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Abstract. In this contribution we introduce weakly locally stationary time series
through the local approximation of the non-stationary covariance structure by a sta-
tionary one. This allows us to define autoregression coefficients in a non-stationary
context, which, in the particular case of a locally stationary Time Varying Au-
toregressive (TVAR) process, coincide with the generating coefficients. We provide
and study an estimator of the time varying autoregression coefficients in a general
setting. The proposed estimator of these coefficients enjoys an optimal minimax
convergence rate under limited smoothness conditions. In a second step, using a
bias reduction technique, we derive a minimax-rate estimator for arbitrarily smooth
time-evolving coefficients, which outperforms the previous one for large data sets.
In turn, for TVAR processes, the predictor derived from the estimator exhibits an
optimal minimax prediction rate.

1. Introduction

In many applications, one is interested in predicting the next values of an ob-
served time series. It is the case in various areas like finance (stock market, volatil-
ity on prices), social sciences (population studies), epidemiology, meteorology and
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network systems (Internet traffic). Autoregressive processes have been used suc-
cessfully in a stationary context for several decades. On the other hand, in a
context where the number of observations can be very large, the usual stationarity
assumption has to be weakened to take into account some smooth evolution of the
environment.

Several prediction methods developed in signal processing are well known to
adapt to a changing environment. This is the case of the wide spread recursive
least square algorithms. The initial goal of these methods is to provide an online
procedure for estimating a regression vector with low numerical cost. Such methods
usually rely on a forgetting factor or a gradient step size v and they can be shown
to be consistent in a stationary environment when « decreases adequately to zero
(see e.g. Duflo, 1997). Even when the environment is changing, that is, when the
regression parameter evolves along the time, a “small enough” - often yields a good
tracking of the evolving regression parameter. In order to have a sound and compre-
hensive understanding of this phenomenon, an interesting approach is to consider
a local stationarity assumption, as successfully initiated in Dahlhaus (1996b) by
relying on a non-stationary spectral representation introduced in Priestley (1965);
see also Subba Rao et al. (2012) and the references therein for a recent overview.
The basic idea is to provide an asymptotic analysis for the statistical inference of
non-stationary time series such as time varying autoregressive (TVAR) processes
using local stationary approximations. The analysis of the Normalized Least Mean
Squares (NLMS) algorithm for tracking a changing autoregression parameter in
this framework is tackled in Moulines et al. (2005). Such an analysis is based on
the usual tools of non-parametric statistics. The TVAR parameter 8 is seen as
the regular samples of a smooth R%valued function. An in-fill asymptotic allows
one to derive the rates of convergence of the NLMS estimator for estimating this
function within particular smoothness classes of functions. As shown in Moulines
et al. (2005), it turns out that the NLMS algorithm provides an optimal minimax
rate estimator of the TVAR parameter with Holder smoothness index 8 € (0, 1].
However it is no longer optimal for § > 1, that is, when the TVAR parameter
is smoother than a continuously differentiable function. An improvement of the
NLMS is proposed in Moulines et al. (2005) to cope with the case g € (0, 2] but, to
the best of our knowledge, there is no available method neither for the & minimax-
rate estimation nor for the minimax-rate prediction when g > 2, that is when the
TVAR parameter is smoother than a two-times continuously differentiable function.

In the present work, our main contribution is twofold. First we extend the
concept of time-varying linear prediction coefficients to a general class of weakly
locally stationary processes, which includes the class of locally stationary processes
as introduced in Dahlhaus (1996b). In the specific case of a TVAR process, these
coefficients correspond to the time-varying autoregression parameters. Second, we
show that the tapered Yule-Walker estimator introduced in Dahlhaus and Giraitis
(1998) for TVAR processes also applies to this general class and is minimax-rate for
Holder indices up to § = 1 for asymmetric tapers and up to S = 2 for symmetric
ones. Moreover, by applying a bias reduction technique, we derive a new estimator
which is minimax-rate for any arbitrarily large Holder index 5. By achieving this
goal, we provide a theoretically justified construction of predictors that can be
chosen optimally, depending on how smoothly the time varying spectral density
evolves along the time. On the other hand, in practical situations, one may not
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have a clear view on the value of the smoothness index 5 and one should rely on
data driven methods that are therefore called adaptive. This problem was recently
tackled in Giraud et al. (2015) . More precisely, using aggregation techniques
introduced in the context of individual sequences prediction (see e.g. Cesa-Bianchi
and Lugosi, 2006) and statistical learning (see e.g. Barron, 1987), one can aggregate
sufficiently many predictors in order to build a minimax predictor which adapts to
the unknown smoothness § of the time varying parameter of a TVAR process.
However, a crucial requirement in Giraud et al. (2015) is to rely on S-minimax-
rate sequences of predictors for any 8 > 0. Our main contribution here is to fill
this gap, hence achieving to solve the problem of the adaptive minimax-rate linear
forecasting of locally stationary TVAR processes with coefficients of any (unknown,
arbitrarily large) Holder smoothness index.

The paper is organized as follows. In Section 2, we introduce a definition of
weakly locally stationary time series, the regression problem investigated in this
work in relation with the practical prediction problem, and the tapered Yule-Walker
estimator under study. General results on this estimator are presented in Section 3
and a minimax rate estimator is derived. The particular case of TVAR processes is
treated in Section 4. Numerical experiments illustrating these results can be found
in Section 5. Postponed proofs and useful lemmas are provided in the appendices.

2. General setting

In the following, non-random vectors and sequences are denoted using boldface
symbols, ||x|| denotes the Euclidean norm of x, ||x| = (33, |z:/?)'/2, and ||x||; its ¢,
norm, ||x|; = >, |z;|. If f is a function, || f||cc = sup, |f(x)| corresponds to its sup
norm. If A is a matrix, || A|| denotes its spectral norm, || A|| = sup{||4Ax]||, [|x| < 1}.
We moreover denote

(N)={z e RVst. ||z]1 <o} and (L(N) = {z € RY s.t. 2|1 < o} .

2.1. Main definitions. We consider a doubly indexed time series (X 7)iez ren+-
Here t refers to a discrete time index and 7' is an additional index indicating the
sharpness of the local approzimation of the time series (X, 1)z by a stationary one.
Coarsely speaking, (X; 1)iez ren- is considered to be weakly locally stationary if, for
T large, given a set St of sample indices such that t/T = u over t € Sp, the sample
(Xt 1)tes, can be approximately viewed as the sample of a weakly stationary time
series depending on the rescaled location u. Note that u is a continuous time
parameter, sometimes referred to as the rescaled time index. Following Dahlhaus
(1996b), T is usually interpreted as the number of available observations, in which
case all the definitions are restricted to 1 < ¢ < T and u € [0, 1]. However this is
not essential in our mathematical derivations and it is more convenient to set t € Z
and u € R for presenting our setting.

We use the following class of functions. For « € (0,1] the a—Hblder semi-norm
of a function f : R — C? is defined by

Iflao= sup If(s) — £(s")l .

0<|s—s’|<1 |S_8/|a
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This semi-norm is used to build a norm for any g > 0 as it follows. Let k € N and
a € (0,1] be such that 8 =k + «. If f is k times differentiable on R, we define

I£]5 = ‘f(k)’ + max Hf(S)H :
a0  0<s<k 00
and |f|s = oo otherwise. For R > 0 and 3 > 0, the (8, R)— Holder ball of dimension
d is denoted by

Ay(B,R) = {f : R — C?, such that |f|sz <R} .

