H, we write

Tn:p,(Tn—l)+€:1 with p,(z z)

The results presented below do not apply to that case, but the estimation
procedure is relatively robust with respect to the hypothesis b = 0.
In the rest of the paper, we assume that the following condition (C) holds.

o, 1™ I, , < 1. (€)

Remark 2.3. (C) may hold with ||| = 1. For instance, with one exoge-
nous variable we have

, [ p a n p2 pa + au
p= <O u> and  p" = ( 0 u? >
So Hp’zH may be strictly less than 1 with appropriate p,a,u (e.g.

p=a=up =0).
Denote by P; the projection operators (xl, . ,xq+1)r—>x,-.

PROPOSITION 2.1 Equation (1) has a unique stationary solution given by
X, =Y (Pip'), ), nel
=0

The series converges a.s. and in L%(Q, A, P).

The covariance operator C*' of two H-valued r.v. X and Y is
CYY(x) = E[(X,x)Y], x€H,
and C¥ stands for C**. The autocovariance of a stationary process (X)) is
the sequence (Cy,h € Z) of operators defined by C), = C¥* h € Z. Note
that Cy is generally denoted by C or C*. Those operators are involved in the
estimation procedure of p (see Section 2.2). We can easily show that
C_, = Cj}, and the following relations between the C;, for & € Z.
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PROPOSITION 2.2 If (X,) is an ARHX(1) process following (1), then

q q
C, = pC/Fl + Zacho,Zh,/, h> ]; Co = pC71 + Zajcxu,ZoJ + C..
j=1 j=1
2.1. LIMIT THEOREMS

Let us denote S, = X; +---+ X,. From the results in [9, Chapter. 3], we
derive easily the following result.

THEOREM 2.1 Let (X,) be an ARHX (1) process. Then

1/4 S
" -— — 0 as., f>1/2.
(Inn)” n n—oo
(ii)
2 400
nE|=t njmh;wﬂxo,xh).

’ 2
(iii) If E(e"’HaO”qH) < 00 for some vy > 0,

_ o<(lf; ") '”)

Sn

n

We now examine the central-limit Theorem. /,;; stands for the identity
operator on Hit!,

THEOREM 2.2 (CLT) Let (X,) be an ARHX (1) process. Then, if I, — p'
is invertible in HI*!

S, D

P 2 T
\/E}Z—VOON(O, )7

with
T =PIy —p) " Collyr — p") ' P
Moreover, if conditions (i) and (ii) of Lemma A.2 in Appendix A hold, then

q
D= (=p) =) '+l = p) =) (i — ) (1= p) .
i=1

2.2. AUTOCOVARIANCE ESTIMATION

We suppose that
E||Toll},, < oo. (4)

Recall that for any u,v in H, u ® v is the operator such that for all x in H,
u®v(x) = (u,x)v. Now we define the following empirical covariance
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operators  (respective estimators of C7,CY = C,C%,C%%), where
+_ .

1 1

C’?:ZE Ti(g)T[, Cn:C;\,:;g Xi®Xia
1 7zt 1

Cr :55 Zij®Zij, CZ(’ = E Xi® Zin)

We set Vi(.) = (T,-,.>q+1Tl~—CT. Vi is a S,ii-valued process. Using [9,
Chapter 4] we get the following results about the rates of convergence of
(Cy), denoting by (ax,k > 1) the sequence of strong mixing coefficients of
(T,) and ()\iV,j > 15 the sequence of eigenvalues of the covariance operator

of V().
PROPOSITION 2.3 Under (4), we have
(1)
+00
limsup nE||C, — Cllg < Y E(Vo, Vi, ..,
n—o00 = —o0
(i)

n'*(logn)™?||C, — Clls = 0 as., B>1/2.

(i) If || To|| is bounded,

| 1/2
1Cy — Clls= o((%) >a.s.

(iv) If E(e“’“m‘z) < oo for some v > 0, and if there exist @ > 0 and r € |0, 1[ such that
o <ark k>N <a’j>1,
then

5/2
1€y — Cllg=0 <M> a.s.

nl/2

Remark 2.4. We could have chosen to consider the following
representation of the ARHX(1) process with ¢ exogenous variables, say
U, = p"(U,-1) + €] with

p 0 al P P aq

X En 100 0 0 0

ZXH 0 00 uy 0 - 0

— n+1,1 " — | M, — .
Un R R R 00 0 w 0

Zutlg Mn,p 0

00 0 0 0 u,
This way, we would have obtained similar results for the cross-covariance
estimator D, = -3 X; ® X4 of D = Cy = CYo1,
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2.3. ESTIMATION

We now make use the autoregressive representation in order to construct
theoretical estimators of the functional parameters of model (1). Indeed, we
can consider the estimator p/, of p’ in the simple ARH context.

Denote by (Vj)a and ()xf) the eigenelements of C”. Denote by 7 the
orthogonal projection over the subspace , spanned by the k, eigenvectors
Vi - Vkyn Of C} associated with the k, greatest eigenvalues A{ . ..., )\kTmn

((k,) 1s a sequence of integers such that k, < n foralln > 1 and k, — o0). We
make the following assumptions:

— E|Ty|*< oo,
A >A > > A > >0,
~Ma>0,n>1(as).

We define the following estimators of the covariance and of its inverse
k k
~ —k n - —l n 71
CZ" _ 7r/ n CZ = Z A_/T,n"j,n & Vin and (C’{) = Z (A/Tn) Vin (24 Vin-
=1 =1
. : _ p—
The estimator of p' is then p, = # DI (CT) 7. Define
pn = Pip,P1;  ain = Pip,Pivt, i=1,..q; win=Pi1p,Pis1, i=1,..,4.

THEOREM 2.3 If p' is an Hilbert—Schmidt operator, and [9, Equation
(8.65)] holds for the eigenvalues of CT then

|22 —p||£”:>000 a.s., Hai,n —a,-||L — 0 a.s., Hum —u,-||£”—> 0 a.s.

n—oo — 00
Guillas [16] obtained rates of convergence in the L? sense for the estimation
of the autocorrelation operator p in the ARH model. We can apply those
results to our context using the same arguments as previously. Whether the
eigenvectors of CT are known or unknown, we get then respectively up to
n~'3- and up to n'*rates of convergence depending of the previous
knowledge of the decreasing speed of the eigenvalues of C7.

3. A Simulation Study

To be able to simulate ARHX processes we may simply simulate an ade-
quate ARH process in H9"! based on relation (2). Pumo [28] used the
Karhunen-Loéve theorem to simulate both Wiener processes and contin-
uous ARH. Working with Wiener processes, he constructed the orthonor-
mal basis associated with the Karhunen—Lo¢ve decomposition and decided
to simulate continuous ARH by using a simple p operator in this basis. As
ARH processes do not suppose especially Wiener noises, we choose to
generalize this simulation to a larger class of processes by employing strong
white noises.
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We developed one specific library in the statistical software R (see [19]),
which might be soon available at the CRAN (http://cran.r-project.org).

3.1. SIMULATION PRINCIPLE

Since it is more rational to work with finite dimensional processes, a natural
way to simulate an ARH process is to consider a m-dimensional subspace of
H, denoted by H,,, and to create (X,) as an ARH process in H,,. We project
(X,) in the chosen discretization scheme to obtain our observations. We work
with a number of discretization points d inferior to m in order to reason as if
H,, approximates H. The larger m is, the closer we are to a functional
modeling. Numerical applications were carried out with m = 100 and d = 10
discretization points. As we expected, to obtain optimal k, smaller than 5 in
the estimation, 10 discretization points were sufficient enough to measure the
influence of k,, on our estimates.

Concretely, we simulated ARHX processes (X;) with one exogenous var-
iable (Z,) (¢ =1, dropping consequently in this section the i index, i.e.
Zy = u(Z,—1) +ny) as ARH processes T in H?, using the representation (2).
To do so, we needed to choose a basis of H,, in which are expressed p’ and the
simulated strong white noise (sj,) The way to obtain those elements is ex-
posed in the sequel, and the simulation is then straightforward.

The main advantage of this approach, in comparison to [4] and [28] is that
we are able to simulate ARH processes with a non Gaussian noise or a
nondiagonal correlation operator p. Figure 1 displays two examples of sim-
ulated processes: the first one with a uniform noise over [—v/3,v/3] and a
diagonal correlation operator p, and the second one with a nondiagonal p in
the basis given by the eigenvectors of the covariance operator with a Gaussian
noise. On the first hand, when p is diagonal, the effect is somehow repro-
ductive as shown in Figure 1(a). On the other hand, when p is non diagonal,
we may observe as in Figure 1(b) an asymmetric effect, especially on peaks. In
this latter case, the curves are more difficult to forecast because of cross-
correlations. Consequently, the method introduced in this paper is able to
cover a broader variety of continuous-time processes.