We first introduce definitions for the time varying covariance and the local covari-
ance functions.

Definition 2.1 (Time varying covariance function). Let (X; 1)tez ren+ be an ar-
ray of random variables with finite variances. The local time varying covariance
function v* is defined for all t € Z,T € N* and ¢ € Z as

v, T, 0) = cov (Xyr, Xi—er) - (2.1)

Definition 2.2 (Local covariance function and local spectral density). A local
spectral density f is a R? — R, function, (2)-periodic and locally integrable with
respect to the second variable. The local covariance function 7y associated with the
local spectral density f is defined on R x Z by

™
v (u, ) = / e f (u, N)dX . (2.2)
—T
In (2.2), the variable u should be seen as rescaled time index (in R), £ as a
(non-rescaled) time index and A as a frequency (in [—m,n]). Recall that, by the
Herglotz theorem (see Brockwell and Davis, 2002, Theorem 4.3.1), Equation (2.2)
guaranties that for any u € R, (v (u,£)),c, is indeed the autocovariance function
of a stationary time series. Now, we can state the definition of weakly locally
stationary processes that we use here.

Definition 2.3 (Weakly locally stationary processes). Let (X;r)icz,r>7, be an
array of random variables with finite variances and Ty, 3, R > 0. We say that
(Xer)iez,r>10 18 (B, R)-weakly locally stationary with local spectral density f if, for
all A € R, we have f(-,A\) € A1(5, R), and the time varying covariance function ~*
of (X, 1)tez,r>1, and the local covariance function ~y associated with f satisfy, for
allt € Z and T > Ty,

t .
(T 0) — (T,e> ‘ < RT~min(A) (2.3)

Let us give some examples fulfilling this definition.

Ezxample 2.4. Locally stationary processes were introduced in a general fashion by
Dahlhaus (1996b) using the spectral representation

Xir = [ i AL L (N E(dN) (2.4)

where £(d)) is the spectral representation of a white noise and (A?,T)teZ,TeN* isa
collection of transfer functions such that there exist a constant K and a (unique)
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27— periodic function A : R x R — C with A(u,—\) = A(u, \) such that for all
T>1,

Alp(A)—A (; )\)’ < g : (2.5)

sup
teZ,\eR

Provided adequate smoothness assumptions on the time varying transfer function
A, this class of locally stationary processes satisfies Definition 2.3 (see Dahlhaus,
19964, Section 1) for some 8 > 1 and f(u, \) = |A(u, A)|*. The case 8 € (0,1] can
be obtained by raising T to the power 3 in (2.5).

Ezample 2.5 (Time-varying Causal Bernoulli Shift (TVCBS)). Let ¢ : RxRY — R.
Consider, for all T > 1 and t € Z, a mapping QQ,T : RN — R defining the random
variables

Xer = @i (E—r)rz0) (2.6)

where (& )iz are i.i.d. We assume that E[|£|*"] < oo for some r > 1 and that
there exist 8, K > 0 and (¢)r>0 € ¢*.(N), such that, forall T > 1, ¢t € Z, u,u/ € R
and « € RN,

Wr@| < K <1 S |xk|> , o
k=0
Pir(®)—¢ (; w) ’ < K7 minA) <1 +) ka|> ;o (28)

k=0

It is easy to see that (X 1)iez,r>1, satisfies (2.3) with a constant R only depending
on K, B, (¥r)ken and E[|&]?"], and with local covariance function v(u, -) defined as
the covariance function of the stationary causal Bernoulli shift process (X;(u))tez
defined by X;(u) = ¢(u, ((§—x)k>0).- To obtain that (X r)iezr>1, is (8, R)-
weakly locally stationary, it thus only remains to check that (X;(u))tecz admits a
spectral density f(u,-) and that the resulting local spectral density satisfies f(-, \) €
A1 (B, R) for all X € R.

Ezample 2.6 (TVAR(p) model). Under suitable assumptions, the TVAR process
is a particular case both of Example 2.4 (see Dahlhaus, 1996b, Theorem 2.3) and
Example 2.5 (see Section 4). It is defined as the (unique) stable solution of the
recursive equation

P
t t

X = g 0; <> Xi—jr+o (> &, (2.9)
= T T

where @ = [01 ... 6,] : R — RP are the time varying autoregressive coefficients and
(&t)tez are i.i.d. centred and with variance 1. This example is detailed in Section 4.

2.2. Statement of the problem. Consider a weakly locally stationary (X )iz r>1,,
which we assume to have mean zero for convenience. Let d € N*. For each t =
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1,...,T, define the prediction vector of order d by

J 2
0;r = argmin B[ X;7—> 0 Xy s
9:[01 ed]IERd k=1
— argminE [(Xt,T - e'xt,l,T)Q} : (2.10)
6eR4

where A’ denotes the transpose of matrix A and X, = [X&T e Xs,(d,l)’ﬂ/.
Let I'; 7 be the time varying covariances matrix I'; . = (v*(t — 4,7, j — i); i, =
1,...,d) where v* is the time varying covariance function as defined in (2.1). Pro-

vided that I'; 7 is non-singular, the solution of (2.10) is given by

fr = (Tir) i (2.11)

where v} 7 = [y*(t,T,1) ... v*(t,T,d)]". Analogously to (2.11), and with the aim
of approximating the local solution of the stationary Yule-Walker equations, we set

0, = T,'v., (2.12)
where v, = [y(u,1) ... y(u,d)]’, T, is the covariances matrix I, = (y(u,i —
j4); 4,5 = 1,...,d) and v is the local covariance function as defined in (2.2). To

ensure the above matrices to be non-singular, we assume a lower bound on the local
spectral density, yielding the main assumption used on the model which depends
on some positive constants 5, R and f_ and on a local spectral density f.

(M-1) The sequence (X; 1)iez r>1, is a (8, R)—-weakly locally stationary process with
local spectral density f in the sense of Definition 2.3. Assume moreover that
the spectral density f satisfies f(u, A) > f_ for all u, A € R.

The following lemma allows us to control the error of the approximation of the opti-
mal linear prediction coefficients 0; 1 by the local ones 0;,7. Its proof is postponed
to appendix B.1 for convenience.

Lemma 2.7. Letd e N*, 3> 0,R >0 and f_ > 0. Suppose that Assumption (M-
1) holds. Then, there exist two constants C1,Ty > 0 depending only on d, 3, R and
f— such that, for allt € Z and T > T,

HG;T —Oy7|| <Ci T min(1,6) (2.13)

An estimator 8 of @ is studied in Dahlhaus and Giraitis (1998) for the model of
Example 2.4. In the following we improve these results by deriving minimax rate
properties of the estimator of Dahlhaus and Giraitis (1998) and extensions of it in
a more general setting.