— The basis can be constructed from a arbitrary noncollinear family of
vectors, using the Gram—Schmidt orthonormalization. This technique
enables us to control the shape of the first eigenvectors of the covariance
operator. We noticed that the choice of the basis does not really influence
the quality of the estimation. Accordingly, we opted for sinusoidal
functions as first vectors of the basis.

— pl is written

()
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(@

time

(b)

var
0
]

-3

time

Figure 1. Two simulated sample paths of an ARH(1) process: (a) with a Uni-
form([—\/g7 \/§]) noise, and (b) with a nondiagonal correlation operator.
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in the induced basis of H2,. In the following, the numerical expressions of
p' will not be given in this basis, but in the basis constructed with the first
eigenvectors of CT.

— The relation [9, 3.13] C° = CX — pC¥p*, is useful for simulating the noise
adapted to a given covariance operator C*. Pumo [28] simulated an ARH
model, using this formula when all the operators are diagonals. We also
apply this result to (7)) in the nondiagonal case with the covariance
operator

CX CXZ‘
CT = <CZ+X CZ )
The inner components of C” verify the following relation
¥ = uC pt + uC?a’. (6)
Indeed, for all x in H,

CY7 (%) = E[(Xn, ) Znia] = E[(p(Xa1) + a(Z) + €0, X)((Z0) + 110)]
= E[(p(Xy-1), x)u(Z,)] + E[(a(Zy), x)u(Zy)]
= E[(Xy—1, p" (X))u(Zy)] + E[(Zy, a" (x))u(Zy)].
With this knowledge, we proceed in four steps:

1. choose the parameters p, a, u, C¥ and C¥4", or more precisely their matrix
representation in H,,,

2. compute from (6) the matrix representation of the operator C#, and

therefore obtain C” knowing that C#"¥ = (C¥#")",

determine C* using the relation C° = CT — p/CTp’*.

4. Simulate the noise (¢}) from an L.i.d. sequence (,) of random variables in
H2, using the relation &), = (C*)’¢,, n > 1.

m

had

As one may notice, those different computations are not always possible due
to non invertible matrices and the fact that the final matrix associated with
C*' needs to be positive definite.

3.2. MODELS

In Section 3.3, we compared the forecasting properties of the ARHX model
to the ones issued from the ARH and the functional kernel models which
both do not include the exogenous variable. Moreover, we distinguished two
different implementations of the ARHX estimation. Those models are pre-
sented below, except the aforementioned ARH.

3.2.1. Functional kernel model

One nonparametric way to deal with the conditional expectation p(x) =
E[Xi|X;—1 = x], where (X;) is a H-valued process, is to consider a predictor
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inspired by the classical kernel regression, as in [24] and [34]. It is a
general estimation procedure because linearity of p is not assumed. Ref. [5]
already considered the following functional kernel estimator of p:

n—1
Xi—x
} :Xi+l K(H ’h,, H/I>
=1

P, (X) , X€H, (7)

’ij (L2

where /, is the bandwidth, ||.||; is the norm of H (H is chosen to be L2[0,d] in
our simulation), and Kis the usual Gaussian kernel. Hence we get the predicted
value of X1 given by X,.11 = pp, (X)) where £, is obtained by cross-validation.

3.2.2. Autoregressive Hilbertian process with exogenous variables

Two approaches are at least possible, in order to estimate an ARHX process.
The first one is simply to apply the theoretical techniques exposed previously.
This model will be denoted by the acronym ARHX(a).

The second — denoted by the acronym ARHX(b) — deals with situations
where the endogenous process hides the exogenous influence. An empirical
answer to this problem is then to impose to the eigenvectors forming the basis
of the autocovariance operator C’ to be built with eigenvectors of the au-
tocovariance operators C¥, C#1, ..., C%" and naturally blocks of 0. This might
seem very restrictive, but this construction can induce a better behavior than
the usual one in some situations as shown in Section 3.3. The cross-validation
procedure is leading to multiple selection of dimension reduction for each of
the variables and is therefore more complex. Applying this method to an real
forecasting problem leads to a model choice criterion by using a cross vali-
dation technique (see [14]). Indeed, if a variable is not worth introducing, its
associated dimension will be 0.