In the following, the problem that we are interested is to derive a minimax rate
estimator 6 at a given smoothness index > 0, which means that, for such a 3, the
estimation risk, say the quadratic risk E[||; 7 — 6; 1*], can be bounded uniformly
over all processes satisfying (M-1) (among with additional assumptions), and that
the corresponding rate of convergence as T'— oo cannot be improved by any other

estimator. The case § < 2 is solved in Moulines et al. (2005) for the subclass of
TVAR models.
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2.3. Minimazx estimation for adaptive prediction. Let X;,t,T denote the best linear
predictor of order d of X, , which as a consequence of (2.10), reads

e /
* *
Xd,t,T = ( t,T) Xt—l,T )

We denote by )A(t*T the best predictor of X; r given its past, that is, the conditional
expectation

At*,T =E X7 |Xsp, s <t—1] . (2.14)

As explained before, the goal of this paper is to derive estimators, say gt,T € R?, of

07, which is a local approximation of 6] . In this section, we assume that 6; r
is a function of the past X, 7, s <t —1. Then 01/6,TX1‘/*1,T is a legitimate predictor
of X; r and we have the following decomposition of the corresponding prediction
quadratic risk

_ 2 N2 - N2
E |:<Xt,T - HQ’Tthl,T) } =E |:(Xt,T - X;,T) ] +E l:(ag,Tth,T - XZT) ] .

The first term is the minimal prediction error that one would achieve with the
conditional expectation (which requires the true distribution of the whole pro-
cess). Furthermore, inserting )A(;’t’T = (B;T)I X¢—1,7 and using the Minkowskii and
Cauchy-Schwartz inequalities, the square root of the second term can be bounded
as

(]E {(gfmxt_lj — )?;T)Q] ) v < <E {()?L%T - )?;T)Q] ) -
+ (IE {HXt—LT||4D1/4 (E [H@,T - Of,TH4]>

The first term in the upper bound is due to the approximation of the best predictor

by the best linear predictor of order d and can only be improved by increasing d.

Note that, in the case of the TVAR(p) model with p < d, this error term vanishes.

The quantity E[||X;_1.7||*] is typically bounded by a constant independent of (¢, 7)

over the class of processes under consideration. Hence, for a given d, the control of

the prediction risk boils down to the control of the estimation risk E[||8; 7 — 6} ||*].
To do so, we can further decompose the loss as

1/4

Hgt,T - 9;TH < Hét,T - at/TH +||6:)7 — 657 - (2.15)

Note that the second term is a deterministic error basically accounting for the
approximation precision of the non-stationary model by a stationary one, a bound
of which is provided in Lemma 2.7 stated above.

As aresult of the successive error developments above, our efforts in the following
focus on controlling the estimation risk E[[|@¢ 7 — 6;/7||*] uniformly over a class of
weakly locally stationary processes with given smoothness index 5 > 0.

2.4. Tapered Yule-Walker estimate. Following Dahlhaus and Giraitis (1998), a local
empirical covariance function is defined as follows. It relies on a real data taper
function h and a bandwidth M which may depend on T.
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Definition 2.8 (Local empirical covariance function). Consider a function h :
[0,1] - R and M € 2N*. The empirical local covariance function 77 p; with taper
h is defined in R x Z as

M
~ 1 t1 to
V.M (u,l) = ﬁ t Et ) h <M) h (M> X\_uTJ+t1—M/27TXLuTJ+tz—M/2,T )
1,2=

t1—to=V
where Hyy = Zkle h2(k/M) ~ M fol h?(x)dx is the normalizing factor. If Hys = 0,
we set A1 ar (u, £) = 0, by convention.

For h = 1 in Definition 2.8 we obtain the classical covariance estimate for a
centred sample { X, |uT| — M/2 < s < |uT] + ¢+ M/2}. For any d > 1, based
on the local empirical covariance function r as, the d-order local empirical Yule-
Walker prediction coefficients are then defined as

O (M) = f;%,M’AYt,T,M ) (2.16)
where ¥ = N (/15 1) ... e /T, d)], ft’T’M is the matrix of empirical
covariances I'y v = (r,m (8/T,i—j); 4,5 =1,...,d). The only way I'; 7 s can be

singular is when 77 as (¢/T,¢) = 0 for all ¢ € Z (see Lemma A.5), in which case we
just set @, (M) := 0. Hence 6, v (M) is always well defined and always satisfies
the following (see again Lemma A.5 for the bound)

CornOir (M) =F.70, and ||B.7 (M)||<2¢—1. (2.17)

Using this trick, we do not find it necessary to add additional assumptions on the

model to guarantee that ft’T’M is non-singular a.s., as done for instance in Dahlhaus
and Giraitis (1998), where P(X,r = 0) = 0 for all ¢t € Z is assumed.

3. Main results in the general framework

3.1. Additional notation and assumptions. For convenience, we introduce the fol-
lowing notation. Let p > 0, ¢,r,s € N*, u be a probability distribution on
R,u:R —> R, ab: R — R, ¢ € R? and a collection of random matrices
{Um € R™**, M € N*}. We write

(1) Unm = Opr o(u(M)) if there exists Cp, . > 0, depending continuously and at
most on (p, '), such that for all M € N*
max (B [Unsi, )7 < Cpe|u(M)] (3.1)

1<i<r,1<j<s
where Ups; ; is the (¢, j)-th entry of the matrix Up.
(ii) Un = Ope(u),c(w(M)) if Upns = OLp m, (u(M)) for all p € [1,00), where m,,
is a constant only depending on the absolute moments of the distribution

m, [l p(da), g > 1.
(iii) a(x) = O.(b(x)) if and only if there exists a constant C. depending con-
tinuously and at most on the index ¢, such that for all x € R”

la (@) < Celb(z)] -

Concerning the function i we have the following assumption.
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(H) The function h : [0,1] — R is piecewise continuously differentiable, that is,
for 0 = up < up < ...<unx =1, hisCl on (uj_1,ui], i = 1,...,N.
Moreover we assume fol h? =1,

[hlloc = supyepo,i) [A(u)] < 00 and [[A[|oc =
R (u)| < 0.

maxi1<i<n Supue(ui,l,ui]
Provided a piecewise continuously differentiable funtion A (as in (H)) and a local
spectral density function f continuously differentiable on its first argument, we also
consider the following assumption, which depends on a constant C' > 0 and on a
probability distribution x4 on R.

(C) For all £ € Z and h satisfying (H), we have, for all t € Z and T > Ty,

.01 (u,€) = B Frar (0] = Oeuy el e (M) -

Assumption (C) amounts to say that the tapered empirical covariance estimator
~r,m from a sample of length M satisfies a standard deviation rate M /2 4p all
L9-norms. Locally stationary processes of Example 2.4 satisfy it under suitable
assumptions (see Dahlhaus and Giraitis, 1998, Eq. (4.4) in Theorem 4.1). We
conclude this section with a result that can be used for processes of Example 2.5.

Theorem 3.1. Let (Xi1)iczr>1, be an array of random variables defined as
in (2.6) where (&)iez are i.i.d. satisfying E[|&o|?] < oo for all ¢ > 1 and @?’T
satisfies (2.7) for some (Yr)ken € (L (N), K > 0 and r > 1. Assume moreover
that there exist kg € N, (Ck)ren € (}F(N) such that for allt € Z, T > Ty and all
z,x' € RY satisfying z, = x, for 1 <k < ko,

r—1
[l r(x) — ) r(x')| < K (ZCkmoM - $20+k|> (1 + ) t(lol + |$§g|)> :

k>0 k>0
(3.2)
Suppose moreover that
> kG < o0 (3.3)
k>0

Then there exists a constant C' only depending on r, K, ko, (¥r)ken, (Ck)ken and the
distribution of § such that (C) holds.

The proof is postponed to Appendix C.1.

3.2. Bound of the estimation risk. Our first result on the estimation risk is a uni-
form approximation for the estimation error of 8, 1 (M).

Theorem 3.2. Suppose that Assumption (M-1) holds with some 8 > 0, f- > 0
and R > 0, and let h : [0,1] — R satisfying (H). Let k € N and o € (0,1] be
uniquely defined by the relation 8 = k + «. Suppose that Assumption (C) holds
Jor some constant C' > 0 and distribution pu. Then, for any d > 1, the estimator
0. 7(M) defined by (2.16) satisfies

R k T2
Oi7 (M) —0yr = Zah,f,e <T>
=1

+0 EIAR
! — — v
d, f—,||hlloos W |loo,B,R M T M
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where ap e € R? depends only on h, f and { and vy =
Ore (), f— |11l ool [loo,8. R0 (M Y/2). Moreover, if h(z) = h(1 — z) for z € [0,1],
then ap 51 = 0.

The proof is postponed to Appendix B.3.

Remark 3.3. In (3.4), the choice of the taper may influence the rate of convergence
through the constant a1, which vanishes if the taper is symmetric, that is, if
h(z) = h(1 — z) for € [0,1]. Other constants depend on the choice of the taper
but one cannot choose tapers that ensure a further systematic improvement of the
rate. The reason is given by the definition of the constant cj 2 appearing in the
proof of Theorem B.2, which implies ¢ 2 > 0 for all tapers h. Consequently, for
any taper h, one have that aj r2 # 0, except perhaps for some particular local
density functions f. Hence, as far as rates of convergence are concerned, the only
important property of the taper is that of being symmetric.

Theorem 3.2 suggests to combine several é\t,T(M ) to obtain a more accurate
estimation by canceling out the first k& bias terms in (3.4). This technique was
already used for eliminate one term of bias in Moulines et al. (2005, Theorem 8).
It is inspired by the Romberg’s method in numerical analysis (see Baranger and

Brezinski, 1991). Let w = [wy ... wi) € RETL be the solution of the equation
Aw =e;q (3.5)
where e; = [L 0 ... 0]’ is the R**1. vector having a 1 in the first position and

zero everywhere else and A is a (k + 1) x (k+ 1) matrix with entries 4; ; = 2°7 for
0<4,5<k.

Theorem 3.4. Under the same assumptions as Theorem 5.2, the estimator

k
Or.0(M) = w;0, (2 M), (3.6)
§=0

with w defined by (3.5), satisfies

07 (M) = 8t/1 = Od g hljoo, 11| o 5. R (M + <T> ) (3.7)

—~1/2
+ OLe ()., s 80 (M)
The proof is postponed to Appendix B.4.

Remark 3.5. If h(z) = h(1 — z) for € [0,1] then the first order term of (3.4)
is zero; in this case we can remove the term j = k in (3.6) and define w =
[wo ... wr_1]" € R* by (3.5) with the second row and last column of A removed
and e; =[10 ... 0] € R*,

It is straightforward to check that the optimal bandwidth for minimizing the
order of the right term of Equation (3.7) is M oc T?/(26+1) | yielding the next
result.

Corollary 3.6. Let 8,R,f- >0 and h :[0,1] - R. Let k € N and w € (0,1] be
uniquely defined such that B =k + w and set M := QLTQW(iﬁ‘H)j in the following.
Suppose that Assumptions (M-1), (H) and (C) hold. Let 8, 1(M) be obtained as
in Theorem 3.4. Then, for any q > 0 there exist a constant Cy only depending on
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h,q,d, f_, R, iu and 3, and a Ty > 0 only depending on d, R, B, f— and C such that,
for all T > Ty and all t € Z,

(=]

It is interesting to note that in the decomposition (2.15), the bound of the error

O (M) — Ht/THqDUq < CoT—P/E8+) (3.8)

term |\§th (M) —6,/7| in (3.8) always has a slower decaying rate that that of the
bound of the (deterministic) error term |67 — 0} 7| in Lemma 2.7.

4. Application to TVAR processes

TVAR processes (see Example 2.6) are a handful model to illustrate our results.
Under suitable assumptions, they have the specific property that, when d = p, the
linear predictor coefficients in 6;, € R? as defined by Equation (2.10) coincide
with the time-varying autoregressive coefficients given by 0(t/T) of the TVAR(p)
equation (2.9) and also with the local solution 6, 7 of the Yule-Walker equations
defined by (2.12), see (4.4) below.

In the following, we introduce some smoothness assumptions on the time-varying
parameters, similar to (and actually yielding) the one required on the local spec-
tral density in 2.3. Additional stability conditions are also required, based on the
following definitions. For 6 : R — RP, u — [01(u) ... Qp(u)]/ we define the time
varying autoregressive polynomial by

P
0(z;u) :=1— Zej(u)zj
j=1
Let us define, for any p € N* and 6 > 0,
/ u ;
S (0):=S0=1[01 ... 6] €RPst. 1= 6;27 £0,¥]z| <55, (4.1)
j=1

sp(0) :={6:R = s (0)} (4.2)

={0:R > RPs.t. 0(z;u) #0,V|z] <6 ', ueR}.
Define, for 8 >0, R >0, 6 € (0,1), p € [0,1] and o > 0, the class of parameters
C(B,R,6,p,04)=1{(0,0) : R—=RP x [poy,04]s.t. 0 € Ay(B, R) N sy(9),
ceM(B,R)}.

The first result to provide sufficient conditions on the TVAR coefficients for the
existence of a stable solution of the TVAR equations goes back to Kiinsch (1995).
Here we use Giraud et al. (2015, Proposition 1), which guarantees the following:
given a centered i.i.d. sequence (& )iez with unit variance and given the constants
5 €(0,1), pe0,1], 04 >0, 8> 0 and R > 0, there exists a large enough Tp only
depending on §, 8 and R such that, for all (0,0) € C (8, R, 9, p,04), there exists a
unique process (X; r)iez r>1, satisfying (2.9) for all ¢ € Z and T > T and such
that, for all T' > Tp, X, 71, is bounded in probability as ¢ — —oo. We use this result
as our definition of the TVAR process with time varying AR coeflicients 01, ..., 0,,
time varying standard deviation o, and innovations (&;):cz. For later reference, we
summarize this in the following assumption.
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(M-2) Let (&)¢cz be ani.id. sequence with zero mean and unit variance. Assume that
(8,0) € C(B, Ro,d,p,04) with 6 € (0,1),8 >0,Ry > 0and p € [0,1]. The
array (Xy1)iez,m>T, is @ TVAR process as previously defined with time varying
AR coefficients 01, ...,0,, time varying standard deviation ¢, and innovations
(&t)tez-

In this assumption the constant Ty is set to have the existence and uniqueness of
the stable solution of the TVAR equation for all T > Tj. It may change hereafter
from line to line to guarantee additional properties of the solution but always in a
way where it depends at most on the constants 3, Ry, d, p and o.

The following assumption can be used to control the moments of any order of
the TVAR process.

(1) For all ¢ > 0 the innovations (&;).cz satisfy E [|0]?] < oo.

Time varying autoregressive processes are well known to be locally stationary un-
der certain conditions on their parameters and moments, see Dahlhaus (1996D,
Theorem 2.3). Adapting these results to our context, we have the following.

Theorem 4.1. Assumption (M-2) implies the two following assertions.