3.3. RESULTS

Let X;; be the ith coordinate of the jth observation of (X,) and X;; the
prediction of X;;. In order to compare the curves, we compute for integers
p = 1,2 respectively the following empirical L7-errors and the L>-errors on a
sample of n observations based on the discretization scheme

R 1< 1(1—1
-, - 135(55

J=1

1/p
Xi,inﬁ_/Hp> , p=12, (8)

A 1< N
X_XHL” :;Z Osug 1|Xi7j_Xi7j|-

In the numerical applications, we used the method described in Section 3.1
with a Gaussian sequence ((,) and diverse sets of coefficients. For each
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simulation, we did not choose all the matrix coefficients but only those in the
first block. The other coefficients were null except on the diagonal of p, u , C¥
and C*“" where we put a decreasing sequence of numbers, e.g. \; := \i 2,
A > 0, A smaller than the other coefficients.

3.3.1. Efficiency of estimation

A simple Monte-Carlo study showed us that the estimation of the
parameters is efficient for relatively small size of samples. For instance, we
considered ARHX processes in Hjg estimated by the ARHX(a) model.
We used a training sample size varying from 10 to 200, by steps of size 10,
on which we estimated the models. Ten complementary observations were
used to benchmark on. We simulated 200 processes for each value of the
sample size and computed the mean of the 200 L’-errors between ARH-
X(a) forecasts and observations on the benchmark set.

In Figure 2, we see that L’-errors become almost constant from a
sample size of approximately 50. In the following, we systemati-
cally simulated processes with a sample size of 400 to ensure a good
estimation.

L2 errors function of the sample size

mean L2 error

0 50 100 150 200
n

Figure 2. Monte Carlo estimation of the L? error, 200 replications for each sample size
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Table 1. Example of cross-validation for the ARHX model

k, L! L? L k, L! L? ™
1 0.518 0.604 0.94 11 0.405 0.467 0.709
2 0.47 0.542 0.834 12 0.405 0.466 0.708
3 0.401 0.462 0.703 13 0.406 0.467 0.709
4 0.401 0.462 0.7 14 0.408 0.47 0.713
5 0.402 0.463 0.702 15 0.409 0.47 0.713
6 0.404 0.465 0.706 16 0.415 0.477 0.724
7 0.405 0.466 0.707 17 0.412 0.474 0.718
8 0.405 0.466 0.707 18 0.412 0.475 0.72
9 0.405 0.467 0.708 19 0.412 0.475 0.72

10 0.406 0.468 0.71 20 0.412 0.475 0.72

3.3.2. Parameters estimation: an example

Once the size of sample was determined by the precedent study, we needed to
validate that the quality of estimation is good with a sample size of 400.
Therefore, we considered the following simulation of an ARHX process.

To make things clearer, we only give in the following lines the parameters
involved in Equation (2) associated with our model. Their calculation is
straightforward using formulae (5) and (6), starting from a set of coefficients
for the matrices of p, u , C¥ and C¥%4".

The first four eigenvalues of the matrix associated with the covariance oper-
ator CT are denoted ) in a vectorial form, and the matrix expression of p' in the
basis of the four eigenvectors associated with X' is denoted by R’. The optimal
value of k, was obtained using cross-validation over the 80 last observations (the
fifth of the sample size). As it appears in Table I, the minimum is obtained for
k, = 4, according to the theoretical structure of our simulated model. Notice
that if we over-estimate this dimension, the loss of precision is moderate. The
estimation performed with k,, = 4 yields the following estimates A’ and R’ of X
and R’ respectively. The coefficients are well approximated, especially for the
first components which contain the great bulk of the information.

0.4150 0672 —0.134 0 0

v | 0189 R 0366 0228 0 0 |
0.1150 0 0 09 0
0.0090 0 0 0 034
0.3800 0.615 0.196 —0.053 —0.046
0.1871 —0.404 0317 —0.009 —0.131

N=101197 |, R=|-0001 0067 0904 —0.033
0.0094 0.005 —0.013 —0.001 0.342
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Theoretical eigenvectors Estimated eigenvectors

00 02 04
1

04 0.2

time time

Figure 3. Estimated versus theoretical eigenvectors of C7.

Moreover, we provided in Figure 3 the theoretical and estimated eigen-
vectors of the matrix associated with the covariance operator C”. The
similarity between the two sets of curves is very good. Note that we actually
estimate the eigenvector space, and therefore on Figure 3, —v3 and not v; is
estimated.