(i) There exist constants R and Ty only depending on p, 0,04, 8 and Ry such
that (Xy1)iez,r>10 05 (8, R)-weakly locally stationary in the sense of Defi-
nition 2.5 with local spectral density defined by

o2 (u 4 —2
f(u,)\):%‘e(e ’\;u)} . (4.3)

Moreover, we have, for all T > Ty and t € Z,
0(t/T) =0;p =6y, (4.4)

where 0; 1 and 0,7 are the optimal and local prediction coefficients respec-
tively defined by (2.10) and (2.12) in the case d = p.

(ii) If p € (0,1], then Assumption (M-1) holds with the same B and some
constants R, Ty and f— > 0 only depending on p,d, p,o+, 0 and Ry.

(iti) If P(&y = z) = 0 for all x € R, then P(Xy 7 = 0) = 0 for allt € Z and
T>1T.

(i) If (1) holds, then (Xy1)iez,r>1, Satisfies Assumption (C) with C' only de-
pending on Ry, 8,9, o4 and with p defined as the distribution of &.

The proof is postponed to Appendix C.2. Theorem 4.1 basically shows that the
results of Section 3 apply to TVAR processes, as defined by (M-2) provided that
p > 0 and (I) is assumed on the innovations. We specifically state the following
result which provides a useful complement to Moulines et al. (2005, Corollary 9)
where the same minimax rate is exhibited for a different estimator but only for
smoothness index g < 2.

Corollary 4.2. Let ¢ € (0,1),3>0,R >0 and p € (0,1]. Suppose that Assump-
tions (M-2) and (1) hold. Let M = 2|T?%/Z8+V) | and @, (M) be the estimator
defined by (2.16) and (5.6) with p, the order of the TVAR process equal to d, the
order of the prediction vector. Then, for any q € N there exists a constant C' only
depending on q, h,p, 6, p,o4, B, Ry and the moments of the distribution of & such
that, for allT > Ty and t € Z, we have

(= for0-(z)

a1\ 1/4a
D < CT-PIC@BY) (4.5)
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Proof: By Theorem 4.1, we can apply Corollary 3.6. Recall that in the case of
the TVAR with order p equal to the prediction length, we have 6 (t/T) = 6,0 =
0; . O

The estimator 6 proposed in Corollary 4.2 achieves the S-minimax-rate for TVAR
processes according to the lower Moulines et al. (2005, Theorem 4). Hence, it is
also [f-minimax-rate in the class of weakly locally stationary processes satisfying
Assumption (M-1). Giraud et al. (2015, Section A.1) explains how to construct
minimax-rate predictors from minimax-rate estimators of 8. Applying their ap-
proach, Corollary 4.2 also provides a crucial ingredient in building S-minimax-rate
predictors for any 8 > 0.

5. Numerical work

We test both methods on data simulated according to a TVAR process with
p = 3. The parameter function u — 6(u) within s,(6) for some § € (0,1) is
chosen randomly as follows. First we pick randomly some smoothly time varying
partial autocorrelation functions up to the order p that are bounded between —1
and 1, O 5, (u) o 25:_11 aj,j? cos (ju), where a; ) are random numbers in [—1, 1].
Here 9k7k (u) is defined up to a multiplicative constant; dividing, for example, by
F(F — 1)(2F — 1)/6 guarantees its values to remain within (—1,1). Then, for
any required ¢, T, we use Algorithm 1 with input 0y » (t/7) and assign the output
to 6(t/T). Based on the classical Levinson-Durbin recurrence (see for example
Brockwell and Davis (2006, Proposition 5.2.1)), the @ in Algorithm 1 is in 5(p)(1)
as defined in (4.1), and it follows that the output 6 € s, (). The randomly
obtained three components of our 0(t) are displayed in Figure 5.1, for ¢ € [0, 1].

For each T' € {2%7,j = 5,...,15} we generate 100 realizations of a TVAR process
from innovation sequences (&;)cz of i.i.d. centred Gaussian random variables with
unit variance by sampling the previous 6 at a rate T—! and taking o = 1.

Then we compare 8 and 6 for estimating 6(1/2) using h = 1 and different values
of M. Recall that 6(1/2) = }/2 o Figure 5.2 shows the boxplots corresponding
to this evaluation for two different T's. In Figure 5.2 we observe that for T' = 220
the estimation error of 8 i is minimized in M = 215 while that of @ is minimized in
M = 2'7. The estimator 6 beats 0 for the two biggest values of M. In the case
T =230, the error of 0 reaches its minimum in M = 223 and that of 6 in M = 226,
The estimator @ beats 6 for the four biggest values of M. These experiences
illustrate the theoretical result established in Theorem 3.2 and Corollary 4.2 that
after optimizing in M, 6 outperforms 6 for T large enough.

To corroborate these conclusions over a wider range of T’s, we refer to Figure 5.3.
The plot on the left-hand side shows the oracle errors min, ||§T/2’T(M) —6(1/2)]
and min ||5T/2)T(M) —6(1/2)| for all T € {2%,5 < j < 15}. The slope cor-
responding to @ (in blue) is steeper than the one corresponding to € (in red),
meaning that, in average, 8 outperforms @ by an increasing order of magnitude as
T increases. The boxplots on the right-hand side of Figure 5.3 represent the ra-
tios minyy ||@7 /2,7 (M) — 6(1/2)|/ minyy [|07/2,7(M) — 0(1/2)|| computed for each
T and realization of the TVAR process. Observe that for 2!* < T < 2'8 the esti-
mator 6 beats 0 in at least half of the cases. For T > 220 it happens in at least
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75% of the cases. We conclude that the estimator with reduced bias is of interest
when the length of the data set becomes very large.

Algorithm 1: Adapted Levinson-Durbin algorithm.

parameters the stability parameter § > 0 and the time varying partial
autocorrelation functions 9k7k, k=1,....p;
for k=2 to pdo
for j=1tok—1do
L L éj,k = éj,k—l - ék,kék—j,k—U
for j =1 to p do
L Oi.p = 70,5
return @ = (01, ... 0,,].

o
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o
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o
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o
©
—
o

_015 L L ! !
0.0 0.2 0.4 0.6 0.8 1.0

FIGURE 5.1. Plots of 8, (¢) (top), 62(t) (middle) and 03(¢) (bottom)
on the interval ¢ € [0, 1].
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Appendix A. Useful lemmas

We gather here some useful lemmas that are (simple extensions of) standard
results for Yule-Walker estimation of the linear prediction coefficients. Most of
them are similar to those used in Dahlhaus and Giraitis (1998). Short proofs are
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FIGURE 5.2. Box plots of the quadratic losses for estimating
0(1/2) using 075 (M) (red boxes) and @7/ (M) (blue boxes)
for various bandwidths M, when T' = 2% (left) and T = 230 (right).
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FIGURE 5.3. Oracle losses (using the best choice for the band-
width M) for estimating €(1/2) using 67,9 (M) (red points) and
O71,2,7(M) (blue points) for various values of T'. The left-hand side
plot displays the losses over all the Monte Carlo simulations and
the two resulting log-log regression lines. The right-hand side plot
displays boxplots of the corresponding losses ratio.

provided for the sake of completeness. Different bounds can be found in Kley et al.
(2016), in order to better control the case d — cc.

Lemma A.1. Let d be a positive integer. Consider the d x d matrices I' and T and
vectors v,7,0,0 € R? satisfying the relations

re=-~, (A1)
re=75. (A.2)
Then, for any k € N we have, if I' is non-singular,

00 (03 (0 (0-1)) ) - 3 (0 (1) o

F(r (T @)
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Proof: From Equations (A.1) and (A.2) we get

6-0 — r—l[(r—f)§+§—7].

The result follows by applying a recursion on k£ =0,1,.... O
Lemma A.2. Let 7 be the autocovariance function associated with a spectral den-
sity function f, v fo% e*} f(\) d\ , for all s € Z, and denote by Ty the
corresponding covariance matriz of size d X d,
v0) . y(d-1)
Fd = ' o, 3 ‘ . (A.4)
y(d-1) ...  ~(0)

Then the following assertions hold for any d € N*.

(i) If fo% f > 0 then 'y is positive definite.
(i) If f is valued in [f—, f+] with f_ < fi, then all the eigenvalues of Ty belong
to 2w f_, 2w f4].

Proof: These well known facts (see e.g. Brockwell and Davis, 2006, Proposi-

tion 4.5.3) follow from the identity a'Tya = /

Za elﬂ‘ FO) A, for all
a=la ... a4 €RL O

The next lemmas allow us to control the norms of é\t’T and 6; /7.

Lemma A.3. Let p be a positive integer and 6 > 0. The set 5(,) (0) defined in (4.1)
is a closed subset of the ball {6 € RP s.t. ||0]| < (14 0)P —1}.

Proof: Hurwitz’s theorem (see Conway, 1973, Theorem 2.5 or Gamelin, 2001, Sec-
tion 3, Chapter VIII) implies that s, (0) is a closed subset of RP. Tt is also
bounded (see Moulines et al., 2005, Lemma 1). Hereafter we provide a slightly
different bound using Euclidean norm instead of the supnorm.

Take now 6 € s, (6). Let z1,.. ., z, denote the complex roots of the polynomial
0(z) :=1—>"_, 0;27. They satisfy |zj| > 6~ for any j. The following holds

1+ 6 1= ;e dA—— )| dA. A5
+lelP=5- [ Z [ leenr (A5)
On the other hand we have 6 (2) = []}_, (1- zzj_l), so that for |z| = 1, since
|z;| 71 < 8, we get |0 (2) | < (1+46)P. Putting this into (A.5) the proof is completed.

U

The next lemma is similar in flavor to the statistical result of Whittle (1963,
Section 3). It is also a classical property of orthogonal polynomials (see Grenander
and Szegd, 1984, Section 2.4). We provide an elementary proof.

Lemma A.4. Let v be an autocovariance function. Let d > 1 such that the co-
variance matriz T'q defined by Equation (A.]) is positive-definite. Let 0 denote
the solution of the d-order Yule-Walker equation, 8 = [0 ... 0] = F;lfyd with
ya=[(1) ... v(d)]'. Then we have 0 € s(4)(1) and [|0] < 2% — 1.
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Proof: We only need to prove 8 € s)(1) since ||@]| < 2% — 1 is then implied by
Lemma A.3 with p =d and 6 = 1.

For j =1,...,d,let ¢, = [0 ... 1 ... 0] be the R% vector having a 1 in the
j-th position and zero everywhere else. Consider also the companion matrix A =
[0 el ... ed_l]/ . Since the roots of 8(z) are the inverses of the eigenvalues of

A, or A’, we only need to prove that the eigenvalues of A’ are inside the closed unit
disk. Observe that

H’FdH O’Fdel .o N O’Fded_l

e r,0 eTqge; ... ... € Tqeq

Fd _ AFdA/ — Fd _ e’QFdO e'QFdel . . e’QFded_l
e, Tq0 €, Tqes ... ... € Tgeq_1

Because I'; is a Toeplitz matrix, its (¢, )-th entries, and those of AT'yA" are equal
for 4,7 > 2. The definition of @ implies also the equality of the (i,7)-th entries
of both matrices when ¢ = 1,7 > 2 and ¢ > 2,7 = 1. Hence I'y — AT'4A’ is a
d x d symmetric matrix with zero entries except at the top-left where it takes value
~v(0)—6'~4. This value is non-negative since it is the variance of the prediction error
or order d. Hence we conclude that for v € C?, v'(T'y — AT4A")v > 0. Consider
now ), an eigenvalue of A’ and the corresponding eigenvector v € C?\ {0}. We get

0< I_)I(Fd — AFdA/)’U = f;’(Fd - AFdA/)’U = ’l_J/Fd’U(l - |)\|2) .
We conclude that |A] < 1 since 9'T'yv > 0. O

Lemma A.5. Let d > 1, (Xy1)iezr>1, be an array process and h : [0,1] — R.
For any M € N*, define the local tapered empirical covariance function yp pr as in
Definition 2.8 and let, for anyt € Z and T > Ty, ft,T,M = r /T, i—35);4,5 =
1,...,d) be the corresponding dxd empirical covariance matriz. Then, either ft,T,M
is non-singular, or Hp pm(t/T,¢) = 0 for all £ € Z. Moreover, in the case where
it is non-singular, the Yule-Walker estimate §t,T(M) defined by (2.16) satisfies
16: 7 (M) < 2¢ — 1.

Proof: First note that for all u € R, the sequence (Yr as (u,£)),c;, is the covariance
function associated with the spectral density

1| &L ’
S (u,\) = Ty Z h (M) X\t 4t—my2,re” N
t=1
We conclude by applying Lemmas A.2 (i) and A.4. O

Appendix B. Bounds of the estimation risk in the general setting

B.1. Proof of Lemma 2.7. Let us first bound the approximation error I'yyp — I'; 7.

t t—1 t

t—i . e
+‘7(T732>7 (tfzaTajfz)

(B.1)
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The second line term of Inequality (B.1) is upper bounded by RT~ min(1,8) hecause
of Inequality (2.3). Using the local covariance expression (2.2), Cauchy-Schwartz
inequality and f(,A) € A1(8, R), the following holds for T' > d > |i|,

(7t (L (7)o ()

< 2rdRT~™in(LA) (B.2)

Inequality (2.3) implies that [[v/p — 77| < d?RT~™n(1A) and inequalities
(B.1), (B.2) and again (2.3) imply that for T > d,

D47 — Tf 7|l < d(2mdR + R)T~ ™15 |

The smallest eigenvalue of the matrix T';;p is greater or equal to 27f_ (see
Lemma A.2 (ii)). Observe that

iItlf | iﬂf aTira= i1;1f | il‘llf {a’ (Tir —Ty7)a+alTyra}
al|=1 ’ all=1 ’
> iItlf | iIHIf a (Ui —Tyr)a+ irtlf | iIHlf a'l'yra>2mf_ — 3o min(LA)
al|=1 ’ al|=1

Then, for T > Ty = (dR(2rd +1)/(27 f-))"/ (%) we have that T'; ;- is invertible
and [[(T; ;)" < (7f-)~". Now, from equations (2.11) and (2.12) we obtain that

0:,T - 0t/T = (F;T)_l [(Ft/T - FI,T) Gt/T + ’)’t*,T - ’Yt/T] .

Applying matrix inequalities (specifically with the spectral norm) we get
1620 = 82l < || (i) ™" || (UTesr = Ti | 16wyl + iz = o) -

Lemma A.1 ensures that |67 < 2¢ and the result follows with C; =
(rf-)"Y(d(2mdR + R)2¢ + R).

B.2. Bias Approzimation. The following elementary lemma will be useful.