3.3.3. Comparison

Finally, Monte-Carlo simulations show us how the inclusion of exogenous
variables in functional time series can improve the predictions. We provide two
sets of parameters which will be referred as S1 and S2. As we explained in
Section 3.1, a simulation is characterized by the choice of a basis and the
coefficients of the matrix associated with p, a, u, C¥ and C¥4". We precise here
those latter parameters as the choice of the basis is not crucial. The notation
diagis used to refer to the diagonal elements of a diagonal matrix. The influence
of the exogenous variable on the endogenous one is stronger when the ratio of
the norms of C*#" and C¥ is larger.

S1. A model with a strong influence of the exogenous variable:
p = diag(0.6,0.5,\1,...), u=diag(0.1,0.1,0.7,0.7, \;,...),
CY = diag(30,30, A, ...),
a = diag(0.8,0.8,0.1,0.1,0,...), C%*" =diag(2,2,10,10,0,...).
In its two first directions, the exogenous variable exert a strong influence on
the endogenous variable and its autocorrelation is weak. In the third and

fourth directions, the exogenous variable exert a weak influence on the
endogenous variable and its autocorrelation is strong.
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Table II. Mean of L*-errors computed on 10,000 ARHX(1) replications

Parameters ARH ARHX(a) ARHX(b) Kernel Persistence
S1 5.616 2.532 2.513 5.831 6.204
S2 1.586 1.395 1.396 1.680 1.787

S2. A model with a little influence of the exogenous variable:
p =diag(0.3,0.7,0.2, \y,...), u=diag(0.7,0.4,\,...),
CY = diag(3,2,1, )\, ...),

06 02 0 0 05 03 0 0
0.1 05 0 0 02 05 0 0
a= CX,Z+:
0 0 X 0 | 0 0 0 0
0o 0 0 . 0 0 0

Here, the exogenous variable combines in its two first directions a strong
influence on the endogenous variable with a strong autocorrelation.

Ten thousand replications for each simulation set were computed. For each
replication, we used the 320 first observations to calibrate the various models
(using cross-validation for certain parameters) and the 80 other to compute
the forecasts and contrast the errors.

Table II completes the validation of our methodology. One may notice, in
addition to the ARHX supremacy, a better behavior of the ARH model
comparing to the functional kernel. This might be explained by the fact that
ARHX models may be interpreted as ARH models with a non independent
noise or by the better predictive skills of ARH models over functional kernel
in common situations, see e.g. [J].

Finally, we observe a good fitting of the exogenous influence by ARHX
models, with a distinction between the (a) and (b) versions. This latter model is
a little bit more accurate when the exogenous variable is hidden by the endoge-
nousone(S1case), because the estimator focusesmore on the eigenvectors of CZ.
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Appendix A. Proofs

Proof of Proposition 2.1. First, we know that Equation (2) has a unique sta-
tionary solution 7, = 3. ,o/f(eﬁlfj),n € Z, applying [9, Theorem 3.1] to the
case H = HY*! where the series converges a.s. and in L%,(Q2, A, P). It suffices to
remark for existence that X,, = P T,. For uniqueness, let us suppose that X, ; is
another stationary solution of Equation (1). Then we can define
Toi = (Xu1,Zs1)', which is a stationary solution of Equation (2), and by
uniqueness of this solution, 7,1 = T} a.s., so0 X, = X, a.s.
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Proof of Proposition 2.2. For any integer & we have for all x in H

<Zq:a, Zn)),x >XO

J=1

C_(x) = E[(X,x) Xo]

=E[{p(Xp-1),x) Xo] + E + E[(en,x) Xo]

=E[(X)_1,p +zq:E{<Zh,, a; ( >XO}+E[(51,,x>Xo].

J=1

So

q
C,p=Cpp + Z CZ"-f"qu;“ + 6,0C°, where 6,0 =

J=1

0 ifh=0,
1  otherwise.

Indeed, by Proposition 2.1 X, = > (P1p”)(e;,_;), and because of the indepen-
j=0 ‘
dence of the noises (¢,) and (1,;) we can claim that E[(ej, .)Xo] = 8,0C°. Thus

4 q
C, = pCh—l + quCXOA’ZW’ h > ]7 Co = pC71 + Zach(],ZO:f + C‘f’ h=0.
= =
LEMMA A.l. Let (X,) be an ARHX (1) defined by Equation (1) then

q q
(EXoll*+ > £l Zo:]") + Dl £l zoal . 5> 1.
i=1 i=1

|E(Xo, Xn)| < [[0"]]

q+1

Proof of Lemma A.1. T, is an ARH?"'(1), so by [9, Lemma 3.2]
’E(To, )

< Hp,h E| 0||q+17 h>1,

q+1 ||L+]

1.€.