Lemma B.1. Let h: [0,1] — R satisfying (H). Then, for all ¢ = 0,1,2,... and
M > 5> 0, we have

M . 1
1 s §—J s\* _
2 h(M)h< M )(M) :/O R (u)u’ du + Oj g a1 (M)
s=j+1

In particular, in the case j = £ =0, Hyy = M + O)p) v (1)-

Proof: The proof is straightforward using, for M large enough, Riemann approx-
imations on the blocks defined by s/M € (u;—1 + j/M,w;], for i = 1,..., N, and
neglecting the terms from the indices s such that s/M € (u;—1,u;—1 + j/M], the
number of which is bounded. O

We can now derive the following approximation of the bias.

Theorem B.2. Suppose that Assumption (M-1) holds with some 8 > 0 and R > 0,
and let h : [0,1] — R satisfying (H). Let k € N and a € (0,1] be uniquely defined
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such that 8 =k 4+ . Then, for all j € Z and M € 2N*, we have
k ¢
t t M
E |5 s = Z o A (eited
|:'YT,M (TJH v (T73> + ;Zl Ch, f,5, ( T)
+0 RN
Jvl‘hHoo-,”h/HoovﬁvR M T )

where cp fj0 € C only depends on h, the spectral density f, j and £. If h(z) =
h(1 —z) for all x € [0,1], then cp ;1 = 0.

Proof: Without loss of generality we let moreover assume M > j > 0, in which
case

()] - s 0GR ().

=j+1

Since |h| is also piecewise continuously differentiable, Lemma B.1 gives that

M .
1 S S _j
[Hl Z-+1 ‘h (M) g (M>’ = O bl oo 1o (1) -
s=y

With Inequality (2.3), we obtain that

~ t . — min
E [’YT.,M (T’])] =5 + Oj | h]l o 1M o . R (T (l’ﬁ)) ; (B.3)
o s—7 t+s—M/2 |
where 'yMj.f—H 8§1h(M)h<M)'y( T g -

Since f(-,A) € A1(B, R), a Taylor expansion yields

f(t—M/Q—&—s’/\) :gaff(t/T,)\) (—M/2+5>€+fk (t _M/2+s’)\> |

T 0 T T’ T
with
sup | fe(t/T, (—M/2+ s)/T,\)| = O r((M/T)") . (B.4)
teZ,1<s<M
Then
_ i\ ¥ t—M/2+S _
=g [ 3 () (3 1 (FHEE
-5
ot f t/T/\ L1 U s (s—j)(—M/?—&—s)e
Z LTl SN Z h(-=)h d\
/,,, Hys S M) M T

TR s 5—J t —M/2+s
+/_ﬂejkmls;lh(M)h( )fk(TT ,A)d)\. (B.5)
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Lemma B.1 yields that for all £ =1,... k,

e () ()

+1
M\ M1 ¥ 5 s—j 1 s\’
:(T> HMMS;Ah<M>h<M>(_2 M>

M\ 1\ (M
=cne 7 ) FOumleiniee\ 37 )\ 7 )
1 ¢
with ¢p ¢ = / h? (u) (u - 2) du. Observe that cp o = 1 by assumption in (H),

0
and, if h(z) = h(1 — z) for all = € [0,1], then moreover ¢, = 0. From this it
follows that

[N S 0 () (55) () o

=j+1

M\ 1
=\7) (enriet Ospmiiniwsr 77 ))

where, in particular, s ¢ ;0 = Y(t/T,j) and c¢p fj,1 = 0 if h(z) = h(1 —z). Finally,
by (B.4), and since |h| is also piecewise continuously differentiable, the reminder
term in (B.5) satisfies

/_ﬂ an 1 ih(M) ( ) <t—MT/2+sj)\>d>\

s=j+1

M\?
=Oj,|h|oc,|h'|oo,ﬁ,R<<T> > :

We thus finally obtain that

k 4 B
t . M 1 M
Ym,G =" (T’]> + ;Ch,f,j,é (T) + Od, |1 oo 11 || 00, B8.R (M + (T) > .

This approximation and the bound (B.3) allow us to conclude the proof. ([

B.3. Proof of Theorem 3.2. Gathering together Assumption (C) and Theorem B.2
yields, for any j = —d,...,d,

k ¢
~ t . t . M
YT,M (T"7> =7 (T"7> + ;_1 Ch,f,jt (T)

1 (M’ t
+ Od 1]l 11 [ 0.8, R (M + <T) ) +um (TJ) , (B.6)

where UM(t/T,_]) = OL'(M),d,HhHoo,Hh’lloo,C(M_l/Q) and Ch,f,j,1 = 0if h(ﬂl‘) = h(l—l‘)
for all z € [0,1].
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For the sake of simplicity, we drop ¢, T in the notation and set v = v,/1, Yu =
A, 100, I =Ty yp and fM = ft7T7M. Using the expression (B.6), we obtain

k L B
~ M 1 M
I—Ty =Y Chre <T> + Od||hf|oc, |1 ]| 0,5, R <M + (T> ) +Unm, (B.7)
=1

k Y4 B

- M 1 M

A=Y= Cnre (T> + O, |hf|cc. 11| .8, (M + <T) ) +un, (BS8)
(=1

where the matrices C}, s ¢ € R%*4 and the vectors Ch,f0 € R only depend on d, h, f
and ¢. Furthermore Uj,; and ujy; both are OL‘(;L),d,HhHoo,Hh’\IOO,C(M_lp)- Again
Ch,r1=0and ¢cp ¢ = 0if h(z) = h(1 — ) for all z € [0, 1].

Note now that Lemma A.2 with the assumption f_ > 0 further says that T';;p
is also non-singular with I‘;/lT = Oy (1) and, with (2.17), we can thus apply
Lemma A.1, showing that (A.3) holds with 8 = 0,7, 0 = é\t,T (M), v = v,
¥ =9m =e,r.m, I :=Tyyp and T = fM = ft,T’M. Next the bounds provided by
Lemmas A4 and (2.17) further imply [|6]| and [|@] to be less that 2¢. This, with
the approximations (B.7) and (B.8), yields (3.4).

B.4. Proof of Theorem 3./. For each j = 0,...,k replace M by M/27 in (3.4),
multiply the resulting expression by w; and sum over j. Matrix A (definition below
Equation (3.5)) is a non singular Vandermonde matrix and w is well defined.

Appendix C. Postponed proofs for TVCBS and TVAR processes

C.1. Proof of Theorem 3.1. Let us denote, for any LP random variable Z, || Z||, =

(E[|Z]? ])1/ Pits LP-norm. The proof relies on the Burkhdlder inequality for non-
stationary dependent sequences. Namely, an immediate consequence of Dedecker
et al. (2007, Proposition 5.4) and the Holder and Minkowskii inequalities is that if
p > 2 and (Z;)iez is a LP process adapted to the filtration (F;):ez, then, for all
s€Zandn>1

s+n 2

> (2 —E[z))

t=s+1

p

< o (sup 12 - E[Zt]llp) sup S E [ Zeeil 7l — ElZeall, ) -
teZ teEZ k=0
Applying this inequality with s = [¢{| + 1, n = M — |{| to

t t—|4 ¢
Zy=h (M> h (M) Xt | +t—m/2,0 X jur |+t (0 -M/2,15  Ft = Flur -2 s
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where F& = o(&,,s < t) denotes the natural filtration of (&);cz, we obtain that,
for any M > |¢],

2(p(M — |¢[)'/?
78

s () = E s (s ], < =22

1Al% sup [|Xs7 12
SEZ

00 1/2
X | sup HE [Xt+k,TXt—|e|+k,T Fal E[Xt+k,TXt—\€|+k7T]H :
teZ k=0 r

Under Assumption (H), Hy /M € (1/2,3/2) for M large enough (see Lemma B.1)
and it is thus now sufficient to show that, for any p > 2,

sup | Xs,7ll2p = Ok r(3,) (1) (C.1)
SEZL

sup y HE [Xt+k,TXt—|l|+k,T | fﬂ - ]E[Xt+k,TXt—\Z\+k,T]Hp: OK ko, (1), (c) (1)
k=0

teZ
(C.2)
The bound (C.1) is a direct consequence of (2.6) and (2.7) and the assumption on
(&)tez. To prove (C.2), let us define, for all t € Z, T > Ty and = € RY,
) () = o0 r(®) @10 (@110 50) -

It then follows that X; 7 X;_ g7 = ® 7((£—;);>0) and is then straightforward to
show that the assumptions on ¢° yields that there exists some constant K’ only
depending on K and (v;),en and ({;);en such that, for all t € Z, T > Tj and all
x,x’ € RN satisfying x; = 2 for 1 < j < ko + |€],

2r
|07 ()] <K' [ 14> |zl |,
3=0
2r—1
|0 7 () — ) p(2')| < K’ (ZCjIIkoH - 120+j> (1 + 3 iyl + |17§|)> ;
j=0 j>0
where TZJJ' = ®¢; and fj = ¢ for 0 < j < |¢], and z/;j = max(;_¢, ;) and fj =

Cj—je + ¢j for j > [€]. By Jensen’s inequality, we have that, for all k¥ > 0,
H]E {Xt—&-k,Tth\ZHk,T | ]'ﬂ - E[Xt-',-k,TthMHk,T]Hp

< || @% k2 (Gtk-3)520) = i 2 ((Ehgns)sz0)]], -

where (£))sez is 1.i.d. with same distribution as (§;)sez and such that &y,—; =
§£+k7j forall j =0,1,...,k—1and (§_;);>0 and (§—;);>0 are independent. With
the above bounds on ®° and using the Minkowskii and Holder inequalities, we thus
get that, for all t € Z and k£ > 0,

B (X Xecionr | ]~ BXeanr X eal]|| <260+ 110160 llr)*

and, if k > ko + |¢|, the same quantity is bounded from above by

- 2r—1 .
2K ll2p (14 2011 ollaper—1) ) >4
j=k—ko
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Summing these bounds over all k£ > 0, we obtain

Z HE [Xt+k,TXt—\€|+k,T | ]'ﬂ - E[Xt+k,TXt—|£\+k,T]Hp
k=0

<2k (14 200hlln) (Rtld+ X 3§

k>ko+|0| j=k—ko

- 2r ~
= 2" (1 2lblhllgollary) | Ko+ 16+ D G = 1EDG

>4

By (3.3), the term between parentheses is a finite constant only depending on ko,
|¢| and ¢. We thus have shown (C.2), which concludes the proof.

C.2. Proof of Theorem /.1. We first need to recall some basic facts on the repre-
sentation of a TVAR process as a TVCBS. Let us set e; = [1 0...0]' € RP and
introduce the companion p X p matrices defined for all u € R by

01 (u) Gg(u) N N Hp(u)
1 0 0
Au) = 0 1 0o ... 0
6 O. 1. O

By Giraud et al. (2015, Proposition 1 and its proof), the TVAR process
(Xi1)tez,r>1, 18 @ special case of TVCBS introduced in Example 2.5. Namely,
it satisfies a representation (2.6) with a linear form
j ,
t—1
A
11 ()

i=1

por(@) =Y anr(o((t—j)/T) z;, with ar(j) =€ e,
j=0

and moreover, there exist some constants K > 0 and §; € (0,1) only depending on
p, 6,3 and Ry such that, for all T'> Ty, t € Z and j € N*|

iﬁlAC;i)

o (5)] < K01,
implying that ¢° above satisfies (2.7) and (3.2) with r =1, K =1 and ¢; = (; =
KO'+ 5{ .

We can now proceed with the proof of Theorem 4.1, starting with (i). To show
that it is weakly locally stationary with the local spectral density of the AR(p) with
local standard deviation o(u) and autoregresive coefficients 61 (u), . .., 6,(u), it only
remains to show that (2.8) holds with » =1 and

<Kél. (C.3)

Hence in particular

o(u,z) = o(u) Z el Al (u) ey xj .
=0
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This is a simple consequence of (C.3) and the fact that ¢ € Aj(min(1,3), Ry)
and @ € A,(min(1,5), Ry) by assumption. Then (4.4) follows from the represen-
tation (2.6) : using that it is causal and (2.9), we get in the case d = p that
0(t/T) = 0; 7. On the other hand, the mere definition of the local spectral density
in (4.3) (being that of an AR(p) process at fixed u), the case d = p yields that
0., = 6(u). Finally, an additional consequence of the definition of f is that the
spectral density f(-,A) belongs to A1(5, R) for any A\ € R with R only depending
on p,d, 3,04 and Ry, provided that we can show that |0 (e*”‘; u)| can be bounded
from below by a positive constant only depending on § and p. By Lemma A.3 and
continuity of (\,0) = 1—37%_, 0;e~ A, and since 6! > 1 we have that

P P
0< inf 1-— ;e A < sup 1-— fie 9N <oo. (C4)
0€s(p)(9),AER ; ! 0€s,)(8),\€R Z !

j=1
Of course these two constants only depend on ¢ and p and the inf one can serve as
a lower bound of ‘0 (e_i’\; u) , concluding the proof of (i).
Next, we prove (ii) and (iii), which respectively require the two add-on properties
(a) f(u,A) > f— for all u, A € R,
(b) if & has a diffuse distribution, then P(X;r = 0) = 0 for all ¢ € Z and
T>T,.

The fact (a) follows from (4.3), o(u) > poy and the upper bounds in (C.4), which
shows that we can find such an f_ > 0 only depending on p, §, p and 0. Fact (b)
is a consequence of the TVCBS representation above and the assumptions on (&;)
which implies that for all ¢,T and j € N, we can write Xy 7 = as,7(5)&—; + Ze,7(J)
with Z; r(j) independent of & _;. Hence, if  has a diffuse distribution, it only
remains to prove that for all T > Ty and all t € Z, there exists j € N such that
ar,r(j) # 0. Using again the TVCBS representation above, this is equivalent to
show that for all T'> T, and all t € Z, v* (¢,T,0) = var(X; 1) > 0. Now observe
that by (a) and since (X¢1)tez,r>1, 18 (8, R)-weakly locally stationary, we have

(£, T,0) > 4(t/T,0) — RT~ ™08 > opp — Rp—min(LA) 5

where the last inequality holds by taking Ty large enough (only depending on f_
and R and thus on p,d, p,o4 and Ry.).

We conclude with the proof of (iv). We use the above TVCBS representation
which were mentioned to satisfy (3.2) with {; = Ko §7 for some §; < 1. Hence (3.3)
holds as well and we can apply Theorem 3.1, which shows that the TVAR process
satisfies (C).
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