q
E(Xo, X») + 5 E(Zoi, Zn.i)
i=1

q
<", <E||Xo||2+ZEHzo,,-Hz>, h> 1.

i=1
But
q q

E(Xo, Xn) + Y E(Zoi, Zni) = > E(Zoi, Zni)

i=1 i=1

[E(Xo, Xi)| =

i=1

q
<", <E||X0||2+ZEHZO,,-||2> + |E(Zos, Z1)]

q q
< N"lle,., CENXolP+ D ENZosl") + 3w EllZoll

i=1 i=1
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since by [9, Lemma 3.2], for all i

|EZoi Zui)| < 1] BN Zodl ", 0= 1

I

Proof of Theorem 2.1. (i) The proof relies upon Lemma A.1 and is similar to
[9, Theorem 3.7].
(i1) By [9, Theorem. 3.8],

Ti+--+T, 2 Ix
e NS DR
g+1 h=—c0
and we have
Ti+-+ Tl 1
nEHﬁ =- Z E(T,, Tj), .,
g+1 1<ij<n
X+ 4+ X, Ziid ot Zoll?
ZHE‘ 1+ + +ZHEH i+ + Zy, ,
n — n
but for all {
leAJr...JrZAz +
nE % — Z_: E(Zo;, Zni)

by [9, Theorem. 3.8]. Accordingly

X1+"'+Xn2 +00 q +oo
e 1 PLURINS o) SPENeN
h=—00 i=1 h=—00
+00
= D E(Xo. Xp).
h=—c0
(ii1) The result is based on [9, Cor. 3.2] and the relation
HT1+---+Tn XX +§”: Zii+ o+ Zn|
n g+1 n P n
LEMMA A.2. Suppose that
(1) p,ai, ..., aq,ui, ..., uy commute
() I —p,I—uy,....] —uy, are invertible,
then I,y — ¢/ is invertible in HI*' and
U=p) " all=p) (=) e a(I—=p)  (I=u,)""
0 (I—u)™" 0 - 0

Iy =)= : 0
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Proof of Lemma A.2. Consider the case ¢ = 1 for simplicity. We calculate the
following product

(IP —a ) I=p)" al—p) (I—w)"
0 I—u 0 (I—w)™!
_(U=p=p)" aT—w) —a(I—w) <1 0)
0 (I—u))(I—u)”" 0 1)

Proof of Theorem 2.2.

T 2 T,
where

I = (I - P/)71C5’<1q+1 - P’*)i1
because (7,) is an ARH(1) such that (C) holds. By continuity of weak
convergence with respect to continuous transformation,

’ T+ -+T,
i:Pl Dt A N(O,P]F/Pl).
vn n

\/ﬁ —00
Since the noises are independent, we may write
cc .o .. 0
, . m :
=] ¢
: oo 0
0 -~ 0 Cn

We are interested in the first block of IV = (1,41 — p’)flel(IqH —p*)"". But
a general matrix product ABC when B is diagonal leads to
(ABC),, = Zi{ AuBikCri. In  our situation, By =0, and when
p,ai, ..., g, U1, ..., u, commute then by the previous lemma we get (knowing
that Ckl = ATk)

D=-p) ' CU-p) "'+ a—p) U—u) ' CU—u)" (I ") a;.
i=1

Proof of Proposition 2.3. For point (i), we write CT and CI in a block form

zr X,z
+ + X , ’
cX  cxZ ... X4 C, C,i( e G
7t X Z : X 7z :
T_ | Cov c T . %4
C' = } ) , C, = n

3 : . : .
C%X L C% CZ;,X o %
n n
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Thus,

2
S

q q .
| = Tly, 2 1Go = Cllz+ Y o[lc7 = A+ Y|l en™ = v
J=1 j=1

But by [9, Theorem 4.1],

+00
= > EVo, Vi),

h=—00

lim sup nEHC”T - CTH‘Zg

g+1

This point entails easily part (i) of the proposition. For (ii) and (iii), we use
(9) and the results in [9, Chapter 4].

Proof of Theorem 2.3. It suffices to remark that for all i and j

HP,-(p; - P/)Pjﬂag ”PiHLHp:l - P'HgHPjHES Hpi, - P/Hﬁ

and then apply [9, Theorem. 8.7], knowing that

pn—p = Pi(p), — p') P1,
/ / . / / .
ain—a; = Pi(p}, — p') Prvrsutin — u; = Piv1 (p), — p/) Pip1s i = 1,...,q.
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